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Speech Emotion Recognition in Mandarin Based on PCA and SVM
JIANG Hai-hua! HU Bin?
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Abstract Feature selection and extraction play a vital role in speech emotion recognition, At present, no effective speech
emotion features are proposed. For these reasons, according to the characteristic of Mandarin which is different from
western languages, some effective emotional features and related statistics, including Mel-frequency cepstral coeffi-
cients, pitch frequency, short-time energy, short-time average zerocrossing rate, the first formant and so on, were ana-
lyzed on a Mandarin emotional corpus which contains 6 kinds of emotions. Then we chose principal component analysis
(PCA) for extraction and presented a speech emotion recognition method based on support vector machine (SVM) for

classification. The experimental results show that the proposed method achieves high emotion recognition accuracy com-
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pared with several significant methods,and the emotion extraction and modeling are reasonable and effective.

Keywords Speech emotion recognition, PCA,SVM

L1

BEHERAMIZRAEE TR, BEFFS A UEBIE R
B BB BRI e RIA PR N ERIERE
B. YEEABUSE, F IR EE R B, BRI
UL OBEZNE . WE T LUESE S fF S BRI A8 15 R AE
. AT EPLNEEES o B SR51H SE AR R
SREAA, LB B R AN E R AR, AR
BB S E AR I (E . B a0 T LUR T s iR 45 o0 A
FRESBERS R ATIRERS RE: AT REERER
PR A HEAT B4R AT 7R 35 B S 57 Bl AT 1R A8, 8 S 50 0B
HHM R ; F T XHIARAE B 2 1B AL AT IRER AT 4R
B ANRYT RRIESE . ITEILAE T I BIRAIRE S 2
HEYUIBRE RN ERARR L. HET @A FEEERXT
EHAT T KRB

XHE B I AR SRHE A SR BUR I GUR A T EE
BIRRE. mTIEEHES S B AME SN, B BA SiRE

o

FF B #1.2014-11-05 iR1E H#§.2015-03-16
H (IG201203N)¥£ Bl

B AA B RS R . FREBEHHERIRINE
B, WEA SR E—~EURS W B,

Origlia % A {8 FA 2450 F1 RE B A R AR IE B B K AE L B/
B E SREEER T —1 31 EWBHERLEE. £—T
EAHBESE BE S EEEANSIEMERIEREL
BUS T HE 60% MR BIR . Seppanen % AL 8 FI 245 . 6k
B .M 43 2 R ST 3 2 B MR,
EWIEATHXBBE TRE T 0% MiRRIER, Li % AN
W T MEENRIB LI RERNF EHEESHRT SU-
SAS BRI AE RSB AT T ULIE A M R B 1B R A
HMM(Hidden Markov Model) # FAYE 1R 5 8% , B} ] Mel
R BIE 2 B (Mel-Frequency Cepstral Coefficients, MFCC)
HIZELRPERR 65. 5 %0 AR B2 Lk , MFCC IS SRS IR RO 45 1E
AETLIBE 68. 1% AIIRFIER , MFCC FIE 18 41 A4 28
ERTLIFRE] 68. 5% IR B, BAEPERE 69. 190 MR BIR B
MFCC M IR B P 0 L R H &3 . Nwe AP
# HMM Bt KB aEE . RE.EN. 5% G

A ERE AR KBRS H (2014CB744600) , Jb 5 i Rk 2 A B 53 B €137 H A3

W (1984—), B L, ¥, TEHFR 7 16 95 BBITH  E-mail: jianghaihua@bjut. edu. cns # 3K (1965—), B, {81, #i%, FEHFR T

B E A AR
s 270 o



RN 6 8B BIHT U EFHEXIRG, & RKRE LF-
PCHUET 77. 1% HIR 51 %, Breazeal H A F AR RS
R (Gaussian Mixture Model, GMM) 4324 2% % 1 6] 22 )L B4
KISMET ¥ FE s AT1E B4 26, I (3 — P 2 T i S S AU 1Y
FERERRERT Gaussian A MBI B HTHL, HEFMER N
AHSRAFAE I 4548 B GMM #E, B{LPERERTIA B 78. 770,
Nichoson % A7 #F MLP(multi-layer perceptron) #3177 —
4~ OCON P4 7L, Xt 8 FpfE k47 1R 51 Br fefi FH A B8 B
R BEfFRAN,. A 100 fdEE S S RH . SRR, ZER
M B IREI R 52. 874,

LERARKEHH R T B ETERE. mext
BEFEET ERNHRNRLD, BAHEEEA T, EEF
B RERFE RN JEERE BT RER
BEN—EREMARI%E. BTEEESAFEMEEN
FRAE, S BIEEFHES, MEEEHNEHREETE
& B BE R RIA B R R E LR R AR .

ST XTI REE B, A R R RE R R iR
BT -85 EHRARMETHEBRFESHA G, BEX
R AE S & Al A £ L4343 4 (Principal Component Analy-
sis, PCA) SR FE M 4E 40, SR V5 R F 2 2540 B L3¢ (A B AL (Sup-
port Vector Machine, SVM) i#47 848, & J5 #E47 K 2R 50

2 EEERIRNRESN

FXHIEFHRRMNRESE A 1 Fin. 8T PRZ
LB R A B HE AT R BR . 1 R4S AT B SRR PCA BRI
SVM BELRH PRI,

EFEEHLAE

BRI

AT

AR

284 | PgEMAR

EZ-Tox RAYYE £ 8

BRI LR
B 1 EEHRRA RSN

3 EERRBHERRK

T RIEF RN B A G RIS & P 24 IE A T SR
i B SRR, R it 1 BGE S IR IR B B A DN R
RIEREE. BRETENRERK. RETHEISHEE
RIERIRS R AR MEEEIFR. BE, SN FEENHRES
FERBEHE, HRES—WESRED, ZE RSB AD
HRERLE, TSRS S BA H T RB I LB IKEE, 30k
AEANEARREN PR A SRR A LR R AR
EEFEHRIBRE CASIA®Y, ZEMEHR P XL BEIEHFR
EEE R, RELEREFET , WA L B AL B 55
FIRFETE . BBAIREER Y 16KHz, REEXEFE y 16bit, F
JEN, THBE RS T, BREE T B (angry) . B ¥
(happy) 3645 (sad) .1 (fear) . {5 3F (surprise) F1 F 1 (neu-
traDiX 6 FH. BNUIEAE TR 50 NEARIE
TR FER, BRI ER 1200 MERH K.

LI, BT ITE B 1200 A]E BT AL FR 43
&, BETEEST SRR EZRFTE. BTFETHERR
FNEFE 2 E B A BRI B T AR RS IS
FREAREIX 3 Fh2ER, X ERHRAE LAWY BRI AT R ER, U2
R ERIHENE RS 5ERMIRE . £R%ias 2R
B _ ST BRI T SR, B SCR ST R A R E AR E
O E Mm%,

ETIEMHEXFER A RFEEEREAMEFESZ
MEIAE MR ATY) , B 2 EARFBET RN, HiELNSERN
KESESLBRIEAEFERINEH. Nwe & ACE X
TBRGEF WA RIS EH TR AN, EETHERNEX
PHERBRER MR M AAEEHBKNE®M. Flin, &
BEMERNEEERFBERAHERE. MEXEGE
FHEFRFNFENFAHZA SRR, A CRRHES
B — FEHE 4R E—MFCC,

BEEHETPEEIFESZLHER SR RIEMR
BESAENTA, EMEFTFRER T NG —FEmEEH.
EHEESTHARE MBI Z 8 AU E, HkEE—
AIFEREXES AT, ENERX S EBBIES
BORBIGERENNTZIAT., BEiENERSEERET
EHHRBTEERRANPHEERER. F3CIRR 3PS
FHIE 5T SR RER FIE T F S TR,

FEREREBSN —MIEWIENIEG A TEHEESTRE
U EW AL BIREN], SRS RESER RS
AW BT EHE, R HIERISEEE K.
HELUMBMWEET. FEEENTAEZERRENERNE
EEERNBEREETUNER . RN IRIEHH R
rHpZ—,

3.1 MFCC44E

MFCC &5 & H RN P& HN—MIRES 5. ©RE
NE BT 56 45 vk, 6 55038 B R B 4k O 313 8 E A R B
MFCC A 8 iR A v gE A 3L sR 88 f7, & B A4k >t Ry
FEEFARMIT A LR, R RATHRNDOER.

Mel( £)=25951g(1+ £/700) oY)
3.2 EEHEBRHM

HERE R FHEFRMFSIRGREE. FHRS
FRBEAIES. AV EER—MERES, BTN E
AR AEHE, EBETEEEEENGER AEHERWTEE
ERNEERFME. 23CRFER B LR ET.

R(B= 3 '5,(mS,(m+h) @)
3.3 sgrteR

BB SIS EN (D, FRBECH wim) , B EHE n
WIEEEE RN . (m) , MZWH E B R R .

E,= % [w(m)z(ntm) ]’ (3)
3.4 EHTEE

S T R S B SR L B
BRI n W E 52 . O BOIGAE LR

N—1
Z,,Z% Z=]0lsgn[x,,(m):l—sgn[x,,(m——l)]l 4)

3.5 FiRIEHFE
HRERRREEHFENERBYLARTREERR
271 -«



HHRIRTE . A SCR MR RS —3tRgE ., 55
T B AR K SR A TS T A DR, (G I AR
A& LRI )RR

REHGAER K& MHES , FTE S MRIER 12 1
GiitE. XSS RI4R 384 YRS T ARAE [ & , IR RAEXT
RIEAI GRS B . SR AR AE B X B B SRR n &
1 s,

#1384 HEGIHHE

g MFCC e ErtE EWTyY  F-#
1E % 5 (12 4> HH AR TEF Eid 3
BENE 288 24 24 24 24

BOAE. RAMEER BAEFAEN. R M EN.HE. &
HitE  HANHE LAREARRY BRENZREE FERE R
HE BERE-MELSWEXENE

4 ETF PCA BY4SEHEX

EI1PERORHERE TEHESN, AT EREEFF
HFIRT R B4 28 IR R , T R P AR 300 B0 v 0 TR 1 2 )
FAHE BB R F Rtz . Bal. S R h A
BIREAE Sl B 4 4 BT PCAL M 30 5 43 BT (Linear
Discriminant Analysis, LDA) . 3 84345347 (Kernel PCA) %5
# ik S (Isometric Feature Mapping, ISOMAP) 4,

FRS 8 PCA BREMMAH AR L HEABHEE
A SRR IFRETNEABAREN TR, B &Y A
BIE MR R ARA B8, Lel D743 B W& E R 9 B
TEBCRA R A T PCA $ K ; Chuang™™ R F§ PCA M 33 4>
FEEEAEE PRI T 14 A EITHRHE.

TEFMERBOGI RS, X FHER n D d eGR4
LR 102000y 20 1 BRFIB ETE A, AP MR —4 d
17 n FIRBIRRERE Xoxw = 2152252, |, W] PCA aha =R )
BT .

LBAHENE a0 20 BIIE o R EHEE
COVaxa o

2. B SR COVaxy M2 1E [ FUAAE [ &, B4 A 1]
B IR — AL, A E AR E-FAE & X (Aive ),
WBAIEEMNKRE/NER R (A se) s (Aere) e, (Aare)  Fe
W A2 22 220 20,

3. KRBT A AR L) IS N B AE R 1y e s
e VER RS IT 1) BRI 4 125 18] B9 6 ) &, #4038 1 R
Hd Xk BBLETAERE AL A 5 5 Q<GSR B R T i
BUWEE N AfE &

LERAEFRBEHRBRTAREINK % T 5 M.
PCA()=AT(z—p).

AR BT B R 4 S AAE (B 2 0 o B 25 58 R BT AR
EEFMESLRT 5%, WESH L HWER 28, Fitk,i#
it PCA i ERR 384 BRIFFIEM BN 28 4. B T4%
E ) B & M TR B BRALR G — , B L TE 804 4 BRI AT
BRFHER BT IH—bab . 4308 a—eab B R
BHITRIAER 0. FER 1 HESIHSEL.

5 SVM & EERIpGH 2

RS R M B T R R | B AL SVMLK i 4R
¥ (K-Nearest Neighbor, KNN) , (&5 /R 0] K2 HMM, & #7
. 272

BABRE GMM, A T # 2 M4 (Artificial Neural Network,
ANN), AR ERBE RS SVM, BIEM I/ NER R
£ R RO R IR S R T R I AR R

SVM J& B2 37 7 457 XU B/ Mb HE I A9 256t B, B R4
A RREAE R, B X R L AW RE/MEEBIRKH
TARE . MTERMT SRR ), BB R I REML S
FBF T » BB R B /ME 2 RRZE 5 B RALUAMA &KX B fh
A3 B I T RE A ST RE £ ke T 2R A (E A 4t 53 BS , YA
43 B R WG 28 AR A BE B T B, OB — SRR AR
{a) R K A% .

SRR IR (2, y:),i=1,2,,n,2 ER?,yE
[—1.+1],#IH Lagrange i 4675 12 7T L4 B AL 43 25 1o 6] &
AL B, RIZEAR &M

éyiai:o (5)
%ﬂai>ovi:1v2’ ey T’X¢91 *%Tﬂ@ﬁ%ﬁjﬁﬁ:
Q(a>=_ilai—%,z"ilaiajyiy,-(xz- - z) 6)
i= irj=

Hei,0, M5B AREARIT R M Lagrange BT, &7 A B
R R R, WA BRI oA RmECH -

flay=sgn(wrt+b)=sgn( 137 yizi » F6°) (D)

B TELR SVM 243 Z 4R E A, AL H 3T =
KIrES SVM EBIHITY B, 1iE 15 1~ SVM F4rkiR. &
MFAEBAFTABHPHFAES, LS BAR i Mj
P28 B T30« MBERich 128, BT 5 &Y
BAEARICHN 2 2K, Wiles, GAF 5 BB EHU B # 57
SR, RENEREAENTFOESSNERER . FRER
B 26 B B R R B 2K

AR SGE AT JELR MR AR 4G I 0] B % 1k Oy 4Rk 18] R, e A i
TR F RBF R4
R(Py=exp(—ILE=C L, ®

X T SHUE A BLEL, A SCRE B LK, B I 45
REIFEN ETE T C=10, 8% r=0. 01,

6 XWHERSTH

AT B A BURBERY Y RT SEEA SE RIME A SR A 10 $73C
XEiE., EELE 10 K, SUCH 90X MdE AT UI&, m
107 B BB . H, Bk L, 1080 M EEA R Tl
2,120 MR TR,

Lo MK, LR B ML R INE 2 Frel. WE 2 Fryxt
gk L MEEF, 6 MERAIRAN RS R 76. 0%.73. 5%,
64.5%.61. 5% .66, 55F1 70, 5%, #ab FEHKEEN. 5
SETUBR, K S5E M AT AR AR, £ 8 FEH 5L
[ (R 3, AR AT B Y T R 3K TR 4 175 /R =2 PR AR L B
BE.UETAES FERN,

#£2 PRREARBG R

WkEA  FH 4£K EH .-
ik 76.0% 0% 6.0% 18.0% 0% 0%

+ 5 4.0% 73.5% 3.0% 9.0% 2.5% 8.0%
X 2.5% 8.0% 64.5% 5.0% 17.0% 3.0%
' 9.0% 12.0% 4.0% 61.5% 3.5% 10.0%
ot 4.0% 0% 21.0% 8.5% 66.5% 0%

wiF 0% 15.5% 3.0% 8.0% 3.0% 70.5%




BIGER T HE—EFRBEENARLER S LARTR T
BRERHAT TR, 3 3 5. NEIATUER, &
ZEE A AIERE GEEE BYRE TSR SRR R
AR e O A EE A BT R R AT P, AR SR 3R B
68, WA FH B, FEXLEBR Y, AR KRB
LSRR T, B HIRMNEREREE, & T LKFE.
T ERAA S R A LR R BN .

# 3 MEREAIRGIEE R
BIE AR

& EHE L By ma FB &
e EAFE.
Orighal?) %% X% . 4% EHR.wE% 31 MLP-ANN 60%
EERE
Seppanenl®] % %3E iﬁ‘ﬁai,a‘}& 43 KNN  60%
Lil4] SUSAS & # & ﬁf&ﬁéﬁi 26 HMM 69.1%
Nwel5] 4B A i‘ggg‘fcc‘ 28 HMM 77.1%
HEHEE R
Luol¥]  Berlin g3 ﬁfzz;ﬁf 9 SYM  67.5%
KBRS
LHEFHREN GEEAER .
Youl15] & CASIA g 29 SVM  68.3%
s, MFCCLESR. 48
ax  BREWEER g ewmm 28 SVM  68.8%
B CASIA £ il

M 3EBEH, AT Youl™ 3B AE R M , HER1E
RoE LM E LA BB EA B, I TEEER
it L B R A BB 5E, 2305 Youl™ B 77 B #EAT I 400 1L
gERWEK 4 HFl.,

F 4 RBIERIEMX

S T T T

AX  76.0% 73.5% 64.5% 61.5% 66.5% 70.5%
Youlls) 77.6% 71.7% 66.0% 57.1% 68.2% 69.3%

M 4 PIER], WABES 6 MIERRIHNRZAER
B (BACH 6 IR HI 2 A 28D, IF BB IR e
. FEEACER T EAEGEABNEREME. 55 5
AREHRZRA SVM @D KER, BSHRER—H.

HBRIE AETREEHEEIEERERE TR
BRIRAI LR, SR RRHAT T R, SRR, A3k
B FHMEE RS A0, TR BUOT R AR . . &
4 J5 HBI 5T A o AT AR BCSE 20K R B R B AR B 1B R
I TR A O AT SR 5 X TARDUE B0 A BT LU B
Xt HEHLBEST » B R LA IR AR, DA RIS R A U,

2 £ X

(1] shochr, 2miE, iR, . IS T HERRRPR R[] &
{238 ,2014,25(1) ;37-50
Han Wen-jing, Li Hai-feng, Ruan Hua-bin, et al. Review on
speech emotion recognition[J]. Journal of Software, 2014, 25
(1):37-50

[2] Origlia A,Galata V, Ludusan B. Automatic classification of emo-
tions via global and local prosodic features on a multilingual
emotional database[C]// Proc. of the 2010 Speech Prosody.
Chicago, 2010

(3] Seppanen T,Vayrynen E, Toivanen J. Prosody-Based classifyca-
tion of emotions in spoken finnish[ C]//Proc. of the 2003 Euro-
pean Conf, on Speech Communication and Technology (EU-
ROSPEECH). Geneva:ISCA, 2003.:717-720

[4] LiXi,Tao Ji-dong,Johnson M T,et al. Stress and emotion clas-
sification using jitter and shimmer features[ CJ // Proc. of the
2007 TIEEE International Conference on Acoustics, Speech, and
Signal Processing (ICASSP). Honolulu: IEEE Computer, 2007
1081-1084

[5] Nwe T L, Foo SW, Silva I. C D. Speech emotion recognition
using hidden Markov modelsf ] ]. Speech Communication, 2003,
41(4):603-623

[6] Breazeal C, Aryananda L. Recognition of affective communica-
tive intent in robot-directed speech[J]. Autonomous Robots,
2002,12(1).83-104

[7] Nicholson J, Takahashi K, Nakatsu R, Emotion recognition in
speech using neural networks{ J]. Neural Computing & Applica-
tions, 2000, 9(4) : 290-296

[8] Institute of Automation,Chinese Academy of Sciences. CASIA
Mandarin emotional corpus [ DB/OL]. http://www. chinese-
ldc. org/resource_info, php? rid=76Casis

[9] Benesty J,Sondhi M M,Huang Y. Springer Handbook on
Speech Processing[ M. Berlin; Springer-Verlag, 2008

[10] Gobl C,Chasaide A N. The role of voice quality in communica-
ting emotion, mood and attitude[J]. Speech Communication,
2003,40(1/2).:189-212

[11] BAh ESESAEGE 2 O IM]. JLE YL Tt s,
2011,51-52
Zhao Li. Speech signal processing(Second Edition)[[ M. Beijing:
China Machine Press,2011;51-52

[12] Lee C M,Narayanan S S, Pieraccini R, Classifying emotion-ns in
human-machine spoken dialogs[ C]// Proceedings of IEEE Inter-
national Conference on Multimedia and Expo. Lusanne, Switzer-
land, 2002:737-740

[13] Chuang Ze-jing, Wu Chung-hsien. Emotion recognition using a-
coustic features and textual content[ C]// Proceedings of IEEE
International Conference on Multimedia and Expo. Taipei, Tai-
wan, 2004 :53-56

[14]) BRE.BXH, RE R, % BHEHEANEESHRIRIN
PCA $REBESE ] HHEHLFIE, 2011,38(8):212-213
Luo Xian-hua, Yang Da-li, Xu Ming-xing, et al. PCA Based Fea-
ture Selection Algorithm on Speaker-independent Speech Emo-
tion Recognition[J]. Computer Science,2011,38(8):212-213

[15] JLAS . &5 1E BUR Bl @ BORBER (D1 AT #1L k2,
2007
You Ming-yu, Research on Key Techniques of Speech Emotion
Recognition[ D]. Hangzhou; Zhejiang University, 2007

+ 273 .



