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meauhgdﬁ'u 1 4@ (1D CNN) WA RE M- T
WIDUORLORTILON (LSTM) UaZUWUUNFUNEW (1D CNN
WAE LSTM) HAaaWSLRAIIALABIN AR LUUNTNNRY
ﬁ@hmmgﬂ@i’aagdq@ﬁ' 80.36% ANNNU1G28lULAA
1D CNN 77.52% uazlaiaa LSTM 67.86%

arda: mijiesunl Wwoawamsing lasidng
Qs a A‘ >

Useannifiey SUU AN ETUROTUUURINALNE LULARLULNRN

(1D CNN az LSTM)

Abstract
The research aimed (1) to develop and evaluate an emotion

recognition model for Thai speech using artificial neural
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networks, (2) to enable accurate classification of human emotions,
and (3) to bridge communication gaps between computers
and users. A dataset from AIResearch.in.th consisting of
27,854 Thai-language sentences categorized into angry, sad,
happy, frustrated, and neutral emotions. The Mel Frequency
Cepstral Coefficients (MFCC) employed for the speech feature
extraction. Data was pre-processed by augmentation techniques,
including time stretching, pitch shifting, and noise injection.
The pre-processed data trained for artificial neural network
models, including a 1-dimensional Convolutional Neural
Network (1D CNN), Long Short-Term Memory (LSTM),
and a hybrid model (1D CNN and LSTM). Results showed
that the hybrid model (1D CNN & LSTM) achieved the highest
accuracy of 80.36%, followed by the 1D CNN model
(77.52%) and the LSTM model (67.86%).

Keywords: Emotion Recognition, Thai Speech, Artificial
Neural Networks, Mel Frequency Cepstral Coefficients
(MFCC), Hybrid Model (1D CNN & LSTM).
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Confusion Predicted Predicted Sum
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e TP = 40 FN =10 50

Positive

Actual FP =20 TN = 60 80

Negative

Sum 60 70
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) _ TP+TN
ccuracy = -
TP+FP+FN+TN
40+60
LT Accuracy = 40+20+10+60

2) AN1ANUFINTAIUANTATIILAME (Recall)
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3) ANANNLNEN (Precision) AaNIUSBULABL
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\Reawann netsznauee 5 ersualinanaeng AN
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Normalization) a1nuusinldaaluiaadissanasiy
SVM, Random Forest, Neural Network Lba& 1D CNN
f@ﬁs:ﬁﬂﬁmwmaﬂm@aiﬂﬂLLﬂaﬁaHaLﬂuﬁm{umsﬂﬂ 80%
LRZEIRILNINAROU 20% WANINARBLAIAIMLNLEN
W11 Neural Network mﬂﬁq@ 70% WAZIRIRINN bALA
1D CNN 66%, SVM 61% LL8¢ Random Forest 58%
Pratama W Sihwi [11] 158anas7in SVM lumssnusunansual
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NANTNATEUNLIN LABSIUAWIATH LUL radial basis
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wi9aantdu 2 TuaanaAIn
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3.4 measslanadmnsuimszidoas
YUAAUNITFIVILNLARFIRIUNITILATIZHT DU A

U

LU90anL % 5 VRO WRAIAININD 2

INPUT PROCESS

OUTPUT
@ @) wneneees

andoyasu dud
1. Idtmuaesnfuoadsy
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unz 20% lusumoni) * IDCNN
o LsTM

* IDCNN&LSTM

(accuracy) s 80 %

(actor_
3edoyaliiaidsamann

Ine (wwina flac) * micc

® micc_stretch

 micc_pitch

@
- ¢ mico_noise Anuassaiusimsam T

“Tagiinsrimuadsil
1.k-fold cross validation = 10
" 2.early stopping = 10
thaiser_pre_
( -Pre- 3.epachs =50 N

processing_data) I

® thai_ser_model_1DCNN.h5

0]

® thai_ser_model_LSTM.h5
Trandoymingy

* oaiingy

® thai_ser_model_{DCNN-
LSTMAS
® average accuracy

* majorityEmo (the
fimunersHoldn)

 audioFilePath (fiog (5)
yataya 20%

nadouTuinn

dmduifiulndides) ® accuracy

® precision

o recall
o fi-score
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INAINN 2 TUAaWAIIFIILNLARINITDATUNY
LRI DY LAAITh
3.4.1 Inaagadayavind vinslwangadaya
itz udaya MongoDB Mifiulilunaaidintufizath
thaiser_pre_processing_data Adudluiuaaun1saisataya
A A ° <& o o
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Tavayatin ﬁﬁmaﬁ'@qmﬁﬂwm MFCC U FIAURLIL
waztinRsdwatuNrdsundaRuanlaslfinaiia
MIUAIA1BILFE (Time Stretching) MIUALUTZALLFE
(Pitch Shifting) =N TIAALFENTLIMY (Noise Injection) WEINMIE
ﬂﬂlﬁmﬁﬂ%‘uLL@idLLf,ﬁ”amaﬁ@qmé'ﬂHm: MFCC 8nasd
A A o v . Sﬁ/L & P
\Na Nz AN AL RGN T 1J1°1i°’l,wuumumil,aiwuaga
2) ﬂﬁiLﬁ%ﬁJﬁayja ﬁﬁmim’%wﬁagaéﬁﬂms
n:a' v v = ‘ﬁl v Q 1 v
augﬁwaagamﬂmagmamﬂ%ﬂiuLLmLLm uazIug
Lwnwfaagaslunijwmimﬁﬁﬁiagaﬁﬁmuﬁaﬂ 9 Lﬁaiﬁiaga
1 6a > a&’ v Y ;:i
luudazarsunifinnuauqanuunniu azlddayanlslu
=) QI ‘&/ (= v qq; o v
myllaTeAAadwu 70,294 gadaya niwingatays
& A o ' = ° o
NInNAN baunsaantdu 80% dwiultlunisinluiea
wazr 20% dusultluninasauluias tNalszidn
UszAnSmwuaIluLea
3.43 ailueadisdanaifinlungulasedng
Uszanuiiey Len 1D CNN, LSTM WazbUUNINHNE
(1D CNN&LSTM)
1) M3a9lulaa 1D CNN lagaansa
LRAIIATIRIIIVDILNLAR M AININD 3
AMNMNN 3 1umInaaslasiginsvasliies 1D CNN
SunEwad input SUNITIRLABSITN num_ classess,
input_shape (TayafiazlFlunsiinluias) mntudumshau
qq; ™ A aa 1 qq:
mawuﬂauhgﬁmmuwmm (ConviD) dagaudu
WATNAUA filters LYINNU 64, 128, 256 AINAIAL LALARZ T
Pa3naulnTiazdacomavmadana lasld Max pooling
AW UA pool size LYINAU 2 WAIABALTH Flatten
fwILuLag Output nTuRewwh Mnanaduwnninasidenn
LazgArNudadI8TUY8Y Dense ANFDITULNBLTONGD

Tn u@“an% UA I TUA WA I8M Lagl Dense TN
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FAUATIWIWANAL 256 LAUA UAZTUNREY softmax
1%&’]%%‘]J’5’1LL%H%3J’J@%Z£°UEN Output %38 Class
2) MIaluLas LSTM waadlassanaluea

o A
AINTNN 4
(num"::'l’:s!sess Output Dense
input_shape) (Emotion) (softmax)
ConviD Dense
(filters = 64) (256)
l 1D CNN Model T
MaxPooling1D
(pool_size = 2) Flatten
5 MaxPoolling1D MaxPoolling1D
ConviD ; > )
ol_size = 2 ol_size =2
(filters = 128) (=2 ) ConviD (pool_ )
(filters = 256)

A 3 lassasvluiaa 1D CNN

Input
(num_classess,
input_shape)

| 1

Output
(Emotion)

LSTM Model
LST™M Dense
(256) (softmax)
LSTM | Dense
(128) > Flatten m— 256)

Al 4 lawsasslues LSTM

i 4 uwmsusaslassaireasluies LSTM
I509INEINV8Y input SUWITIA5LI% num_classess,
input_shape (4 agaﬁmﬂﬁuﬂﬁﬁﬂiu o) It
I TUAIAINNITZLZE- T U UW S DLaALORTILEY
(LSTM) ﬁag}'aaa%gu TRUINAABARUILANNILTRE
71256 LIRS Uz TWAREITNAUAT 128 L8 LaIFaRIHTw
Flatten §1%5Uua9 Output 3nndunawwinlinanein
nnieeilasiuLazgarnodasi 534849 Dense SNFBID
LﬁaL%au@iaiﬂu@nﬂiququuﬁauwﬁnﬁwﬁwﬁu
1Ay Dense THUINANRUATIWIWYNAY 256 wna
WAZTUAFE softmax 1‘*1?@%’114§u{1"11,|,uﬂmmvsgm 84 Output
%38 Class
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3) MIRTHLUARLULNENNENY (ID CNN&
LSTM) lagaunsonaadlasiainizasluiaa laasnwg 5

Input
Output Dense
(ri‘:;?‘_:mf' (Emotion) (softmax)
ConviD Dense
(filters = 64) (256)
MaxPoolling1D
(pool_size = 2) 1D CNN - LSTM Model Flatten
7l : LSTI'M
ConviD (128)
(lmers 128) T
MaxPoolling1D MaxPoollIan LST™M
(pool_size = 2) ConviD (pool_size = 2) (256)
(Mtets 256)

Al 5 lassaseluies 1D CNN&LSTM

‘ﬂ’]ﬂﬂ’]Wﬁl 5 Lﬂ%ﬂ’ﬁLLﬁ@ﬂﬂiﬂﬁ%’]\‘ﬁlaxﬂI&l EARLLLLNRUNE
(IDCNN & LSTM) SNANEINDS input 3LIVNITALADT
W num_classess, input_shape (ﬁagaﬁaﬂﬁumsﬂﬂ‘[u LOR)
mﬂifulﬂumiﬁﬁmmadfuﬂauhgﬁ'w,mwﬁd 1 (Conv1D)
i agjmw{u WRSTNRUA filters LYINAL 64, 128,256 ANEGL
I%LLGif’iz‘ﬁz/%TENﬂ aubg"ﬁ'm:@i 267 Elﬂ']iﬁ']ﬁﬂal{'l LRUBD
lagld Max pooling fINAUA pool size L U 2 dasae
NIY %89 LSTM ﬁa%ljﬁﬂ{ﬂ?% f%LLiﬂﬁ']%%@ﬁﬂ'J ]

N & & < A o A &
AFVUINTRIAYN 256 LTAR LLASTUNRDINIRWAT 128 LTRR

L§II NI NADFIT% Flatten §1W5UUUSS Output
nndurewwhlinaaidunniaefidenri uagarNedadie
U89 Dense BnaaITwLADIFond alnuannlnua
Tuguneuwnindreasnu 1oy Dense TUINIZHBUA
SNUIWHNTTD 256 1A% LAz Tuiged softmax lEdnL
FUUNNIARYVEI Output %38 Class

3.4.4 mIRnlueauaUsadndse@nsmwaslaies
Whetoym 80% Aldiidly anvhmafinlues WiowSeuifioy
wazdszdulzdntnmaastuaans 3 Tuaafiaedu
1a ElI%JL@]ﬂYI%ﬁ’]&JQﬂﬁﬂﬁ’J BTnAauALAd o uinde
lFnsaraseuluaadianisudsdayaidudiu o (K Fold
Cross-validation) lasrnsuafi 10 K Fold uazluudazsay
299 Fold 2zFwuaswInasslunsingd 5o epochs
TAgMsinas IS epochs 012axAN A9 50 A3
Wz i slanw Hadna29nt (Early Stopping)
Lﬁaﬂaaﬁ'umil,ﬁ@mil,%'ﬂujl,ﬁuﬁﬁLﬂu (Overfitting)
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3.4.5 maneauluas 1°ﬁ°gﬂ°ﬁaga1mi 20% ety
LRININAFAUNUNG 3 INLART LANIWANTHNNILED
Twtnaawnisinluiaawazdsziduwlsz@nsninaadluias

4. HANIIALHIN®

4.1 wan1venlaaa

Twmsinluiaans 3 Tuiea leuA 1D CNN, LSTM
USEMULNSARENTS (1D CNN & LSTM) Anlysiumaniimionis
unsr e eas M ilawis Nﬂﬂ”W'Emmﬁﬂmmgﬂ@Tm
(accuracy) Tum3na9v3 3 Tutaa léd 1D CNN, LSTM
UWAZLULNEUHEIU (1D CNN & LSTM) fannugnead
(accuracy) agﬁ 90.23%, 69.96% Uz 93.36% ANEA
GInwil 6

1DCNN LSTM 1DCNN-LSTM

93.36%

accuracy 90.23% 69.96%

= & 6 1 a 2
AN 6 Naawmuaaymmgn@aﬂumiﬁn

4.2 wannasavlaiea
msnamoulutaaveans 3 luias nndayazgalna
20% WAMINAFOLVEING 3 luas Jasil
42.1 namInagaululas 1D CNN deanagndas
agjﬁ 77.52% lapmnusnagtidumnsnunsduundszan
(Classification report) laas Gl’]‘i’ld‘ﬁ' 1

TN 1 TPBMITBNLIAN ﬁ?%ﬁl[&lmﬂ 1D CNN

precision recall fl-score
Angry 72.67% 75.01% 73.82%
Frustrated 81.19% 78.70% 79.93%
Happy 72.39% 75.08% 73.71%
Neutral 84.56% 85.48% 85.02%
Sad 76.45% 71.68% 73.99%
accuracy 77.52%
macro avg 77.45% 77.19% 77.29%
weighted avg 77.59% 77.52% 77.53%

PNANTNN 1 FINITOLIFAINAD gﬂugﬂ WUULNGAIAND
ANUFUEW Va9LuLaa 1D CNN laglsen recall gl
wlaiud LLazﬁ'hmumen@Tawaau@iazm‘mmﬁl@"f@“&mwﬁ 7
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Confusion Matrix with Percentages Confusion Matrix with Counts

rrrrr

209 7 LN@?ﬂfﬂ?’?Néﬁlﬁ%?fﬂdZ&/L@ﬂ 1D CNN

4.2.2 wananasauluias LSTM fidanugnead
ag’ﬁ 67.86% Tmmmma;ﬂlﬂuﬁ EIWMIT LAY IZLAN
(Classification report) laasansen 2

M15197 2 ﬁﬂd’)%ﬂ?iﬁ’lﬂ%ﬂﬂ?ﬂﬂWﬁ?ﬁﬁlz&ltﬂﬁ LSTM

A15199 3 TILIUNITTIMUNL AN ﬁ?%fﬂ[&ll@ﬁ

1D CNN&LSTM

precision recall fl-score
Angry 78.86% 74.89% 76.83%
Frustrated 83.31% 84.36% 83.83%
Happy 76.24% 75.33% 75.78%
Neutral 86.36% 89.19% 87.76%
Sad 75.60% 76.62% 76.10%
accuracy 80.36%
macro avg 80.08% 80.08% 80.06%
weighted avg 80.30% 80.36% 80.31%

MNA1IIA 3 swnsausasnaeyluduuniuaing
ANMUFUEY Va9lalaa 1D CNN&LSTM laglden recall
wnusandutladidud usshwuanugneasasusiazarsual

INNANTNN 2 mminLLa@awaaglugﬂmem%ﬂsﬁ
ANMUFUEW Va9l3Laa LSTM Laglaen recall unuaaatiln
wlasiiua LLE\]:Tﬁ’]WJ%ﬂ’J’]JJQﬂ(ﬁ/E]\‘l‘llE]\‘JLL@iazmiuﬂivLﬁ@q:‘m’lwﬁ 8

Confusion Matrix with Percentages Confusion Matrix with Counts

il 8 wwasnoanuauawvadluing LSTM

423 Nfﬂﬂ’]i‘ﬂ@]ﬂmﬂuma 1D CNN&LSTM ﬁﬂ’l
mmgﬂé’faaagﬁ 80.36% I@smmsn@ﬂlﬂmwmu
N3 MWNYIZLAN (Classification report) laaaansnen 3
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precision recall f1-score leaannd 9
Angry 65.68% 69.46% 67.51% S
Frustrated 63.27% 69.75% 66.35%
Happy 67.26% 64.24% 65.71%
Neutral 73.72% 73.52% 73.62%
Sad 71.04% 61.22% 65.77% .
accuracy 67.86% N
macro avg 68.19% 67.64% 67.79% -
weighted avg 68.06% 67.86% 67.85%

AN 9 WwasnTAVaUaUYaIlNIAa 1D CNN&LSTM

42 4RpuyuNanMIMaga U LuLeaTaINd 3 luias
I@ﬂmmsna;ﬂl,ﬂumﬁdmim%muLﬁyummmgﬂﬁao
(Accuracy) MAAIANTN 4

= a = ' o &
131N 4 Lﬂ?ﬂ/i/mzlilﬂ’)ﬂv’lllgﬂ@)8\72/.5_7\71’7\7 3 Zl/l,@ﬂ

Accuracy
1D CNN 77.52%
LSTM 67.86%
BUUNRUNRIW (ID CNN & LSTM) 80.36%

5. asduazandsna
Ao E Xao & o A o
lun1i3dpaisiidiaguszasdnandaaiieluias
lumifﬁwaﬁiwzﬁmﬂLﬁmwuﬂmmvlﬂmm:ﬂmﬁuﬂszﬁﬂﬁmw
{ o & o @ .
Paslueanainla U‘Lﬁ"};@%ﬂgalﬁmwﬁmﬂ AlResearch.in.th
UsznaudisiFssnaniminadwan 27,854 dazlue
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1 I 6 v 1 2 a
w9l 5 Usztanarsual lawn Inss w3 §7 ¥AnIa
wazilné Iml%mmn”@qmé'ﬂwm: MFCC UadL&yd
mnﬁfum’%mﬁagaﬁaﬂ"?'ﬁ'msﬁ@nm"uamﬁm MIURU

Qs a a = 1 o v =]
TTAULRLY wazNIaaLFussuMn Aawin Iz o duluies
v [ a s 1 1 a v 1 1
@aﬂaaﬂaiww1uﬂqw1ﬂ§dmﬁ plszanyiiiey tawn lassang
ﬂszmmﬁﬂmmmaﬂag"ﬁ’u 1 46 (1D CNN), #ihga
TN TR URIDUORLAFTILON (LSTM) WASLU NN

= o

(ID CNN & LSTM) Fapanisnagavlunssiwundszinn
mimﬁmaaLL@iaﬂm@awaﬂiﬁngiﬂuL@mmuwawmu
(ID CNN & LSTM) ﬁ@hmwgﬂﬁaa (Accuracy) mﬂﬁq@
f9 80.36% luL@a 1D CNN 77.52% Waz INL@a LSTM
gﬂﬁadﬁayﬁq@ﬁa 67.86%

o o Ao XA v, = A o Ao

fsumaluasinia ldynmaSaumsununuiae
TnadaNanNITE N ABAIINARILAY LT STWITUDI
FSTUQN MW IR waeAni [10] Ietkuauamysuunansuol
mnmﬁﬁmﬁmwﬂméﬁ almsl,%'ﬂug”l,l,uuﬁdﬁﬂ LLa:‘L"fLma'diaga
PNMALIN HaM T LNLOR LSTM ﬁmmmgnﬁmg@q@
agjﬁ 6738% uemaispaisileu s TueaidulUUNaNHEY

A ' °
(1D CNN & LSTM) G4tTun1Inausenineni1srinas
2p9lLAR CNN NRANNENID IWMIATIILE AL VAT oA
W8y LSTM ﬁﬁmmmminﬁlumﬁ@msﬁua“w”uiaga
Ao = ~ a o o A =
NN I Im&mmmmagammmuamm@nm
a A o A a a
PIFLI NMTUROUTZAULFLY WATNNTAALRDITUNIY
L‘ﬁaLﬁmiﬁmmaamﬁaga‘lﬁiwmaﬁmn’%‘wﬁmnﬁaga
d' n&’ =1 s U a
AR wazin3Usulswindwaslunmstin
Tuiaanenan lagmsinlaeawuy K Fold Cross Validation
U3ulE390nY Early Stopping lun1ngadnaaenin
FIMNIATVARUULNFNHRIW (1D CNN & LSTM) laen
v 4 X

ANUDNABINFIUH (80.36%)

6. VoLABALIbE

6.1 M lanaaliiszandldom

ﬁnIaJL(ﬂavl,ﬂﬂs:qn@ﬂ’*ﬁn"’umﬁagaﬁdLﬁaﬂ@aau

=i =4 1 1 o =

wazilSauisusaly e mmwﬂm‘l,umm"lﬂ RANEEL AL

' o A o A a ° o &
Wi g nieald wita nang 8w azvinlwaeansuol
LANFNINUATD Lo

. e &,
6.2 Dalanaunzlnnisisaasica bl

WNaLANUTEANT AW a\‘iﬂ’]if?ﬁ’] msmﬁmmﬁmm@
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mmlneluenan enafimsdmagedayanlilunisin
A A 4 oA o { aA X
TutaaLnyLAY Lﬁ'afl,%ﬁmagaﬁﬁmnﬁmﬂmnﬂwu
nqu/ a d'n:l a A Agﬁl
wannnianatsanltluaafifdsimimwgigaluniife
TaLAALULNENNENY (1D CNN & LSTM) ¥ lWUsUmnnidiaas
WL AND129: 1B TAURLULNGA (Grid Search) WNaAWAN
A e A A A o o gAaA
wnfneindngaieiazldnaswinangalunmmasay
UAZENALILENBANE 3NN LSTM WUU&EINIANS (BILSTM)
v % U % Qa a AR t:i = =
whunsuldsunuaanasia 1D CNN iNawSyuLigy
UazAinEmwdle uazitasnnanaenizeafsinnsdaya
suiwlllagianizifusnddszlon 3 61 a1aRNa1ToN
QI v ‘&/ =)
IANANNENBIFLI AN LazaNANIN TN LRGN

= a > > &
LWE ﬂ’ﬁ! %GBW%%ZLWNQUW&IQH@SGT?NI&IL(ﬂﬂvLﬂlnﬂT%
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