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GMM-based Emotion Recognition Using Speech Signal
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This paper studied the pattern recognition algorithm and feature parameters for speaker and context
independent emotion recognition. In this paper. KNN algorithm was used as the pattern matching iechnique
for comparison, and also VQ and GMM were used for speaker and context independent recognition. The
speech parameters used as the feature are piich. energy, MFCC and their first and second derivatives.
Experimental results showed that emwotion recognizer using MFCC and its derivatives showed better

performance than that using the pitch and energy parameters. For pattern recognition algorithm,
GMM-based emotion recognizer was superior to KNN and V@Q-based recognizer.
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Fig. 1. Block diagram of emotion recognition sysiem using VQ.
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Table 1. Recognition rate of recognizer using KNN classifier(%).
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Table 2. Recognition rate of recognizer using VQ(%)
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Table 3. Recognition rate of M+DM+DDM+DE +DDE about
each emotion(%) ( &, =0.002, M=512).
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Table 4. Recognition rate of recoanizer using GMM(%).

Hajole] #of M| o2y | 2NE(9%)
P 4 |0002] 3843 |
P+DP 266 |0.005| 40.60
P+DP+DDP 512 | 0.01 | 46.69
E 32 [0002] 3541 |
E+DE 128 {0.002( 40.07
E+DE +DDE 32 [0.002] a4.11
M 256 | 0.002| 67.81
M+DM 256 [0.005 73.37
M+DM+0DM 266 [0.002| 71.71
M+DM+DDM+E+DE+DDE | 512 |0.002| 71.13
M+DM+DDM+DE+DDE | 512 |0.002| 73.77
M+DM-+DE +DDE 512 |0.005| 72.87 |
M-+DM-+E +DE 256 | 0.002] 72.53
M+E 512 |0.002| 71.16

Qalgo] 718k E]H 257} 6470 ool 65%<1%
9] QI¥Eo] B}y =& MFCCH del selule s
Al Ao A4Eo] T0%013es F7RES By,

thgoZ MFCC Aeleeld] oy sieliels 2@
A 0l o 914 52 Hrelgen 1 Axe 28 5
o} 2} REe) FpElsl £ At $1EE 9
2 go| kR &3 A 647 ol el 65%0lde)]
AAEE A V)M HY ANEL BT T0%c149
Q&S BYn MRCCTHE AR it 23 o 45
3 A%E 2yt

T 3¢ F w2 Q4EE HY MFCCe W&
MFCC, 9} del MFCC 222 oy de} dlux)
7} A€ sede (M+DM+DDM+DE+DDE)e] 2
A Q4SS Yehd Zo|tl. of7|M spde] 71 953k

L HYR 718l 1 v A% Vet

£ 4t GMME o4& 47)dA 544 Q4 A%
% 7P $& QAFENE JeR Zold). FolH € 5
91%0] Bx|9} ouiRjE 35.41~46.60% A5 we 2l
482 BT, T A4 Mol e 25601t 512



ol ThE 2450 vla] MR o S1aFo| ko,
Frin & ABIIE 0,002} 0,005 588 Q4 A
%¢ ¥gch )2 M+DM+DDM+DE+DDEeM &
3 47} 51200 0% 7t 0.0029 W 73.77%2 7}
4 B QAEL B

3 29} 48 vlag A4S 2e =4 se g Akest
£ VQE o443 A4l A vidie GMME ©| 4%
A7 o $& QS Hgen, MFCCY oA
23 sleiEle BF 7T1%014e A QER UE
%) sEefeine $& A%g By

VL ZE

B AyeiMe GMME o] &3 72 ¢1a AlxElE A
shanh A3 oA Alasle APgEE GMME FE%
, AEE 24 A% g GMMe| B2 g5 E4)
e 24 Ja9 AE gt GMME 7RA
TES R0 3 2t AE-S Fdsie Al
1gtlog2 &4 A3 AAES 23] g 1 73t
9 A3 FHo| rhesie 54 459) A1 g
oy T 248 7R Yol B S Aamd A
Felctn At}

GMME: o]28 A)oke A|2ele v slebuele] s
g ol AE TF A MF Hd B A d #E A
Hallok dom H4¥E Bold ML 2563 512414,
Oroin & 0.0029F 0.005614 £ 94 58 24T, &
A e A% #@7b AZdde MPCCY 2E
MFCC, @eb el MFCC 2e)n Qe ou)el de Qe
quizg 2slES 9 (M+DM+DDM+DE+DDE)
Hol 73.77%4 A4ES AU

A GMM 7]te] 72 QA Al zsln) 7)E Al2E)
< vlmslr] sl 723 Ay 2 34 45 Aale] gel
AR e 2 2159 AR ¢ ovixe] HE, 2
sk Hul gk 59 FAHQ e AMgske KNN &
7715 o) 4% A 283 MFCCY 22 243 54 mg)
tle{9} VQE AHE3le] 3a 9 % E9A A|A’E A}
43l A2 Wkl 2 39 84 §3F o83l
© KNNE7719 Asel 7H dojzier, sxp 2 &%
E33 Aarlo] AgEA guin guEdt VvQE ol%
g X259 e 32 2 EF FHE Al2sle] 2 3
45 2909 Hu 68.12%4 U 4%E R4k
GMME ©] 88 Qa7 Bl 73.77%2 A4 A5
Bln, difse] MFCCe #dd 54 sejoel gl

Q<

oy ¢ 2 Ho L
o [

%

B MO AFZEEGMM J[HIQ) 2PH O 240

T1%0139] 4l d5g By VQE °]&3 14719} v
wéle] £ v 32} 2 2 56 2894 AlxEl of
g Br} Hggt Q4] A zEloE Hed 4 gty A
pel= s

8% HMM (Hidden Markov Model)® 22 24¥
79ET GMME B3y Hellof A2eE 28 Q4
Aedhs A1 £ 298 4 7 IT Ao AgY
o}, 3 B} AdxAn ARAEQ dHo|HE A5 H
ole] Hlo|2F FE3IT o)F Bl AA S HL F
e AZeSAR| e JE Alzmlopt 54 AelHE]o)
agk A7t 83t

[~

a2

2 A7E FRENY FRFASTUEAN Agsin
Qe FREA|ZATAI (BANE: 2002-036-034
-3)¢] QpAsIT,

-3

) =

ki

Mo

1, Rosalind W. Picard. "Affective Computing”, The MIT Press
1997.

2. Lain R. Murray and John L. Arnott.  “Toward the simulation
of emotion in synthetic speech: A review of the literature on
human vocal emotion”,  in J. Accoust. Soc. Am., 1097-1108,
Feb. 1993.

3. Frank Dellaert, Thomas Polzin, Alex Waibel, “Recognizing
emotion in speech’. in Proceedings of the ICSLP 96,
Philadelphia, USA, Oct. 1996

4, Mchael Lewis and Jeannette M. Haviland, Handbook of
Emotions, The Guilford Press. 1993

5. Thomas S. Huang, Lawrence S. Chen and Hai Tao, Bimodal
emotion recognition by man and machine, in ATR Workshop
on Virtual Communication Environments-Bridges over Art/
Kansei and VR Technologies, Kyoto, Japan, April 1998.

6. V. A. Petrushin, "Emotion Recognition Agents in Real World".
2000 AAAl Falf Symposium on socially Intelligent Agents:
Human in the Loop, 136-138, Nov. 2000.

7. V. A Petrushin, “Emotion in Speech: Recognition and
Application to Call Centers’. Artificiat Neu. Net. in Engr
(ANNIE "99), 7-10, Nov. 1999,

8. Frank Dellaert, Thomas Polzin, Alex Waibel, Recognizing
emotion in speech, in Proceedings of the ICSLP 96.
Philadelphia, USA, Oct. 1996

9. D. Roy and A. Pentland, Automatic spoken affect analysis and
classification. in Proceedings of the Second International
Confersnce on Automatic Face and Gesture Recognition,
363-367, Killington, VT, Oct. 1896.

10. Jun Sato, and Shigeo Morishima, Emotion Modeling in
Speech Production using Emotion Space, in Proceedings of



241 HESUESER| AR3A ASE (2004)

the I|EEE International Workshop 1996, 472-477, IEEE,
Piscataway, NJ, USA., 1996,

11. Feng Yu, Eric Chang, Ying-Qing Xu. Heung-Yeung Shum,
“Emotion  Detection from Speech to Enrich Multimedia
Comtent”, IEEE PacificRim Conference on  Multimedia,
560-557 Beijing, Oct. 2001,

12. L. R. Rabiner and B. H, Juang, Fundamentals of speech
recognition, Prentice~Hall Inc., 1993.

13. Earl Gose, Richard Johnsonbaugh, and Steve Jost, Pattern
Recognition and Image Analysis, Prentice Hall Inc., 19986,

14. Douglas A Renolds and Ricard C. Rose. "Robust Text-
independent Speaker indentification Using Gaussian Mixture
Speaker Models”, IEEE Trans. on Speech and Audio
Processing, 3 (1). 72-83. Jan. 1985.

15, 203, ey, "S42 olat aixt Y 28 S7 4 ol otz
21| spiet=chet 26 (1), 377-380, 20024 68

XX} o

s 7} A F (Myoun-Goo Kang)
19934 33~20004 2% 2uishe Tossat gt
20004 33~20034 SY: At X7 [HAEIE
2} AL
TR0 S W CRE MERR], 4 ¢4,
2 Qi BN £ FY

¢ A A & (Seo, Jeong-Tae)

1985'd: ARt MRS (3pAh)

19874 st 2 CHEH X220} (Al

19383~ 19904 AMTA F2EA otd Tty

1990~ 199544: H4Chtn 2 chBtH HAZSnt

(YD

2003K4: Virginia Polytechnic Institute and State
University Visiting Scholar

1995~ 8x}: SFCIED YPHoisHT f£R5

* 7} 1 F (Weon-Goo Kim)

198311 38~19874 23 ANHAIR MX|Eetn} At
1987 9§ ~198941 8Y: HMEIETR FX[SHD HAL
13891 9E~ 19941 28 AWMEKEtu TIXREstn} BiAL
199414 9Rl~#HAY: JUUMT FILYDRYY S5
19984 98~1999¢ 94" Bell Lab, Lucent
Technologies{{JSA)
Y AT
#FFol 24 U CiXIg Azxz], 34 g1y,
Zd oy, 54 821 S




