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Abstract

This research presents a comparative study of
Convolutional Neural Network (CNN) architectures for Thai
accent classification. It contrasts a parallel architecture based
on [1] VFNet: A Convolutional Architecture for Accent
Classification, which uses multi-size filters simultaneously, with
a sequential architecture that stacks different kernel sizes across
layers (e.g., 3—>5—>7). The input features are Mel-Frequency
Cepstral Coefficients (MFCCs) extracted from the Thai Dialect
Corpus [2]. Experimental results show that both models achieve
comparable accuracy and Fl-scores. However, further analysis
reveals that sequential models such as 5—5—5 and
7—>5—3 outperform the VFNet-based parallel architecture in

terms of lower parameter count and cross-entropy loss. A

*HUseiusuTINna

detailed 2D receptive field (RF) analysis also indicates that
architectures with moderate RF sizes tend to deliver better
classification performance compared to those with very small
or excessively large RFs. These findings emphasize the practical
advantages of well-structured sequential CNNs for real-world

deployment under computational and memory constraints.
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3.1 Yadaya

suidvilldgndoyademaainlasanis Thai Dialect Corpus
7 aimgunsing SLSCU (Speech and Language Processing
Laboratory, Chulalongkorn University) Tagidonuiiany 3 nay
duideos Iaun dudesinenars Amdenun wuadu train 50 3l
validation 1.71 ¥3lus dndleslvelasy (meiusenideanile) train
46.63 validation 9314 1.50 $2lus dnudedineduiies (nmawile)
train 32.43 #alus validation 1.50 4l
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miaﬁmmé’ﬂwmxLﬁaﬂumuif{‘fmﬁ%mﬂﬁﬂ Mel Frequency
Cepstral Coefficients (MFCC) Tnen1vuna 1 Sampling Rate #i
22,050 18509 uaratinAndnuig MFCC PONINYINUATIUIL 64 F
natnniudildannisuszanananitunsendes Mel $1udu 64
waue A (Mel filter banks)

nsruIuNsUsEIIARaT enden1sldndnseiFesuuy FET
(Fast Fourier Transform) fifiuunn 512 90 uazAmuaA1n191dou

W64 (hop length) 71 256 9n LilaAIUANANNALLBEATNIAT Lag
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torchaudio.transforms.MFCC a1n}ausi3 Torchaudio
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Tuunmmilumsmeaes Hsouifisulunanateguuuudauss
sonlu 3 nguudn leun Tumauuueynsy (Sequential CNN) 7l
kernel anuwwafizssdduiuluaawes 1wy 3x3 — 5x3 —
7x3 Tpeldlamunavidude 3, Tumaluuwuny VANet [1]1 714
kernel wargvwandouiulagidonut 3 Ywalaun 3x3, 5x3 uay
7x3 waslumanuunilnawes (1-layer CNN) 7l kernel fissuun
e WU 3x3 e 5x5 i msdenldiinsesauvmadenad
winpandnAeiosnsdenuanitnenssues VANet [1] Faduluea
funuudmiunsfisuifisunasiledunudnvasidedduvanssyiu
ana (multi-scale) [1] Russeasdeaseiusmeiiamesvundn
(3x3) lWeufieuSuniinhedudeiiawesaunalng (7x3) wenanil
nsdenlivuaduarasadundnufoavlulumsssnuuy  CNN
Wieliawesifinwanansiidmaudataslumssnuasududeiui
vosnmudnwauzlda [3-4] Ineynguwuuveslunaiinisld ReL U, Batch
Normalization &g MaxPooling IULLc‘ias%u Convolution ety
UsganSamlumsSen; Tuwauuu 3 aweslddnnuilawmesluus
ALLALDSIWINAU 16, 32 wag 64 MNA1PU @ulieawUU 1 lawesld
Frunuflawmesasiiviniu 32 Rawes nlaaa CNN thandede 128
Fully Connected Layers upazluimafidnuaumsfinesses CNN
mmqmsﬁ
Parameters = (G, x K, x K, + 1) x Coyt (1
e C, Aesruiudesdyaandn K, x K, Aefevunves

kernel +1 fa bias dA1 1 #io filter wag Co, ABINUIUTAWDS [4]
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3.4 n15ta9nu Overfitting LAZN1TIANITAY
liiaugavestoya

lumsinlunalassingdszamiienuuuneuligdu (CNN) Tu
ATei Wddnsfvuatuneuazndnesimnzauiesiu
UsgdnSamnisiSeusuazandgun Overfitting laglddiusu
Ams1Eines (Optimizer) Ao Adam FsdadndnsmsFoudiFuduly
# 0.001

F1uausounsiin (Epoch) geaneislidi 1000 usfinsldnaln
Early Stopping 1 ovgan1si amnTutaalsifuualduwaun Tag
AmuAA1 Patience WU 25 ¥ineA21991 w1n Validation Loss lal
anassiaidosly 25 50U IgngAn1sinsuil uaglden Min Delta
Wi 0.001 Wuinasifansaniinisanasues Validation Loss fie
Jadanumnefissme n1svudinlunasznsgviianiznsdli
Validation Loss #infiganasanisiin

WaweBumuaninsalumsmurusasmsGeuivinnzauiy
Fraawing q vemsiin lafinsldnagnsusuAdnsinisiseuiuuy
ReduceLROnPlateau tna11n Validation Loss tufin15Usuanas
w33 5 Epoch s¥uuazane leaming rate asn3wililnesnluh

\ieanAudseanisiiia Overfitting 16§in1314 Dropout fu
wrazduvedluiaa Tnermua Dropout Rate Wiy 0.3 dnsu

Convolutional Layers Way 0.5 @115 Fully Connected Layers e
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dretieatunisiFousisumzinzaniuly uasduasulilung
#1190 generalize 15@%‘14 [3]
dmfunisuitymenuliaunavesteyaluniazaaia lald
windiA Random Oversampling Ingnsguifinsuauiiegidlunata
fdnudeslifsuniunaaniisnawnniian dugliluaalsl
\Ain Bias slermnafifivoyadiuiuannnia
wumananuaiifiqas e e lilumadiussans amgean
meldfoulvveminensfidra wazanmnududouresnisiiniiens
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A1597 1 unineslueanuy 1 Lawes

Tassadsluina convt | saustavian
1 Layer (3x3) 320 320
1 Layer (5x3) 512 512
1 Layer (7x3) 704 704
1 Layer (5x5) 832 832
1 Layer (7x7) 1600 1600
VFNet 1 Layer (3x3,5x3,7x3) 1536 1536
51eit 2 Tumauuu 1 awwes
Model Accuracy Precision Recall F1- Best
(%) (%) (%) score Cross
(%) entropy
loss
VFNet 69.81 70.09 69.75 69.71 0.7144
3x3 67.54 67.69 67.51 67.52 0.7369
5x3 70.96 70.93 70.68 70.71 0.7000
7x3 69.30 69.17 68.86 68.96 0.7085
5x5 68.22 69.32 68.70 68.30 0.7055
Tx7 69.63 70.17 69.49 69.54 0.6962

A19197 3 19819 classification report ¥89UUIA 5x3 wiltlu

Tumauuu 1 awas

Class Precision Recall (%) F1-score
(%) (%)
Al 65.89 69.90 67.83
159 71.88 74.54 73.18
NAg 75.03 67.59 71.12
Accuracy - - 70.96
Macro Avg 70.93 70.68 70.71
Weighted Avg 71.16 70.96 70.97
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Train and Validation Accuracy

—— Train Accuracy

validation Accuracy
20

o~

o iy 20 .0 a0 50 50 70
Epochs

o '

JU 3 ¢79874 leamning curve A1 Accuracy ¥B3wUIA 5x3 wils

Tuluwauuy 1 waLwes

Train and Validation Loss

—— Train Loss
301 Validation Loss

Epochs

U 4 ¢78814 learning curve f1 Cross entropy loss 784

A 5x3 wilsdbulanaiuy 1 1awes

An571991 4 TUIUNSARBSIUAALUY 3 Lalees
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5—3—7 80.27 80.69 80.26 80.40 0.5424
5—7—3 81.52 81.70 81.58 81.62 0.5196
T—71—7 80.66 81.37 80.46 80.71 0.5485
7—3—5 80.66 80.93 81.36 80.75 0.5276
7T—5—3 82.17 83.05 81.93 82.23 0.5325
VFNet 79.76 81.09 79.39 79.70 0.5572

715797 6 A28 classification report Uaaluina 7—5—3

wildlulamanuy 3 awes

Class Precision Recall (%) F1-score
(%) (%)
ALElag 82.09 83.83 83.36
Tasne 77,53 86.57 81.80
nang 88.73 75.39 81.52
Accuracy - - 82.17
Macro Avg 83.05 81.93 82.23
Weighted Avg 82.70 82.17 82.16

Train and Validation Accuracy

904 — Train Accuracy
Validation Accuracy

TAs9d%19 | Convl | Conv2 | Conv3 59 i
o £

Tuna NIAUA

3—3—3 | 160 4640 18496 | 23296 sl

3—5—7 | 160 7712 | 43072 | 50944 oot T e P

3—>7—5 | 160 10784 | 30784 | a1728 g‘lJVl 5 s1719874 learning curve A1 Accuracy Yosluing

7—5—3 nislulunaluu 3 awes

5—5—5 | 256 7712 30784 | 38752

5_)3_)7 256 4640 43072 47968 Train and Validation Loss —r

5—7—3 | 256 10784 | 18496 | 29536 ¥

7—7—7 | 352 10,784 | 43,072 | 54,208 o8

7—3—5 | 352 4640 30784 | 35776 s

7—5—3 | 352 7712 18496 | 26560 as

VFNet3L | 768 | 23136 | 92352 | 116256 RN S R N SR S s

. gUﬁ?}l 6 798149 learning curve A1 Cross entropy loss 984
A13171 5 Tuaauuu 3 1aiwes Tuna 7—5—3 wilslulunauuu 3 lawes
Model Accuracy Precision | Recall F1- Best
(%) (%) (%) score Cross 4 o .
#1599 7 Receptive Field (RF) 2D d@msuusazlasadng CNN
(%) entropy
loss Tas9a579 | RF %aq RF %84 RF %84 RF

3—53—3 80.34 80.57 80.67 | 8058 | 0.5581 Tuina Layer 1 | Layer2 | Layer3 gaving
3—5—7 80.66 81.86 80.00 80.46 0.5693 3—3—3 axa 10x10 292%22 292%22
3—7—5 82.57 83.58 82.15 | 8260 | 0.5333 357 s 1410 12%22 12%22
5—5—5 82.71 82.74 8286 | 8270 | 05212
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3—7—5 4x4 18x10 38x22 38x22
5—3—>7 6x4 12x10 40x22 40x22
5—5—5 6x4 16x10 36x22 36x22
5—7—3 6x4 20x10 32x22 32x22
7T—3—5 8x4 14x10 34x22 34x22
7T—5—3 8x4 18x10 30x22 30x22
T—7—7 8x4 22x10 50x22 50x22

#1377 8 LW3BuLfiEu RF Fl-score Wwag Cross Entropy Loss

F1-score
(%)

e

e

Taseasne RF adann

baseline,
3—3—3 22x22 80.58 param o0

ui loss g9

RF Tng) —

3—5—7 | 42x22 50,944 param g4

uawaladi

F1 g,
3—7—5 | 38x22 41,728 | param Unu

nang

5—5—5 | 36x22 38752 | aunaiiian

5—3—7 40x22 47,968

=
AU loss

s

Agnuay
5—7—3 32x22 29,536

parameter

2l

RF Tugjann,
T—T7—>7 50x22 80.71 0.5485 54,208

param g4

aunaf, F1
7T—3—5 34x22 80.75 0.5276 35,776

dJunans

F1 49,
param Yoy
7—5—3 | 30x22 0.5325 grilunguil
wiluguiu

82

waild multi-
scale WAUW
VFNet (3L) - 9.70 0 o v

6 6 'V!ﬂ(ﬂ’J@l']u

efficiency

5. aAusTeNa
MANaNIsRaBIkazas1aUSeuisulassadisluma CNN
dwfunisduunduileding wudilassasnnuy synsy

o
o

(sequential) U 5—>5—>5 Wag 3—>7—>5 TinaawsnADyuY

Zo
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AU Accuracy, Fl-score wag Loss laglidadlddnuiumsfiwesas
sy

Tasiamzlaseaing 5—5—>5 ddli Fi-score gafian
(82.70%), Loss &l (0.5212) uagldmisimessauiios 38,752
wansbiiiudaunassninadszdnsnmnuasdunuluaa

wenanidamuinlasiadng 7—>5—3 Fades kernel 9nlva
TUdn iinadws Fl-score gsfia 82.23% lngldwsfinesifies
26,560 sitaslungulanaailinadnsseiugs diiuinnisesniuy
la59asdliSesadu kernel agnsivuuukuaInsaanduuling
IelnglianUseansnm

Tuduwes Receptive Field (RF) wuilaseadnefisl RF Tugaa
30-38 (unu Frequency) Way 22 (Wnu Time) snaglnadwsafian
dlosnnannsaduusunldnane Imﬂlﬁi@mtﬁaswazlﬁaﬂhﬁuﬁ
Wn

Tassa$nafiil RF Tvguiuly Wy 7—7—7 (RF = 50x22) wie
il iy 3—3—3 (RF = 22x22) Suuiliilvuadnsassasly
fu Loss wag Fl-score

dm3ulnseasne VENet wuu 3 4 wioenuuulvieiaeivane
uandeuiu winduldmsilinesgeiis 116,256 uwazdili Fl-score
is 79.70% shnimaglaaaiuueynsy

T 1 1awesuuy VANet Aldilawmed 3x3, 5x3 uag 7x3
n3auriu 9 Fl-score gend kernel Wenfsadnton usfaeld
W imedfinTuan 320 — 1,536 %ﬂﬁaﬁaiﬂﬁﬁmﬂumﬂ%’mu

39

6. @yu

nnsiUSsugulaseas e Convolutional Neural Network
dmdunssuundudeddneluaded wandbfiuinlasadruuy
oynsuiidonld kemel suarnstuluusiasdusgrsdiuuuuny 1wy
5—7—3, 3—7—>5 uay 7—5—3 awnsalviszaniangs
Wiguwinsowmidonin VFNet wuurwy ulildwisiflmesissnin
819U

TA59a319 VFNet 7114 kernel nansvwiandeufudwusliuld
WTmesgeNIn (i 116,256 Tuwuu 3 i) uindulalale
UszanSamilmilenin vaugiilunanuueynsuu 7—5—3 14
W515masiies 26,560 wilil Fl-score gdiis 82.23%

NAN1531AT19 Receptive Field §9yr8a@iuayuin RF
wanzaumseglutig 30-38 (wnuadnud) teliduuiunldfuaslsl
gouidenuazidun

nnseenuuulassadisluina CNN Aa50u19Tsuunn kernel,
A1FUNTSI389, RF wazsuiumsiidnesaunsagisiuussansam

Tunsduundudes uaransununsussananalussuuasla



¥
v A

msdszauimmsmadmnssululih asei 48

The 48" Electrical Engineering Conference (EECON-48)

Tui 19-21 weemou 2568 & Tsansuylsui Sandadoalni

LBNEN5D19D9

(1]

(2]

(3]

(4]

A. Ahmed, P. Tangri, A. Panda, D. Ramani, and S. Karmakar,
“VFNet: A Convolutional Architecture for Accent
Classification,” in *Proc. IEEE 16th India Council Int. Conf.
(INDICON)*, Nov. 1-4 2019, pp. 1-4.

A. Suwanbandit, B. Naowarat, O. Sangpetch, and E.
Chuangsuwanich, “Thai Dialect Corpus and Transfer-based
Curriculum Learning for Dialect ASR,” in *Proc. Interspeech
2023*, Dublin, Ireland, Aug. 20-24 2023, pp. 4069-4073,
doi: 10.21437/Interspeech.2023-1828.

I. Goodfellow, Y. Bengio, and A. Courville, *Deep Learning*.
Cambridge, MA: MIT Press, 2016.

Stanford CS231n, “Convolutional Neural Networks for
Visual Recognition,” [Online]. Available:

http://cs231n.stanford.edu [Accessed: 19-Jun-2025].

wieSsfins @undu 930 Usyain @
Amnssueeuiiaes (e.a) wusens aulaniu
NTUTEINANANTYITITUTIA (NLP) tagns
\SeusiTedn (Deep Learning)

as.gany InUsglnnana 019158UsEdn

A Irmnssuliiilazneuines L.usAIs

AT Mathematical Programming,

A a L Aminssuvensiwas, Cybersecurity, Machine

Learning

200mm




