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Abstract
This study is focus on speech emotion recognition through machine learning method.
We add two nonlinear dynamical features: Shannon entropy and curvature index, of
each frame other than the traditional features such as pitch, formant, energy, MFCCs.
After feature extraction, Fisher discriminant ratio and Genetic algorithm were applied
in order to reduce the number of features. We use SVM classifier and cross validation
method to discriminate seven emotions in Berlin emotion database. The analyzed
results after adding of the nonlinear features show that the emotion recognition rates

were 88.89% and 86.21% for male and female, respectively.
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FEANTES - RS E R E NP > A RRSH EE T HE
AT ES AU ARk SRS 5 R IR - WA R R EE
HANSRAE (& US itkEs B mife (R AU BV IEl RS > BET AR EE - A
s ENE AP E R EREENE > PR G TRl E B —THE AR
il o BB P DA AR G SRV > i — e iptsas e il &= st
STEU LS R SR ERIGE RGO - I ERIE R E N EE
iR e - ANDAESE ~ RIS > n] LRI AR EhRIERAY » HoAth B2
SEEE ALY TR P DU RIAY R - H AT ERSEEL AR B 80 F - B EATF R
BRI AR E > AT e EN IR SR R PR RS IR e
NS A& H i IsE - EiMmfEramaeR -
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H IF S AT OB 7y R B B4 S R =X mirE B Ay 5 AR S P (E
ZEs s WHL -~ AR BEE > FUREZ BREERT - —RERREES A
FHEL B e 1 2 LB P e 15 B R B A B IR A RIS R A Y
FEFAMEE - HA DLl Ekman $2H 2 AN AKEARFRE BEZHEH » E280VE
PRIt S R B A SR TP RV A TG4 - WNR—[1] 5 B AIRHEEUIRRE
P 0 R - (B 15 R 22 [ (arousal-valence emotional space) B e BN - B2
|25 fH (activation - valence -dominance space) » H i —(F 4E 55 fEZE O FHERY
JEYE[2 ~ 3] - B b iR AR IRESE o RET o BWi{E TR > — Kyl iEeE
B BT E EAER S SHINSHEHeEREIRIELE o eI AR T8
BG4 778 SO i EE S AR L IS & 0 B A -

A SRR » Moataz El Ayadi 55 A [4[f2 A [ERERNEWE T X2 Gl G 2B
s L ST R T BLE5E © Siging Wu S5 [ ST A S SRR (U(MSFs) B A
[ERHEAH A HETTIBE I HE BN 91.6% Fy MSFs BAAZ 5 (prosodic) R 2(HY
&H#7% ; Patricia Henriquez[ 6] A ISR M B AR BUE  TRE S (B G HRRbT 5T - %
TR = 1] %2 80.75% ; Ali Shahzadi ZE[7] LI BERHE ~ FEHHEEE I FAR IR BhRERT
EURA FEIHEHE T - HEEMERE S BB 85.9% » My 82.72% < Aut5E
0 B AL i E et AR B 4 DU R i oE R AL - M sE S st
B - AP B R E I F Fy S35 R E ¥ (support vector machine, SVM)H
HUEN ST #5 BEall Sk o B S5 SRS HHTE — MU ReE S RHE & 5 (pitch)
At & (energy) ~ H:YRI& (formant) ~ 15 5 FI4EE (48 (Mel-scale Frequency Cepstral
Coefficients, MFCC) > /ML T & 2 )i (Shannon entropy) 1 25 L A TH I R4 4
FEE RS By 2 -
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Arnold

Anger, aversion, courage, dejection, desire, despair,

dear, hate, hope, love, sadness

Ekman, Friesen, Ellsworth

Anger, disgust, fear, joy, sadness, surprise

Fridja Desire, happiness, interest, surprise, wonder, sorrow
Gray Desire, happiness, interest, surprise, wonder, sorrow
Iard Anger, contempt, disgust, distress, fear, guilt, interest,
joy, shame, surprise
James Fear, grief, love, rage
Fear, disgust, elation, fear, subjection,
McDougall .
tender-emotion, wonder
Mower Pain, pleasure

Oatley, Johnson-Laird

Anger, disgust, anxiety, happiness, sadness

Panksepp

Panksepp Anger, disgust, anxiety, happiness, sadness
Acceptance, anger, anticipation, disgust, joy, fear,

Plutchik sadness, surprise
Tomkins

Tomkins Anger, interést, contempt, disgust, distress, fear, joy,
shame, surprise

Watson Fear, love rage

Weiner, Graham

Happiness, sadness
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REZEHTE R AR B P E A AEE S 1B 46 & HE (Berlin emotion database)[8] » H

B8 T H (anger) ~ fElli(boredom) ~ JFR7E(disgust) ~ FiH(fear) ~ BH.LaGoy) ~ T4
(neutra) 15 () (sadness) AT B4 - - EEHE BT ~ )& FIER LAl
TR G BB A FraiEL - 25 535 AjEEEEtat -

(=) TR

R E NS T HHE(frame) Y DIE] - 38 BT R Ry 20~40ms - ARG ER S
8o iRy TSR LA AN SR B BB (overlap) > AHTFERTEEZ
RERIE Ry 32ms > BT Ry 16ms - #EHVR B RER T - — RS
EERRRIHEL R > So— Bl AZ IR 1B ENRE 42l Shannon entropy Al curvature

index o

1. BRI
TREESET  ETES ~ fEE i?(zero crossing rate,ZCR) ~ TEO(Teager
energy operator) 8 3B E MR - 5 S HANL T 2 H ACF(auto-correlation
function) » {H 5 T ## % ACF BY{E ST EA—{I$ﬁB’7EFﬂ FFEIER EE 1 81 2
Rtk - EHETCE ERME TSR » HIENACF(D) = oD maesp byaf,

Ys2(D+Xs?(i+1)
SRR TR — RIS HEE A RS R G Eh oA BRI R -
DRI A FE 58 P 1 5 AFE o 5 &3 HIBT voice activity ratio » voice activity ratio B[]
Ry—BERIRN A RE S B s AV EL I (X0 R & —) - TEO EJE?—E‘.J?’%XKZ“‘Lﬁ B
Fe NHIERE /R 1 e A= AEE S 318R  TEO(s)) = s¥ — si_1Sip1 * LIARAZ s
BN R—(E & HE RV RLGERGE - 1 T 1 BT -
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000 40000

— ~ Voice activity detection - &k t&R RytLIGIE > ALEER AR
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PRSP (E 2 R0 56— IH Rfe M RS (R 8 Fo e ABEER A FIRA A E
AVRBUREHYRFME > F2H T B TR REL . AWTFTHT(EH 2 pre-emphasis 7 = il 25
SRRy 0.9 0 SEHL 13 (B EISHRE A E - SHRIEE R RHIGESTE RAfisi > B
4545 (envelope) & H] 13- 2] —{RIC R FIRHVAREL 4R > B AE T EER: - Bt
RO NRERETHE - WHUE RIS > AT R E PR SRIE I (0
=) o AWTFER PR R 0L B HA(FFT) . linear predictive coding(LPC) /5 UL
5 1255 3 (B RIE(FI~F3) SR E R HAAA -

Spectru m
40 T
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3. IR MEBRER R

H e E B s T TIREER A R T AR A ESERVEHN > [F
R 2 S LM B A E M BOR RV FE R E B 77 25 I (B = U e Y A A
JE M (uncertainty)BiS; - KL ZIRIA © BEMESERL VBRI AT ERR

H()=-%X ()log ()~
Hp ()= { =} € - {HHAEAEARGE HEREHER -
RGOV — BB ARGVIEIE > fRIERZERAT » BHY HEZE[E R

MR AEH - BRI, 1<i< — 1 HIESEE
[, Ot

K = lim 1< < —1-
P BRI RS R BB S T 5 2L - EOFAE R A B
(L0 » ATLIFESSRE b B » BT AT E AR (LRI
EAEIE - H TR B G TR - SR AT - I 2R
IR S st E R = e 22 ] b A EEE =3 HARA
Ky Rk i th iz o
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4. GiatE

et REEEE NS RS EN IR EBUE R TR - HEtit &8 &5/ ME (min) -

AR {H(max) ~ Fe KB/ MEHTZ (range) ~ ~F(mean) ~ F1{i7 #(median) ~ VJFEEH

{E (trimmed mean)” 10%81 25% ~ 5 1~5~10~25~75~90 ~ 95 ~ 99 (N H /L

H(percentile) ~ VU477 (interquartile range) ~ 15 7% (average deviation) ~ fEAEE

(standard deviation) ~ {iF&E(skewness)FIIE 5 (kurtosis) 3t 20 TH o 554 ML EAEET A

EE 2 —F& Bl fiJQ%ZZZfE”r = IR Wﬁﬁﬁf'aﬁél’] MRS BRI E 4t
EEFEE NIt R T B I

(=) FiEgkE

FHECEEY H L EOE R A IR R & R HksE 88 R e TSR0 [ s
RS R i = NMERESR Ly e UeT R » W 0L T s AR RE R (% -
FREPERMER T 10 3732 X E5EE(10-fold cross validation) » ## of ¥ B8 — & RHE RL

over-fitting °

ARWFZE R T B FHE$E B Lk (Fisher discriminate ratio, FDR)EEEL[RJE B % (genetic
algorithm, GA)#ETTFHEIKE o RIBEITHI B EIBES: - 778 (&R R
HAAAN RN - SHEZREECOR - AT R - 4R R FDR &t
BT [10]

2
(Hcl U HCZ },l)
oZ + o2,

FDR(u) = R

FIFH FDR A 2 R EdBEbRTE - FH4CH GA Shiim @ yenlpr s FHEVE - GA
ENBRIBEE ST FHE AT MEERK NESARE RN —EEEEL
K1 F 758 #2 (selection) ~ #F % (reinsertion) ~ AZfL (cross-over) ~ ZE5# (mutation) & 25 EX
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S F RIS EER[11] - FEATE P R R A G B e e -
S BRFREN 50 FIF GA J5IE SVM 5MIES - it 61958 0 B 1 (P91 -
By | AR AP [12] - 2789 » Fb GA HRSA =R (P2 B
TR -

# = GA SH%

Selection technique Roulette wheel
Crossover type Single point crossover
Population size 50
Crossover rate 0.9

Mutation rate 0.001
Iteration number 200

(19) 3387550

TERFEHREEET - BRI 80%E 20% A ELAE 7 i)l 48 &Rl £ (training data set)
EilEgnG &R (validation data set) > BEE & RHEENFTH &R S A & Epk s
e F R all| SR AL SRR AT (085 » A ZE P A 2 73 J5 88 SVMD £X FHHY toolbox
B LibSVM [13]

SVM &M EEHE RS » HIVE Ry 171 — BRI DA [ =R
B> FIH SVM fEHCt% 772 (kernel method) ] DA SR R [ A BB R i e JEE
FZER] > A 3 R R P R #5 (margin) 5z K VS F- [Hi (hyper-plane) - I
hyper-plane & & 2 HIEE Y I ARRER » BT ER TS S —(E4E R B
HAETURERRIIRERY IR > SofMERIH HAriRas 28 S > HRBER VY
BRI SRR AR R rT e ME[14]
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(—) FDR&GEHR

NEPY s FDR A EFHEZ s ArlE - HARE 1 2 7 REAFEAEfEEE - EU()
K5 FDR S3#f1& - i Heam R AW I8 (ELRER AR B R oo ArlE - [ VU(b) Al RN
W EEHEER > 1A T FDR EBCR R IR ErA BBV E TR -

Emotion Disturbution
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Y ~ (a) FOR S KW {EFFEATE - (b)FDR B/ INW{E R AT [

(Z) GA FhEEGER

2L GA PrisE( AR FHME T EIIEA 259 {EFHZ0 H prosodic BLARISRHEA 237 (i
LA MFCC ~ formant Ei pitch £ 3 > [iFE4# 4452 Shannon entopy 7 15 ~ thifir 5
3t 5 {[E > curvature index DL L8R THISET EAA 17 {E - fE20M 05 » Py
FFHEELA 247 {E » Hp prosodic B EHLA 230 {E » L MFCC ~ formant
Bl pitch £ 7 » JELR AR Shannon entopy 2 V) R {E B 75 477 8 3E 5 & > curvature
index RI[LAH S iz Ry ERV4EeT 24 12 (| -

(=) SVM 735 R

HEER 5 P (45 prosodic BRUESFRS ORI A 3R S VA B O SE B 4R
(confusion matrix) » FEITL A2k + (R RS BCRE TSR By 84.48% » AL AELRIE
RIS RTI S 86.21% 5 B Aok » 5 PR EARF BOERER 1y 84.44% » MIATEGR
MERF BT 88.89% -
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Traditional features <

edict

Traditional features~

Fact Angers|\Boredom| Disgustq Feare | Joy+ | Sadness| Neutral{{ Rates Fact edicty Angerc|Boredom| Disgustq{ Fear Joye | Sadness{ Neutralq Rates
Angers 13¢ 00 0¢ 0e 0s 0¢ 0¢  |100.00% Angers 12¢ 0« 0« 0« 0« 0« 0s  [100.00%
Boredom+| 0- Te 0e 0o 0- 0« 20| 77.78%¢ Boredom| 0e 6 0e 0e I 0e 10 | 85.71%
Disguste 0 00 e 0e 0 00 0¢ |100.00% Disgust+ 0« 0+ 1o 1e 0. 0« 0s | 50.00%-
Fears 2a 0« 0w 40 0e 0« 0¢ | 66.67%¢] Feare 0e 0 0e Ge 1e 0e 0e 85.71%-
Joye 1e 0« 0« 2e 5e 0« 0e | 62.50% Joye 2¢ 0¢ 0¢ 0¢ 30 0¢ 0c | 60.00%
Sadnesse 0« 00 0¢ 0e 0a Te 0e  |100.00% Sadness+ 0« 0« 0« 1] 0« 4 1+ | 80.00%-
Neutral~ 0~ 2. 0« 0e 0~ 0+ 6o | 73.00% Neutral 0¢ 1e 0< 0¢ 0- 0< 6¢ 85.71%¢

Total recognition rate = 84 48%: B a Total recognition rate = 84 44%¢
Traditional features + Nonlinear featuress Traditional features + Nonlinear features:

Fam}jredm " Angers |Boredom| Disgust{ Fears | Joye |Sadness| Neutral{ Rate Factfd{m Anger+ (Boredom| Disgust{ Feare Joy |Sadnessq Neutral{ Rates
Angere 13+ 00 0e 00 0e 00 0e  [100.00% Angers 12a 0 0o 0 0 Qe 0 [100.00%
Boredome| 0« Te 0 0 0e 0e 2| 77.78%4 Boredom+| 0« 6o 0« 0« 0« 0e 1o | 85.71%¢
Disguste 0= 0« T 0= 0~ 0= 0« |100.00% Disgust« 0« 0~ 2 0« 0~ 0« 0- |100.00%
Fears 2e 0e 0o 4 0o 0« 0 | 66.67% Feare 0+ 0e 0o 6 0e 0+ 1o | 85.71%
Joye 1e 0e 0e 1e 6 0¢ 0e 75.00%¢ Toye 20 Qe 0o hE 3o 0o 0o 60.00%-
Sadness+ 0o 0e 0« 0o 0« Te 0s  |100.00% Sadness< 0« 0w 0- 0« 0e 4 1+ [ 80.00%-
Neutrale 0s 1e 0~ 0s 1e 0s 6o | 75.00%¢ Neutrale 0+ 0~ 0~ 0e 0~ 0+ 7o |100.00%
o @ | Total recognition rate = 86.21%« Cl El | Total recognition rate = §8.89%-|

o~ TSGR
(LB R ol > MR RHTEIER IR

N~ BTSSR

LA
Va ~ 4w

ARFELA—REE A 2 SE SR8 & ~ R ~ BE & DR ASR EIIRRE AR R BB -

IO T FEERER#E Shannon entropy F1 curvature index » &8 FHRHEHHEL ~ FrpkisE
PR T T SR I RE S TE G s - DIAMGE S B 4E B R B i 52
FINATEGRMEREE - FTS BME M E 2 (B 4EHER R 7 A Ry 84.44% K 84.48%
MAFEGREFREE 212 - FIEPRRREEE 2 88.89% » L MEAIIFRE 2 86.21% -

P IS DR UER BT &SR 7T > 7] H Confusion matrix ([&] 71~ & 7S )SH1 -
FENIATER IR EE 1 2T RN R B B B0 Z B O B 48 S0 0 el »
[EAEMEAR T 62.5%FE 1 Ky 75% ; M5 I HL IR A s Ry ey o M S A
T HE > (1S TP R RERER T 85.71%52 7Ty 100% ¢ MRRERH AR H R B 0AVE
DU B EHAEEAR T 50%T 2 100% -

9 INHATATE A Z B R IEC > B FIRE S ROSU B EREF Ba B =

SAARAEZE BT NIRRT SRS RE SR RS AT 75
EHIN TP OGEE BE R A T
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