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<Abstract>

Robust Speaker Identification Using Linear
Transformation Optimized for Diagonal Covariance GMM

Min-Seok Kim, Ha-Jin Yu

We have been building a text-independent speaker recognition system that is robust to
unknown channel and noise environments. In this paper, we propose a linear transformation
to obtain robust features. The transformation is optimized to maximize the distances
between the Gaussian mixtures. We use rotation of the axes, to cope with the problem of
scaling the transformation matrix. The proposed transformation is similar to PCA or LDA,
but can achieve better result in some special cases where PCA and LDA can not work
properly. We use YOHO database to evaluate the proposed method and compare the result
with PCA and LDA. The results show that the proposed method outperforms all the
baseline, PCA and LDA.

* Keywords: Speaker recognition, Speaker identification, Feature transformation, PCA, LDA.
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2.3. Gaussian Mixture Model
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2.4, Particle Swarm Optimization
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Z oA global best solution?] HYEZET FL2 o] UTT global best
solution g 1 /N2 wA| 3}

gA 6: 4 (1003 4 (1)< o|-&3ted Zt AA Y o AHE AT

A 7 &i 21§ UESHE FEI, 21¥X god dA 22 7HA ¥kt

A 8: Global best solutions A2 FH3o)

4. 4% 9 A

et

=T A E YOHO S4 doleu|o]A[12]e SA4E& o|&3 EFFH 33X
?141‘ A AR WHY AFE HIHEA T YOHO 4 dHolejwolx
214 AFE 3] ¥EAX dolEMo]lAE F 138W Y SIAE FAHH 3
o 27 A= THEELE 4, 1A BoE 10 MAE ZEFE 53N L

, S92 1g A& volaE AMESY 83 AMF4A AR Y. A
W82 (35-72-41)3 2ol 23] AE 344 dolo HEdte FHoE, FTF A
Aol 247018 (3 A B BF 24 4x24=9671), 28l A4 AAd= 47
AE 32 2 A4 A 10x4=4070)¢ SAlo] UTh

B =FoMe 13889 82 F 5089 $xE At AP AT. SFo<
g e FF AAES o83 24719 24, dAde BEE U4 MAE ol &3
Rk EFF 2AA A S FaNT(Filtering and Noise Adding Tool)[9][10]E ©|&
"5}04 O]ﬂ’l&loi LS8 AAET. FSL Aurora 2 Hlo]EH| o] A[11]0 A A F
H FL = babble, train F 7}XE 0]%6}%131, SNRE 15 dB, 10 dBE A3t
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Babble #&°] 15 dBE AYd 874U Z$ AU3E ¥Ho] MFCCS PCA £
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