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Abstract

This research is aimed at studying and developing an algorithm to recognize
human feeling or emotion from Thai speech. This type of research is commonly
known as “affective computing”. Affective Computing is intended to reduce the
communication gap between human and machine or to increase the intelligence to
the computer. This type of research is done to raise the efficiency of human and
computer interaction.

In this research, we propose Fisher Feature Selection for Emotion Recognition
of Thai Speech to classify 4 different emotions of human speech: Sad, Angry, Happy
and Fear. The essence of our work lies on the inherit difficulty on different tones of
the sound made different meanings in Thai Language. The approach has been divided
into two steps. For the first step, the human sound is extracted to get the 14
dominant features using Fisher Feature Selection. Then in step two, two different
structures of learning networks are used to compare the classification performance.
The results showed that with the use of Fisher Feature Selection as a feature selection
method combines with Multi Layers Perceptron as a learning network offers a

distinctive recognition emotion of Thai Speech at the rate of 95%.
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\1awle ieadiu Short Time energy nMsiasuutatenafivwiadn dregrmils
3o WasuwUainnuenvesuawlsy  Short Time energy gnlvauadunn
nswasuulasinegne visenaazlllddususnveinisivasuulacuoamd ey
Ausfideutnedn semaimaisuansgniuliifounelugniodns Und
wirzdurnaesmdessuiamisy
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[}

=
(=)
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o

35

JUN 2-1 sUsevesdyaandesnauuu Short Time energy

Y

(%
[y A 1

RFAUAAVDINGINUILELHAY AD AVUIANTY LHBININANYFFIUAT

o ::1' v | = a aa = o | ]
voansaldsnangnaedluyie 10 § 30 Tadiunil anusiegraivasuinimsy
Ao 20  fadiud anysdenutadmsurunasunluve ts1azdeslrisues
NaIUNFENoLAZ A LINUNITIUAIULUAINAIA NS N UUEUDINS 1 UTEUY
du 91n3U7 2-1 wansgunsaveanasnuiidudyyradeayn A4l

ANSANY

2.5.3 2ero Crossing Rate

Zero Crossing Rate (zcr) MungfiNdnuiuasaveuny zero Nignansnuluusay
wsu Begns1nseuaud (zero) aglideyaifgatuiuiuveinisiiugudves
dygn n1sAenisal nanafe WedyyiaUasunlateg19siaiil uasiuau
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e

'
oY o

YoM snuaudTNTulun1sSudya tuhe dyqrutulzdesiiveyaninuiy

Aa A o |

p¢  lwihusudgfudygianinisdounlasd) (MsednsHuAudtes) ag

€

8RNI dyaaiiuaziediveoyaninuiniey WuUTULAIIENT ZCR W
Joyanedemneafudyyinunnudniegvesdyyin nsdi ZCR \Judyayu
AsTazAmuali

z=> " |sgn(s(n))—sgn(s(n—1))|
where sgn(s(n)) = 1if s(n) >0

=-1if s(n) <0 (10)

o

% v QU o U PN 1 A Ao v (% =]
ﬂ’J’]ZLIﬂlIWUﬁ"\]%QﬂﬂiUU?ﬂﬁ?ﬂiUﬂ@ﬁy/’]mmlﬂJﬂﬂﬂ NUAMUARIYNULHIWALAZLIAN
A o a ' o v o

NNIRUALIENIT ZCR %mwu@imﬂ‘u

z(n) :%Z:js(m).w(n—m) an

= [ “y 9 [ Y PN ¥ 3 a v = I I & 1 =
e Yade “2”7 wnludimsnanteiiiaassagnedl 2 AmWuAudnenis
soudya e
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5 parech Wasaformn

oo s 10 15 z0 25 2.0 s
e i seconds

Zaro-crosieng Rate
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045
040 =

l‘.l!:-—-

DBID—-

oz |

D.M—:

01!-—_

=) J\
00}-:

ns 10 is 20 25 Al a

i)

a0 -]

tirne in seconds

a

'gﬂﬁ 1-2 ”ngzymasmwﬂmmu Zero Crossing Rate

TunsdliFoaanudnuazvesdynaivasunlasiunariiul sz
2.3 fladiunit andhegnaBuduinisaadesn mslisenideauaznduandinng
Waades wazuuudug sxidoyaiiduuselovinn Zcr sndudesinisdua
Tngldunamisumluogs 10-30 Tadiunit fuasswesuuamsuidsuuyas
ﬁiyﬁymlﬁmwﬂﬂ%mwﬁamm "she had your suit in your greasy wash water
all year" uaz ZCR gﬂﬁﬂmméﬁ’mammmgﬂﬁ 2-2 agdunalain nsdluesnishi
pondesarivas ZCR aglusedugeodisdiioddy veuiunvondes fadu 39
awnsald ZCR Tunsuenannuuansnsvessulanisilaadesies ldeonidesla

2.5.4 Spectral-Roll-Off

Spectral-Roll-Off  UULEAINN HATINVDIAINAIUAUNATUEIULTN
(right skewness) Wiagannsl druiidvimsediunnudgeiuazludiunden
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awnnsea 13a oavlgs Fagnimualindu ssduszneunisniudses (second
frequency bin) ME(J) neld ¢ Wesiduvesnsnszanevunves DFT X,
aun1slunismAaUnesea 15a oevlas fifail

MC CD X | = Zi;%)|Xjk| (12)

2.5.5 Spectral Centroid

Spectral Centroid fia anwagnsoRuantRvasaUnasy dedwialaain

a Rl . =~ g a o g v a &
NsUsEAIL 9Aeudads (Center of gravity) FaffeganvinliiinAuaNnAYDINg
aoanu tngldnisuuasiSesnnud (Fourier Transform’s Frequency)angutn
vaadiu Tuudazanaudnans (centroid  point) vasdiuaUnasuignuuIeanay
NeiIANAREY NA1UINAINANUEIREUFYYIM (Amplitudes) Wagtuvns
MYHATINVBIANUEIARUAYIUBNT Aeiuansluaunisil

Yk=1 kF[K]
Yk=1F[K]

Spectral Centroid =

(13)

AuualA
F[k] fo Arugend Audanadfidonadestu osdusznou k  u DFT
awnasy

2.5.6 Fundamental Frequency

mmaﬁugm (Fundamental frequency or Pitch: Fy) fioa1ug MiAadu
nnsduvesangideslundsudssuywdiiioiliiiadeseanulun1Ussuiana
mAIANNENugIuTuiligUuassAegnateUsznIs esainnmsiuinddudeld



15

v W

neInsAauimesuIn wasdiennazimunanwasUjaunusndudousswin

Lo

v
A g o A

F, way supra-sesmental  phenomenonld us Fy nufiailunuanyue

UiﬂwﬁaEm‘mﬂiuﬂwwwm%t,?massmqﬂﬁ (Tonal language) Wwun1w Iy, ny
Suiloswnanarwumani sedudssilddnanonslimumnevesdiiug ms
Ussanana F, tuaveguuaeniifiuainauiielinaiildaenndesiuszuunislaby
vosuyud  lunisduan Fy ddefunatsislunuideduiidenldds zero-

crossing

2.5.7 Mel Frequency Cepstral Coefficient

Mel Frequency Cepstral Coefficient (MFCCs) ApATwasauatunnsu
[ a 1 gj o Y o = 6 1
vosdyaraidudludaedus  MACCs gnianldluanuidnduanauyudogia
N19U9 InggAnAuIsHAe Davis way Mermelstein Tul a.e. 1980 MFCCs 1uu
N5z UIUNSINNUAATUAUTEUUNIS R BUTDINYEENINEAINIINTTUIL
& [ a & 1 a acs ¢ 2 O = & 1 aa &
nnstisessudyanandesnaud 1 Alading Fuluwiniu Fadudnanudnuyeday
anunsalaguls viliis MFCCs dumsngiiagthanldluauidndoan nsauin
ANdNUTEENS Mel Frequency Cepstral A7unausail
1. TulnifeAdu
2. annamamasnuaUnasy lngldisudamisesuuusa (FFT)
3. 14 mel-filter bank
4. Tonsudaslaleunuulbiseilios (DCT)
5. MFCCs faanuasvasanaiuila

N
I\ m
MFCC; =2Xkcos [i (k_§>ﬁ]’i:1'2""’M (14)
k=1

We M Aesdnuiumdulssdnduesanesy , X, .k =1,2,...,N, foua
log-energy w03 k" filter uay N AodIuauve triangular band pass filters
lPgAuIIfNTEIUALTA10815139 20
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2.5.8 Linear Predictive Coding

Linear Predictive Coding (LPC) w3a msUszanaitussidadu tuogun
fluguves sourcefilter model Bsiidefuansszuu fio durnudades (Voice
source) wazduiildusudesiiinonduiilealndus (Vocal tract transfer)
%aéauﬁmamﬁmﬁgﬂﬁmﬁwaaqLﬂu all-pole filter Inefaunseal

1
H(z) = — P (15)

d‘ A 1 U a ‘g
W a; AB AFNUIEEND

[

Toyuandes s, szgninwgandagtuauisenn p daunsdsil

p
Sp = Z AiSp—i (16)
i=1

luaun1s (12) a; awadldainnas minimizing the mean square  filter

prediction error S¥%IN §,, Uag s,

2.5.9 Formant Frequencies

AALANDTULUY (F) Ao senvesallnnsuidss (Spectral  peak)

[ [
a

Aanwarigniauedu Ing Gunnar Fant Tud A.A.1960 AR dlduanads

[ '
o

AATiAsTu N sduieadedluresmufudssysd (Vocal tract) Bsnailld
%ﬁﬂﬁtﬁuﬁqmmLmﬂﬁmﬁummmﬁim%mm@ Iuﬁmmmzﬁﬁhmmﬁmil,muﬁ
TEUINNIIMEAN 819U NOURIBAUANOSWNUY FI,  F2 uay F3  walfies
ANANREDIALSA F1, F2 ﬁ?uﬁLﬁmwaéfm%’ummamﬁqLﬁmaiﬂulﬁmwﬁwwé
ArrnuanesuLuiansasualan
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Fs m(s)
F=2 17
2arctn —~ (17)

lag im(s), re(s) f® AUAEN MIUAIPU WA s Ad Toyunandeeiisuidnan

2.5.10 Perceptual Linear Predictive

Perceptual Linear Predictive %39 n15UTeNNaiuszluudin1ssuileves
uywd Snszuiumshanuiieguuiugiures 3 npdnitdndlussuunislédu ldun
1. the critical-band spectral resolution 2. the equal-loudness curve uag 3.
the intensity-loudness power law  PLP gﬂﬁmﬁu%ﬂma Hermansky
pLP ldmuuusians all-pole TuaL‘LJﬂ@%ﬂ%@ﬂﬁﬁgmﬂmLﬁaqmm%aanmﬁ’jue]
(Short-Time ~ Spectrum) n15azvaduuszans PLP  @1wnsawildann an
FuUseavissnsesdyana (filter bank coefficients) Tnefiduneusisil

1. 138ua1mYN (Pre-emphasislaeldn1sdnandlasainuasiieuin

(simulated equal-loudness) uag ﬁuﬁmamwafgm

2. Mmudafieusiazaenndesiuainud f, dvsusinsesdymio

ket dunadleail

2
I, — bi% fé+1.44e6 (18)
k™ \f2+1.6e5) \f2+9.61e6
3. 19 lsmnuaaisumn wag Judaueundye :

(LyM)P , (B = comp. factor)

¥1n"3 inverse DFT uae Linear Prediction fagls aduussans Lp

4. W inverse DFT \fienses pre-emphasised bank fiagldnadnsves
AnduszAns auto-correlation

5. 14 Durbin algorithm WomeduUszans Lp

6. WUad LP coeff.(a;) WJu cepstral coef (c;,):
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1 — .
cn = —(a, + ;Z?zll(n —i)a;cy_; (19)

2.5.11 Harmonic Product Spectrum

Harmonic Product Spectrum (HPS) FRARlalsvIAINYBILBNNG]
maqﬁﬂﬁzﬂaumqmﬂuﬁﬂﬁmmﬁﬁLﬂuﬁi’ﬂmulﬁmwiwaamm?iuﬂagm Tuloung
gqmLﬂﬂm%’maaﬁzymﬂmﬁmﬁ?u%ﬂizﬂauiﬂﬁaaﬁ;mawma‘]ﬁ;m LLﬁzMﬁ;@&Jamﬁ
Lma:uﬁﬁ‘wmaﬂamﬁgagmﬂssnaué’w dlevhnsdusaanadusenismsee
Frurusiuyin (Down  sampling) wéuilehuniieuduanadudeunisdusnae
W‘u:iflﬁmaamamwmﬁuié’wﬁu%’mmmﬁu HPS P(n) \Juwaves R frequency-
shrunken d1aBIBNNAYAFUNATY

2T
X (/3|

(20)

P(n) = ’ ﬁ |X (eszn”r)
r=1

TIng N fedrauvesyn FAT uwaz R = [N/2n]  fie AIteuasgegnvauaunagn
anesu Ndmsdiaueundgauuanudlisetios n

2.5.12 Autocorrelation

Autocorrelation (AC) AanuazliiinaautRnslunisuusendayay o

o

sumulatdusegen AC Tuldrviswesnaifinuen T Tunanlaiu J99zuans
lateAuAaEARIUTENING dau x(t) wazdunfnasniildoulae t
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T-t-1

1
R(t) = Tt z x(T)x(t+1t) (21)

7=0
W lAAgInUBIAC it =0 (JR(t)| < R(0) awsunne t)

2.5.13 Spectral Flux

Spectral Flux (SF) %30 mMsinsiginnuwanssaiUnnsea Aeanfia
Wnaseawdeuwladuaesdwiivediontu vieffodiuseseninsmaunasuda
yupluriatiagtu fu Aanasudsualutisdeu Sanfludndeinszevv g
gesiAew (Euclidean distance) sywinsapsanniiiuossfaladud sF mildan

AN
N/2
SF = ) (X001 = 1X,(k = D)’ (22)
k=1

2.5.14 Harmonic Ratio

Harmonic Ratio (HR) #® dndruvetesAUsznaunisasiuidaluan
wdanuaneiu Angegaues autocorrelation function axgneuIailundLd
WU wazgeeanvesdgyarandsadesazidu Aauath M (m Judvdiatives
autocorrelation) mmmm%ﬂﬁqqﬁqmﬁu waenAdesty Amudyaguiis1fian
Faanansauszanalldlng

& (23)
fomin

M =

WAL 9ATIAIUTSILNAAWIMLeANNENNST

HR = Mos%nsan)/lc{Ti (m)} (24)
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A1 HR fiadnlng 1 vinefedyeuensiuda wndu 0 vunedls dugrasuniu

e A (-

2.6 NISAGLADNATUANBIUL

[ 7}
av a

nuIdeTulldmsAndenauanyaswuUivYes (Fisher score or  F-
Score) uuASdnidenaudnuasiifinuduiusdmiunsutngy uazviing
fndusuandnvazauauduiusannlumiiesiiedonaudnus it dou
on  F-Score HuiAinsduunuazaiiauuudianmneada Tnsagiinuali
Aziuugedmivaadnuazityadoyaiisiungudugunuaglumsifieatuga
foyanglunguiugfdedndifestudie FScore aunsaduialdnuaunisi

F = 1€=1 ni(/"f’ B ;ur)z
= - (25)
i=1 ni(ar)

AAUA A

A o ¥

n; - fiedutuvesteyalungy I
Uk uaz (01)? - AednafisuasmuuUsuniuvesndy § auaiy
i=1.,C

2.7 NUNIUISTUNSSN/TITTFUINA TIhAg1T09

Yun Jin (A feature selection and feature fusion combination
method for speaker-independent speech emotion recognition) 2014 ¢
thiaueidfianunsaifiusnsnsiiinndemndaszingldnsdndonqudnvas
LLaz"?%maummuﬂmé’ﬂwmzﬁasﬂjuuﬁugmﬁm multiple kernel learning (MKL)
Guusnld MkL imsidenaadnuay Tudduiiaosnudnyuridadonuuwdn
wiantl aggnianmausauilussdunediua ludunougareinediuafiomnas
sudsefunadnsildazifuinesiuanaiu annnanismaassiugiudeya
wesAudeseneuluse 7 esual snsn1siingeanldegi 83.10%
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Jun-Seok Park and Soo-Hong Kim (Emotion Recognition from
Speech Signals using Fractal Features) 2014 Tuswideidentinmdnuoe
wnSnvialuszuuiandemn  wisniiagnlduanstannulddudadutazauauds
ANUARIEAWLBY (self-similarity) Yosdyaandesyn wadadnnasaanmasiy
yBugnihanldidusiduunuaznisiin dugrudeyaideaiinnliiiudoya
1msgIUUeTAY Nansiild Smsin1sinegiisng 77%

Dipti D. Joshi and M.B. Zalte (Recognition of Emotion from Marathi
Speech using MFCC and DWT algorithms) 2013 WfLauaizUUif\Tm’ﬁm}\]m
Foananwus3dadunisdunwduds  melumddeaudnuuziaiaan
doannvzUsenovlumiendeaudes, seduidea(pitch) aauyuvesdes
(formant),  MFCC waz nMswlasidauwuuifuniig (Discrete  Wavelet
Transform) agldaninnudnuazidanneas mdwunld SYM lun1sdwuneisual
iy Ings, w3, 1ANEY wae anuzensuniung

Yan-You Chen (Emotion Aware System Based on Acoustic and
Textual Features from Speech) 2010 la@nwideszuunisidnensuallagsiy
onadnuueildnnidsuanionvoummnaseiuanugnisorsuaiisdu 7
U3 lawn #ila Wdela Tnss ndd anle fada wazvesues seuunsidnelsuel
uwisoaniduaestunaulfuitunsunisaeu wagnsds feaostuneudufuain
msafinndnuusdsasdevnussunya Bnsiflfnfleutuioutomneniiu
demildlunszurunisasutumainunys udlunszuaunisisgnaiietu
91N ASR wé’wmaffmLLazstmé’ﬂwmmaqLﬁ&JQLLazLﬂfamuﬁa Az Ada-
Boost sane3tunldifieduungadnuaznsersuairely lumsvaass {3deld
sunmUneiiAsadesiuensuaitsdu 400 Usslea nnusslealuummagniden
[hAuAmaLUULILLIE InRANINAABIMUIIARALYEIRI IS YeITEUY
fiA1gend13snis§d1ersualannquinvuzedislanegranis 515%
Wag 3.73% U9
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Chung-Hsien Wu (Emotion Recognition of Affective Speech Based
on Multiple Classifiers Using Acoustic-Prosodic Information and Semantic
Lables) 2011 wiaueisnsiiersualannidesmaiifiensual (Affective Speech)
MILTINISUUMAIE935 MnTeyadsmeaudes (Acoustic-prosodicAP) wWagan
ANUMINEYRIATIUIING (Semantic labels:SLs) M3331270 AP agvinmsarin
Aaanwavvendealaun Spectrum, AUYNYOLEES (formant) way SEAULEES
(pitch) Tnewdosduarldfuuuaussnnldud GMM, SYM waz MLP 91ntiuaz
14 Meta Decision Tree (MDT) wio¥aszauannuidoriy (Confidence) miiﬁﬁ
o1sunifldandestiug n1s¥s1an sLs avihdeyafifiegudalugiumiuiniuniu
ABeni1 HowNet unldlumsaiin Emotion Association Rules (EARs) 91ntn%es
Aisilsandemeifionsual lngldfuvussiuoulnsdiuniian Maximum
Entropy : MaxEnt) TUn1suanamuduiusssnIean 1usuaIensuniiung EARs
AHlunsdsionsual ndminnisshandeya AP wag SL wé dunouaarelsld
38 weighted product fusion Tumsmnanis§shandeyarisaasysenndnedu
ddetudielilunsinaulatugainedndudsmnduiiorsualogluaniugle
msUsziflunaviandeyaidesya 2033 dodlaglsianzasiya doyadilidanus
915u8d 4 anuzlaun a1sualund, IAuay, Inss, wasidela nudnusednsam
n3331o1suallaeld MOT gefia 80% Fsininsuusngudsduq wagnsisiann
st Afieuusiuglnedsd 80.929% WiosAtnsisiandeyariaaesussinmdn
shefudsliussansninda 83.55% Bsiininnsisrandeyaussiamlaussinnuils
Wigaeegaiien wazmnninisfinnsanisnudnuzdiuyanavesinasoazdai
UsgAvEnimnsdsunntudu 85.79%

Santiago Planet(Spontaneous Children’s Emotion Recognition by
Categorical Classification of Acoustic Features) 2011 Lauaﬁﬁﬂﬁuﬁdﬂzjmﬁa
S5rensualmusssumdvesninainaudnuuzyeaden andeyaiiléann FAU
Aibo Corpus wiaiudeyaildlunisaeu 9,959 4 wazdoyailtlunsmaaoy
8,257 yalaworsunifidesnisduunluunaiuidl 5 ersunifetuldun Ings
(Angry), Emphatics, Un@ (Neutral), 915ualf (Positive), msmﬁ?juquaﬂmﬁamﬂ
190U (Rest) 3§ﬂW5LLUQQﬂEjmﬁ1ﬁé’LLd3§ﬁ 114 Naive-Bayes, 337 2 14 Support
Vector Machine ﬁu%’ayjaé’uaﬁ’uﬁmuﬂﬁua%ﬂala%ué’a 3391 3 19 Support
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Vector Machine fiudeyasuatuniiiunisussialaduaiinuvinnisgudiegneg
A v N Y a s aca I
\enszatenguiayaleglugunisnseaeduuvgivesunou wazdsh 4 \Jums
U359 1 war 3 1eeiu lun1sindseaninmdsnisuuanguuiazizasinain
A1 Unweighted Average Recall (UAR) @931nWan1snnaasnuinisg 3 Tian
HAGNSTIHUTEANTNMANITIEN 2 Bg 11.38%
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= ad o a a e
UNN 3 35@1tUUN15939¢
lusddell §ITulafnwinisidnonsuaianndesaniwivnelaedseneu

Tueeg ensual wis Inss danuge way ndd Beideldlanedsnisidlaedtuneu
NsYIUAILLNUN AR URBUlY UT 3-1

v

wisudayanaunisusyanana lagisainges

_I: yyoudesynAanea
WUaNWU (Pre-emphasis filtering)

[ anaAuEn vuIAY ]
AuInmAMRatRALRGY, Tsugu,
AgaEn, AANER, AUUUTUTIY

v

Andenauanvuelngldidilvwesanes il s 8
L 21 fideyanAndenud
(Fisher’s score)

0 ifivesdoya

L
{14 AuANUzYBLdLIA
{7

\7
Fuunrlasaelszamiisusiaunsndu Fuunrmlasglszamivisawuuiedign
(BPNN) (RBF)

v

[ Usziliuuseansnwia 2 Blnalddeiinnann ]

SINANRAYNAIED (RMSE)

a 09.11 Y o &
E‘U‘Vl 3-1 LLN‘Lm'TWLLﬂ@Q“UUG]@Uﬂ'ﬁEf\]W@Wimmlﬁﬂmﬂ@ﬂﬁﬂﬂﬂﬂ

el flunuideusznoulumelndidemanivinediuiu 800lwd
dusvazidonldnanluudluneudu  nszuiunsidiorsuainnidesyediaue
i szuvsoonldiu 3 Sunoundndetufo

- Sumeuwdsudoyarounisusziiana

- dupouadpaudnunzuazdndonandnuns

- dupeuduunersual
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¥
3.2 wumauan@ﬂmaﬂwmsjuagﬁ)mﬁan@maﬂwmz

9

Tudestuiteldfaunfgruimnanuddn vie o1sual vosmaiudsy
Snwarresedudesfiudiesningonazdsundasmuluge Tumuideidih
nsRaoIgadnvzvndssyaoenunitelfilufldisensual Tnonda 91n
fyandeshumaeientoyouds fnddtuneunsatenudnuusiiuses
{Fesoonun Judsanaazgniaien 14 audnuvadwnainnisfnuiaudnuas 7
Usgansnmuaztouidanldlunulssuanadygraudss “A Large Set of Audio
Features for Sound Description (similarity and classification) in the
CUIDADO  project” Geotfroy Peeters Lﬁ@iﬁ@mé’ﬂwmzﬂgﬂ 14 ua7 Juhusag
AndNwAINAMMAYERR (Hos9n andnvaziiadiaeeninazoglugUves
wEndaunasineniu matifeyaimnuniinseidehldonn dmisainiee
ﬁﬁmmmgw%’awaa%’a;ﬂauasL‘fJu(?hmem%’amaﬁﬁﬂivaw%mw UREI e

aad

‘5mevﬁﬁwlé’iam§ﬁua&J'N@J’m A a1l ann mmaa 58514,
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q
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Inputs Outputs

Input layer Hidden layer Output layer
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AUNIFITLRBS LNz aNd s UlATIINeUSTaMWsUWUU BPNN Aoty
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® BPNN

Learning rate 0.1

Momentum 0.1

Number of epoch 500

Number of Hidden layers 12

TuduveddasstneUszamiiionuuy RBF axiitundrondafuuuy BPNN
Usgnaude Fudusinm iewinm waz duteu lassieddnuaenisieuuuyly
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Outputs

Input layer — Hidden layer Output layer
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® RBF

Gaussian function

clusteringDees 1
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minStdDev 0.1
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ridge 1.00E-08
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M13°99 4-1. WAALUNINGNAENEN AN Msaianuanve Eaaman1wing 1
e

Energy Entropy Block

0.0045 0.0053 0.0083 | 0.015 | 0.014 | 0.01 | 0.036 | ... |0.0047

Zero Crossing Rate

052 | 0.75 | 0.85 |0.84 | 0.85 |0.68 | 0.37 |0.11 | 0.096 |.. |0.021

Mel Frequency Cepstral Coefficient

3299 | 3243 |3441 | 3567 |3814 |3829 (4524 |49.2 |.. |3202
-5.62 | -7.61 -10.82 | -1257 |-9.04 |-8.05 |0.084 |537 |.. |-2.01
-1.26 | -0.75 1.66 -0.25 | -1.0 -1.47 | 1.25 -3.69 | ... | 028
0.13 228 | -3417 | -1.6 -4.03 | -3.8 -448 |-1.9 | .. |-343
1.9 1.65 -1.2 -0.037 | 5.53 0.078 |-34 -7.53 | ... | 4.69
2.79 -0.54 | -4.97 |-454 |-095 |21 217|241 | .. |-6.75

Spectral Flux

525 546 | 453 347 | 271 | 10.63 | 1.83 | 259 | 1.26 | 093 | .. |0.20

Spectral-Roll-Off

0.031 | 0.0309 | 0.0309 | 0.0309 | 0.0309 | 0.0309 | 0.024 | 0.014 | ... | 0.008
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1. Energy Entropy Block 0.0003 | 4.956-08 | 0.000244 | 0.000653 | 5.30F-05

2. Short Time Energy 2.82E-05 | 4.72E-10 | 2.17E-05 | 6.30F-05 | 4.18E-06

3. Zero Crossing Rate 0.17642 | 0.001238 | 0.176042 | 0.244792 | 0.105208

4. Spectral-Roll-Off 0.017023 | 4.70E-06 | 0.016625 | 0.021 0.013125
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6. Fundamental frequency | 114 1919 | 1738215 | 133.3333 | 200 33.33333
1. MFCC 5921113 | 38.585 | 60.95077 | 66.66609 | 49.51607
8. Linear Predictive Coding |, 515611 | ¢ 0.015611 | 0.015611 | 0.015611

9. Formant Frequencies 4350.735 | 405925.4 | 4193.978 | 6722.965 | 3889.503

10. Perceptual Linear

Predictive -0.21572 | 0 -0.21572 | -0.21572 | -0.21572
11.Harmonic Product
Spectrum 285.9493 | 8302.731 | 300.4219 | 362.0469 | 15.40625

12. Autocorrelation 0.001164 | 0 0.001164 | 0.001164 | 0.001164

13. Spectral Flux 2203583 | 4.105226 | 2.084765 | 9.094121 | 0

14. Harmonic Ratio

0.999937 | 2.36E-05 | 1.000119 | 1.074211 | 0.990924
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Spectral Flux
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M1391 4-3 UansllAdeyans 22 NgnAnidenlagls Fisher’s Score

AndnwNzignAnLEan fidayaneadaigndnidan
1. Energy Entropy Block Mean,Max,Min
2. Short-time energy Mean,Min
3. Zero crossing rate Mean,Max,Variance
4. Spectral-roll-off Mean,Median,Max,Variance
5. Spectral Centroid Mean,Max
6. Formants frequency Mean,Median,Max,Min,Variance
7. MFCC Median,Min,Variance
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P19 Saun131edl 44 89 4-8 Fauvseanldiiu 3 dau ludauusn (sedt 4-4
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Adnuazddunsazidssynazdszneuluse 70 Tadeya Audrudiaes (m39di
4-6 way 4-7) \unansmaasaandeyaiildiunsdmdentinniomsaudnuasi
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910 7 Aauanuaie dulawn (Energy Entropy Block, Short-time energy, Zero
crossing rate, Spectral-roll-off, Spectral Centroid, Formants frequency,
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M50 4-4 LAAINANITNAGBINITITUABIYAN 1wy 70 dRTeyaan 14
Aanvae tngldisduun BPNN

915ual(%) | A 1n35 N R
LA 92.5 2.5 4.5 0.5
N5 3 96 0 1
& 6 0 93.5 0.5
R 0.5 2.5 1 96

a v

a Yo a
M15199 4-5 RAAINANITNAGBINITIT LA AN 1Yy 70 dRdeyaan 14
Aanvae tagldisdnuun RBF

asual (%) | @ 1nss 168 PR
1A 84.5 1 14.5 0

N5 8 89.5 0.5 2

& 9 1 88.5 15
GRREGL 1.5 5 5.5 88

a v

A15197 4-6 WARINANITNAABINITIIABINAN1¥IINY 22 TATeyasin 7
AANYENAALRBNIN Fisher’s Score tngldiadun BPNN

21sual(%) | A N5 N G RRPELT
A3 925 1.5 6 0

1ns6 35 96 0.5 0

nen 5 0 95 0
PR 0 2.5 0.5 97
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M15197 4-7 WAAIHNAN1TNAABINITIINABINAN1¥Ilng 22 UAdeyain 7
AANBENAARBNN Fisher’s Score tngldiadun RBF

915ual(%) | A 1n35 N R
LA 91 0.5 8.5 0

N5 5.5 93.5 0.5 0.5

nen 7 0 91.5 1.5
R 0.5 3 3 93.5

a = a ! v & aay
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nMwlnediseiu 7 Qmﬁﬂwmz (Energy Entropy Block, Short-time energy,
Zero crossing rate, Spectral-roll-off, Spectral Centroid, Formants
frequency, MFCC) nviaviain 14 adnuaiz Fanudnuaziiiunisdadon
wanifigailliifuissyavsnmlumsuenueganuunninsesesuailudo e
awilng fedasnsidniigs 0.1525, 0.1413, 0.2317 wag 0.185 AR

uenanifide Tdvinmmnassfanssuiunisdouifmnzaniudeme
Aty lngTeudisusening 2 35 annnaasuladndiwundeds laseune
Ussamifioustiaunindu (BPNN) Tnadwsiian,



40

U%‘%‘{U’H.éﬂﬁ‘&!

Akshay S. Utane and S. L. Nalbalwar, 2013, “Emotion Recognition through
Speech Using Gaussian Mixture Model and Support Vector Machine,”
International Journal of Scientific & Engineering Research, Volume 4,
Issue 5, May-2013.

Amita Dev and Poonam Bansal, 2010, “Robust Features for Noisy Speech
Recognition using MFCC Computation from Magnitude Spectrum of
Higher Order Autocorrelation Coefficients”. International Journal of
Computer Applications, Volume 10- No.8, November 2010, pp.36-38.

Bidoor Noori Ishag and Bharti W. Gawali, 2014, “Comparative Analysis of
MFCC, DTW&ANN for Arabic Speech Recognition,” International
Journal of Innovative Research in Advanced Engineering (IJIRAE) ISSN:
2349- 2163, Vol.1 Issue 11 (November 2014), pp.56-61.

Catherine J Nereveettil, M.Kalamani, Dr.S.Valarmathy, 2014, “Feature
Selection Algorithm for Automatic Speech Recognition Based On
Fuzzy Logic”, Proceedings of the 2014 International Journal of
Advanced Research in Electrical Electronics and Instrumentation
Engineering, Vol.3 Issue 1.

Chung-Hsien Wu, and Wei-Bin Liang, 2011, "Emotion Recognition of
Affective Speech Based on Multiple Classifiers Using Acoustic-
Prosodic Information and Semantic Labels", IEEE Transactions on
Affective Computing, Vol.2, pp. 10-21, 2011.

Dipen Nath and Sanjib Kr. Kalita, 2014, “An effective age detection
method based on Short Time Energy and Zero Crossing Rate,”
Proceedings of the 2014 2nd International Conference on Business
and Information Management (ICBIM), pp.99- 103.

Dipti D. Joshi and M.B. Zalte, 2013, “Recognition of Emotion from Marathi
Speech using MFCC and DWT algorithms,” International Journal of



41

Advanced Computer Engineering and Communication Technology
(UACECT), Vol.2, Issue (2013).

Jun-Seok Park, Soo-Hong Kim, 2014, “Emotion Recognition from Speech
Signals using Fractal Features”. International Journal of Software
Engineering and Its Applications, Vol.8, No.5 (2014), pp.15-22.

Muhammad Sanaullah and Masud H. Chowdhury, 2014, “Neural network
based classification of stressed speech using nonlinear spectral and
cepstral features”, Proceedings of the 2014 IEEE 12th International
New Circuits and Systems Conference (NEWCAS), pp.33-36.

Namrata Dave, 2013, “Feature Extraction Methods LPC, PLP and MFCC In
Speech Recognition”, International Journal for Advance Research in
Engineering and Technology, July 2013, Volume 1 Issue 6 pp.1-4.

S. Sultana, C. Shahnaz, S.A. Fattah, |. Ahmmed and W.- P. Zhu and M.O.
Ahmad, 2014, “Speech Emotion Recognition Based on Entropy of
Enhanced Wavelet Coefficients,” Proceedings of the 2014 IEEE
International Symposium on Circuits and Systems (ISCAS), pp.137-
140.

Santiago Planet, 2011,“Spontaneous Children’s Emotion Recognition by
Categorical Classification of Acoustic Features”, Information Systems
and Technologies (CISTI), pp.1 - 6, 2011.

Stankovic, I, Karnjanadecha, M., and Delic, V., 2011, “Improvement of
Thai speech emotion recognition by using face feature analysis”,
Proceedings of the Nineteenth IEEE International Symposium on
Intelligent ~ Signal  Processing and  Communication  Systems
(ISPACS2011), Chiang Mai, Thailand, December 7-9, pp. 87, 2011.

Tran Huy Dat, Cuntai Guan, “Feature selection based on fisher ratio and
mutual information analyses for robust brain computer interface”.
Acoustics, Speech and Signal Processing, 2007. ICASSP 2007. IEEE
International Conference on (Volume:1 ), pp.337-339.



42

Yan-You Chen, Bo-Wei Chen, Jhing-Fa Wang, and Yi-Cheng Chen, 2010,
"Emotion Aware System Based on Acoustic and Textual Features
from Speech", Aware Computing (ISAC), pp.92-96, 2010.

Yun Jin, Peng Song, Wenming Zheng, Li Zhao, 2014, “A feature selection
and feature fusion combination method for speaker-independent
speech emotion recognition”. Proceedings of the 2014 IEEE

International Conference on Acoustics, Speech and Signal Processing
(ICASSP), May-2014.



43

AMRAWUIN 1

AFULEEINYA thag @mé’nwsusf
ARULABY 4 915UAIURIAN “Ialanzae1edy”

a15uailnss

0.4

o.=

0.2

0.1

(=]

oL

O

o=

~O.a

5UAINAY

1. 50F-01

1. O00E-O1

5_O00E-O2

O.O0E+ OO0

S5 _00E -O2

-1.00E-O1

~1.50F-0O1

~2.00E-O1

6l
B1IUAUUAUEY

2_.00E-O1

6.00E-O1

A _O0E-O1

2. .00FE-01

OO0 E+ OO0

-2 .00E-O1

—A_OO0E -O1

-6.00E-O1

~8B.00F-01

D15UANAS

0.2

015
.1

0.05

e W= T4

=

“O.15

0.2




44

v o I~

Auanwemegeilianmsaiadyyiudsmaadn “lagianizeg1eags” Ty
915UIANY 9 NULEUD WY

Energy Entropy Block

a15uailnss 21510INA7
0.006 B8.00E-04
7.00E-04

6.00E-04
0.004 / \

o L N AN
AN R W AN
! \J U \\ 1.00E-04

0 T T T T T 0.00E+00

13 5 7 9 111315 17 19 21 23 25 27 29 31 33 35 37 39 13 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39
e ¢ v
9IIUNMUAIUEY BDITUAULAIN
1.60E-02 0.0005
LA0E-02 0.00045
0.0004 -
1.20E-02 \
0.00035
1.00E-02 0.0003 \ / N \
8.00E-03 0.00025 7\
6.00E-03 0.0002 1
0.00015
4.00E-03
0.0001
2.00E-03 \ /
0.00005 —
0.00E+00 0 v T T
13 5 7 9 11131517 19 21 23 25 27 29 31 33 35 37 39 1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31




Zero Crossing Rate
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Spectral-Roll-Off
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Spectral Centroid
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Mel Frequency Cepstral Coefficient (MFCCs)
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Fundamental Frequency: FO
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