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ABSTRACT

Nichakon Malaengphu 2025: Seed Physical Purity Assessment of Sunn Hemp Using
Convolutional Neural Networks. Bachelor’s special problem in Agricultural Science,
Department of Agronomy. Special problem advisor: Assistant Professor Damrougvudhi

Onwimol, Ph.D. 39 pages.

The major challenge in Sunn hemp seed production is contamination with seeds from other
species that share similar physical characteristics, such as morning glory seeds. This research aimed
to 1) explore the artificial intelligence application for analyzing Sunn hemp seed images and 2)
evaluate the physical purity of Sunn hemp seeds. The results showed that the pre-trained Inception
V3 model, using the Adaptive Moment Estimation (ADAM) algorithm, achieved the highest
accuracy of 98.10% compared to other models like VGG19 and GoogLeNet (ImageNet), which
achieved 97.37% and 98.00% accuracy, respectively (using the ADAM algorithm as well). These
findings demonstrate that Inception V3 with ADAM is highly effective in distinguishing Sunn
hemp seeds from morning glory seeds. This may be attributed to Inception V3's architecture, which
is well-suited for complex image processing. Therefore, it has the potential to be applied for

assessing seed physical purity on mobile phones and production lines.

Keywords: Sunn hemp seed, physical purity, artificial intelligence, Inception V3
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VAN augaga lumsSouiuazanagauanyuzdiagnnmudanug uaziiy

Y
mguanan lumsdonld CNN dmsuauil

Tnssviglszamuuuneulagiy (Convolutional Neural Network)
TasaelszamuuuasuTigdu wie CNNs iluTasshelszamidsunuuiionlal
F19m181 (feedforward neural network) fignoenuuuuuufiirmitodssuranatoyadd
Tassadauuunia iy 3in1w (IBM, 2020) CNNs J1lsz@niniwedrauinlunissanisiy
s munalvg) iesnnamnsaldiss TewinnTaseadeaesiaveadoyald (UFLDL,

2020) LUIAANANYDI CNNs Aon1550uiAuanyMy (features) TABATIINTOYAHIY



[ o o < '
N3z UMY 3989n509 (filter optimization) ¥11% CNNs (Ju Tnsevrelszamifeunyy

i’jau"lﬂﬂ’fnwﬁﬁﬁﬁﬂﬁﬂ%’uﬂgq (regularized) (LeCun, Bengio, & Hinton, 2015)

1o lanSeundAgues CNNs Aeanuansolumsananadnyazinoavesldlag
[ wa X 1 [ a KR gﬂ A A 9 = [ Sldl
99 TulA FIUANA1NINOaNDI NUUVVALANNADINMToONUUURMANYAE TAsHFEI¥ DY
a <) a dy v A ozadl o v A 1 o 1
(W 3115zneuna, 2562) uenaIntl CNNs delinudutiandnynenu luuilsiuaenis
A o Il R . A . . & g Aq Yo
IOUA UL UN (shift invariance IO space invariance) G]NL‘ﬂuWau1ﬂ1ﬂﬁﬂ1ﬂ@fJﬂ’i’iiJ‘VliﬂfG]’Jﬂi@Q
1 ) %’ @ . 4 o 4

(convolution kernels) NTN15141191 111117 (shared-weight) uazuﬁau“lﬂuu%’ayjauu%’uﬁa

9 v oA [l % [ A o o Aa 1 ~ [
ﬁiNNaa‘Wﬁ‘wllumJ5wu@aﬂmaausslummmiﬂmmwumﬂmaﬂymz (feature maps) (LeCun,

Bengio, & Hinton, 2015)
1 (Y3 v Y
ﬁ]uﬂi%ﬂ@'ﬂ‘ﬁaﬂ‘ll'(’]\ﬂ'ﬂ53%181]53@17]!!”1]?]@1—!1]9“]”—!

v v
Tag 11 TasenedseamuuuneuTigdulsznoualesu (layers) vanawilszinn

1 4 o 4 a 4
1&un Lawmﬂfmhg%u (Convolutional Layer), tatg® 39 aad (Pooling Layer), LlaglalgD

— CAR

— TRUCK

— VAN
O ]

Wougiodugaliu (Fully Connected Layer) (IBM, 2020)

~
s

— BICYCLE

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN FULLY SOFTMAX
CONNECTED
FEATURE LEARNING CLASSIFICATION

a2 Tassadumsihauaes TassnedszamuounonTogsu

fan https://www.mathworks.com/discovery/convolutional-neural-network.html)

Tassnelszamuuuneulgiulaaa GoogLeNet (ImageNet)
A AYy o A . < AY Yo
GoogLeNet (ImageNet) H3oN 59011110 Inception V1 iludnifaenssu CNN 1 laswy
o v Aawv I (Y]
MInau laeiini9evo Google uamﬂué’%uﬂummmwu ImageNet Large Scale Visual

4
Recognition Challenge (ILSVRC) 1sz#11 2014 aslaenssuiitinnulaamualonsly



R g ] { @
"Inception modules” FuYUnIwMIUsTIIANALVVVIUNYTERRUAIBAINTBY (filter) VUIA
9 9
AN (1x1, 3x3, 5x5) UALFUNTIINNGN (max-pooling layer) mseenuuuruilIelviaTeve
v

= o ~ Y v ) o q ¥ a Aa
ﬁ'lﬂJ"lﬁﬂﬂ\?ﬂﬂlﬁﬂHﬂlg (feature) ﬂﬁa’lﬂﬂﬁ’lﬂﬂ’]ﬂﬂ'lwvlﬂw3@ﬂﬂu ﬂ11ﬂﬁ1ﬂ1503lﬂ31$1’i‘3@]f}1’]ﬂ

VNALazanyAzLAna1In Y Iad19Tse AN (GeeksforGeeks, 2021)

Pittan, M R, and Divya (2019)181/52gnd 19 Tuiaa GoogLeNet 1ag VGG-16 11n13
swuniiy Tagldanyuzvouduly (leaf venation) Tasumsinuaznagoudieyatoya Dleaf,
Flavia 1182 Leafl Taal9@281104n CNN Uag Sopport Vector Machine (SVM) W31 T3t @
GoogLeNet (ImageNet) fzusaneseiuiilszaniammilond Tuaa VGG-16 7t 99.2%

UugAtoya Leafl Tagldaasuiun SVM

B
aafaajudiyh
0 B

21 3 Taseadremsrhauves Tuna GoogLeNet (ImageNet)

flan : https://paperswithcode.com/model/googlenet

Tassnglszamuuuneulgiulinaa VGG19

< @ I
VGG19 #wimuilag Visual Geometry Group 910 University of Oxford 11l
a2 Ad Ay s
aotdaenssu CNN !ﬂf\iﬁﬂ‘ﬂl‘ﬂu‘ﬂg Glumummziﬂmwua ﬂ'J']iJaﬂ 1l5e ﬂﬂﬂﬂﬂﬂlﬁ!ﬂﬂi'ﬂﬂ
9 9
HWIVUN 19 ¥ (16 convolutional layers (482 3 fully connected layers) (Simonyan & Zisserman,

2015)

Nguyen, Thanh-Hai, Nguyen, Thanh-Nghia and Ngo, Ba-Viet (2022) 310013 ANy

d‘ [ a 4 [ A 9 ] o =X o A
lﬂfJ'Jﬂ‘]Jﬂ"lﬁ?]l,ﬂﬁ"lgﬁlmgﬁi')ﬁ]i]'ﬂTiﬂ‘WGIf "lﬂﬂ'}]"lﬂJlﬂJufJ"lfN 99.72% Glumsmuuﬂmiumma
9 1 % 1 =) 9 a ] 1 1% 4
ne Tﬂﬂﬂmm VGG19 5'Jllﬂ‘]JfﬂiﬂTEJ‘ﬂ'E']ﬂfﬂilﬁﬂugllagLﬂﬂuﬂﬂ’lillﬂﬁﬁﬁuﬂTW WNAQND

o

Y < ' = a a o o o 9 A 9 Y
LLﬁﬂQi‘WL‘WH?TIN!ﬂﬁ VGG19 Nﬂigﬁ‘ﬂﬁWaLm$ﬁ1ﬂ1§ﬂwwu1ﬁ1ﬁﬁﬂ°§ﬂﬂl@3§‘ﬁﬂ"IW‘V] ']J“]fi’]ullﬂ



VGG -19 Architecture o6

224x224x64
112x112x128

N — \
I | \\ 56x56x256 / <
w 28x28x512
e \\ . 14x14x512 5,7.517
- o 1 ey :' /
e
\ maxpool | maxpool maxpool maxpool
\ma"p°°l depth=256 depth=512  depth=512  §jze=4096
depth=64 depth=128 3x3 conv  3x3 conv 3x3 conv EC1
3x3 conv 3x3 conv conv3_1 conv4_1 conv5_1 FC2
convl_1 conv2_1  conv3_2 conv4_2 conv5_2 Size=1000
convi 2 conv2.2 conv3_3 conv4_3 conv5_3 Softmax
conv3_4 conv4_4 convb_4

MM 4 Tassadumsmauvesluea VGG19

flan https://www.geeksforgeeks.org/vgg-net-architecture-explained/

TnssnglszannuuuneulgFulaaa InceptionV3
X g 1A Ao o A ~
InceptionV3 tiluguiawndrnn luaszgagantasnssuaievislssarmiiounuy

2 g o { o o Y
convolutional Y94 Inception G?Mﬂm;mmmuumamﬁwmuﬂ@ﬂ Google llﬁ’gﬂmmuaﬂimiﬂ

v A

a A ' X A a o ~
Tuanuitentyen "Rethinking the Inception Architecture for Computer Vision" FIANUN Iud
. 9 2 o 3 A& ' ' 9 Y 1 .
2015 InceptionV3 @I WUYUUUANUAUTIWUTIUVDITUNDUN U llﬂl,!,ﬂ ﬁﬂ1ﬂ§]8ﬂiill Inception
Y
AAY (GoogLeNet "3 0 Inception V1 LL81¢ Inception V2 ﬁ;mﬁ’uwaﬂmmmmammu
. A ) A A A Y = y X o q ¥ ~ ¥
InceptionV3 AoN1sEs1IATeV I8l sE A I MNINNNIaNULATNII9VU m“lﬁmmmwﬂug
vad o Y é’ =y v I3 Aa A ag v [
AUTNUANTUFDUNINUYU Tuvazmernunidseaniamunyuluudveansneinsnig
o o a s A =} [ 1 1 9 A 9 Y [ dy
ATUIUULASITUIUNITTUIAD T L‘JJ’E)WIEJUﬂiJT?JWIﬁEUﬂ@UTTUT LW@i‘I’TUiﬁQ!ﬁIJWTT‘JJ']EJLﬁﬂTU
. Y 1Y a L] d' I} [
InceptionV3 llﬂ'i’lllLf)”lfﬂiﬂiﬂﬂ?ﬂﬁﬂ?ﬂﬁﬂﬂﬁﬁJllﬁgmﬂuﬂiﬁﬂﬂ naelszms amgunugu

ABUNIN (Szegedy et al., 2015b)

v vy &y va = a4 P
anumamihmariazdeonldimudnnunsoweduasiiiodluavimszoufizan
4 o A o o o 2 :
ioanandaenssunuy Tugarindudounaz 1d5unsdsulgaldavu Feamnsoadi
] Y
auganfvusznIdsz@nsmwmsmuintazanuuindigedimsunuasininas
A Ja o A Y ] . ) Yy 3 =
ADNNIADS INAN DU AUAINI9IN Inception V1 1183 V3 naaeldimiudanszuiuns

Y 1 1 4 U a a
U5ulzeah9 Taglasuusandanauninanudesmsedwaoitioslumsiioilgelsednsnm
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™ [ { A dal 2 A 9 (% = A 1
“lwumzﬁ%ﬂmﬁﬂ‘ummé’fmmsﬁ’mmiﬁwmmﬁmmu FUNIIVOINUNITANDUTUIATOUY
i = v 9 dal (] = a A
UseamimeunaniazFugounInUUoe19ulssansnm

P
a K [

. Y o Yo & a = 1 ~
InceptionV3 llﬂQﬂunﬂcl‘]f?ﬂlj’ﬂGlufnﬁﬂﬁgLiJuﬂ'J']iJLﬁfJWWfHJﬁ%LﬂTIWNC] NnnNAvYUNY
A = = A a o o A Ay v )
NWHHANNWNNITIINHAT 3’33JE]\1ﬂ'JTlILﬁEJ‘H'IEJVILﬂﬂﬂ1ﬂ“VI\1Tﬁﬂllaz&"fﬂgW‘lﬂ ﬁﬂTﬂﬂﬂﬂﬁﬁNuqﬂllﬁﬂﬁﬁlﬁ
<= o ] ) A 1A 1 A 2 ] ) =3
!.‘H‘Llf]\153ﬂ‘Uﬂ'ﬂi]!ti]uﬂ"lf;fﬂiuﬂWiﬁﬁuTiﬂﬂﬁ\iWﬁﬂig‘ﬂUﬁﬂWﬂS MU IRON SINANVLNUIIFION

99.85% (Maeda-Gutiérrez et al., 2025)

Input: 299x299x3, Output:8x8x2048

Convolution Input: glgp;;w
299x299x3 x8x:
- :4\;%‘;%‘3 Final part:8x8x2048 -> 1001
@m Concat
@m Dropout

@m Fully connected
& Softmax

2 5 Tnssaieamshauuesluaa InceptionV3a

30 : https://viso.ai/deep-learning/googlenet-explained-the-inception-model-that-won-

imagenet/

Y @ J 9 9 =2 A o & 9y a a .
AIYLNANAAINATINIVINAY Lﬁ'm\1llﬂ'J']1]Fﬂ1!ﬂu@]@ﬂﬂﬂﬁﬂﬂﬂi3ﬁﬂﬁﬂ’lwmﬂﬂ pre-train
A o J o aw Y 9 a Jdo @
CNN model LW@‘U?5@3@]Qﬂi$ﬁﬁﬂwaﬂ%ﬂﬁﬁ1u3ﬂﬂ llﬂl!ﬂ ﬂ’liﬁ’lijﬂﬁiymu'lﬂ55@%15’]“5‘Uﬂ’]5
a @ ' & o 2 - ~ £ 4 o
'JLﬂi’lZ‘Viﬂ’lWﬂ'IUHJ'L:I@WH‘]E“]J@!W@Q Llagﬂ'ﬁﬂﬂﬁ'ﬂﬂﬂﬂ'lﬂﬂiqw‘ﬁﬂ'l\?ﬂ’lflﬂ’lWGU'ENlﬂJaﬂWH qﬂ’f]

A
o3


https://viso.ai/deep-learning/googlenet-explained-the-inception-model-that-won-imagenet/
https://viso.ai/deep-learning/googlenet-explained-the-inception-model-that-won-imagenet/
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U

G <
1. MIAIBNNAANY

o

v J

<3 A R 3w <] o @ . 1
1.1 14an uqﬂammuamﬂuﬂ lﬂ‘lliﬂ‘]&l1&3JﬁﬂW1!§1quﬂUﬂ’]ﬂ’]ﬁ (Hermetic bag) FIIUF

ke

a =

@ < . { v v
ﬂUi%ﬂJﬂﬂﬂﬂ?’lMsﬁu (Drying bead) ﬁqmﬁﬂll 10 — 12 aNAssLya e ﬂ’JﬁlﬁJ%UﬁﬂJWﬂ‘ﬁﬂﬁgﬁJﬁlﬂl 7

U

J

-4 o ° 3 o
Lﬂ’é]ﬁlﬁlmﬁ %uﬂﬁzmgﬂuﬂﬂmﬁammmwmaﬂwu‘ﬁ

a
] V4

o a [ Y] <3 @
1.2 ﬂ1!1!1!ﬂ"li?QHJ@]UﬂﬂTQLNﬁﬂwuﬁﬂﬂlﬁﬂﬂllﬁgWﬂ‘]_jjﬂ A1uNg ISTA (2023) uag

v & 1 v v o Y s A < A
UuﬂﬂﬂTWf]']fJﬂ'JﬂTWﬁﬁWﬂWﬁ@NLﬁuauﬂﬂ@N’]Tﬂﬁ FUAAS 5,000 LUAA (MANUINT 1 LAY

)Y

=

A [ v K U v 3 a 4 A
NARUINN 2) NIUAINITUUNNNIN G]Nﬂ'lWﬂ?ﬂ%gﬂﬂlﬂﬂq'ﬂUﬂ@MW’Jm@i (MANUINT 5 1AL

s o =R

{ @ 1 < @ Y v a Jd o
ﬂ'lﬂN‘Ll'Jﬂﬁ 6) V’I’JE]EJ'NL?JQ@]WHTTV]‘]JHT]ﬂﬂ1WLLﬁJﬂggﬂﬂﬂlﬂﬂllﬂﬂiuq\i'ﬂ@jhlﬁEJNW’E]?JQ J3UNY

q

{ 9y a9
ﬁ15@@ﬂ’ﬂﬂ%u mﬂmﬁm’;mm%nnwm

Y

a d
2. MRy

51902100 IADNNUA0S B2 u1aKWa CPU INTEL CORE i5-13400F 2.5 GHz (

SOCKET LGA 1700) ¥112813217amausy 16 GB Hazn15aa0 RTX 3060 (GDDR6 12 GB)

'
]

2.1 auiumsdsunlasuvinaveanimaiendamu'ld $1191 10,000 NIW 1AANY
= ~ . A [ dy Y
az198af 3024 x 3024 pixels laaiasuvianiuaoidnenssy asil adel1dsunsu MATLAB
~
R2021a (MWHNUINN 7)
A I = A
1.1 GoogLeNet (ImageNet) 11az VGG19 tilasuiluainuazidean 224 x 224
pixels
. ~ I = A .
1.2 InceptionV3 1asuiluanuazdeain 299 x 299 pixels
a 4 1

2.2 MIAATIZHANINDY

Taald CNN W1U3T Transfer learning 910 Pre-trained model 31431 3 T31Aa (MWHUIN
~ a 14
11 8) 1/5¢n0UAIY GoogLeNet (ImageNet) Usenouaiellseunat 6.8 aIUMITINBS (Szegedy et

a 14
al., 20152), VGG19 Y32nouaelseanal 144 814W15130t@03 (Simonyan and Zisserman, 2015)
a 4 1
1ag InceptionV3 1U5nouale1szuar 24 A1UN1T15903 (Szegedy et al., 2015b) Taguaas
Tupavz 1y optimization algorithm 2 #1710 Stochastic Gradient Descent with Momentum (SGDM)
] I~ 1 o [

18g Adaptive Moment Estimation (ADAM) TaenN15NAa0IzINITHUIM WY 2 aIudImTy

J 3 4 J 2 o
ﬂﬁﬁﬂ@‘]ﬁll (Train) 70 osigua Llagﬂﬁﬁi?ﬂﬁﬂﬂﬂ’ﬂugﬂﬁ}ﬂﬂ (Validation) 30 losigua S"?])TJEJ
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T1s5un3u MATLAB R2021a #9150 A 1% weemsiouives Al 9nnsmanugndos

HAZANNAANAIN (Accuracy and loss validation) (Gurney, 2018; Kelleher, 2019)

2.3 msdlszdiudnenmmadundie InssinelszamuuunouTogiu
a [ o <3 v Y [}
UsziiudnenmmsswunwaanugleiowazAntjsdie Tnselssamununou
9
T’Jgﬂf A28 Confusion Matrix HN13A 11!3&!?11%1@‘]@3’?! Accuracy, Precision, Recall/sensitivity

1ag F1 Score faaums (1 — 4) Tagan lageunndeazioudnen1nmssun (Ghayoumi, 2021)

TP +TN 1
Accuracy = 4 T FP+ TN + FN
. TP 5
Precision = TP+ FP
TP
Recall = TP FN 3

Precision * Recall

F1score=2x 4

Precision + Recall

v 9 a2 =} v

1) True positive (TP) A wahl Iuaasinnensenudoyassdlugtiansimainosan

v 9 a2 o v A

2) True negative (TN) Ao Haf luaaiiugAanutoyavs e IusiansnmaIna1san

Y

Yo w

.. A P~ o a o 9 a A A A ]
3) False positive (FP) Ao wafl luaavhuneranudeyavsalustiane luldids
W5
. A =~ o v 9 a2 a A A M Yo o
4) False negative (FN) fi® wa‘wTumammﬂmmmayaﬂiﬂumuﬂwwllu"lﬂmm

N1TU



AOIUNUAZIZHZIAINTINIVY
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2. 52821IAINTNNIVY

SUAUAOUAAINN WA, 2566 D9 ADUNNTIAY W.A. 2568
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a d
WHalazIv1I
a a £ I 4 A 9 [l
Han13dsziiuANNUIgNINIMenInveuNaanuglomedle Inssuielszam
nuuAoU g FUHIUITNT01eN0ANTIToUS (Transfer Learning) 910 Pre-trained model $1171
y 1 . ! Y =X
3 1D 141N GoogLeNet (ImageNet), VGG19 1182 InceptionV3 Tag Tutaauaazuuy lagnin
Y Y

ﬁ’wmumm%ﬂﬁuﬂgmmuﬂ (Optimization Algorithm) 91U 2 LUV D Stochastic Gradient
Descent with Momentum (SGDM) (46 Adaptive Moment Estimation (ADAM) Learning rate T

0.0001

a 4 1 1 1 [ o ° ] 1
ADNITAUATICUNUIN Tmﬂmmaz!,Luuelﬁ}mmmuuuﬂﬂumsmuumgiumq 90.77%
= . P o Y1 1 o =
D9 98.1% Iﬂﬂ InceptionV3 FUYULVVII0IVUIANA lemﬂmmmumqm‘fﬂ (DINN 8)

A =2 3 o 3 = = =
5098911AD GoogLeNet (ImageNet) FuTUuULTIA0IVUIAEN (N INA 6) TUIULN VGG19 39

o
o A

IS o A A @ Y1 ] ) A Jd o J
Lﬂmmumaammumiwmmqw ﬂﬁ‘]JGlWﬂ1ﬂ'J'liJLL3JHfJW] ‘ﬂq@ (MmN 7) ‘]_Ii'lﬂg‘]ﬂTimﬂ\iﬂEﬂ’J

o a { 9 @
ﬁ]'li]ﬁﬁ'll,ﬂﬂinﬂﬁiﬁlﬂﬂﬁ'lﬂﬂﬁgﬂ'ﬁ 21N fﬂiﬁ VGG19 Gl@\‘lﬂ'liﬂiWEﬂﬂiiUﬂWiﬂﬁgﬂJ’JﬁWa’s;f\i

A o a J A ~ @ A A o 4’! = [
uaz3Jfnm’;u‘w15mma5mﬂmmﬂ‘%&umaunuﬁmﬁmmimuq TIﬂﬂW@JHT’UuGLuQﬂLﬂEJ’Jﬂu

U

'
A

' [ . 9 [ 9 2
W3oguInuna Tae Inceptionvs Wifhwunelumsanagueauiianlganimganiounianniss

[l Y
algnelumsmuisvesluaa (DigitalOcean, 2025) FIUUANAININ VGG19 TuauIdeiioy

l
=~ [

(Y a R = 9 ~ Y v I 1 a =R A =~
NUIDANDINY ADAM NLLH’JI‘L!ZJ‘V]%&El’l’iNﬁﬁW‘ﬁVlﬂﬂ’JTf)ﬁﬂ’é]ﬂ/liJ SGDM 1849911 ADAM U

[ v ~ Y LY . . . = 1
ﬂaVI,ﬂﬂﬁﬂ‘i’UEJGI‘ﬂﬂﬁL‘iEJugLL"U“ULL‘]JiN‘Ll (adaptive learning rate) (Kingma & Ba, 2014) 4%

Y = = <3 = = T Y v A
TimsdnTuaa CNN Ianusiasuaziedesmwlunmsgringuadwsnand



Training Progress (06-Jan-2025 23:27:12)

100 =
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oy
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Epoch 1
0 1 1 1 1 1 1 1 1 1 )
0 10 20 30 40 50 60 70 80 90 100
Iteration
15
g 1
o
3
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L
-— o —
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Iteration
Training Progress (10-Jan-2025 14:18:31)
B Final
g
[y
§
10+
Epoch 1
0 1 1 1 1 1 1 1 1 1 J
0 10 20 30 40 50 60 70 80 90 100
Iteration
15
1
3
o
5
05
\
0 AN ~e ®Final__, _ Epoch 1 1 1 1 1 )
0 10 20 30 40 50 60 70 80 90 100
Iteration

Resuits
Validation accuracy:
Training finished:

Training Time
Start time:
Elapsed time:

Training Cycle
Epoch:

Iteration:

Iterations per epoch:
Maximum iterations:

Validation
Frequency:

Other Information
Hardware resource:

Learning rate schedule:

Learning rate:

16

97.53%
Met validation criterion

06-Jan-2025 23:27:12
7 min 1 sec

10of5
69 of 8750
1750
8750

3 iterations

Single GPU
Constant
0.0001

Accuracy

Training (smoothed)

Training

— -@— Validation

Loss

Resuits
Validation accuracy:
Training finished:

Training Time
Start time:
Elapsed time:

Training Cycle
Epoch:

Iteration:

Iterations per epoch
Maximum iterations:

Validation
Frequency:

Other Information
Hardware resource:

Learning rate schedule:

Learning rate:

98.00%
Met validation criterion

10-Jan-2025 14:18:31
4 min 32 sec

10of5
33 of 8750
1750
8750

3 iterations

Single GPU
Constant
0.0001

Accuracy

Training (smoothed)

Training

— @ — Validation

4 1 o a a £ < v J
ﬂTINﬁ 6 ﬂ'ﬂmmufﬂﬂlﬂ\?ﬂTi'ﬂiglﬂJL!ﬂ'ﬂllﬂ5’(,:{1/1ﬁ‘V]Nﬂ"lfJﬂ"I‘W‘UﬂQLﬂJﬁﬂwuﬁﬂﬂlﬁﬂﬂgfﬁlﬂ

Tuea GoogLeNet (ImageNet) (A) Stochastic Gradient Descent with Momentum (SGDM)

(B) Adaptive Moment Estimation (ADAM)



Accuracy (%)

Training Progress (21-Jan-2024 09:14:21)

lv—‘— —® - — e — @Final

20—
10—
Epoch 1
. | | | | i | | | ! | |
0 10 20 30 40 50 60 70 80 20 100
Iteration
:
—e—e——& = —®Fn | Epocht | | I | | |
0 10 20 30 40 50 60 70 80 920 100
Iteration
B Training Progress (21-Jan-2024 09:29:05)
*
&
=
3
<
40—
30—
20
10—
Epoch 1
. | I ! | P | | | ! | |
0 10 20 30 40 50 60 70 80 20 100
Iteration
o
g
<®rina | Epocht | ! ! I ! j
30 40 50 60 70 80 920 100
Iteration

Results
Validation accuracy: 97.33%
Training finished:

Training Time

17

Met validation criterion

Start time: 21-Jan-2024 09:14:21

Elapsed time: 1 min 32 sec

Training Cycle

Epoch 10f5
Iteration 24018750
Iterations per epoch 1750
Maximum iterations: 8750
Validation
Frequency 3 iterations
Other Information
Hardware resource: Single GPU
Leaming rate schedule:  Constant
Learning rate: 0.0001
Accuracy

Training (smoothed)
Training
— -@— - Validation

Loss

Training (smoothed)
Training
— -@— - Validation

Results
Validation accuracy. 97.371%
Training finished

Training Time

Start time: 21-Jan-2024 09:29:05
Elapsed time: 1min 59 sec
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Tuaa VGG19 (A) Stochastic Gradient Descent with Momentum (SGDM)

(B) Adaptive Moment Estimation (ADAM)
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90.77%

Training finished Met vaiidation criterion
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Training Cycle
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Tuaa InceptionV3 (A) Stochastic Gradient Descent with Momentum (SGDM)

(B) Adaptive Moment Estimation (ADAM)
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Model Optimizer Learning rate Accuracy (%)
GoogLeNet (ImageNet) SGDM 0.0001 97.53
GoogLeNet (ImageNet) ADAM 0.0001 98.00

VGG19 SGDM 0.0001 97.33
VGG19 ADAM 0.0001 97.37
InceptionV3 SGDM 0.0001 90.77
InceptionV3 ADAM 0.0001 98.10

q‘ = 1 o ] ..
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SGDM = Stochastic Gradient Descent with Momentum

ADAM = Adaptive Moment Estimation
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True Class

1 2
Predicted Class

MNWN 9 Confusion Matrix InceptionV3 9ane3 Ny ADAM (Learning rate 0.0001)
AN
*Class 1 Yoinos (Crotalaria juncea )

*Class 2 ﬁﬂﬁd (Ipomoea aquatica)

Accuracy 98.9%
Precision 99.5%
Recall/sensitivity 96.7%
F1 Score 98.1%

M99 2 Accuracy, Precision, Recall/sensitivity ita1& F1 Score
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FILE APPS

b Em ﬁ . » C P Users » iny » AppData » Local » Temp » 1486¢352-40b2-445¢-9988-18398deef32_confusion_matrixzip.f32

urrent Folder

[Of Command Window

) Name~ Jx >> % Set the path to the folder containing the images | Nix! the original file
E]confusion_matrix,... % will be REPLACE

folder_path = 'C:\Users\m‘d\Pic:ures\sunnihemp\224 X 224\inert’';
% Set the desired image size
target_size = [224 224'];

% Get a list of all the image files in the folder
image files = dir(fullfile(folder_ path, '*.jpg')):
% Loop over each image file
for i = 1l:numel(image_files)
% Read the image
img = imread(fullfile(folder path, image_files(i).name));

% Resize the image to the target size
resized img = imresize(img, target_size);

% Write the resized image back to the file
imwrite (resized img, fullfile(folder path, image files(i).name));

end
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