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Human emotions are complex mental processes that respond
to surrounding stimulators. It is a mechanism that allows
humans to adjust themselves and express their emotions in
various situations. In a particular situation, humans can

manifest their emotions diversely. Therefore, it is difficult to
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Keywords: catch and understand the actual emotions. Predicting the
Human Emotions/ interlocutors” emotions help to decide proper actions for
Classification/Long Short-Term  specific situations such as for treating patients with depression
Memory/Convolution Neuron  or those who need psychotherapy. This study develops deep
Networks/Speech Recognition  learning models to classify human emotions by using human

speech. Then, humans’ voices are classified based on five

emotional types including normal emotion, anger, surprise,
happiness, and sadness. The objectives of this study are to 1)
compare the performances of two classifying models i.e.,
Convolution Neuron Networks (CNN), and Long Short-Term
Memory (LSTM), and 2) propose the most appropriate model
for classifying humans’ emotions from speech recognition. It
reveals that classification results generated by LSTM
outperform CNN. With LSTM, there are four classes to recognize
humans’ speech emotions such as normal, angry, surprised,

happy, and sad.
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2. Wauilunside
2.1 weluladiidenld
A1 nandild A Python3 Taedl Library nén q fie TensorFlow iwasasilelunisaddluna
Librosa @ m$unsaianadnwazvesdoya Pandas lddmiunsaiagadeya Numpy Wuedesiely
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7,861 oya onsuaidu q 5 Jeya uarlifinnaniiuies 2664 Toya
2.3 sulsuismside
2.3.1 mdnnseudeya
neudlUinaeu Tayaitignisrinmanyazale Mel Frequency Cepstral Coefficients
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aegadouarniuly epoch 11 500 dA1 1.334 wazAn1saLde (Loss Function) vasluinafinieyn
Foyanaaeulu epoch 71 500 fid1 1.117 Fefiuandlugud 3 uazfinrmusiudregiifesas 42.06 d1vsu

n1sinlaea LSTM denisagdevadlunanmeynteyainaduly epoch # 500 fiA1 0.142 LagAINIS

¥

geytdevadlunanieyatayansivaeuninugnaesly epoch 9 500 fiA1 0.160 Aefuansluguil 4
wazfinnuuiugiegfisesay 40.80 lun1snaass §3duiden epoch 7 500 Lilosarnidugafiainis
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nnsiarsanargedevestoyanaaeuveasluna 2 #a9 epoch 7 500 wiuledn Faugddn

CNN Tiaauusiugngand LSTM éintieeusiluna LSTM iragudetasndt CNN sgedniau iy

15139680000 LSTM Tun1591suna1suaiannide

Model: "sequential”

Layer (type) Output Shape Param #
comid (Com)  (none, 216, 258) 1538
activation (Activation) {Mone, 216, 256) 8
convld_1 (ConviD) (Mone, 216, 128) 163968
activation_1 (Activation) (None, 216, 128) 8
dropout (Dropout) {MNone, 216, 128) 8
max_poolingld (MaxPoolinglD) (Mone, 27, 128) 8
convld_2 (ConviD) (None, 27, 128) 32048
convld_3 (ConviD) {MNone, 27, 128) 82048
activation_2 (Activation) (Mone, 27, 128) 8
flatten (Flatten) (MNone, 3456) 8
dense (Dense) {None, 28) 69148
dense_1 (Dense) {Mone, 5) 185
activation_3 (Activation) (Mone, 5) 8

v
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A 1 TAssadsues CNN Aldlumuided

2cience anda lecnnology Journat oy sisaket ~rgjaonat vniversity 5



sarsIngrmansuazmalulad un1Ineraesrvagaiaziny

Uil 2 adiuil 2 nsngraw - Funau 2565

Model: "sequential_1"

Layer (type) Output Shape Param #
lstm 5 (LSTM) (None, 216, 128) 66560
lstm 6 (LSTM) (None, 216, 64) 45408
Istm_7 (LSTM) (None, 216, 32) 12416
lstm_8 (LSTM) (None, 216, 18) 3136
Istm_9 (LSTM) (None, 8) 388
dense_1 (Dense) (None, 5) 45
29 2 1A59a519909 LSTM 7ilalusuided
maodel loss
16 1 = frain
test
15 A
@ 14 4
o
13+
12 A
T T T T T T
o 100 200 300 400 500
epoch

o '
NINN 3 AE

)

a

QLG (

Loss) AsHnaeulaznaaeuluna CNN

maodel loss

0160 4

0155 A

0150 4

0.145 1

loss

0140 1

0135

0130

0125 A

— frain

=

T
100

T T
200 300 400 500
epoch

WA 4 Angayde (Loss) nsinaeuuaznaaauliiag LSTM
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3.2 nsnaasaianlaseadidamanvanzanlunisantunaisualannides

INNANITNAABIN 3.1 LAHAI1 LSTM smungauiun1sabunensualatndeauinnin CNN

3 JULUU A9NIN91 50-5

Wesnargadenldninit delulunismeaslfs vinsusulaseadne LSTM Wuguuuusinafiu

Layer (type) OQutput Shape Param #
Ista (LST)  (None, 216, 128)  6esse
Istm_1 (LSTM) (None, 216, 64) 49408
1stm_2 (LSTM) (None, 216, 32) 12416
lstm_3 (LSTM) (None, 216, 16) 3136
1stm_4 (LSTM) (None, 8) 800
dense (Dense) (None, 3) 27
50
Layer (type) Qutput Shape Param #
Istn (LsTh) (one, 216, 128)  e6se0
lstm_1 (LSTM) (None, 216, 64) 49498
1stm_2 (LSTM) (None, 216, 32) 12416
1stm_3 (LSTM) (None, 16) 3136
dense (Dense) (None, 3) 51
5%
Layer (type) Output Shape Param #
1sta (LSTM) (None, 215, 128) 66560
1stm_1 (LSTM) (None, 216, 128) 131584
1ste_2 (LSTM) (None, 216, 64) 49408
lstm_3 (LSTM) (None, 216, 32) 12416
1stm_4 (LSTM) (None, 216, 16) 3136
1stm_S (LSTM) (None, 216, 8) geo
1stm 6 (LSTM) (None, &) 208
dense (Dense) (None, 3) 15
5A
Al 5 n) Tassadng LSTM wuudl 1 Ssedudueg a 44
%) 1A59a19 LSTM uuuil 2 Sseduduey 3 du
A Tassadng LSTM wuudl 3 fszduduey 6 4u
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nnsmaasdlagirteyal naoulaznaae uvauiy LSTM Wuudl 1-3 (15199 1) wudh
Tasea$s LSTM wuudl 1 fansgadevesluinaiiseyadeyailniily epoch 7 600 fid1 0.141 waz
Amsgydevesluinaiiseynteyaniivaouninugndeddu epoch 7 600 fid1 0.140 (nwil 6) uawdl
Arausiugn (Precision) agil 67.38%

lulasea$na LSTM wuuyl 2 fidnnisaaideveslunaiisieyadeyariniuly epoch 1 600 den

TR 9
v

0.136 wagAINIsadeveslulAaNABYAlayansIvaaUAILgnABsly epoch 7 600 e 0.140

U U

(nf 7) waglliAAnuutiugragi 65.90%

lulasea$na LSTM uuuil 3 fidnnisgayidevedluinanaieyadeyarniuly epoch 91 600 den

LTRE 3

[ £%

0.133 uazrA1n1saqidsvesiuinaiinlgyndeyansivaeuniiugnaesly epoch 1 600 fiA1 0.142

Y Y

(27 8) wazdAIAULINEIREN 66.13%

aguuds anmswSeuiisuuseansaineadluaa LSTM 919 3 Taseaiis lassadranilinadns

4

NaNgafe LSTM wuui 1 Aflduiuseiutued 4 seau lesnaAnisgyideveslunaniaauasan

o =

AULsiugEaNgn

A1519% 1 NANISNAADIN 3.2

5EAUTUYRY LSTM AgayLde GRGRQHIERIT
4 53AUBY 0.14 67.38%
3 STAUIY 0.14 65.90%
6 SEAUYU 0.142 66.13%
model loss
m— {TaIn
0.221 test
0.20
2 018 1
016 A
014 A o
0 100 200 300 400 500 600
epoch

1WA 6 uansFnANgLasvedlaTIase LSTM wuud 1
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model loss
0.22 ,
- frain
test
0.20
0.18 1
@
i=]
0.16
0.14
T T T T T T T
] 100 200 300 400 500 600
epoch

AW 7 wansAnanugadevedlasaasng LSTM Luui 2

maodel loss
022 ] frain
test
0.20
w D18
1
=
0164
014 1
T T T T T T T
0 100 200 300 400 500 600
epoch

AW 8 uansAANgLdsvedlasIag LSTM wuud 3

4. N15aAUTENATY
lun1meaedfl 1 nausingin nan1svaaesiu CNN Tinukdug1gandn LSTM intee
el LSTM T lvisgdnSaingandn CNN illesananisgaydeiilatdesndnludiuiy epoch iy

o

= alv v DY a v av vy = a a o=
Fawansnaaesilagenndesiunuide [9] MlduTeuiisudsednsnmvesdanaifiuyssinneynsy
wanfudeyanisidndes Famausingdn LSTM Judane3fiuiilivszdvsnmiiaiian luvaeil Gated
Recurrent Unit (GRU) Tdhanlunsuszananatiesiign
1 < 4 a ¢ 1 = & v 9 o
agalsinuiioTiaseidraugideveslumans 2 29 500 epoch Auyadeoyanadey
CNN daaugaideag 1.117 luauedl LSTM dd1adugaidengf 0.142 31na1ni 3 uag 4

unsmdadiuwilduanasdiminiinisiindiuiy epoch faliudsanunsaasdladn dmnngidelavinns
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=

Wingwa epoch frnudululaan luwmaia 2 diawisaliiianuniugifgdusas Ananugade

o

(BIGN

WevnisiuSeuliivunaiu CNN wda @1u1303tas1gaibaan LSTM Wudanadiiufignasneun

Y [ v Y

Wedanisiudeyasunsuiian (Time-series data) lagianiy dnuuyueItayaounIaIaT Ae

Judayadiiusivsuniuszesiiandudisegsdaflosiu Wedeyafiviundnsieiluauideididu

Y

° o

dayarinn vilivuinvesdeyaurazyainiugiliiiidy deazunndisandeyalseianguaind

U U

'
=

CNN @115aviuflediian [10] esainludaneaiiiu CNN dnszuiunisinieudeyalusedudu

o

Convolution layer titaaindadudrdgynlelunisdwundszianvesgunin daduiielviuszdnsaim

7

Tun1svieu Inenaluuddideasvinisusuvuiavessunnlvvidunmuaneudndgnssuiuns
FavwavasgunmlailadnadedadudrAglunisdwungunm uadeyadmaildlunisduunersual

o w

voaualilanunsagninveusenidle Weanerahlndsdaduddalunissuunesuaioenty
Tunimeaesdl 2 wausingirlassadneas LSTM wuuil 1 fifiseduduey 4 sedudu fdans
aaydo89 Model sinfigauaziaininuusiudigeiign 91nn153iAs1zvinanisnnass lassadises
LSTM wuuil 2 wag 3 Sansgaydouazaanuududlndifssiu uiiflefiszdutussfuffinadenis
USuenimdnues Neuron ﬁasﬂul,wiasisé’fu%u’u Fetlseautunniiuluonailiandym lussning
nsflnaeu \ile Gradients fvunadnasauiniugud yihlsanimiinligndmandndely Faduamg
vlilanaliiananseflinaeussluls Tnedgymdingiai3endn Vanishing Gradients wazdsesuduiios
FulufensdssalilunaiinisiSeuslifisamesienisinsvidey afifiniududougs
diolavinisiwieudisunisauddelusdndidnissuiiunisadieiu Etienne, et al. [11] 1§

3 a v &

N1588NWUU neural network @11iun15aRde sUAINLELIYA UnaITDYAAD IEMOCAP Falona

€

q

U51n931 danuusiugnegi 64% Waiisuiuauidded auududidnganlaegi 67% duwandli

sala -

iuwuusiaesfignifmundulusmuifedlinadniiadu egrslsfnudevundisudsudy 112]
v siamndane3iiuluidodn 20 CNN LSTM uazlaiuusiugigsiia 95% wilevinsiiasizsinng
ynaeduarkadNsALE nut Saneifiu LSTM fugruerdlimngausuteyadmavosywd ieswnd
mmmmaa%yjawaﬁwLamﬁﬂﬂ%gqLﬁmiamaiumingLﬁﬂ%’aaﬂaiwdwmiﬁﬂaauﬁﬂﬁw Faduie
uidgmianannislésanedfiuduidy B-LSTM o1aifiumadendidn ilesaninisuszmnanadeya
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