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2.2 Gaussian Mixture Model - Universal Background Model
(GMM-UBM)
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2.3 Hidden Markov Model(HMM)
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2.4 Support Vector Machine(SVM)
SYME & o= B304 uio] e 48, wad 57 2Al

WA ARSI gl A BERA Fe Fela AleldA
Margine] w7} 5= 78 £2 A4 23WS Zet o] gA 3
A 2WAL AR AAZ L% sk, o] A AANAN M 7k F
#2=E9] HlolH S Support Vectors} $ITH35) #7 A7k H]A1E Y
A, A4S At HlojElE IR AMIAIF] 0 ZA AR
7h HEE gk SVME the 4 42 4] "k

Ealtsz T, )+b. (4)

156

oJ7]1A ¢, -15E= 19] Ideal 28
el AL bl a, & Support vector, b
E7)98 vlojojx Aol k(.. .« )& HeolHE 1Y JOE—L' AM
A7l Adggolth o, 2AF A8 FAE d14s] Y8 A

sk el 4ol

EJEHA

O:

1~N

3. 2434+

AYole HA TVOIA 22 4712 BYshe] 2vhe TV A
SH(CY-STCLOE A83ke] TVE: 4~5m Aols] 447
%, obf, TVAS)AR =2 15dBY] TVZ
A =gatdrh. 2t e Yol Stereod] 16Khz A1ZH )
& Agagon], 2 Fe20 dstel TR20le oXeE %93
52700]9] Holel Ruzel AHgagov, 2170l Hole]
2~

o

B85 (%) 94.61 92.85 90.38 90.45

4. g

B ERoAE 2HTVAA AHEAL kg AHSE 215 914 %]
& Adstaint. 4¥49E F8 MFCCE —‘% ukﬁi AHg-3tod,
QMM £ 298 AUska S48 BRsE o YA

ATV A ] AREAL 2
iﬂ Slo] Aoz Ao tjaZg ol o] RLE|ZL
AgallFe Alagle) 7P Agsicta das gl

o
_]>4

=
o] RS NIZHE AF(FIEN AAOE FFAT
Age] ZxATAY A9 Wob A1 A(2012-000194D).

[1] K. Y. Lee, K. S. Cho and W. Ryy, “Social TV Service: A Case
Study,” in Proc. of IEEE ICCE, pp. 287-288, Las Vegas, United
States, Jan 2011.

[2] D. Reynolds, T. Quatieri and R. Dunn, "Speaker Verification
using Adapted Gaussian Mixture Models,” Digital Signal
Processing, vol. 10, no. 1-3, pp. 19-41, Jan 2000.

[3] M. H. Liy, B. Q Dai, Y. L. Xie and Z Q. Yao, “Improved
GMM-UBM/SVM for Speaker Verification,” in Proc. of IEEE
ICASSP, pp. 925-928, Toulouse, France, May 2006.

[4] M. J. F. Gales and S. J. Young, "The Application of Hidden
Markov Models in Speech Recognition,” Foundations and
Trends in Signal Processing, 2007.

[5] G. Mountrakis, J. Im and C. Ogole, “Support Vector Machines
in Remote Sensing: A Review,” ISPRS J. Photogrammetry and
Remote Sensing, vol. 66, no. 3, pp. 247-259, May 2011.





