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Abstract

In this paper, SVM-based speaker classification is experimented with GMM-supervector. To create a speaker cluster,
conventional speaker change detection is performed with the KL distance using the SNR-based weighting function.
SVM-based speaker classification consists of two steps. In the first step, SVM-based classification between UBM and
speaker models is performed, speaker information is indexed in each cluster, and then grouped by speaker. In the second
step, the SVM-based classification between UBM and speaker models is performed by inputting the speaker cluster
group. Linear and RBF are applied as kernel functions for SVM-based classification. As a result, in the first step, the
case of applying the linear kernel showed better performance than RBF with 148 speaker clusters, MDR 0, FAR 47.3, and
ER 50.7. The second step experiment result also showed the best performance with 109 speaker clusters, MDR 1.3, FAR
284, and ER 32.1 when the linear kernel was applied.
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Fig. 1. A brief block diagram of the conventional speaker
change detection system.
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Table 1. Description of database.

¥ 1. HlolE{H|O|A M2 ALEH
Aspects of Noise Number of Pattern of speaker
speaker change change
34 Male <> Male
Low SNR
26 Male <> Female
10 Male <> Male
High SNR
8 Male <> Female
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Fig. 3. The first step in SVM based speaker classification.
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Table 3. Results of the first step experiment of Svm-based
speaker classification.

¥ 3 SVM 7|gt st B AE 1ot o] 23t
Kernel number of
function | Speaker Cluster MDR FAR ER
Linear 148 0.0 47.3 50.7
RBF 162 1.3 51.9 56.2

th. 53], Linear 71d& A& 457F v 2 2
*E YeEpler, RBF 1%% 83 75l A
= AAl A Aol wd At eaAHd

A MDRe 243t

SVMZINE SRR 28 Ade 18 Add
3} gEHom sho] Agstark. A@AR S
mde F dole}t neE A 1
o] utek MDRE AlSI%H 1ol 4] 217b 160
Mls A grasteh vhe, S@gol Linear 795}
RBF 744 8 @4gste] MDRe] Z7betsich.

Table 4. Results of the second step experiment of
Svm-based speaker classification.
ke 4, SVM 7|I:||» 2|.x I:I E A|04 2|:|-71|o| 4 |_

Kernel number of
function | Speaker Cluster MDR LA g
Linear 109 1.3 28.4 32.1
RBF 127 3.8 38.6 42.5
' =

E =Fo A= GMM-supervectors
U E 2 3= SVM 7]k 3x) Bl tis
stk s AT s Fe=HE A6 l 4
Al 7]1ES] SNR 7|9 ks E Wb gk KLAE
E A& Awig AES AAs sxu g
< threshold 0.024% o] 23371¢] sfA} ZFejx

A ¥, MDR 0, FAR 66.5%t}.

= SVM 71 W AR FE 2GR o] Fol A
AE UBMY 3ARdE 7He] SVM 7]
Aldete] 7t S 2~He 32 ARE <
C28HAlE 199 sxt FYaE OFS

sto] 1A 9F o] UBMY siAtRd S
VM 7|9k 75 Aldgitt, SVM 7|9 &7
23t Ad g+EE Linear®t RBFE AMg3%

AP A 1GANAE Linear AE2S &3t
7F shAF E¥aYy ¢ 14870,
473, ER 50.7% RBFel H3] U4 A%

o} 29 A AL Linear AES 2 &3 29
7} 3= Zel2~8 4 10970, MDR 1.3, FAR 284,
ER 3212 7} £& A%< HAh ol 3
st AF Aol ns|A ga Fej2~H $E 532 X

JE FAslal, FARS 381 ¥Q1E A ¢4

:: djm
oo

>
m; AL

l

o

ot x o
mﬁgﬁg
()

oﬁ'. __E My & o g T X0
1o 1 o>

(

(1026)



A Study on SVM-Based Speaker Classification Using GMM-supervector 107

ojm, 1ehA 23] HlsiA MDR
7}, FARS 189 ¥ E #a
2% Aol

References

[1] Aaron E. Rosenberg, Ivan Magrin—Chagnolleau,
S. Parthasarathy, and Qian Huang, “Speaker
detection in broadcast news data,” Proc. ICSLP
‘98, vol4, pp.1339-1343, 1998.

[2] Joon-Beom Cho, Ji-eun Lee, Kyong-Rok Lee,
“The Study on Speaker Change Verification Using
SNR based weighted KL distancem,” Journal of
Convergence for Information Technology, vol.7,
no.6, pp.159-166, 2017.

DOL: 10.22156/CS4SMB.2017.7.6.159

[3] Joon-Beom Cho, Ji-eun Lee, Kyong-Rok Lee,
“The Study on the verification of Speaker Change
using GMM-UBM based KL distance,” Journal
of Convergence Society for SMB, vol.6, no.1, pp.
71-77, 2016. DOL 10.22156/CS4SMB.2016.6.4.071
[4] W. M. Campbell, D. E. Sturim, D. A. Reynolds,
“Support vector machines using GMM supervectors
for speaker verification,” IEEE Signal Processing
Letters, vol.13, no.5, pp.308-311, 2006.

DOI: 10.1109/LSP.2006.870086

[6] W. M. Campbell, J. P. Campbell, D. A. Reynolds,
E. Singer, P. A. Torres—Carrasquillo, “Support vector
machines for speaker and language recognitionm,”
Computer Speech & Language, vol.20, no.2, pp.
210-229, 2006.

[6] Deepika Kancherla, Jyostna Devi Bodapati,
Veeranjaneyulu N, “Effect of Different Kernels on
the Performance of an SVM Based Classification,”
IJRTE, vol554, no.7, pp.2277-3878, 2019.

[7]1 C. Cortes and V. Vapnik, “Support-vector
network,” Machine Learning, vol.20, No.3, pp.
273-297, 1995. DOL 10.1023/A%3A1022627411411
[8] D. DeCoste, K. Wagstaff, “Alpha seeding for
support vector machines,” Proceedings of the 6th
ACM SIGKDD international conf on Knowledge
discovery and data mining. ACM, pp.345-349,
2000. DOL: 10.1145/347090.347165

[9] Ngoc Nam BUI Jin Young KIM, Tan Dat
TRINH, “A Non-linear GMM KL and GUMI
Kernel for SVM Using GMM-UBM Supervector
in Home Acoustic Event Classification,” IEICE
TRANS. FUNDAMENTALS, vol.E97.A, no.8, pp.
1791-1794, 2014. DOI: 10.1587/transfun.E97.A.1791
[10] S. Theodoridis, K. Koutroumbas, “Support
Vector Machines: The Non-linear Case, Pattern
Recognition,” Academic Press, pp.198-200, 2008.
[11] Mariette Awad, Rahul Khanna “Efficient
Learning Machines,” Apress, pp.39-66, 2015.

[12] Mehmet G onen, Ethem Alpaydin, “Multiple
Kernel Learning Algorithms,” Journal of Machine
Learning Research, vol.12 pp.2211-2268, 2011.

—— BIOGRAPHY ——

Kyong-rok Lee (Member)

1997 : BS degree in Electronics

Engineering, Honam University.
2001 : MS degree in Electronics
Engineering, Chonnam National

University.

2006 : PhD degree in Electronics
Engineering, Chonnam National

University.
2008~ : Associate Professor, Nambu University

(1027)



