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ABSTRACT

Nuttawin Jindaduang. 2026: Comparison of Convolutional Neural Network Performance
for Classification of Thai Rice Varieties: KDML105, RD15 and RD6. Bachelor’s special problem
in Agricultural Science, Department of Agronomy. Special problem advisor: Associate Professor

Damrougvudhi Onwimol, Ph.D. 39.

Khao Dawk Mali 105, RD15, and RD6 are economically significant rice varieties.
However, their seeds possess highly similar physical characteristics, making manual visual
classification difficult. This research aims to compare the performance of two Convolutional Neural
Network (CNN) architectures, MobileNetV2 and ResNet101, for the classification of these key rice
varieties using a dataset of 12,000 images. The methodology involves image preprocessing by
resizing images to 224x224 pixels to comply with architectural requirements. The dataset was
partitioned into a 70% training set and a 30% test set to develop models using Transfer Learning.
A comparison was conducted between two optimization algorithms: ADAM and SGDM. The
results indicate that the ResNet101 architecture combined with the ADAM algorithm achieved the
highest performance, with an average accuracy of 94.72% and an Fl-score of 0.947, while
MobileNetV2 achieved an accuracy of 92.00%. Specifically, the model classified Khao Dawk Mali
105 with a peak accuracy of 99.50%. Most classification errors occurred between RD15 and RD6
due to their close physical similarities. In conclusion, utilizing ResNet101 as an automated tool can
reduce human error and processing time, serving as an effective prototype for quality control

technology in the Thai rice industry.

Keywords: Khao Dawk Mali 105, RD15, RD6, Rice Variety Classification, Convolutional

Neural Network
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DYNTALIU ‘VIﬂﬁ}ﬂﬁ‘]_lﬁﬂWi]Glﬂi'iiJﬂﬁi]”ll!L!ﬂNﬂ‘Wﬁ?ﬂ (Misclassification) igﬁ’Jqu‘ﬁjﬂ}W’Jﬁﬁ
v 9

ﬂ’NiJﬂﬁnyJﬂﬁﬁﬂu Tﬂﬂmm%’mgazamswﬁmmmﬁmmauauﬁmum@umiﬁnummmﬁ

(Han uagaaie, 2011)

v d
ﬂ1iﬂ§$ﬂ3ﬂﬂﬂﬂﬂﬁﬂﬁﬂ]iﬂﬂﬁﬂv (Result Inference)

Aavmihgadoyad1mivas19d0U (Validation Set) H3ogadoyanaaol (Testing Set)

Q

@

v ' A P 1 o .
FIHUNMIAARAINTZYNUFNYNADI (Actual Class) 13uds Jordrguvusiaos MobileNetv2
A = g £ A 9 ° o o v  J9Y
182 ResNet101 Al 1unszuaumsindwaiadu e ldunudiasviiimshiuewugin
I

1 [ I~ { 1 [l I~ I
(Predicted Class) oonuudumanuiivzilu ududenaaradfisanuinnziugesgailu

MaoUgANe
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[V a d
M39AMIATIAS1UNNINGUUIA 3x3 (Matrix Construction)

o [

A au A g o ) S Ynw 2 Y A
119991001598 UR I UAITIUAYTT 3 WUT HIVYWWFATNATTUUNTNEUYUIA 3x3 Tag
v

a o

° Y & o JY A a & o

ﬂmuﬂiwuﬂuwuwamﬁmmu "wumnmmmq (Actual Class)" LUASDNUAUNUILNY "‘wu‘g

Yy A ° o ] . Y 9 a 9

6111’J‘VILUJ1J%'IE‘18Q‘I/H1MEJVI,@ (Predlcted Class) ﬂi%ﬂ’ﬁ]ﬂﬂ’lﬂ V1IVNIADNULA 105, V13 NV15 LAy
v

6IQJ}"I’J U6 mﬂuuﬁmaﬂmiﬁamﬁﬂmzmnmﬁmwuazmﬂswmmweﬁ’nnﬂmwium

NAToU MU UANNILALANAI I UFOIUAALFOIUDIAIT I (Han azame, 2011)

TP +TN 1
Accuracy = 4o T FP+ TN + FN
. TP 7
Precision = TP+ FP
TP
Recall = TP T FN 3

Precision * Recall

S AR Precision + Recall 4

d aa
msuenesndszneumaasa (Statistical Component Extraction)
A o 1 o (% dyw a A o = 1 a 4 [
LW@‘L!1111J’Qﬂ15ﬂ1u3m¢]3ﬂﬂﬂﬂ‘i$ﬁﬂ‘ﬁﬂ1w ZNINTAIAIVNUUNTNYAINNTUTU T@EJ
a = 9 1 I J
WIANTUWLHNUUUI AT (One-vs-Rest) G}Nmauﬁaiumaw%gmmmamﬂu 4 E]\‘lﬂ’]J‘i$ﬂf]‘U
Y
Wan Agid

o J

.. o A o o R Y vy Y @
True Positive (TP): ﬂ']U'J‘L!ﬂ']WWllﬂﬂﬂ’]a@\iﬂ’]u’]ﬂj’]lﬂuWu‘ﬁ!ﬂ']wu’]ﬂhlﬂgﬂ@@\jﬁi\Tﬂﬂ

Q

I a VoA [
RRRISIIREN! (ﬂm1J‘imgﬂuuu’mmmuwaﬂmmmﬁN) (Han tagnaly, 2011)
. o ~ o o 1 19 1 o Jd Y I
True Negative (TN): mmumwmmnmaawmwaﬂn%wumﬂmma azANulu

a 9 1 v J g
vian lilawugithwineiu (Han wagame, 2011)

V4

o { I3 o a 13 g}/ {
False Positive (FP): i]m’mmw‘1'71mJmmmmuwmwmmnﬂuwum;i”hmna “I/N‘I?]

a

@

3 a A 7 A a A
ﬂﬁ?ﬂlﬂu%iﬁﬂﬂwu‘ﬁﬂu (ﬂ’)13JWﬂWﬁ1ﬂﬂi$!ﬂ‘ﬂ‘ﬂ 1) (Han agamue, 201 1)

E]

[
=

o I a Y4 1 o v
False Negative (FN): mmumwwmmsﬂmsqﬁawum‘i’jmmﬂ Uty yINoINal

]
o

o a 13 S A a ~
mineranaandunugou (ﬂ’ﬂﬂJNﬂWﬁWﬂﬂi%mﬂ‘ﬂ 2) (Han tagntde, 2011)

9
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° Jd o o Aw
M3 lszgnamiaudamia (Metrics Calculation)

d‘ )] 9 [ aady 9 3’1 Y] 4
iWeldTaseasarsaazaranaiugiu (TP, TN, FP, FN) 40491219 3 Wi§0d1
9 9 o 1 1 dy Id [ a s A o [ dyw
asudIuudd azahauvar il lhiluduls luaumsnandiamans oA 1uIamIA162% 39
Yszansnmsanvesuuuians Taun manusiud (Accuracy), manusiudrlumsine
.. 1 = 1 A Y 4
(Precision), AU IEAN (Recall) azA1asitdy (F1-Score) ma“lmﬂummmmmgmiumi

WFeufeudseaniamszrinaluaasofaenssuaien ae 'l (Han azany, 2011)

FNUNUAZIZHZNIANNTINIDY

‘ﬂ' o A Y
1. a9MUHNNINIVY

M 511 auzinEas YINREINEATMAAT NTUNNUNIUAT

2. 5282IAIN5TNIVY

A 9 A =2 A
ITUAUADUNNTIAN 2569 D14 UUIAY 2569
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a J
Wallas 13

v

a Aa a o 1 3 v J a
pamsdszdulszaninmlumsswunnnaiomaanuging 3 wug (ueenuga
105, nv15 ag nu6) Ao InsatedszamuuunouTagdu $1u2u 2 uuy 18un MobileNetv2
Y Y
uag ResNet101 TagTumaauaazuny lagnindredunouisUsuilgaimiin (Optimization
Algorithm) 911U 2 UV AD Stochastic Gradient Descent with Momentum (SGDM) ttag Adaptive
Moment Estimation (ADAM) Learning rate 11 0.0001
= 4 1 1 1 o o
HAN1IAATIZHNDN a01faenssuuuy ResNet101 Ta1anuutudr lunsswun
3 9 = A o Y . A J o 1 2
WAAT1IGINGA BINBUA LY MObileNetv2 (9151399 1) 1/510M38iAIna 1019l a g
9 A [} Aa a A [ [ U .
nnlassainunsevisved Iuwantlssansmwlumsanaguanyusiay (Feature Extraction)
< 9 g‘/ v JAN o 9 R o Y [ z:y 1
YUUAAT1ING 3 HUFRUaNBUzNIMenmwadeaaenu laan uenaintl ludiuveenis
[ %,’ @ [ a K = 9 ~ Y 1Y 14 A '
Yuilgauividn wua1danesnu ADAM Huua TiuNaz Iinaans lags1uNani1 SGDM
A ~ v W ~ 9 @ . . R 1 Y
11109910 ADAM #ina Inmsd§usasinisiseuiuuuuilsiy (Adaptive learning rate) F9%29 14
= = g A A VY v Jaa ' 3 Yo
msindou Tuaalinnusiaduazliddesnmlumsguhgradnsnaniediunuladga (nmw

N7-8)

d‘ a a ] L Y a R o (% [ 1
M3190 1 dseansnmedlasainelszamuuuasu 1agdu uaz danesnudmiulsuilgean

o ) YRR {

aol Y] .. o 1 <3
UINUN (Optimizer) Gll!f‘ﬂﬁﬂ”ILLHﬂﬂTWﬂ']fJLiJﬁﬂWHﬁfU”I'J 3 Wu‘§1Uﬂ1§Wﬂﬁﬂﬁ

Modal Accuracy (%) F1-Score
MobileNetV2+SGDM* 89 88
MobileNetV2+ADAM 92 92
ResNet101+SGDM 93 93
ResNetl01+ADAM 95 95

*M U811 § Stochastic Gradient Descent with Momentum (SGDM) L@ ¢ Adaptive Moment

Estimation (ADAM)
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Results.
Validation accuracy 9333%

Training finished. Met validation criterion
Training Time

Start ime. 31-J3n-2026 132010
Elapsed time. 32 min 50 sec
Training Cycle

Epoch 10f10
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Iterations per epoch: 1680
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50
teration
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Training (smootned;
Training
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Loss.
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Training
@®Final i — -0 - Vaidation

Accuracy (%)

50
eration

Training Progress (31-Jan-2026 14:11:25)

Epoch 1
poch | \ | [

Results.
Validation accuracy 9472%
‘Training finished Met validation criterion

Training Time
t time: 31-43n-2026 14.11.25
Elapsed time. 28 min 52 sec

Training Cycle
Epoch 10f10
Heration: 66 0f 16800
Iterations per epoch: 1680
Maximum terations 16800

Validation

Frequency 3 serations

Other Information
Haraware resource: Single GPU
Leaming rate schecule:  Constant
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50
teration
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Training (smootned;
Training
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Training
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100
98
96

95 95
94 93 93
92 92
92
90 89 M Accuracy
88

88 F1-Score
86

84

82

80

MobileNetV2+ADAM MobileNetV2+SGDM ResNet101+SGDM ResNet101+ADAM

Performance Score (%)

MNA 9 1SeuNeua1 Accuracy (%) azA1 F1-Score Y04 1310 MobileNetV2 t1ag ResNet101
1ag Optimizer ADAM (Adaptive Moment Estimation) 68¢ SGDM (Stochastic Gradient Descent

with Momentum)

vinmsAnyazauuuiiaes Inseielszamuuuneu gy (Convolutional

@ 9 V4

4 o [ < 4 [ a
Neural Networks: CNN) 1o 1Unn ma1emaanuga1d 3 wug 1aun 411v1aenuza 105,
917 AV15 wazd11 nve6 TasnfFeumeulssansammserinaaaifasnisy MobileNetV2 tag
1 I} @ a [ 1 a 4
ResNet101 52ufuns1¥6anes Aulsua1misiines (Optimizer) 2 3UuUD A SGDM 1oy

Y o dy A
ADAM ﬁ']i]']iﬂﬁ?ﬂwﬁﬂ'ﬁﬂﬂﬁﬂ\‘]ulﬂﬂﬂu (mMMN 9)

=S a a o
mamsfseumguilszansmnveanuuiiaeg
wuNanfaenITuILY ResNet101 N4V aN03 Ny ADAM Uilszansam

o v 7 ~ 1 [] o 1
Tumsswuniugingsiga Taeldnnnuuiugisin (Accuracy) gadasosas 95 uaziinuow

Q

Suanes (F1-Score) N508as 95 599a3u1A0an117nenss1 ResNet101 52111 SGDM (Soeay

93) tiay MobileNetV2 597u1 1 ADAM Gogaz 92)a1ud1au luvaznanidansnssy

o

v v 1 v [l Y
MobileNetV2 N1%1191U5271 SGDM l¥aanuuiudidinganiosas 89 Fawan1inaaoil

Q
=

<3 J § ] J o
uam“lﬁ’mmmmﬂmmm ResNet101 ﬁﬁﬂ’ﬂhﬁﬂﬂl@\ilﬂ%@"lﬂﬂﬂ1ﬂﬂ’ﬂ quITEnNa

[

' S 9 Y 1 .
FIt ﬂ‘]elﬂl%!ﬂu"U’f]\‘iLllﬁﬂell']'J]lﬂ@ﬂ'ﬂ MobileNetV2
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= [y a [V a d
wamsifSeuneudanasnuliummaniines
Y

A1INAADINUIINT 1¥8ane3Hy ADAM sauduuuuIIaesnsdssda1faenssy

v P "o 1 Yo a = " o A
awnsoliwaansnlianuindigan s goanes iy SGDM ad1dany Hoannna Inns
YFusasImsizouiuunuisiu (Adaptive learing rate) Y99 ADAM HAMIMAIZANADNS
= 9 o Aa o Y o q ¥ o v 9 L Y
Andoudoyanmaishinnusudou mlduundassansogimimaaninanga laed1s

q

< A A '
FIALIWLASULEDYTNINNINNIN

HamsIATIEHANUEANEIAl UM IUN

DINMIAUATIEHILNI AFANUAAY (Confusion Matrix) (MW 10) VosuuTIa0aA
figa (ResNet101 39110 ADAM) WuTwuusiaesaunsadauend iy aenuzd 105 18
wiudfiga Guungndes 1,193 21w vinanua 1,200 nm) et lsiam danudesidaly
MIBWUNTENTNTIINUS 115 1Az NU6 MINTigA 1HBINNANEAULNINBANABUBNVDS
mﬁwﬁ’nﬁ”maﬂﬁ’uﬁm%ﬁﬂmmﬁ’mﬂﬁaﬁ’u dawaldidamsineduauszuiieiusuiiay
113 o Taoilumsiuedn avis Aaduilu nue 1uau 76 w nazshunednn ave Aad

a3 ° A
Wy AULS MUY 37 NN (91NN 10)
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Predicted Class

272020
uza 105

naui1d N6

2772020
uza 105

na1bd

Actual Class

N6

MW 10 Confusion Matrix $1UIUNNA TG ResNet101 39171 ADAM Megnuazia
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