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Abstract: Data mining is one of the important computer technologies. The main goal of this thesis is to search the most useful features
with analyzing the features related with emotions, and find a recognition model to make use of these features. Studied the method and
technology in the research of the speech emotion recognition. Created the database of the speech emotion recognition and pick ~ up the fea-

tures of the speech signal. Then study the effect in emotion — speech recognition from those common features such as pitch, amplitude en-

ergy, formant and so on. And also use decision tree with multi — features to recognize speech emotion, the result is perfect.

Key words: speech emotion recognition; emotion features;data mining; decision tree

0 51 &
FEEHRVBARM AR, 83— HEE T EE
BEXMHFEERANKELERITHESR, FIAR
FASSNRBZEER, BHE R R BRI R LL
HE BT E L BRI 3R A 55 PO Y 1 RAR
L OEE W RERMA ST, 20 H4E 80 £
Roddy Cowie £ Activation — Evaluation 25 [8] X} i& & 1§
BT T B %R, FstR RN RBTIA L
BEERERMNAE, FARRAETFIESEOE R
T2, RIEFH BRI XREAR, EX ALK
BHEFRE.CENSMITECERTFIR N

178 B #9:2008 — 04 - 03

ELWB: HEAAB RIS (10605022); LA ARB¥#4E
(050420207)

EEMMN A B(1974- ), & TR EEH A, 3 L2 BE B BESC IR I,
RS A, BT A BRI 0 B 3 UM 9204, R 1
WIEH A TE BB S BIRH.

1989 43 11 RS A THEEA SN EHKE
H KDD iX— L&A, HEEFHRRBIBR TREZ
o EEHBRANEEFHERESIHILEMAX, TES
FHERFAE 2 300 2 b B IR A A STRRIR BE th A R AR
Mo MEIEIZEBEAR P AP R HER BT
FEXFESHILEF R RRIAER, XFRENA
R XHE B R BRB T

1 HRIK
1.1 HigZHmRER

BRI U0 2 M K BESH Hh $R I I 8 iR, (B
RXFIEERBHRY . B AREIEIZEE A EEEE S
FYHR R BLEN KDD, KDD & M8 - IR B
F I EL AT RE A 4 08 69 7T 3 A p B AR Lt
WA AN IR R KOD J @ — U, B 5
AR St R BB B e T B R B R N P A
EE— R ERIER,



- 148 - HEYSEAR SRR

- BUE

_ B P R AR R R L R BEE SR ERA L
R AR M R R B TR, — A o g U b
B BESE RETAE BIEERE. T E
KDD # B ¥ B8 SRR L E B BRI E A AR
FOREVRPEHT . F R IZ I8 (Data Mining) J& KDD R #5—
AMEFEETR, B TEIEZ I 7E KDD #2218 K ey fE
B ANTEER I X 4y s P ., — R UL, EE TR
BT SRR 1548, AR SHEANN ZFRH
B R B iR BB,

Gy R > — R SRR R B TR S BULA T E
B RR—1 . SPEH B RGN 0R B
SYRAERY (42838 , IR AY RE F8 B8 P Hp A 030 Tk
HRRE M EEH T, YR (Decision Tree) & —Ff
B FM MR RAR SR, B — R4, 81X
PEMN - REEGM—BHEE, B4
RL—A RS, B F55 XS RL— AN 25 I
1.2 EHFERIANMREIR

ERRIEEEESTRER L, BRE T RBH
BRI R T FR—EE R R, &
PR BT # , ANk 4 H] 51 53 26 2% (Linear Discrimi-
nate Classifier) . 3 $% [ 4L (Support Vector Machine )«
B HNR AR (Gaussian Mixtures) \ A T 4: F] 45 (Ar-
tificial Neural Networks) i & 5 /R A] K £ 2 (Hidden
Markov Model) % , &84  F T35 & BOAH BGR 5, IR K
BT —EHRER,

Nicholson!* B BF 3%

FRBIER, TG T RE 70 9% Y IRBIE,

Tato F Bl FRAFAT B2 18], T A B B4R L
S8 MNTRY SER AU T B B FHE S50 (Prosody
Features) , 30§ Fl 7 & JUFHIE 2 3 (Quality Features)o
LHEEREFY, FRFESHHE RS ABOERA
15 REH IR,

Yindong Yul" 3R k B4R IR AR X R
TR BAMRAER, MRS EARFE
ET BT AREBRTHNFES . FERE
Bl EXT k BORABEAE T B, FIRIRA R A TR
IESBMINGHERD, #ETHIY R4,

GAHBRSEEMRARNITENUEL, =55
FRHEEESHRRN T HHEE L EEENEA,
JEH R BRFERI N FE R Z . R R
BRI RMER I, AW IR ERBUR T 60% LG
HOIRA 3R  A BT E B R P R BT T RE R A
A BARAE , BB T AT AR 2 AR 5 R . KRB B
MRRA X =RFER RIS S BB Bt
R RE T IRBIBR S,

2 BETREFPSHILIEEHERIRG

2.1 iEEEEIRA A ERE
BHATIREHEAY, BEBUEE F R R R R,

A1 EEESHRRE, 2 RRTIEEHEBRNES

PR B ERE MR,

REEIMEMEH 8
FRER, §4FMLEE
— R A 18 R, XA
ZEAREOHTY R,
HnEREIHATER
FINEBIM L, WiAE
B, A R 1A R, BT
EHESIRG,BIEMmMY
B, WmER, R 5R
o

Dellaert ZBIR AT =
Fh > A28, 4 B R B R B

SROU 3 4y 26 3 (Maxi-

- . 0l0oogog -

mum Likelihood Bayes Clas-

 Total duration 4:880000 seconds  ~ - 1

sification) | # [ 13 ( Kernel

Regression) #l K — i 4B ¥k, M E: 57 48 & (Pitch Con-
tour) I 2R JEBURRAE 2 4, IR BIE 47 B m e E
HLBURT 60% ~65% BF)IRBIE, BT HEM. A2
AL | BE BOFIE VR A RHE B4, T A T UL

Bl #FLAHRRH
ERAERKIERAEEEEFTEENER,
ETHENRE, B EE OERSHERNSE 2R,
Cahn % MIT Media Lab B§EF 5 A BUIA R, BE3R . B %,
FHEE B E RN AN, NTTERET W



LR

£ BRSE BT OB B AR IE R & 1 EGRA - 149 -

BT G, BE ST 8 4 TE FE AE OK, AR Al B AR T R

i JOH AR IR B B SR 2 R, AT 758

BHEMTR, BRI EEEN, BHHETE
0]

FERBREXENFEAGRSEIIRYEETE
6, Tl H ARSI A BE B 4 A 100, ZEBHE 48 A
BRI AACE G, A RIEE P REFRSHRE =
FTH o Tin Lay New 3§ i, — b, 9058 . H N 1E &
Xt RLERGEARE FRE, KBS o 35R M
ERR MG R ER RN WESTRE, #
Pk ERIAEIARSHBRE . EHUNBRETPE
EEBAEFANE ), R, ERENETPHERE
A BOR MRS B4 o

VA FHAE TR B BT E X R B BUR R 5 AT AR 8
FRE, A T R FHRRRE, EX G RGBS HORE
Ro MEREFIBRENRRTNERERE, MR F
TR B LB B R &, T AR 5 09 1% R0 3 L &
SHNEE. EXERS,  ATHTEFELH*RES
R, Schroder™ R I, Y& EHHA, THENE 1,
2 FAR0E5 F 1) F & T H R SEIRIE 7 1 & R T M &
HERIE, WE P RTEEP, Schroder BERET
BEEE R EHHEE NS SB(Spectral Balance) ,
B L& 95 B4 O BE B AU R STE SRR .0 . B3
SBHERBLTHEEPRASMEREE, REEER
/U SB RERK, R BB . MR 1TTE S,

ZIHREXT T RIE I RIA —EN R 2BR.
A1 FAKBRRETHZRpEH 50+

B =R HE(Hz) g AX k5 W
#HE 3068 3024 3105 2958

b YNz 4069 4035 4259 4092
B/ME 2218 2087 2104 1950
HETE 1851 1948 2156 2142
bR 345 341 354 416

173 Wi 2935 2917 2917 2807

2/3 ¥k 3194 3170 3222 3164

2.2 EEWEBNSESN

EIEFHBRNFEST—THRE 2, mEEE
TR ARER A E— SRR, TR
XFIERG B R, T RIKKMEARIBERSEG
] BRI FME R X 4 K, RS B S = 3ER
WA HE 251X — B MR T USE AR B IR AL K 43 FF 3K o
N 2 PR B8 R BN B s R B B R

A2 SHTEBHANE SRR

RID i 2 3 4
F B Tt A
HEEHE BE BH Bk Eod
Prigfe R B -] LA BH

= RuE bR X B Bk B BH

{1,2,3,4}

H;my%mm '

1,2, 4

{31
REREERS /\mﬁ?i*ﬁ
~
{2}

f1,4}

FIHRBREERE RIHRRER RS

™~
f1} {at

B2 ZHAEEE AR kR

2.3 LRERMN

IR ST B I — AL, AT T 7E 20
BEEMREEESMFE(HPBEE S5 ALES
N), REHEHAARR A EBRREES . PFREER
25 BERTEHATHRBLY, ERTHEBIE
50 % ASBERHE HAS AN A58}, Pk th T #63t 1235
SAFIER, AR BN, B . BN
BAERIE 300 AILEA , HR T REEBIESERIEE,

ETRERNZHEETHRADNNTBEA
matlab LB . WBGEFEBROETHR REGLE
FSEIRIE , 535 F Yo 5 1 R 38 B A0 A AIE T R BB 5T
BB, FER SIRA 2/3 1R R VIGREERE, X
SRECUE BUARIE HEAT A 39, BT 80 1/3 46 0 iR
1, AVISREE B T SR (1R o o S 485 2, v
PIFE RS K. 3 P RETHRERIESHRRS
G2 BIBT 66.9% K FHRTIR,

23 ATREAMGETHBRRANLER

HRA B 513 Evi] FH PRI
b6 68 11 4 20 66.0%
[:223 22 59 2 19 57.8%
&b 4 8 86 3 85.1%
Fi 20 19 4 61 58.7%

3 ZWIF

HFTEEE AR MBS ARG EABI,
R DRI HEBF R, LEFHERNE
ANFFIELE A IRBIRRHE , XHE F S0 A8 R AT
WHBTFE. E K UE X R T R W 918 1R
W B R AR B R L, A BRI,

BEH:
[1] Han Jiawei, Kamber M. B#EZEBE 5HAR[M]. b5 4l
Tk R ,2000:2 - 3.
f2] Cowie R,Cowie E D, Savvidou S, et al. “FEELTRACE”: An
Instrument for. Recording Perceived Emotion in Real Time
[C]//1SCA Workshop on Speech & Emotion. Newecastle: [ s.
(F#% 175 ®)



%18

BB HT ArcGIS T GPS KBS EH AR5 TH < 175 -+

(2) # OPEN X775, MKMW IHR ; #FIEz, W
OPEN M55 1 78 » A CLOSE;

(3) & » RAWYA,EERE G FRFKRE—
KBRFRER, BN B Y RZ, T RAE R H G 4%
4% Mm% OPEN #, n BIHAEREEM F.5 M
BIRBL, B E AL BRAR 5

(4) BN ERE fHEE— I BY R A8
W8, k%t fEEHE OPENRE (2) .8 3 MEBE %
BEE N A BB B SRBERHLEAEBINE 4 B,

4 LERiIF

BT H GPS 5 ArGISBEARMLE & B L2
RREHRIETIKESBEHEHASZ, RERFT A+HE
ELANBER RN ABEERITHRER TR REMN
YEBE, ZESCRRRL P E I ARG, B A LT R, ¥
GIS.GPSHEARMB A KB KEFELA KX RENEHLES
EREBRDTHEENRRILMBRIILNAT. b
ARG SR ER R, 2T GIS 1 GPS
RIBARE LB BIRRRB T IZHRN .

$EUR:

(11 7 H.2 #£.8 M.% %TFGIS.GPS5GPRSEE
HYREBRET SXRN]. WLME,2006,31(4):67
-69.

(2] B ¥.A=F,.FHR4U,%. ETF.NET f ArcGIS Engine
FREBTHESRESEREJ). HENIBSNA,
2007,43(14):184 - 186.

(3] Z=@i, Bk B, TEE. ZET Web Service A R GIS
FERBFE]]. HEYL TR, 2004,30(1) :59 - 64.

(4] #F R, TE4.GPS/GIS+GSMEB X EREPHN
AL HENSBR 4, 2004,12(6) : 127 - 129.

[5] # H.ETFHEMNREBREEENFRESEHR(D].A
AT A,2005:12-15.

[6] D BB, 8. ETF ArcGIS Server IR HTIE BB
SR YT EBIFT()]. N4 ,2007,9(5) :58 - 61.

(7] ¥z, HE4E, 256 NEREFBREIM]. L. 8
R, 2005.

(8] il BIH. XT A HEMNLRBEARI]. RTH
BUE B ,2007,23(6) : 238 - 241.

...............
RNt niety alis st st o Sloss Siags Steon st mioge Sbees S PAILANAIR i Jatet At et EEate SRR Siate shube adets Sl o

(L5 149 ®)
n.1,2000:19-24.

{3] Fayyad U M, Shapiro J P, Smyth P. From Data Mining to
Knowledge Discovery[ C]//Adavance in Knowledge Dicovery
and Data Mining. [s. 1. 1: AAAI/MIT Press, 1996.

[4] Nicholson ], Takahashi K, Nakatsu R. , Emotion Recognition
in Speech Using Neural Network[]J]. Neural Computing &
Applications,2000,12(9) :290 — 296.

(5] Petrushin V A. Emotion Recognition in Speech Signal: Ex-
perimental Study, Development, and Application[ C]//Sixth
International Conference on Spoken Language Processing. Bei-
jing:[s.n.1,2000: 222 - 225.

[6] Raquel T,Rocio S,Ralf K, et al. Emotional Space Improves E-
motion Recognition] C] //In Proc of ICSIP. Denver, Colorado:
[s.n.1,2002:345-347.

[7]  Yu Yindong,Chang E, Li Cong. Computer Recognition of E-

motion in Speech[C]// The 2002 Intel International Science
and Engineering Fair. Louisville, Kentucky, United States of
America: [s.n. ],2002.

[8] BWEF. BEWBRNEARNHRID]. MRIE:BREL
Ak K2,2006.

[9] Cahn ] E. Generating Expression in Synthesized Speech[ D].
[s.1. J:MIT Media Lab,1990.

[10] Nwe T L,Say Wei Foo,De Silva L C. Speech Emotion Recog-
nition Using Hidden Markov Models{J]. Speech Communica-
tion,2003,41:603 — 623.

[11] Schroder M, Cowie R,Douglas— Cowie E, et al. Acoustic Cor-
relates of Emotion Dimensions in View of Speech Synthesis
[C}//1SCA Workshop on Speech and Emotion. North Ire-
land:[s.n. ],2000:87 - 90.



