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Abstract

This thesis presents a web-based application for classifying emotions from Thai speech
using deep learning to find ways to differentiate customers' or users' emotions for use in various
decision-making or other purposes. The application will classify or differentiate emotions by
allowing users to upload or record sounds through the website. The sound will be processed using
deep learning models that have been designed and trained to memorize and differentiate various
emotions including normal, anger, happiness, sadness, and frustration. Thus, the application will

show which emotions the uploaded sound represents and can be used for various purposes.
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ID Requirement Type Importance
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4. | Avnlasusriariu function | Must have
I<UR! 1 % 1 1A 9 .
4.1 | Haealasyiariulviunaoams function | Must have
42 | nagudund lldndngszay function | Must have
= Y w .
5. HHUIvian function | Must have
5.1 | Hhuivesl Tnasdes function | Must have
5.2 | fithuiedadoans'lyl function | Must have
6 Tiuaasnadns function | Must have
6.1 | NhieolTnandes function | Must have
= 1 ﬁ' [ = .
6.2 HYNINDDALFUN function | Must have
Y 4
6.3 | YuanINaaNT function | Must have
Y ]
6.4 mmmﬁqmmmm"lﬁgm function Must have
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Y

7 ﬁﬁuﬂ%amﬁﬁn function | Must have
7.1 | Uhuives Tnaades function | Must have
7.2 | Hithuiedadoanslil function | Must have
8 AvinadinsaanInnsINeN function | Must have
8.1 | LAAITIMANG function | Should have
8.2 | Niludmsunaaiasau¥n function | Should have
9 A (ONEE VAR LY function | Must have
A 3 4
9.1 | uaaadsldandinled function | Must have
10 | ¥I5mMsl¥au API function | Must have
10.1 | taaadsmsanan lumsldan AP function | Must have
11| v lalys e function | Must have
F2 %
11.1 LLﬂhl"Ugﬂﬂ N function | Must have
Y s 1 .
11.2 LLﬂ”lGU‘ﬂEJaS:L@EJﬂmQC] function | Must have
=S Y g’J T Y o a o
12 | InAIMYyan stz function | Must have
13 | Iwihdsmaagly function | Must have
13.1 | tunaludandudly s g function | Must have
14 ﬁ Navbar function | Must have
14.1 ﬁﬂuﬂﬂ]lﬂ Home function | Must have
s 1 .
14.2 SJ‘I_JN ﬂﬂ]lﬂ How to use function | Must have
s .
14.3 Mﬂllﬂﬂ]lﬂ Tool & API function | Must have
14.4 ﬁﬂuﬂﬂllﬂ Pricing function | Must have
145 % 'qll Login function | Must have
o . .
14.6 m_JJJ Sign Up function | Must have
1 o
14.7 ﬁlJJJ ﬂﬂllﬂ‘ﬁ ﬁ)ﬂ‘ﬂill“Na function | Must have
14.8 | % ;N Logout function | Must have
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3.5 N3Nt UU Business Process Model and Notation

Create new input : sound record(s) that
Account ] Login ] want to classify emotion Show Emotion e
result
J A
h

Web App

Register()

No
SER interface
Sound
) dat
Check if username Emotion
and password is Result

correct

User
database

Application

TAL Model

v
[assr
Data pipeline Emotion from
record

Black box model

31 3.3 BPMN v033zuu

o [ Y
MIMOU U VIUTY 3 layers lkm,ﬂ

A Jq 9
1) user -> action @umzﬂmm
2)  Web application -> M3N191UU0Y Application NiM3iFenly DB wag iSonlyd ML
Model Qg UEAIN

3) ML model -> Data processing pipe line 48 Classification
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3.6 msaensmnywi’fmﬂga

3.6.1 M3eaniUU Entity Relationship Diagram

@ emotion
0 @ record id
@ Records

Users

gender relative_path

)

3‘]] 3.4 Entity Relationship Diagram UY8335U1

3.6.2 NNt Database Schema

= Users
= Records
PK | user_id
. PK | record id
email e ¢
FK | user_id
password
age relative_path
gender output
username emotion
name

g‘l] 3.5 Entity Database Schema Y9330



3.6.2.1 Users Entity

. . o [ < @ 1 1
User Entity (i Collection dmiuiiudoyavesdl¥ainiinselalil

711319 3.8 Users Entity

Key Attribute Type Detail

PK user_id Integer o8 m“]gi}
Email String GIETES
Password String FHANIY
Age Integer 21Y
Gender String INA
Username String % @I?jslc]g)'/ U
Name String ﬂd;ﬂ

3.6.2.2 Records Entity

. o v 3 9 o = v
n‘ju Collection mmummj’enquaﬂJmms%‘uuumﬁm@aﬂmgﬂummmmmm

ao'lli

71319 3.9 Users Entity

Key Attribute Type Detail

PK user_id Integer o8 é}i%/
Relative path String “ldf@ul‘VH
Output Integer Suuersual
Emotion String 91518l




3.7 MIVONUUVTIUAAADAIY

9
M300AULY User Interface HE1MT U HANEIY Web Application il

3.7.1 MNTINHUHANMIIFIY (User Interface Overview)

M1519 3.10 MNIINHINHANMI ¥ (User Interface Overview)
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Thai SER

auntvan

1) Navbar
2) Info Section
3) Services

4) TFooter

aunthminsausn

9
1) nionvsya

2) aavordnlyau

Y ) A yqu
AN UYL 1%

9
1) nivnUsyq

2) gz

1 4
AUNTMAF VDI A

9 9q 9
1) uanstoyavedfly
2) unlutind
3) ud lusiaru

4) ugastlsziamshsremsvesd 19

1 9 A 9 9q 9
dvthuaaasziamslsauve s

A o Jq ¥
D) aeetlseIamsmsenms veas 1y

1 Y o 4 % =

AUNTIIMUNDITUD ) o Inandes
1 Y [ 4 [ o
AnTHadns 1) HAAINAANT
auntiIs ¥ 1) uouas 1

[ 9 A A 9
AIUHUUDNTITNLNYIVDN

1) uoueNIINNE I

! Yy A oA
AIUNUUATOINUD

A A
1) UpULATDIND
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3.7.2 @IUKINKan

ThaisErR © Wiwdn  Swunowuni  USmsuoois) s

Classifying Emotion of
Thai-Human Voice

Classifying Emotion of Thai-Human Voice tduns:usu
msitdinaluladmsiSuudiBosn (deep leaming)
wadhuunaisuainmdsoyavasuyugmning los

(Duathuls 16U orsuRTuavANUGY Tnss KoL UG

Classifying Emotion

mshuunasuninnidotulnnudhinpionniums
Usgnalsonulunaneanna o iU Sumsuwng
Aqunsatitum AmoSauuld réalumsdams
sHiwLyuduaAgoSns

(human-machine interaction) tWalitnSovInsaLnsn
\GTDIA:-CRUAURVGRATILGRIMSURVUYUEIAGEDU

w530

awnsaduundIsunl
sannidsvia
2eghvvrsang
IWgonanlaed

oinalulad Al Raaiauats Aruainsnacalums
Somslwd ua:tolEn j

F0i0u oSUFNSUERDNEAS I

=D

Githb

cexmm

31 3.6 arunvhnan



3.7.3 @unINaIATaINTN

Thai SER

avn:suasuiiae!

nsandayauavArUlRASUNdU

Bomtgou wA
o sHak
Bwa BudusHanu

21y

e
avdahidoiu

wWhds:uu

31 3.7 aaurinaiinsandn

3.7.4 @Iuninasrorinly

Thai SER

whgs:uu

Whds:uuwatdntgoiu

sogldow

sHau

whds:uu

avBatnidvu

4
31 3.8 aauninasveIly
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3.7.5 @IUHT AT

Thai SER (©)

uaQsuUdsSauUdvAU

admin

msavAUuG

dwa

D1Q
wna
sHawu
e ew Al
Us:3anisidviu

Us:3amisrisiems

! v d
E’IJ 3.9 AIUHHABUDIN

29
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3.7.6 @dwunwaasszianmslyauvedly

Us:3amismsions

0 Titl Timestamp Emotion i d Emot
001-cli 0r001-script2-2-4b_cqJOCU3a_0_19_wav 2000s o Neutra
500}-clip-actor00l-script2-2-4b_cqJOCU3a_20_39_wav 2000s 2 Happy

3 5001-clip-actor001-script2-2-4b..cqJOCU3a_40_59. wav 2000s o Neutral
500}-clip-actor00l-script2-2-4b.cqJOCU3a_60.79_ wav 17.455 1 Angry
500}=clip-actor001-script2-2-4b_cqJOCU3a_80_99_ way 000s o Neutral

31 3.10 @runihwaaslszIAmslsnuve sy

) d
3.7.7 @3UHNNUNDITHA

Thai SER (©)

sulkaalwaidev iwadmunoisuai

anua:whd

v Y o ¢
3‘1] 3.11 aIUKRHIVUUND TN



3.7.8 EIUKTNNAGNS

ThaiSER ©

dulHaaiden

Waaws

2suni Juduaisuni
und 2
Ju 4
A5 2
1

HQQHYQ

1 Y v
31 3.12 SIuMIHaaNS

3.7.9 @IUHIIBI¥Y

Thai SER 5318

3snsidviu

1. 8ulHaalwéideo a°1H§Un1s°°1 Iluna1sut"j

& 1ol od B & p .
Bulvdtbinsovdadnsumsdulnaalwaldeoua:Hagw
TAonawsathluldnu APl Wwaduunasuniidevineld
Togruawnsadomuismstdoumuducauldusthd

23 wunosund

ThaiSER ©©
3 t

3qQuadws

sulHaalwaide thosmunaisuni

N aUlhaalwaidasv

31 3.13 @ruminIFFau



3.7.10 @IUHUUBNATNNY IV

Thai SER ©

Thai SER Doc
$ruunoisunivimdsoyanmuvine
o [ e —
Suunsuaidaluld
e - |~
acensison APl 1aAsSY
Buduriou
aoldouansaEentd AP GiWarineua:siuun
2suninNdsvvovRtdvuldagwsIaEuA:TANY
wjughgo losgwaunainsald APl Givawauu
APl 51080

usUwalAduHSalUsuNSUAEILISDFUNLA:SIAS
osuninndevidogwubudua:ius:ansmw

Sonldoiu AP

32

L ¥ 4

mshuunisuniiwousudgous:anEniwnisrhoiu

3sisudunisls

Y

31 3.14 @y uniiuenasife Va4

' ¥y A A
3.7.11 aIUHIHUATOIND

Thai sEr ©)

Thai SER Tools

Swagger Petstore 2

pase URL: petstor Jtoiv2 ]

This is a sample server Petstore server. You can find out more about Swagger at htiy

wagger.io or on
special-key 10 test the authorization filters

Pet Everything about your Pets

IS rpetsipetidiiuploadimage upioads an mege
m Ipet Add anew pet to the store

' Yy A A
ETJ 3.15 aIUKNUUNIDIND

mstiionu AL AidiaudaduinaluTafimissmunmsuni

fregnode.net, #swagger. For this sample, you can use the api key

Authorize g

Find out more
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v = YAa XK
3.8 fniﬁﬁﬂllﬂ‘ﬂiﬂlﬂaﬂ'JEIﬂ]i!'iE]uEﬂNaﬂ
3.8.1 Pre-trained model
9 ~ Y a K 9 . o
MyvonuuL TuAan1eMsFouiiFaan 9219 Pre-trained model 1M1 Transfer
Learning A01nAYA Fine-Tuning 1089z MN15NA009N01aon Pre-trained Model NANgA
dmsumanIueaduunersysinmdeslag Pre-trained model NABANINN Top 4 for

image classification

Y 7/ TXTx612

‘gh.:x.f.ﬁl‘_’n 14 "
VA 14 x 14 x 512
L X et = ¢ 1x1x4096 1x1x1000
(1 Y
e
e S
l'—"_ﬂ convolution4+ReLLU
7] max pooling
fully connected+ReLU
softmax

31] 3.10 EffNetB0 model Architecture

3.8.2 Data Preparation
3.7.2.1 Convert audio to Image

mataadoafhugiiteldmaudifyndas Image Classification Hail Pre-
trained model 1 UM N WIAON é’fﬂﬁy’miﬁq&’muﬂau?{au“ﬂugﬂﬁau msvzulaudouiugy
seldmsudaniy spectrogram Fudunsmifnaasseduamududes

ualumsh 1d Tumatianuaunsa lums s uune1susian unseen data
Taens 10z Wudnmsmsarua input 1HT&N¥IROITY training data 1nTiga
(standardization) &1 ud T ivdeIs19z1M3 Training model Wiauanduiiielisessy
unseen data

Tao5192 19 data loader 2 Aafi0

1) Training data loader

2) Testing data loader
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Tay data loader 2 f9 1 pre — processing steps ‘ﬁﬂélwﬁu(standardization)
ualu Training data loader wims augmentation data 1% model a1313931 input data 1
' A A | 1 1 § g
danguunigamnoziulila ualu Testing data loader 3¢ lailins augmentation. 1iverilu

9 14 0 4
NITHIN ﬂ')']llul@l,ﬂdﬁﬂﬂslu UUNDITUU

3.7.2.2 Data Augmentation

A v 1y vy v 4 2 v A
!V]ﬂuﬂﬂ’]iﬂﬁﬂu@\im@ga (data) Iﬂﬂﬂﬁlﬁﬁﬁqqmﬂyjalwuﬂluéﬂ']ﬂsllﬂjillaﬂll’(’]g

i Tae lunfdsundasanurnenseguay idvesdoya FeezaonnilszaninimuesTuaa

deep learning TUMSANAOU (training) ttazaanMEsIved luaalums overfitting

1) Re — Channel Ao Taelnatdeqazd 1Y stereo (2 channels) (la¥mono
o Y A o 1 9
(1 channels) 15192 M 1Y channel 1M UOUNUNOUIT model
2) Resample An malaou sample rate I ianmaunewdn mode
- A o Y A ~ T Aa v Ao %
3) Splitting f® ﬂTi@]ﬂ{l'ﬁ!ﬁﬂ\‘]‘i\lf"l'ﬂﬂfﬂjhlillﬂUﬂ1‘VlﬂTVi‘Llﬂulil
4)  Padding An Ysumsldsslianuerumnuanuenndivualivn
= 3’.1; ] o a = =) Y
LAITUN ﬂ%mm‘immﬁmmﬂmﬂlﬂﬂ
, Al A A o o 1 2 2 A ¥
5) Time Shifting f® ﬂ@ﬂ‘lﬁﬂiﬂﬂ']!,!,ﬁuﬂfnﬁlﬁllsllﬂﬁlﬁﬂﬂ L‘HE}NQLW@GI,VT
9 1 o 1 ] = (P=} o
model LﬁuﬂmmummGlumuamsummm”luuwaclumimuuﬂ

¢
13U

[ [ 1
nasnnudauilu Spectrogram 15192 Augment Image 1AgM5 1d@ Masking

A YA T 1 = A
Image LW?JGlmJﬂﬁqu@mﬁxszL’JmGUENLﬁENmﬂu Input

3.7.2.3 Convert to Mel- spectrogram
I o I
Mel — spectrogram 0 (Humsuilasdyanandes (audio signal) 1ilunn
. 9 a { o Y I 1
(image) IaglHinaiia mel-scale Tumsnlasanud (frequency) vosdaaaudsa liiduniieg
= J 1 ~Aq Yo v o = Aa 4
mel FulunIeNlFIannuduiiusveInNud lumaTuauIMI Y IN Y
[ -] 3| ]
Tunszuaumsade mel-spectrogram 3ty audoaugiana
o o . 4 [ I {
(time frame) 18211111 Fourier transform 1iontlasdyanandosiiduse uuanud
Y v 1
. o o 1 1 1 o 9 o Y
(frequency domain) M UALIIAMANND IULAAZ B 1IAWAIUINAIY mel-scale (D1

a A A g [ 1 @ 5 9) o o JaN Y 1< .
inaLFssNudaaIueg 1 Fa U Lgazqﬂmﬂ%mwaaww%”lﬂmmﬂumw (1mage)
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3.7.2.4 Image Augmentation

Image masking fio M3tagiunsaiulimely eld Tuealdizond

Y

U

= (% = A .
INYINVLTEINHIUNIT padding W

3.8.3 Fine — Tuning

o . A 9 [ Y [ A A
U1 Pre-trained maaﬂ”hmﬂium Parameter ”lwmmzanﬂu Data [TUNBDIWUAINY

TEUTER Accuracy

3.8.2.1 alsnezmrivalviilumasda

1)
2)
3)

4)

VUIAUBIFUNIN 224 x 224
<

11N RGB

UYUIA output layer

91U hidden layers

U H w ‘ﬂ' o 2
3.8.2.2 alsidesilSuaunelvinuusiugnnuy

1)

2)

3)

4)

& N do  w 0 Aq ¥
Dropout rate U5 10005d 15U INAA deep learning N5 Tumsan
ANuFsIvod Tuaalums overfitting Iagmaguay (dropout) 119
! % - o Y
THuA (nodes) TuTamaluszrnamsilnasu (training) M4 luaa
1 o ) a 9 - . o Y
luansoh laeziBeanulinndeya training taz i1 Tuiaall
o 9 ld’ 1 < [ 9}d49!
anuasalumsimunedeyalvanhimaiunneu laaau
3 I J o {q Y @ a v
Loss function 1uWengunly lumsiaanuranainse v1ams
W10 (prediction) 1oz MABUNYNADY (ground truth) ¥e3 Tuaaly

= Jd & ;l} o ' a g.’/ A
ﬂ"liﬁ»lﬂﬁ@u ‘VTQﬂ%uuﬂgﬂ?u?mﬂ’lﬂ?TNWﬂwaWﬂﬂlﬂﬂIN!ﬂﬁ‘i/q]ﬂﬂi\?1/]

H E4
1 AaaK

o Y dy [ a 4 Yy
Mue wag lgmi lumsdsumnimesves luaa lnimnavu lag
A S A [ d' 9 ) 1
(91921 AWINFUNHNE AUAVNUNABINITIZT 1¥Y mean squared
error (MSE) @MV regression 130 categorical cross-entropy
TIMTVY classification
. I a J o [ . Ao
Learning rate iWumsiaesdmsuluea deep learning NMHUA
< o a 4 1 =
anus lumsdsumsidimes ves laalutaagsouvesmsindou
1 4 I o o 1 a 4
(training) A1 learning rate ﬁfﬂzgﬂummwummﬁmmai%gﬂ
o { o v ° ' . ]
Yufaeulusedulny 1519z doamruan learning rate ¥ ey

= Y

A Y Y = a A
eI TuaasusoSous Ided1aiidsz dnsnn

as A

I o o a 4
Optimizer tJudanesnunly lumsdsumsimesvesluna deep

learning MW apandvanudoyalundazsouvesmsindou (training)
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Tawvz 1% Gradient Descent TUMIAUINAT gradient taz1iy
' a J 1 3 = .. A ]
mmsimesuesTuaa 0619 15Ny 3 optimizer 9U9 1%U Adam
: v 2 A _ 4 4y
RMSProp #43imsU5uil3aiu@nan Gradient Descent 1o 1#
Aol =
ansoaussouznavu lumsinaou Tuiaa
[<f o
5) Epoch and steps 1iumsinasuTuaa deep learning Tasmsiirdoya
Y T
training AW TAATNHUA 1 50U Fanureanun luaaseil loma
Y [ v
FouivoyasnuIuAsInNIINIY epoch NMHUA Faansafvua
T8auanumunz auvesau uaiuugiuinagegh 10-100 epoch
3.8.4 msdszliammasianansnaIuves Model
Mmm3slsziuralaesmsuimasnaaesn 3 w1 dadseansnmluea wonanae

Y
Usziiiudon Loss 1ag Accuracy ‘mmmzé’%’ﬂﬁwzﬁwmiﬂizmuuu‘wdu;@m Precision

Recall F-Score tieig Confusion matrix

relevant elements

false negatives true negatives

true positives false positives

retrieved elements

How many retrieved How many relevant

items are relevant? tems are retrieved?

Precision = ——— Recall = ———

31] 3.11 Precision Recall
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I,+1,
(10-1) A(.‘Cl.lrac‘:v — I
7;) ¥ 7:’ 3 ]TI' + ]Tn
/4
(10-2) Precision = —+—
7;’ + F;:
7
(10.3) Recall =—+—
Ly

(10.4) F, =2 precision - recall
. l e >

precision + recall
gﬂ 3.12 Precision Recall

R ¥ [ Lﬂl A ti' Y v a Aa °
Confusion matrix 1JutATealeN 1% lumsialseansaimyed Tuaams suiun
1/521A7 (classification) lagnniz Iagazaainansmuigyed Iuea 5o uneununu 939
1 o A A 1 Y Ao 1 1 = oszl = a
Nlueaiuegnuierauaaz aaaud s Ivs Taollunudaudasdenmdase (true

class) HAZUNUUDULAAIDIAA AN TuAaI U (predicted class)
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NANISAUHUIIH

4.1 wamsiannuelwamyy
naannfaai 18Wan1 Web Application 1182 mafaainlamnisnageuuaz naao 14

L] 4 Yo v A o v
QWHUHﬁHTL?UUl%@IﬂJH1ﬂﬂJ'l@Iﬁj]u Tﬂﬂ“lmuwaawwanyﬁmuaz@mﬁmmmmmmﬁ Tﬂﬂ

[

Yo Y] 4 ci’
TAsumadnsaail

4.1.1 NamMInaaeal Web Application
v o 1 a T Yq Y =R 4 1 o [ "9 A @ 1
ﬂﬂﬂ?iﬂﬁﬂﬂ@]@@ﬂlﬂ‘lé}f %Qﬂi%ﬂ@ﬂﬂ?ﬂﬁﬁuﬁ"ﬁ’iiU@ﬁ’)ﬁ]ﬁ@ﬂ?'lﬁﬂgﬁ$ﬂﬂﬁﬁ@ﬂﬁubJ
Y 1 @ Aa 1 Y vJyq ¥ 12 v A 9YqYad Y 1
l,mqnuuammiﬁuﬂiﬁmwmmxﬁaumimnqa‘xuuwmg%‘luuum%gi%ﬂ%ﬂm ﬂ@ﬂu
9 1

(% 1 1 <} '
ada lildidngszuunz deenaludngszunlu Navbar

Q U

Vudat

o—

= A Y Ao A
ANNSIUYIU NIV UYY

o A

wouduemins aunsnuiodgsz uy

e D¢

¥ Yq 9 9 A o
vy Taed 159z doansendoy anmnuauayna

Q



) dwnthmanlszneudie 4 aunans 1dun Nav Bar Info Service Footer

Thaiser © B T R

Classifying Emotion of
Thai-Human Voice

Classitying Emotion of Thai-Human Voice (Duns:usu .

msAtdinalulaBmsSuUSEoan (deep leaming) ya
Wiasuunsuninidsowauaouyudnisine loo /
ns:usumsBotudsowomuineinds:uuudliluioa (
doep learning MMsiSoUSuAS UM NEBOGUTSURS \
(Duathols wu srsunivaoRmugw Tnss a3 (Budu \_

Classifying Emotion
msSuunsurinndvoduianudidnetonnlums
UssonalBonulunansanenBW WU Gumsuwng
Aeunsoltum Tsamodauuld Héalumsdoms
sachouyuduandooins

(human-machine interaction) iWaliinZoosnsaunsn
NHA=RUAURITRRLRIMISUDIUUEIAGEOTU

P

awsndnuunsSUn
2anmnidsvla
2evvIsMe
IWsvAANLAYD

. o
Somslwdiduouoona uaelMsdomsuRIARIQD
5a8mBu odudansunivavingasoiy

-
~—

31 4.1 aauwmiiman
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Y
2)  @IUUBd Navbar 4518002108AA41
- 1i'leApu Thai SER tiionaaz lilvaiwsn 1@

@ o 4 a 4 o
- muTnnNA ﬂﬁj']ﬁaﬂ VUUNDITUU  UVINTTUDILIN lﬁ@‘lﬂﬂ\‘l Info

by
WU
A Y A Y =
-y qﬂJGlﬂﬂﬂLWf’)LGU']Qﬁg‘U‘U ag aNngiugu
Thai St @ HIWHAN  Jwunoisunl  USMISUDVISY wngs:uu

51U 4.2 @31v943 Navbar

Y

! Y A ' Ty Y v o
3) @IUVUD9 Info ﬁqjlﬁﬂllﬁﬂ\i5’]8@3!%8@11‘!!“‘]@131’7”39“3&]‘ Ulﬂl!ﬂ nuUInan

o o A A ' Y .

VIUUNDITUU LATOINBLAS API 1“ll§la$ Info ﬂgﬂigﬂﬂﬂﬂﬂﬂ Topline

Headline Description Image Button

-
o=

Thai SER © HINHAN  Swunoisuad  USAISUDOLS Whds:uu

n uunDISY d syanms j

Classifying Emotion of %
Thai-Human Voice ® &

Classifying Emotion of Thai-Human Voice 10uns:usu
msﬁf&lnnlulaﬁms@uu'glﬁoél\ (deep learning)
WauunarsuaiNEEvWavavULugMulne Tas
ns:usuMst:thidsowamuninettihds:uutdstiluioa ¢
deep learning rhmsl§yu5ua:5munjuéuoﬁuﬁmsunﬁ ‘
Wuaevls Wu msunivavAnugu Tnss HSotAs 1Wudu

31N 4.3 @r1v84 Info
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4)  @UUeUIMIITUAAY Card ldun 1a30iie tonans 3314 tilenallds Card

1 Y 1 9 Ao Y
mmﬂmnqwmmwmwuﬂ”b

Thai SER @ HIHAN  Swunasund  USMISUBOLSY Whgs:uu

USNISUDIILSN

grelfgldouansasans OmsiBaucda AP fayrna wWarelrRldouaIsaloua:
Aulwaidsvlneldagwiisae [CHTERR AENTREENT AT Wowldagogndavua:
ua:jus:ansnw msuunoisuninndeld Jus:ansnmwgvaa

3UN 4.4 aruveauims

1 Y % a A A % a Y Y [ dy A yq
5)  SFIUARUITUATTUIVN INONICTANATANIYNICADINTONUD YA U %agﬂwm

A = i | A o @ A A % P4
O UA 91y INA TUANIU JUIUTHANIU LW@‘Vﬁwﬁ'iJﬂiUlﬂ

Thai SER
avn:0suasuiitas!

nsandayauavArulRASUdU

dodtdoru wa

sHavhu
dwa dudusHanu
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