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ABSTRACT

The feature vectors which are used in conventional speaker recognition (SR) systems may have many correlations between
their neighbors. To improve the performance of the SR, many researchers adopted linear transformation method like principal
component analysis (PCA). In general, the linear transformation of the feature vectors is based on concatenated form of the
static features and their dynamic features. However, the linear transformation which based on both the static features and their
dynamic features is more complex than that based on the static features alone due to the high order of the features. To
overcome these problems, we propose an efficient method that applies linear transformation and temporal information of the
features to reduce complexity and improve the performance in speaker verification (SV). The proposed method first performs
a linear transformation by PCA coefficients. The delta parameters for temporal information are then obtained from the
transformed features. The proposed method only requires 1/4 in the size of the covariance matrix compared with adding the
static and their dynamic features for PCA coefficients. Also, the delta parameters are extracted from the linearly transformed
features after the reduction of dimension in the static features. Compared with the PCA and conventional methods in terms of
equal error rate (EER) in SV, the proposed method shows better performance while requiring less storage space and

complexity.

Keywords: speaker verification (SV), principal component analysis (PCA), delta cepstrum, Gaussian Mixture model (GMM).
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Figure 1. Progress process for the conventional feature vectors.
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Figure 2. Progress process of the proposed method.
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Figure 3. An overview of speaker verification system.
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and convermonal methods
' C(mventi ‘method

131

<E >& AgelA AMgE A(A P, A €@y
a8)a PCA WHA 7 HE 23159 dEvE FE
ehd Rojth v|E Akd Wil HA¥E HES H% 1
AE Q) G717} kxhAE LTEAD, oJRAL yxv | B

T8 PCA WHETH 84 dHe] 4715 14 & 24
Utk 283 M= 32604 HA FeteleE vln 3‘13 o,
AL I PCA WOl A7t 32x(2x24+1) = 1568
32x(2x24+1)424x24 = 2144 & QA xﬂ%% Y
32x(2x20+1)+12x10 = 1432 A2 <F 8.7%% 33% A= Th
Kt

<% 2>+

-

o o e 4 o P L

=4 dolg “Fg3g o] FUFThHRoses of
Sharon have blossomed)”S GMM & TheFst E3HAdE S=of A
FRR, FAR, 18|31 57}2 &(equal error rate: EER)-S H3}A]7]
WA FAERNE S Aoty AP ARZRE L =
5o EAE 9 EAARES A4 w1, EER oA ARld ®
Hesy b 93243 PCA WHERHS vlaF e o

ﬂﬂ%& 045%2} 0.13% %<& °J AEE B9 =3 Ao
L‘%21(24)ET1} E}E}“lﬁ

b ad

o=

)\
Ao 46} PCA HP‘%'Q(24)EE} ot As Pﬂt} :Lﬂ
PCAQ4E AitE i vinge o, A vE &
ZFRAAT G AAA g Aso] Bt 0.32% FHEHAU

o},

2. theksl E3AX l;!.oﬂ/q«] 21Ee 2__”_(%)

Table 2. Speaker verification errors (%) for various mixtures.

24 32 ,
FRR | FAR | BER | FRR | FAR | BER AR | EER
Conventional method(24) 7.1 1.17 3.42 7.1 1.12 3.27 6.9 1.12 3.08
PCA(24) 7.0 112 3.05 6.9 11 2.96 7.0 .03 283
Proposed method(24) 6.9 1.08 2.93 6.9 0.98 2.82 6.9 0.93 2.67
Proposed method(20) 7.2 113 334 71 T.12 3.18 7.1 1.06 2.97
<% 3> "y Wgdolrt g «delzt BAlOpen AP0 9l AY wEE SRWEIREH 5307 9E
sesame)’ S EFAE O MSE WHIAFIAA YeEld Aok ol
A Az TE Suot HAE dolHzt FREAA 22 4w AdE e sANe 594 ANF tad
F+ =2 Ao SAdE e Ay WIS o83 PCA W SAWEY AR AAA A% ATl Al iy

(24)E AR THEeHF A9 uld Aol ugrh 1
AT G Aol A8 HE-E st AuAdol A
g Aol 4 EREEE 3 A el E
AxkA Rl W (24)7 PCA HEHET B 0.65% 0.52%
FEHEAY T8 Ado] #aE AL dWhHeye U
A W4T PCA Y4l PuBE W), BT 0.19%9}
0.06% =< e AFHE BT Ate o] 71&E Y

R0 ¢ dHE B AL EA RS FES o, 4

olgt @ & k.

B =R 312kl 2(speaker recognition)o| A d@] ARE
Ha g SAWE S ¢4 B temporal information)t 413

2}
FH(linear transformation)S &EH A O 72 ol&3lo AAs &
ola F g AT Agk g AtssAnh Akd %
H-& A F-% M (principal component analysis: PCA)= ©] -3t



182 LA2I% SHDE H1 A H 4 S(2000)
AR HES YT T8y A FRE Y% de g2 HERH 98 5 AT ALY w4y ¢S g
Ed(delta cepstum)e FE3h= S LA AdS Yol HAEAANA AukHQ
S o] WY By, FAARENE T FEA Y 2w, F ANFoz L& N
(covariance matrix)?] 7|18 1/4 2 Y9 F Y& ¥ opz}

A ARE FET o Ao

rE
K

fjo
h
38

E 3. O EFAEAAY A 27 (%)
Table 3. Speaker verification errors (%) for various mixtures.

Conventional method(24) 8.0 1.21 3.95 7.7 1.12 3.75 7.8 1.10 | 3.69
PCA(24) 7.7 128 | 3.83 7.6 1.10 3.67 1.7 1.08 | 3.51
Proposed method(24) 7.7 1.06 | 3.34 7.7 1.03 3.16 7.8 0.98 2.95
Proposed method(20) 7.6 1.13 | 3.76 7.8 1.09 3.61 7.6 1.07 | 347
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