M5E15IBUAETRIUY 195, VN 46 aUu<l 1 UnsAL - HurAu 2566 81

N13IMUNANGNVBMEABUANAAABNTTEUZTIEN

*

Uyaasse uaidn' uaz §Asau Asudsinuna’
anUuddinTLUIINSAEns o.1@s e wuIraesdu wauanzl ngaunnm 10240

* Corresponding Author: thitirat@as.nida.ac.th

1

? 91919¢ Aaizadiuszens

unAnwseAvUadnfny) Aalsainysyensd

tayaunaliy

UNAMYD

UszIAUNAY :

Suifiofinnsas : 8 Wwsy 2565
uAle : 28 funau 2566

AOUTU : 30 TuAu 2566

DOI : 10.14456/kmuttrd.2023.6

gty lssatatdudidiludssmAlneideniihaulfdufusdusss
ANNGNVDIMEANEUNANANMIBAIEAT aqm%’u%a Fafnuszautlgynsd
winwUssiiunnuanuemeaeUduaninnan dwalilssadinid
Undudidununisiuiensansundugeninund enidediedinguszasd
WeadisfuuuysziannsFoudidsdnlunsiinszinimaienzany
Unduaniilosuunussinnenugnueszaeunduanlfegnagnios :nea

Adfsy : Jyguszhvg /  n1smeass wudl fauuy ResNet50(C) 1uiuuudslid Adjusted Accu-

ARNImaTIvIAY / N13ReusITeEn
/ Ms3wmungunm / Grad-CAM

racy Aigadl 90% lne F1 score vaausiazUszLamAIANgINIn 80% Lsi
Jusuuudsdivunalngwarlinaadelunsnegeuuiu (405 MB, 2.48
A9 (GPU), 3.27 3u1di (CPU)) mﬂiﬁmmﬁﬁmﬁwmmaﬂﬁaufuuﬁl,éﬂ
awazldanedslunisnageuiidity awnsafiansaundenldfuuy
DenseNet121 (Train from Scratch) @sls Adjusted Accuracy 86% R
AINIEILUU ResNet50(C) 18ntioy usdsmsdl F1 score woausaz Class
gen31 80% luvaugAimnuuivuindnasuarldnaadslunimeasy
%1% (100 MB, 1.76 Wt (GPU), 2.56 Fundt (CPU)) Samfsiimnnamusu
Aonsasuulasinnuainswasnmanslda (@ -70 8¢ +70 91nAW
#1199 uEILAAUNR)




82 M5E15IBUAETRIUY 195, VN 46 aUu<l 1 UnsAL - HurAu 2566

Oil Palm Fresh Fruit Bunch Ripeness Classification by Deep Learning

Panjawat Saechen' and Thitirat Siriborvornratanakul®

National Institute of Development Administration, Seri Thai, Khlong Chan Bangkapi,

Bangkok 10240

* Corresponding Author: thitirat@as.nida.ac.th
! Graduated Student, Graduate School of Applied Statistics.

? Lecturer, Graduate School of Applied Statistics.

Article Info

Abstract

Article History:

Received: April 8, 2022
Revised: March 28, 2023
Accepted: March 30, 2023

DOI : 10.14456/kmuttrd.2023.6

Keywords: Artificial Intel-
ligence / Computer Vision /
Deep Learning / Image
Classification / Grad-CAM

Currently, palm-oil mills in Thailand employ staff to visually assess
the ripeness of fresh palm bunches at point of purchase. This practice
suffers from some limitations; the staff sometimes misjudges the ripe-
ness of fresh palm bunches. As a result, palm-oil mills have a higher
than usual cost of purchasing palm bunches. The present research
therefore aimed to develop a deep-learning model that can be used
to analyze photographs of oil palm fresh fruit bunches and accurately
classify their ripeness. The results showed that the ResNet50(C) model
provided the best adjusted accuracy at 90%, where the F1 score of
each category was noted to be higher than 80% ripeness. However, it
is a large model and requires a longer average testing time (405 MB,
2.48 seconds (GPU), 3.27 seconds (CPU)). If a smaller model size is de-
sired and a faster average testing time is needed, DenseNet121 (Train
from Scratch) model can instead be considered. Although the model
provided the adjusted accuracy at 86%, slightly less than that of the
ResNet50(C) model, its F1 score for each class was as well above 80%;
the model is smaller and requires a shorter average testing time (100
MB, 1.76 seconds (GPU), 2.56 seconds (CPU)). The model is also highly
robust to changes in the brightness of the photographs (range -70 to

+70 from normal sunlight).
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2.1 Computer Vision & Traditional Machine
Learning
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fufn dmsueddeniiertestunissuunusaan
augnuaszanUdnaniagly Deep Learning s
Fulul A 2018 91n9uddedald Convolutional
Neural Network (CNN) fg@uulszian Pre-trained
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fisurmiinnugnies wimndudshnmdiogunss
AwdsuiuiBsgnareannndesaiegy Mirorless B4
SONY 3nfindnuveILLIEIeania 2 413 (Crop) wiolw
I§nwenogunsedinasudniatnsounquninnieves
nrarwtrduinly waginmdietomnunUiuun
Anene (Resize) Tiwiniu 500x500 pixels Wa233¥1n15
wUsgavasnmatesieisnsduesniu yadeyaseus
(Training set) 70% yavayausziu (Validation set)
15% wae yndayannaay (Test set) 15% Lilelddmsu
N13L38U3 VR UUUTEANNNSISBUSLB9EN (Deep
learning) sall lmguansdruIunInaIenzaIgUIdu
usiazszinnenuanlécd

dl o 1 L3 1
13799 4 RUIWANENEA8UIRNLAFZUSELAN

N7 4 neagtdssanidsaniisiuou
amaneinIUsznd denalvignvesdeyaiianuay
lsjawna (Imbalanced data) fuifieannansenusio
nMsBeuvesiinuudioraiaiymanueudswes
nsvhweUssananuan ludiuveainmnisudeyais
finns9i Data Augmentation fuzpdeyaieus el
Fuvuizsudangadeyaiiianumainnats duyn
JoyaUssiliunazyndoyanaasuarliiinisyin Data
Augmentation Liteliuuunageuiudeyasss Tned
n1susulaiesnisimes (Hyperparameter tuning)
MUANTIT 5

35nN1369Na1 UoNANAEIBAATYIMIAILLANG
vosd U MEELIazUsTlALEY Seievinlidyn
Joyalsyus (Training set) iANuvainvanevesnIngy
Srunntu Faaztrwanilyw Overfitting wagyilvi
snvvannsathluldauluaniunisalasaldd (Gener-
alization)

3.4 fUUY

nAddenldfuuulsmanmaGeudidein
(Deep Learning) oA VGG16 [16], ResNet50 [17],

o Uszanminugnveg v A y - v
Class # " 59 Yadoyalisu; | YavayaUsziiu | Yavayanadau
nzanguay
1 fiu 800 560 120 120
2 Masen 484 338 73 73
3 anuiudi 800 560 120 120
4 gnunniiuly 800 560 120 120
394 2,884 2,018 433 433
dndau 100% 70% 15% 15%
A15797 5 M muaAIRwesvesn1svi Data Augmentation
W15ADS Andifviun W fimes Anfiraun
Rotation range 45 Zoom range 0.5-1.5
Width shift 0.5 Brightness range 0.7-1.3
Height shift 0.5 Horizontal flip True
Shear range 0.5 Vertical flip True
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EfficientNetB5 [18], DenseNet121 [19], InceptionV3
[20], Xception [21] kay MobileNetV3 [22] Wusu uay
I%Lwﬂﬁﬂm‘sﬁ&miléjuﬁ Train from Scratch, Fine Tun-
ing wax Transfer Learning \Jusiu Ingdmsusauuunn
Uszinnuazyninalinn1siseus 92viN156n Pre-trained
fully connected layers aufls layer Ej@ﬁ’]%@ﬁﬁmuu
Auoan waa3whnsiiin Global Average Pooling 2D

Data input

uazsionle Fully Connected Layers, Dropout, Batch
Normalization Aua19U 31UIU 2 Yo waglv Layer
aavineLdu Softmax Function Liteuansuadwnsidu
UszlananugnuemgatgUnay lngaunsauanisny
aziBunnisadaiuuuldnuguil 3 uazannsaasy
FIUIUNTITADTVBITILUUMAAZUTZNNLARUANTI
ii6

@319 Layer 13 nauny

Pre-trained fullylconnected layers

AN

2 I 2| o
P )
ST
. : 2 < Z | 3 g
Pre-trained Model 5| 3| E|% ol |5 g
0 I - T I I - R
11|88 |c|&|&8]]“
=
DIUIU
Train from Scratch > Layer 1%
o
< Fine Tuning > sy
v
Baujusiaz
< Transfer Learning > matia

UM 3 n3af1efluuaIn Pre-trained Model wagdnuwaizvaamalian1siseuiisazuuy
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A15199 6 INUIUNISITMDIVDIILUULFRLUTELAN

fiauu wadansEeui WAUNITENDS | IWIUNITRNDS UIUNIINDF
iFous laléizeus wiana
VGG16 Train from Scratch 15,769,924 3,072 15,772,996
Fine Tuning (block5 8,134,660 7,638,336 15,772,996
convl)*
Transfer Learning 1,055,236 14,717,760 15,772,996
ResNet50 Train from Scratch 26,162,692 56,192 26,218,884
Fine Tuning (conv5_ 17,604,100 8,614,784 26,218,884
blockl 1 conv)*
Transfer Learning 2,628,100 23,590,784 26,218,884
EfficientNetB5| Train from Scratch 30,968,884 175,815 31,144,699
Fine Tuning (block7a_ 13,425,680 17,719,019 31,144,699
expand_conv)*
Transfer Learning 2,628,100 28,516,599 31,144,699
DenseNet121| Train from Scratch 8,533,380 86,720 8,620,100
Fine Tuning (conv5_ 3,739,652 4,880,448 8,620,100
blockl 1 conv)*
Transfer Learning 1,579,524 7,040,576 8,620,100
InceptionV3 | Train from Scratch 24,396,452 37,504 24,433 956
Fine Tuning (conv2d _89)* 8,701,636 15,732,320 24,433,956
Transfer Learning 2,628,100 21,805,856 24,433 956
Xception Train from Scratch 23,435,052 57,600 23,492,652
Fine Tuning (block13 9,416,484 14,076,168 23,492,652
sepconv1)*
Transfer Learning 2,628,100 20,864,552 23,492,652
MobileNetV3 | Train from Scratch 3,097,380 15,184 3,112,564
Fine Tuning (expanded 2,448,916 663,648 3,112,564
conv_10)*
Transfer Learning 1,579,524 1,533,040 3,112,564

* Mea Layer Y99mluufiisuvinsiseuidmiumailanisiseusiuu Fine Tuning
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fkuunnUsznnagldniwn Python lagld Keras
Library uu TensorFlow version 2.7.0 wazld GPU u
Tesla V100-SXM2-16GB lunsiieui tneddnuiusey
miﬁ‘ﬂui 50 epochs W#iag epoch NMUA Batch size
= 32 wayld Adam optimizer lumsiFeudnisfiwes
Tnenuun Learning rate = 0.0001 Wag Loss function
Ao Categorical Focal Loss [23] lngiuunan 01=0.25,
V=20 (fio fduUszansiddmiunisusuiminues
foyaluusior Class lasalimduussavs o unfu
Class fifishunusiegnaties way Y 1ndu Class 7is
AMUEINTUNITIMUN dawali Class fanandazdl Cat-
egorical Focal Loss g4 kagiuuuaziseuilunsdiuun
Class fanaunni Class 8u) Sstaeantgmuos
%@yjaﬁﬁé’ﬂwmﬂﬂama (Imbalanced data)

3.5 mMsussiliunaans
3.5.1 Confusion Matrix
Uszillunaansuasialuunie Confusion Ma-
trix FamnzaufuFILUUNSSUNUsEAT (Classifica-
tion model) lnenagauiu Validation set uag Test
set Tnedifdiauszansamiianunsafiuialdain
Confusion Matrix oA Accuracy, Precision, Recall

WL F1 score F9a1UN50LANINTISAIUINLA $9i)

TP+TN

A T =
CCUTACY = b TN+FP+FN [1]
P TP
Precision = 2]
TP+FP
TP
Recall = 7705 13
2xPrecisionxRecall
F1score = ————  [4]
Precision+Recall
A
IR

TP (True Positive) fis S1urutoyadiiu Class i
wazgninuuTwuniIndu Class i

FP (False Positive) Ao $1urudeyaillaily Class
i wignauuuundndu Class i

TN (True Negative) fio smurudeyaiilafly Class
i wazgniwuuduunIlally Class i

FN (False Negative) fio S1uautioyadiiu Class
i weignsiuuuduunIlally Class |

Tneflifo 1,2, 3 uay 4

(1) A1AUNABY (Accuracy) A AugnABdly
mﬁmun%agamaaﬁy’ﬁumu

(2) AAuwiugn (Precision) Aa ALLuE Y
msdmundeyaindu Class i ligndeuiisuiutoya
wavaafisuundu Class |

(3) A1AUSEAN (Recall) Ao AUANNNTOUDIA
LLUUIUﬂ’]iﬁ’]LLUﬂ%/Em‘JaﬁLﬂu Classi Lﬁ"al,ﬁﬂuﬁwﬁ'a;ﬂaﬁ
Hu Class i vavin

(4) ArArmEnana (F1 score) ¥ Anladuensue
SnveshtTaranuiudwazaanuszan fe ft e
fifuanmnen Precision wag Recall Wislwanunsadn
Anaosldndoutusesdiniien

dsuamiaded Benfinsandranugnies (Ac-
curacy) Lﬁa%‘iﬂmmgﬂﬁawaﬂé’uwuimsm 1F
#915047 F1 score NI@INNTNIAINGNADIVBIUAGY
Class iflasandaansianuudannsaduunaagn
vowmzaneduldgniemn Class luyuvaaem
wiiugh (Precision) warAnAaLsEaN (Recall) Feazadis
AuANAAYILLLR LA

d iU Adjusted accuracy Ao ANAINNYNHBA (Ac-
curacy) flavouinduuuannsaduundeyannaoy
IsgnsfeadudnnumiladleSeuiisuivimaudeya
yaaeuanua nsdoyanaaouiiduunldgnies s
vaneds Yeyafisuuuannsaduunaiu Class Aisey
Bilsigndfes uasiduteyafisuuulifiansananuivm
nzaUdNTignAesann Heatmap ve4 Grad-CAM

3.5.2 Grad-CAM

Grad-CAM [24] %39 Gradient-weighted Class
Activation Map \Jumnaiialunisvin Visualization @9
FILUUNSSEUSLT9AN (Deep Leaming) Useinn CNN
WfionT9a0UIFIL U MUNYSLANITDININANDIA
Usznoulauaanin 1dnn13vn91uve9 Grad-CAM fig 1
Gradient vasmiivhwgldidulseianla 4 reudiee
#1113 Normalize Tu Softmax funadnsyes Convo-
lutional Layer %uqmﬁwmwiawju (Feature Map Ac-

tivation) k823911 Gradient #4na171191 Global Aver-
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age Pooling azlsien oL wterhlumirasudadu (Linear  CAM @saunsa Visualize {unnugiinnufou (Heat-

Combination) 5¥1319A1 O AU Feature Map Activation
wazklatnasIuTdupulendy ReLU aglaan Grad-

4. NaN1INAADY
4.1 fuuuUssnnnisseuiidedn

UTLLANYDININ

map) UUATWENDLAAIAILIALS

°

o

GRGIRYY

'
a

o

fanuulgawun

M13197 7 HAdWSANgNGBY AMAGRU LaruuavasiiluuisiazUszuan laedydnual * sumhdiwuuiey

wiadlan1sieus Ao fawuunlviiiAugnaed (Accuracy) gendn 85% vasyntayausiiuuazyndayanadaou

yadayausziiiu Yadeyanagau amAsay
5 N ot wadlesio 1 aw | T¥7
AALUY WAUANTITLIBUS F1 score F1 score Guni) AALUY
racy racy (MB)
Class1 | Class2 | Class3 | Class4 Class1 | Class2 | Class3 |Class4 | GPU | CPU
*VGG16 Train from Scratch | 62% | 64% 8% 80% 60% |64% | 62% 17% 81% 62% 0.19 1.45 181
*Fine Tuning 87% | 97% 74% 85% 86% |[88% | 97% T7% 88% 85% 0.19 1.46 122
Transfer Learning | 83% | 93% 70% 78% 88% |[80% | 90% 65% 74% 87% 0.18 1.46 68
*ResNet50 | Train from Scratch | 81% | 89% 64% 76% 87% |80% | 88% 66% 75% 86% 0.90 1.44 301
*Fine Tuning 89% | 95% 66% 85% 97% | 89% | 95% 71% 87% 94% 0.88 1.40 235
Transfer Learning | 84% | 95% 53% 80% 89% | 84% | 95% 56% 81% 86% 1.13 1.43 121
EfficientNetB5| Train from Scratch| 29% | 2% 0% 45% 8% |[31%| 2% 7% 46% 15% 3.15 3.96 358
Fine Tuning T7% | 81% 55% 79% 87% | T71% | 79% 50% 78% 91% 2.84 393 223
Transfer Learning | 73% | 84% 20% 73% 82% | 71% | 82% 29% 71% 79% 3.02 4.13 140
*DenseNet121 | *Train from 90% | 94% 81% 90% 94% | 92% | 94% 84% 92% 96% 1.76 2.56 100
Scratch
Fine Tuning 47% | 60% 12% 62% 6% |48% | 61% 20% 62% 6% 1.67 2.40 63
Transfer Learning | 37% | 68% 25% 5% 14% |36% | 69% 25% 3% 5% 1.68 2.36 46
InceptionV3 | Train from Scratch | 67% | 73% 22% 58% 85% | 67% | 75% 31% 53% 84% 1.58 2.01 281
Fine Tuning 27% | 43% 5% 0% 0% 27% | 42% 3% 2% 0% 1.78 1.93 161
Transfer Learning | 29% | 36% 4% 38% 3% |[29% | 40% 8% 35% 3% 1.20 1.95 114
Xception | Train from Scratch | 80% | 86% 54% 78% 86% | 82% | 86% 55% 83% 90% 0.76 1.38 269
Fine Tuning 27% | 31% 33% 27% 6% 29% | 33% 35% 27% 14% 0.70 1.42 162
Transfer Learning | 31% | 46% 15% 15% 5% 29% | 43% 19% 4% 6% 0.84 1.42 110
MobileNetV3 | Train from Scratch | 73% | 88% 52% 50% 92% | 75% | 89% 54% 55% 92% 0.91 1.14 37
Fine Tuning 75% | 90% 60% 73% 1% | 76% | 86% 58% 74% 81% 0.80 1.06 31
Transfer Learning | 69% [ 91% 20% 67% 71% | 70% | 85% 13% 69% 78% 0.82 1.10 25
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MNP 7 fnuuilienaagndies (Accuracy)
aﬁqmﬁuﬁuﬁ 1 99 3 lAuA DenseNet121 (Train from
Scratch), ResNet50 (Fine Tuning) wag VGG16 (Fine
Tuning) mudwiu aglvidnaugnaesainnismagey
fuyatayausluiiu 90%, 89% Uay 87% Muasiy
WAZINNIINAGBUAUYATDLANARBULYINGU 92%, 89%
waz 88% MNA1RU 1ay DenseNet121 (Train from
Scratch) ﬁ%umé‘nﬁqmvﬁﬁ’u 100 MB uaz VGG16
(Fine Tuning) {usuuuiildnameaeusie 1 nntes
flgaade 0.19 Junit Weld GPU Tunsusvanana dau
ResNet50 (Fine Tuning) lusuvuiildinamaasusie
1 awifosdigaiade 1.40 Juidt Weld cPU Tunis
Uszuana

mﬂgﬂﬁ 4 nsi38uived DenseNet121 (Train from
Scratch) kag RensNet50 (Fine Tuning) €4Aa Underfit-
ting 1@ntiee uALWILLNYBIA1 Accuracy wag Loss lai
funauanidn Tuwassdl VGG16 (Fine Tuning) Aoudng
Good fit wALWAITULYBIAT Accuracy lag Loss ABUT
RN mm'ﬂmmaﬁaumﬁuﬁﬂmﬂmmLmﬂ@hwaa

Accuracy vs. epochs

Accuracy vs. epochs

1AT9a5 1919 uY Taelasiainaues DenseNet121
way RensNet50 923 Batch Normalization st
\Jhu Regularization \ieanilayw Overfitting usiiasann
1514 Batch Normalization rqf‘mqﬂ Convolutional
Layer 3s0nadswaliintleymn Underfitting unu aensls
finu nnsvageuiugateyanageudslian Accu-
racy aglusgAuRefiuiunMmeaaeuiuyndeyaUsiiy
Jemainlaym Underfitting lileaianiiosvasiuuuns
namerliidwaidedensidnuasanniin wenani g
31 Skip connection Lﬁaam‘fjagm Vanishing Gradient
v‘fﬂﬁmmmﬂ%’umﬁmﬁﬂmaﬁsui (Weight) Tulsag
epoch lalaeiinualisuesAn Accuracy tag Loss b
funusnniin Turnigiilaseasaves VGG 16 Wufuuy
FHlaifis Batch Normalization wax Skip connection
lmuuusinaniilonaiatym Underfitting 16
foundn uienvdwwasianisusuatmtnasdeud
liluluNveAT Accuracy Wag Loss AAURUNIU
gand WleSeuiisuriuiuuudy

Accuracy vs_epochs

03 — Taining 0s5
= ~—— Validation

‘/\/“/

— Taining
~== \alidation

— Taining 04
—— Validation

0 0 0 0 40 50 [ 0 n
Epoch

Loss vs. epochs

Epoch Epoch

Loss vs. epochs

30 4 50 0 10 20 30 @ 50

Loss vs. epochs.

200 — Taining 025
—— Validation

175 |
150 ‘
125

, 015
100 2

075

Loss

050

— Taining — Taining
—— validation —— Validation

Y 0
Epoch Epoch

) (9)

gih‘/'i 4 Accuracy k¥ Loss U94N15i38U3U8IILUL (N) VGG16 (Fine Tuning),
(¥) ResNet50 (Fine Tuning) tag (A) DenseNet121 (Train from Scratch)
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pg14lsAnIu nfiarsunAT FL score 909013
FIUUNANUANVIMEA1BUNANLAAZUTELANLED T2
Funpdnusiaziuuuansaawun Class1 (Unripe) wag
Classa (Overripe) 16 Tneadedien F1 score ag/lu
85-97% geninAIANNRNFBIvIUsaTiILUY urdal

Confusion Matrix

unripe 100 unripe

underripe underripe

Tue label
Tue label

fully ripe P fully ripe

overripe overripe

& & & &
s 5‘&& @qc\ a"’é\
Predicted label

M)
Confusion Matrix

unripe 100 wnripe

underripe underripe

Tue label
Tue label

fully ripe 40 fully ripe

overripe overripe

& & & X :
& ﬁb&v“ & & f"@&

Predicted label

()

Confusion Matrix

Predicted label

Confusion Matrix

Predicted label

a13150916un Class2 (Underripe bunch) hag Class3
(Fully ripe bunch) l#unntn Tnewadedien F1 score
oglutaa 66-92% snimAmNgNIe B sIHAYFILUY
lAYENHTALAAITILIUNINYBINTIUUNUTLANTBY
WAz ILUUIN Confusion Matrix lénuguil 5

Confusion Matrix

120

100 (nripe

underripe

Tue label

© fully ripe 0
20 20
overripe
0 0
& o
& &
& @b‘ @\w\ o
Predicted label
(1) ()
Confusion Matrix

100 unripe 100
80 80

— underripe

&
60 = &0

&
20 fully ripe 20
20 20

overripe
0 0
& & & & & &
@g\-\ sa"‘o $ sbf—@ @\“ e\"&

Predicted label

(3) (®)

gﬂﬁ‘/’i 5 Confusion Matrix ¥84n15nAaBUiUYAteyaUsEEIuYeIIMUY (n) VGG16 (Fine Tuning) (¥) ResNet50
(Fine Tuning) (A) DenseNet121 (Train from Scratch) Uag¥esyatayanaaauveIfILuy (1) VGG16 (Fine Tun-
ing) (3) ResNet50 (Fine Tuning) (8) DenseNet121 (Train from Scratch)

awniduuliiannsadiuun Class2 (Underripe
bunch) wag Class3 (Fully ripe bunch) 16d a1aiin
9 2 Class fnudnuuzdudvomsatsrduilng
\ABsriu na1Ae Class2 (Underripe bunch) agdinainas
dhadudnlvguumeansunduuaySuiidundiii u
wauedi Class3 (Fully ripe bunch) aziinauidudunadu
drulnguungargUraulagenavsdlidisgeutueg
U delayminnudeyaves Class2 dtdesndn Class
3u 9 el Class1 (Unripe bunch) aeiinaundudsing
aufeunimzans uay Classs (Overripe bunch) fina

Unduddusonivdeuazdnyazvomeaisurdusuun
Jevilvsnuvdlugamisadiuun 2 Class Aenan
164 ﬁaa&i’mmmgﬂﬁ 6

Wt WiefudunfuuunsasUssiananansasiuun
IsignésainmisfisnsanuinamzansUduiigniossa
FahuuueduiadeuReds Grad-CAM Llauans
Heatmap vunw laeusnaiiiudduauiunaduae
LLammmu'wsLﬂuiuizﬁuﬁﬁﬂﬁa%dﬂL‘f]w%nm‘ﬁ'éh
wuuldRansandiesuunusznn daumsiiansanindu
Uhadigndewidelsl 9nuansvageumumsd 8
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WUIMARZAILUURIITUUS NIAUNEA18UIAUNE NS
Hudwilng Siftesdudesfisiwuuiansanudnady
fasinaifndudlofingansundudueg duitunds (mu
ﬁaaﬂﬂdgﬂﬁ' 7) ImgyniiansannAn Adjusted Accuracy
PINIUIUNNTITILUUEILITOTUUNLAZLARY Heat-
map gnfed agnuInen Adjusted accuracy Usuanas
@ntognniAnysyanm 2-6% AumnaaUseann 86-88%
Tne@ILuy ResNet50 (Fine Tuning) 1% Adjusted Ac-
curacy ﬁﬂ?‘iqmﬁ 88% ae4lsAmu Mmafiansanann Fl
score Yaleiay Class A8 FLUU DenseNet121 (Train
from Scratch) fanafumuuuiiaiian Taed Adjusted

Accuracy 86% Uag F1 score gandn 80% dwiumn
Class wananil fhuvusinanddammmunusons
Wasuwlamesmeuainmesniwene (Brightness) b
A lnefsanunsaduunaugnuemeansUdulagnies
WisuwhsumanuawessaunaUnidieusumnu
asanawseiutulute -70 89 +70 9nANETN
PosuawanUnd Tuvaeil ResNet50 (Fine Tuning)
a1unsadkunANgnUeInEateUaulagnAe ey
whumALETwesuaLaaUn Weusumauaing
anawdoiutulugag -30 A9 +70 Wit

JUT 6 (), (1) wanainog1anIn Class2 uaz 3 uuuu ResNet50 dwunindu Class3 way 2 auaeiu

wag (M), () wanaiiee1ann Classl wae 4 Fuuy ResNet50 anansadnuunlagneias

M15197 8 wansdwIunnvesdeyanaaeufuuuRLUNUssanlaefisanusameaeUaulignies uay

W3ULBUAT Accuracy LA ey Adjusted accuracy (¥)

VGG16 ResNet50 DenseNet121

Class (Fine Tuning) (Fine Tuning) (Train from Scratch)
Jwungn | wungn uaz | Juungn | Iwungn uaz uungn uungn uaz
Heatmap gn Heatmap an Heatmap an

1 114 113 118 118 106 99

2 62 60 43 42 66 64

3 115 113 110 105 114 111

a4 89 86 115 114 112 98

Accuracy 88% *86% 89% *88% 92% *86%
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Class Original Image VGG16
(Fine Tuning)

ResNet50
(Fine Tuning)

DenseNet121

(Train from Scratch)

9819 NTRIUY

NNTNUTIUDUTI0Y

yanneaeUaunan

JUN 7 wanadiaegne Heatmap vusumisveanndeiuuutilufiansanlunisdiun

4.2 mMsUFulgeRLuY

ndgmsnuutiudslyaiuisadniun
Class2 (Underripe bunch) wag Class3 (Fully ripe
bunch) I#dn iiesnandnuagiudves Class #s
nam fimnlndidesiy Sehnsmeassadsuuuiy
a1 2 fawuu (eluiiidendn “fhuuy Combine” 13e
“©)”) Tnesuuudl 1 naaedld 3 fuuu léun VGG16
(Fine Tuning), ResNet50 (Fine Tuning) Way

DenseNet121 (Train from Scratch) Ima%ﬁfauimi
WUNAIN 3 Usztan oA Class1 (Underripe bunch),
Class2&3 (Underripe wag Fully ripe bunch) wag
Classd (Overripe bunch) wagdauuudt 2 ldun
ResNet50 (Fine Tuning) 9¢l38uU3NISTUUANMN 2
Uszann T Class2 waz Class3 ielilaesiuanunse
§7uun Class2 way Class3 Mt Tnsanunsauanstu
poLUMIMAABULATHAdNENTNAAes TinugUT 8



M5E15IBUAETRIUY 195, VN 46 aUu<l 1 UnsAL - HurAu 2566 97

Classl Class2
/ Model 2
Image ——{ Model1l » Class2&3 ———* (ResNet50
Fine Tuning)
Class4 Class3
3UN 8 uanatunaunsIMUNUTENUBIFILUY Combine
M990 9 HAGNEAUYNGDY AMAROU UazUuIAYeIIRUUNUTUUT Az UTELAN
yadeyausziiiy yadeyanasou 1A MAHAY
5 _ Wwagda 1 |vun
ALUY wmAuA F1 score F1 score 2w uii) | an
: 20,2 [Accu Accu
Combine A1SLIBUS WUy
e Class | Class | Class | Class Class | Class | Class | Class
racy racy GPU | cpu |(MB)
1 2 3 4 1 2 3 4
VGG16(C) Fine Tuning| 87% | 98% | 83% | 83% | 81% | 87% | 96% | 82% | 84% | 83% | 1.22 | 3.22 | 236
ResNet50(C) | Fine Tuning| 91% | 95% | 81% | 89% | 94% | 92% | 98% | 85% | 88% | 94% | 2.48 | 3.27 | 405
DenseNet121(C) | Train from | 93% | 99% | 87% | 89% | 93% | 93% | 98% | 86% | 90% | 94% | 2.55 | 4.47 | 194
Scratch

(©) Ao fuuu Combine Tngldauuuil 1 16un VGG16, ResNet50 way DenseNet121 wazuwuudi 2 Ao ResNet50

(Fine Tuning)

91nA15197 9 FALUU Combine W 3 Usvann 1eun
VGG16(C), ResNet50(C) uaz DenseNet121(C) Tvimn
ANUYNABY (Accuracy) I1NNINAFBUAUYATDLA
Usglluvinnu 87%, 91% way 93% MNa1AU LazaIn
nsnegeuiuyateyanaaauvintiu 87%, 92% uax
93% AIUA1AU LAYAILUU ResNet50(C) uag
DenseNet121(C) lirnaugniegetudionieuiiiou
Fuduuusaiy Turaefishuuy VGG16(C) Taan
gnsidlndifendn egrelsinuudidanuudnanayli
ﬁwmmgﬂﬁmqqéﬁu WARDY Trade-off AUNSHUWINAT
wuuLazaluNsAdeUTNINTY WU DenseNet121(C)
fvumdniigavinfu 194 MB Wisuiflsufusuuy

DenseNet121 (Train from Scratch) @uLnfiu 100 MB
warldalunisveaaeuiadese 1 vy 2.55 3undi
WI8ULIBUAUAILUY DenseNet121 (Train from
Scratch) WLWINAY 1.76 U9

NN3UR 9 nMsieuivesusasiuuuiidnuaging
Westushuuupuiildainnisneassde 4.1 auand 5
uin1530u5v99 RensNet50 (Fine Tuning) wesiias
wuudl 1 uaz 2 Suudliiuvessn Accuracy wae Loss
Furuduanniudntios eehslsiniy nnsmeaeu
fuyatayanaaaudaliien Accuracy agluseiuiieniiu
fun1snaaeuivyadeyauseiliu lnesaufiuuuds
gansalanuasalan
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Accuracy vs. epochs

Accuracy vs. epachs Accurar

TN

— anig J———
| ’ " ausion

E)
Epoch Epoct

(n) ()
(c) DenseNet121 (Train from Scratch) LLawTaLLUU‘ﬁ 2

UBNIINH MNfiNsanAn F1 score 799158 LUn
ANNENTBIMEAIEUAULAaLUTENY Tglaniefiakuy
ResNet50(C) wag DenseNet121(C) azdanmanfuy
Combine @ninadnuwun Class2 (Underripe bunch)
wag Class3 (Fully ripe bunch) Iearudlessuiiou
fusuuudad Tasiadedien F1 score ogflutag 80-
90% Rrsanudreglunnsi fau lnsannsonansi
rwee Confusion Matrix Wa¥$1AUAINLBINTTT LN

(@) (1)
gﬂﬁ 9 Accuracy ez Loss %aqmsﬁauﬁmaqgm,wﬁ 1 (a) VGG16 (Fine Tuning) (b) ResNet50 (Fine Tuning)
(d) ResNet50 (Fine Tuning)

USELANVBILAAEMILUUIIN Confusion Matrix lannu
M3 10 warguil 10 TnemnSeuifieuiugui 5
Funalanfnuu Combine @unsagiiun Class 2 An
u Class 3 létosnindauvusaiy Fagaelilsenu
afpinsiulduaunsadesiuldldiinsiudenzany
Uduiiesiumitiusninnasile sl anunsauans
feg1auINIIILUn Class 2 Lag 3 Uedaluu Com-
bine IéATudloiUsuiisuiuduuusady mmgﬂﬁ 11

A1597 10 FA83M91n Confusion Matrix Ya4FAUUY (n) VGG16(C) (1) ResNet50(C) wag (A) DenseNet121(C)

NNNINAFBUTUYAToyaNAADY

ClassPrecision Recall F1 score Support

ClassPrecision Recall F1 score Support

ClassPrecision Recall F1 score Support

1 92% 99% 96% 120 1 92% 99% 96% 120 1 92% 99% 96% 120
2 80% 84% 82% 73 2 80% 84% 82% 73 2 80% 84% 82% 73
3 78% 93% 84% 120 3 78% 93% 84% 120 3 78% 93% 84% 120
4 100 71% 83% 120 4 100 71% 83% 120 4 100 71% 83% 120

W) () (%)
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Confusion Matrix

Confusion Matrix

120
unripe 100 unripe. 100
80 80
— underripe — underripe
8 8
] ]
s By =
'a fully ripe . fully ripe
40 40
20 N 20
overripe overripe
0 0
6\@" .,6&!' \ﬁ&f &Q" sgd" & g\@" &
& & o & § o
Predicted label Predicted label
(M (1)
Confusion Matrix Confusion Matrix
unripe 100 unripe 100
80 8o
— underripe — underripe
2 K
= 60 = 60
£ H
fully ripe @ fully ripe 20
20 ) 20
overripe overripe
0 o
¢ & & & & & & &
& & & & & & & &
& é‘h‘ @\v\ o & Q‘& @\\ R
Predicted label Predicted label
() (@)

Fue label

Tue label

Confusion Matrix

unripe

underripe
fully ripe
overripe
6“\& n‘f'\q’ -t\\d. G,f e
& &
Predicted label
(f)

Confusion Matrix
unripe
underripe
fully ripe
overripe

& & E
& sp&“‘ @w\o e‘l&
Predicted label
(»)

5Uil 10 Confusion Matrix ¥esnsnageuyateyaUsziiuvesiuuy (n) VGG16(C) (1) ResNet50(C)

(n) DenseNet121(C) wazveyAvayanAdauvaIiIkuy (1) VGG16(C) (3) ResNet50(C) (a) DenseNet121(C)

99

120

100
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