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Abstract

With the value of the dragon fruit, it has a high nutritional value, and it is one of
the economic crops that is cultivated commercially according to the National
Agricultural Commodity and Food Standards. It can make income for Thai farmers.
From the survey, there are seven species of Thai dragon fruits that were cultivated
with different morphology which are difficult to classify and require expertise to
classification. It may affect the value-added and quality measuring of dragon fruit
products. Therefore, this research presents the specie and quality classification of Thai
dragon fruit. The objective was to develop algorithms for classifying species and for
classifying the quality of Thai dragon fruit from images by using digital image processing
techniques and machine learning. In this research, a new image dataset of Thai dragon
fruit was created for experimentations. The experimental results indicate that the
model for classifying Thai dragon fruit species only with the laboratory dataset with
accuracy 98.80%, only with the outdoor dataset with accuracy 94.00%, and the whole
datasets with accuracy 95.53%. For quality classification of Thai dragon fruit, which is
divided into two parts, namely quality classification for detecting defects by creating
rules which gave an accuracy equal to 100.00% and size classification of dragon fruit
from the image using color and shape feature extraction with decision tree learning
which gave an accuracy value of 94.18%. Finally, this research expected when farmers,
factories, and consumers can classify species of Thai dragon fruit correctly, it will help
farmers sell their products for a better price. Consumers who are allergic to certain

species will be able to avoid them correctly or choose their favorite.

Keywords : Dragon Fruit, Image Classification, Machine Learning, Image Dataset
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Juyanamlunsoinwnsnselml viswinseiaiemaunans Aeneazlsiannsaduunas
‘W‘uﬁu,mmmlmmmaq Tnsamznaudondunadedvniuiondunioduaiowdond
unaitlovay Fvansnauiifivdondifeatuuansieiidetndlu orwviliupnndulnnaianee
nmswalmmmmm@mamﬂulmqnma o19iimsUzUuiindruld dsnasionnuindeiouas
simvennguslnavdelseny mnfinsediovaslunisduunaeiusannnisusnetiaie
ApazteuidgmmaenndunarBnuiasiingld Snfsmasuunaneiugldosnagniod
NN UIENTUNIINTIAOUANAINYDINANENY NFBIATIN LT IUAYBIUsRTENY
Wug wininIsnsnsivdeunamnnaLnlinsdiadinisnsianidanasysvamdudaves
sy madeaiinnudssgdeauianarnlunssiuunduanniweesandnld
LUy

Fadu fiTefiumnAnadgadoyanmuiatenslne ioRmundanedfiudmiuns
IuunagiuguarnIsILunaan mvesnlenslneanam lneaanivitaziligng
W innssudmiumsiuunaeiuiuassuunaunmusaniisnslng faunseldam
1y agan wngfuyaraialy viethluussgndldfuaugaamnssuldlusuiag Jagan
wsselunsdauenuazasiaaeununiisiansle enathefivyadlsifunandnainnis
Ugnuiasfanslne uareraduedasdieliyaraiidonuilnauiitnsuauisaneitus Fonde
uiafansnueuiuroudiuiivesuiasyanald uenainilonarasanenudesainngu
f9anAnle



1.2 IngUszasAvasnuldY
1) eadsyadeyanimuisiinglne
2) lefiaundaneifiudmunsduunaeiugueauidsnsinganam
3) ilofaundaneifiudmiunsduunaunmyesuiaiiinslneainam

1.3 YULUAVDINIUITY

1.3.1 Y2ULlUAN3IRY

mmsiveadiiifunisanuimaianisusyananann (Image Processing) wag
FnsFousveanies (Machine Learning) Llewaundane3iiudmiunsduunaeiug 7
aneviug loun sWugenduld Jumbo White) , Wugu1atdeauny (Vietnamese White) #ug
YUNAUAT (Pink), WUFUAsA813 (Siam Red), Wuguaalaniu (Taiwan Red), Wuguasviuiiy
(Ruby Red) wae Wugmansdasiea (srael Yellow)

ganasfudmsuIkunAunInvaLidInsmeannInangaeRugen?
Fuld esnniduanesiugAdeumnizuan Taeisnsuszanananin n1sasiang nsuen
Anudnwarsuiion waynsSeudveaies

fudiflfduuvaniusussdeyanmiitinsinefefufimgugnuiasing
Tundiuiidoinee Saduiuiidnsmsgnuitnsnialulsema

1.3.2 dauds
1) drulsens Iiun anestusudasianslng 7 aneius SuanninuazauInvedHa
wigansanenugu iy
2) daudsay laun Yadeyaninuidensive danedfiudinsudiwun
aeugrawnlinslngnam sanesnd vsuTwunAmuaLazILInve s TInlng
NN

1.3.3 fgnadnwilianiz

1) ufagans (Dragon Fruit) munedanalilusdnssuasnys (Cactaceae) ana
Hylocercus spp. Wag Selenicereus sp. idanwaeniinay Waonddnaoinieduns dndu
soUNG Uanenfduildiven

2) yndiogann (Image Dataset) vanofsyndoyanmanenauidsnsiugnly
aniuiifaiaee Ysenouludeyedeyanindrefituiinluiesufinisuastuiinluanne
WINGOUNALA

3) N394 UNA189UT (Species Classification) NU1889N19ATIININTB

a '3

AnTenuanvuzvewiafanging Nanunsassyaenuganamla

(4

4) miﬁnLLuﬂﬂmmw (Quality Classification) #11889A1IATINNINTDUATIE
ﬂmaﬂwmumaqLmem”waaqmumm wmmsmwﬂjuﬂmmwLLanJm@mﬂmwlm



5) NM358U3RLATEY MUelensEuIunsdmTuNIsSeusvauAIadlunis
FIUUNAENUT U INTINEIINAINAY 191 Deep Learning, k-Nearest Neighbor (k-NN),
Naive Bayes (NB), Support Vector Machine (SVM) tdudiu

13.4 YunsunsAnuuazisdnfunuise
1) drasiuiuasAnudayanawizugnuiaanslusumalne
2) AnwnaAdeiAedesiunisairsyndoyann
3) FnwnAdeiiAeadestunisduunaeiuguiunsine
9) AnnuAtefiieatestunssuunduaunmassunauitnslne
5) iudeyanmuiasiinsiimzgnluiuiifominae
6) AaszeaniuudanasiudmiunsTunaeiugLidansineg
7) Awnsigrieenwuudanaiiudmiunsiunaanineiginsing
8) nnaauLarUssulTTANS A NSanasiud s unIs T unaneiugw I ang

Ineuazdaneinudmivmsiwunaanmunidinsivg meyateyaninuidansingiasis
Uy

1.4 Usglonianinezlasy
1) lawadoyanmuiiiansvasing
2) lndanesfiudmsunisdiunaenusuiidensiveainain
3) ladaneInudmiunisdnuunamnnuiisnsineanam
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o % dy -'-Ny 1 = % q.'/ ¥ U a =) d‘ U

dmsutlonluunilaznafinuanuaeiilurewiiding wuiRangufiieliu
ATLUIUNISUTLUIANANINAINA NISWUIAILAIN TULAANITIUNATN ANSIAUSEENT AN
08 LAWY IVDINUNITINLUNATN

2.1 uAasiang

wA579ns (Dragon Fruit) tusalsilunednsguaanas (Cactaceae) @na Hylocercus
Spp. waz Selenicereus Sp. fidurudammerlfvesssnadindlnuazuszmalndides 39e
L%Sﬂguaﬂ’j’l Pitaya, Pitahaya, Pithaya, Strawberry Pear, Night blooming Cereus, Belle of
the night, Conderella plant 38 Jesus in the Cradle (ajWﬁﬁ, 2556; Perween. et al.,
2018) ufaslansgmindnanugnlulssmalnedous® we. 2560 39 0 vagiuuiansiod
Dunaldflasvanuavlaiduegiann ilesndnvuzansusniiutanm dduaioan
fausilussozusnsavfvesuidensdsaoudielidenldisunuden Feldndnmsues
unsnsldAnyitaniussiusuiainslitiannimfatuesseuislogiu Wisand
flodontu (lovesnaufatansduaind Haun uas uazassy uanandssdinmhaeiuiud
fansidendindemennmaassugnuazAnduiug feldindumsiisyade aliruiulan
I¢iBuedned ufmadunalsidnh Seuaznndeds Femeyouen taniulssmunie
wssulneid mafusnunlugibussdssaonisnideld (@awes, 2556) uenainiufiens
Hunalifdameimslaruinisgs s ldldvsslevdlugaamnssuewns o1 uaz
LA '?I RGRORREE (Goenaga. et al., 2020; Perween. et al., 2018; Trivellini. et al., 2020;
Wichienchot. et al., 2010)

2.1.1 doyaiily

Snvnzdrfuuiasingdunssussnesifes ddudifen 3 uan fesuil 2.1 Seosdiugn
warinuaninuuy lnedgnudnag 3-4 fu veuenaseu wilisaudavsenuruduauiuly
youRuTIL SPUIUR (q3wat, 2556) Anvnuzkauiainalanuuniuig Wienasiduuy
pulAs Visaneusiidendindemes nMouaniUdenagiinduidssegussaias 5-10 ndu
TngvUszanm Fsduesgeesiufiuazmiliougnuiasiinsuundsanluadiu llen1adsgnui
fenseenidu 2 @n wudidevesudulnsdidnvasinesovvonieifuinauediegndy 1o
nToULN AU WAs uazTy Tuagiumewus uenanimeludoutsiinsaediudeadie
widnewiowdauusdndneg anmnsofuiovesuttenslildum 2-3 enfindtuegfuniaf
$hwn (gmsatl, 2543)



(b) (c)

sU# 2.2 dnvaznglunazneuenvasmaunidng

13Ut 2.2 (a) Reudlinsitugindesdasien fiudendvdes ilodndluiidun Ui
2.2 (b) Aeudfansitusunduly ddendunseusing oddlufidunn suil 2.2 (0 Aeud
Sensiugeydua Sidendunsomiie iodidluiFeuy uay 3U7 22 (d) Aouftanswug
usaitufia fiudenduntemsiag ieddluiifunadu

savAveuisansiisannu uiltivauumvanauiuly mnesdusamnuiliarddn
B ferusadadniios sulusaradidsivedlavevuilnanalisadnauiuly (ans
31, 2543) Tnefaruvmuegistion 13% Brix fUTuunsavidonaUse) fesay 0.25-0.3
TunsdlnaiiudlinersdsaIomazmiution dmnafiunifufisauiofavanas (amed,
2556)

2.1.2 AUAMNLABUINITUATATINANNINEN

uiaanaidunaldidlindanud dmafinudwlungidudananglea ssnlea woe
glasa ludevesudatonsdinifiug loewns uarlnunadougs Ineinfudidumagluns
nsgfuszuugiduiy loownsteliidnduunuuasyiilinisdudiefity Faiasmmngiudd
foansmuaNsziutnaludonvioniuguimiin (ngien, 2559)



wanNUUMILINITIaumeRssnm1e) kaslliansemnsniiaula smunsieseilag

Y

nMdeanderlusuninsunsinunsvesdalus (@sney, 2556) Awanslunnsad 2.1

M15197 2.1 drusznouvaianiidinsrodiuisulszviula 100 N3 (g3ney, 2556)

AMAMIILATUINTG Usuna
ARy 85.30 nsu
TUsAusI 1.10 nsu
Tugiy 0.57 nsu
nglad 5.70 n3u
Wsnloa 3.20 N3y
glasa 0.00% . n3u
w9350N98 0.33 nsu
Aslulansm 11.20 sy
wulesan 1.34 nsu
L 0.56 nsu
wasu@Alaunaes) 67.70 - n3u
AU 3.0 faansu
luosdu 2.8 fadnsy
INUULD 0.01 Haansu
uAALTL 10.2 faansu
Wan 3.37 1aansu
WUNTLTL 38.9 fadnsu
Woanosa 275 daansu
Tnunaien 2720  fadnsu
loRe 8.9 fadnsu
danyd 0.35 faansu

nmsAnwmuIluirnseganszuesnysiansingds (Mucilage) agidusiuauin
assaniae a1sinausanlsdidedeu (Complex polysaccharides) ANUULAIILTUMAT
famantilunisgaun Funssvesnssuwidafudmaasivssua 3% lasusuins
waufiisnsdadunanniivasnanszussnes Sadnldifiasviadvilouty uasinuauts
gy ulng 1wy n15uslaelul1adlanialuraInssuauNYTTININAULAL 1 LY ILAAREY
uesinanglaavesnuiidulsauimiu usu dmiumauifinsdlesuusenudily
wfiusndn dezdisusanlaalafinas lnsawzansiuluidonasztasusanilae
WYY annaladneTea wavlnsndiweslsd 1udu diunauiidensiufendvdewmes
wians captine YaeUnsaiilale (ugua, 2537)



2.1.3 anumsainisniswizugnuiadansvasing

INNITAVAUTRYATINUATANIINITNEAT IINTLUVAITAUNANITHAANI9A 1
NITNBAT NTUALATUNITINYAT NTENTINNBATEAZANNTA Y9 2560-2565 Latayass
9T 2.2 wae 2.3 nudiassmaiinsmnzdgnufatinsiiman 62 Smiaan 77 Smie
sanflofiugnitedu 28,318.72 lslaeiafe Swiaiidniamsugnuiansniiaafedemin
o Tnedidefivgniades 16,902.42 13 Andufosas 59.69 veailafimzugniiadseima
FrnddidofimnsUgniosasnfedmiauassvdun fidefiugniads 2,128.96 13 Any
Sovay 7.52 veuilefinsuanitasuna uardminaunsanas fidlefivgniade 1,181.17 13
AnluSosas 4.17 ‘U@ﬂLﬁJ@ﬁLWWUQﬂﬁzﬂﬂizmﬂ

yafiansanduusandsiiuield dwnsei 2.3 Smiediiswunandanndige
Haadudmiaas annsafufsmananadslaeuszialsunga 22,910 #u sfidmou
{Aundsweswandarauszing sosaanfedminaunsains annsaiuivimandniads
TnoUszuna 3,310 AU LALANAUAS EINISOLAULA sanananLad olaeUssana 996 fu
ALEIRNY

] o aa = o w & A
A1319N 2.2 %agaﬁwﬂ’maﬂﬁm’mﬂﬁLﬂwmﬁkiﬂﬂam'um’mL‘ua‘Vl‘UQﬂ (Department of

agricultural extension, Ministry of Agriculture and Cooperatives, 2022)

Wi ofiugn | ilefiiuisanandn | wawdaiiiufedld | menfinunsnsoslfiade
(15 (1) (Alansu) (L/ilan3u)
ﬁ’jﬂﬂixmﬂ 28,318.72 14,837.28 32,627,969.14 14.10
(62 J3713In) (52.39%)
1. ey 16,902.42 10,767.67 22,910,597.67 11.99
2. UASTIIWEUN 2,128.96 635.50 996,661.00 22.23
3. AUNTEINT 1,181.17 730.17 3,310,960.00 16.38

A13197 2.3 FeyasnenuadiniimsinuassesdrunIurananiudeals (Department

of agricultural extension, Ministry of Agriculture and Cooperatives,

2022)
Wil Lﬁaﬁﬂgn iefiiuiReananan | wendaiiiudedld | mafineasnsueldiade
(15) (15) (Alan3w) (U w/Alansu)

ﬁgﬂﬂizmﬁ 28,318.72 14,837.28 32,627,969.14 14.10
(62 din) (52.39%)

1. Yy 16,902.42 10,767.67 22,910,597.67 11.99
3. @YNIAINT 1,181.17 730.17 3,310,960.00 16.38
2. UATTITENN 2,128.96 635.50 996,661.00 22.23

wana Nl ANTayaluninedl 2.2 mnRsansmfiineesnsvglinienilssme
Wiy 14.10 vmsieilansy Fedwmineadudminniiiuimizignuazduiunandniiv
Wealdasiian uinwninsuguminslalunaidniisaiedevemssamaiune 11.99



unsoRlandu luvazidminaymsains TSurunandaiiiuiieldsesan inuninsuie
uiafanslélusanfigandnsaiadsvesisussna fo 16.38 vsdedlansu uazdmin
upsTAIfiffufinzlgnsesaanandminasudiisiuaunandnduiuielddesndy
Ffamoiiou 23 wih ndursutadansldlumaiiginitsanadsvesisUssmannia
22.23 vwieRlansu Andu 1.6 WhwssALelsvestaUsena felddnduiuaviivauenis
Yoymdumaunainmasuinsisauwnly

2.1.3 wasgrududununsienisdseanuiaiinsvasine

Froufadanadududinuesivsemalneddnenwlunsndn aunsognlévaeiud
vosUszimanaziiuifonvesfuilaa Jagduuszmalnedinsiidiuazdseaniisions
NSMVUANIRTIIULMIENT FeimnudAyman TR LazANNUaRAY @519A7
indeiellufiveusumntu velulsemauasn1sfnsennsssng AnNITINTNTgY
AUANNYAT INMUUINTTIUAUALNEATUELEIMITUNIYIA ATENTINNYATLAZANNTO]
Faiuauaasll Tavinesgiududiinuns See uiadens Usemaldided wa. 2558
Tneanszanysieil

mmgm%uﬁwmwaﬁ’L%’ﬁ’uwauﬁ"sﬁﬂﬂi (pitayas, pitahayas, dragon fruit) @<l
N7 9 83 nenmaans a1 Selenicereus sp. wa Hylocereus spp. 19¢1 Cactaceae
fusinandumstiiosmelugundnuaan vamsdnwseanasnisussand Tnsutau
fenseomliu 3 nau eflemauansneiidden (Peel/Skin) uariilotdtu (Pulp) Téun ngu
7 1 Waendunuidodvn (Hylocereus undatus), mjmﬁ 2 WaenAusaiieduns (Hylocereus
polyrhizus) 39 Lﬂﬁaﬂﬁumﬁaww (Hylocereus spp.) LLazﬂq'mﬁ 3 1WasNAnanIuIaNes
Luaaﬁun (Hylocereus sp. by Selenicereus sp.)

ﬂ'mwwuﬂmmwLmamnimummmuaummwmu wlaifu 3 Funmain ldun
Fufivay (Extra class) Fumils (Class 1) wagduzos (Class 1) ImsJLLﬂ’amﬂmﬂszjuﬂmmwmm
duluaudammundudi Tesvyitnuaimuesudaiansd usidesiduuiatansviona
fiduazuio diuresisiney Tasdarmenliify 2 wufiwes aswiuiug an deu
Lfvuy anwd T sesd el idodvia il wanzandonisusinn azotn
Usimannd sudandaey Aneaiiuldlidsesuinsesesunnd finansznusdenaninues
Houdasens laifidngte Afwansznusesudnualialuvema lifianudemeandagis
i Tuansznusenunin veudeudadens ludaudu Adaunfainaieuen
mgqﬁyiu'smﬁwamu%wﬁ'Lﬁwa‘”qmnu"’]LLﬁaﬁqmaammﬁauﬁu Ludanudeng
i esaingunn e uaznio VEHEE wazlufindu uay nIoIAYIN Taund
EIIEEE mamwumawwwuammawuuﬂmmw LAy mmmmwmmmﬂaauw Aoouliile
mufiseyly uinsesdiogniniuiefivensan Juogiuiug qania undsiiugn was
vi3omudosnsveanan uazogluanmiiveniuldidedsUarema

uisnsaanmdufivey (Extra class) Aoufdansiidaunmifian lidaufnund
sugunss lifidmiiRuesiden lunsdiifanuinunaviedismi feseadiuldlsidniou
warlsifinansznusiegudnualily aunnwasoufing auamsenitnafuinwm uas
nsInsesaueluNIULUI
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uisnsaanmdunils (Class 1) Aoufdnsfifiamning oradanufinnfviedmd
Gntessugunss smidndesiiawasiuden 1y sesdntau sesunailuiiug wassesses
svhansesdngiiy lnsvuiaveswimiifawasdenlnesudodliiudosay 5 vosiiuiian
vosufasfang MelanuRauniviesmisediiinansenusesudnualiiil auamueade
wilans AanmsEnIanIsiusnw wasnsdniBesauslunTuEUTT

uisnsaaunwduans (Class I) Aoufsfansidauninladdrduiigendy widlannm
pudeninundusi uddanslududeugelifauiaunfdugunss wiedmifwey
Waen Wy sesTaviu sesunaiduiiun uazdossesnsmasresdingii Inevuiavesdmid
fuasUFenlnesiudedhiiiuienas 10 vesiufiiveuiaiiing fadarufiauniviadmd
woslsifinansynusegudnuaiialy Aunmvenianiiiing auamsEmienInAuine ua
nsinisesauelunITuEusTy

dnfumsdnruinvasuiatonsiansan nndwiindona e 2.4 uayisasgd
aunwlldduneuismatinngsd 2.5

A157971 2.4 PwiaveLiiing (National Bureau of Agricultural Commodity and Food
Standards, Ministry of Agriculture and Cooperatives, 2015)

SWEYUA Ymitinsena(niu)
Andund Wodu fAndune Woduns RGN GENERLCN
(Hylocereus 739 ilodann
undatus) RGN L‘ﬁaa?juw“ (Hylocereus sp. uag
(Hylocereus spp.) Selenicereus sp.)
1 >600 >500 >350
X >500-600 >400-500 >250-350
3 >400-500 >300-400 >200-250
4 >300-400 >250-300 >150-200
5 >250-300 200-250 100-150
6 >200-250 - -

a1514fl 2.5 WhATIRuN LTS (National Bureau of Agricultural Commodity
and Food Standards, Ministry of Agriculture and Cooperatives, 2015)

JaN1UUA ORI WaNNS
1. ﬂmmwmu%’aﬁmum%uﬁﬂ nyvaitanarnsliussamduia .
2. ANURAUNFAUIUNSS ATIINTD -
3, gmiifiRuazdon aseRanar iavuiaiion i -
4. vUn Famin MTIATIZALAY
vt
(Gravimetry)
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nsussyiiuvie uinsfiussluusaznivusussadesiinuainavevisluidoaius
AN YA wagd ougelvidmuemaedeuieswuald Tnsuiisisnsynsiauuineadl
wiatsnsfivualngviednnindusalunistudumlaldiiv 10% vessuuniotminues
wAasfans nsdiuensiuudadinsainaisuennivuzussy wiadinsdIuf ueaiy
Foadufunuvosmdananoun avusussydesiinunin gnavinuay uasilnuauds
nuusianIsuLds uazinwiamnmuiaiangld dedlifinduuardsuvanuaou wazdesussy
widfanslifegluanimiianansatostunuidemesogunimusauiiansliogiamnzay
Fanildnelunvuzussadesazen wazdnunm mndnnsldnszaruvionsiusesiuiil
Yoyanianisin dedldmiinfauninienidiladiduiiy msuansaainuazindosvanelissy
Tommin “ufsang” uagnie “Fowuguiuins” malinsudeusuiatang Adedli
A A Tunsussyiureliviaussafusidosussquiaiinsiudifioadu uasdossey
sWavun uazvserunlifig nsdiudniiodiminglulssmeadeslddonnuduntuilne
uiilnwissemadefls nsdiinaniionsdseenliuanidonmiduauirisussine
16 (National Bureau of Agricultural Commodity and Food Standards, Ministry of
Agriculture and Cooperatives, 2015)

o/

2.2 AUIUBIAUINEINUNITUITLUIANANINAING
2.2.1 AMWAING (Digital Images)
Toyanminliuszaianafiotayanwedsia (Digital Image) anansaunusefiandu 2

AauUs Tufe Fiuy) e x wag y 1JuRiia@eiiui (Spatial Coordinate) lnausiaginadeya

v {

w3871 Ninwa (pixel) A1 0-255 AanunmAIawsaznImazUsenauldimedeyaiineg

v Y

YA X ADL Y DTHULNNDIWBIRBUNUAD TN NATIRIL AN avRIAaE TR (xy) WNUAIE

a v

wvisnd 2 6 Inedynsuduyudrevuresnmuiiin (0,0) AU 2.3 Tnswsasiingaazgn
53uA1 (pixel value) 13 lun1suszanananinfdnadeayafigninunUssnananetayan1ves

Y Y

wAazinigaveInIw (Elgendy, 2020)

Grayscale image (32 x 16)

0 X 31
0 |
]! = F(20,7)=0
LT I | F20.7)
'\ I L7ER I = Black pixel
L\ 0% | ///
'\ |
y - .- N 1 — F(18,9) = 190
Gray pixel
i || i
et Y
5 TN ! |
[T TTT N LTI
F(12, 13) = 255
White pixel

Ul 2.3 szuuiiinueanm@dsia (Elgendy, 2020)
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2.2.2 Tuaad (Color Model)

Tumad (Color Model) iuszuudiiilassadneesdngn (Primary Color) Ussnaufu
vanedosdyanauinidutad (Range of Colors) Aanunsnsnunuadfiuyuduosdily
sssumAld InelumadudarUssunninisadiedseiinisfiunndeiu vilvdlaseadied
uaneety Feguil 2.0 Fefuluinadudasssinnisgninanlifie TngUsvasdiuandrsiu
(Przybylek and Cena, 2021) Tuflieznamaunaaideuthuldlunsusyanananin laud
Tuwmad RGB, HSV way Lab

1100
-,
‘ A
0

(a)

'
=

JUn 2.4 wuudtaedliinad (a) RGB (b) HSV wag (c) Lab (Phuangsaijai. et al.,2021)

2.2.2.1 Tunad RGB

Tinad RGB WuszuvaniAnanissufuvesaid (Primary Color) #a 3 @ 1éun
Auns (Red), Al (Green) wazdthidu (Blue) Fudurosdayaas (Channel) vesnmAdnad
Tnowldusasaiissauadaus 0-255 sedu winsiaedlunad RGB lusduuvanusinazle
LLUUf\i’waaqﬁ’ﬂgﬂﬁ 2.5 afIvuAAISEAUE LIS RGB (245,102,36) azudnskatduddu o1
ﬁmummizéﬁ’uﬁmmLLﬁ%ﬁqawué’aaﬁwqqqﬂﬁa RGB (255,255,255) dgiansnaiduguny Tunia
ndufudiirunaseduiuesusdisanudaoemande RGB (0,0,0) azuansualuden
desnlumad RGB Huluinaduuy additive uenainilawnad RGB 1Jussuudssgunsal
(device-dependent model) lumsianssavasmimdeiusegunsaifiunnsinaiu enadana
T%l6Pd RGB nadwdTiuansafuls (Parekh, 2021)

AG

Green |0, 255,0) Yellow (255, 255, 0)

25¢ Whnpgzs.z 5.255)

(245,102,36)

Bly€(0,0,255) agenta (255,0,255)
B

gﬂﬁ 2.5 LUU91a89d1uinlumad RGB (Anwuasann Ramella and Baja, 2013)
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Tun15UTENIANANINA TV ALI1@I1U1TALENY DIF Y1V DS RGB 210 3
Yosdyeu \Wudesdamiaunen (Single channel) 19 wadwsflaazidunmszaumn Fanns

[
v
v =l

LeNYaed eIt v lrd e an1sd luUsEulaNanINNI1NISUSEUIaNaANS auA Y 3

g7}

YOI Y10

2.2.2.2 Tuwmad HSV

Tuwnad HsV 1ulsiaadfisinalndifsaiunissuidanmsueaiureaywd 39
U5zneusie Hue (H), Saturation (S) wa Value (V) fs5uUfl 2.6 Tny Hue Aslnudiignszy
FpAm (Angle) 18429807 (Color Wheel) Fsiandioust 0°-360° Tay 0° vanefisduns 60°
wnedadmaes waz 120° wunededifen ddlunisuszutananingas OpenCV A1 Hue 9%
widea3wmilatufe 0°-180° JumineAaudn 0° vinedsduns 30° vuneddvdes way 60°
vanefdiden Saturation AoAAuBLfvedNud drananuBudRU 0 azuaniNa ud
PGS Lag Value AoA1AuaINswedud 1A naEInaiany 0 azuananatduden Tu
A5UsEUIaNaNINE I8 OpenCV A1 Saturation uaz A1 Value axdl@d us 0-255 &1
Aualviaasanviniu 255 azuansuanalnudlainan wu Funswians (Red Pure) 2¢dl
AN HSV (0,255,255) WHudu (Burger and Burge, 2009; Opencv Python Tutorials, 2016)

Overall Top View

magenta
blue : magenta

(H=300)

red
H=0,360)

white
(V=255,5=0)

cyan
(H=180)

black(v:_o) (H=120) (H=60)

gﬂﬁ 2.6 LWUUINADIEINNALuMad HSV (awdasain Li. et al,, 2017)

wimenstuiinamlulagdudilvg nnilaagegluguuuulunad RGB fatu
winfesn1suszananannegluead HSV azdewinnisulasdayaninainiuead RGB 1Ju
HSV fleaunisil 2.1-2.3 mud1iu (Opency Python Tutorials, 2016) @saglanadnsnegua
2.7

V « max (R, G, B) (2.1)

v (2.2)

S {V—min(R,G,B) ifV =0
0 otherwise
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60(G — B)/(V — min (R, G, B)) ifV=R
120 4 60(B — R)/(V — min (R, B, B)) ifV=0
240 + 60(R — G)/(V — min (R, B, B)) ifV=B
0 ifR=G=8

(2.3)

muuald R unu siannsavesn wlutesdyaiu Red Channel
G U sannwavesn wlutesdygiau Green Channel

B unu svaiiniwavesnnlutesdoyaiad Blue Channel

H unu swafnavesn wlugesdye o Hue Channel

S WU swannwavesnInluYes dtynyrau Saturation Channel

V unu siannaresninluteddy g0 Value Channel
TneNaans 01 H<O wa H = H+360 way OsVsl , 0<S<1, 0<H<360

M JUNIN 8 T AN V=255%V, S = 255%S gz H = H/2

RGB HSV
JUN 2.7 fegnmsudannlanad RGB Wunimlunmad HSV (Joseph, 2012)

2.2.2.3 Tawaad Lab

Lunad Lab Hulueadivszneuse 3 ssddsznauldun L Aeriauaing
(nghtness) flensaus 0 (@) S 100 Bam) a AeAuanenisladanadealdduna mm
Faug -128 (BLTe) fe +127 Eund) uag b AeuansnisladniiGuiisdindos darkoud
1128 (Ahdw) Ba +127 Ewides) Tneuvudiaedhinad Lab aunsouandlddegui 2.8 lua
& Lab 10uluinaddilaidsgunsal (device-independent model) wxneamitlunisuansna
yosnmeTusegUnsalfiunnsrstu leidealvian Lab waeuly azdnsldanfuae fe
Hudeiveddunadil Tunsuszamenaningas OpenCV a1 Lab axgnuiulieglutas 0-255
W 3 YosdygIad (Opency Python Tutorials, 2016; Parekh, 2021)
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-

(93,-40,82) |- -0

blue

black L =0

g*d'i?'i 2.8 WuUINapdlunad Lab (Beetsma, 2020)

MNADIN1SUTENIANANINAIELUNAT Lab 22N 1TwUasdoyanInain
lunad RGB 13u Lab fsaunisil 2.4-2.11 audiau (Opency Python Tutorials, 2016) &9ag
pnadnsesgun 2.9 (Rosebrock, 2021)

X 0.412453 0.357580 0.180423] [R
Y|« 0.212671 0.715160 0.072169]- |G (2.4)
% 0.019334 0.119193 0.950227! IB
X « X/X,, , Where X, = 0.950456 (2.5)
Z < 7/7, ,Where Z, = 1.088754 (2.6)
116 * Y/3 — 16, for Y > 0.008856
L« (2.7)
9033 *Y , forY < 0.008856
R k- , fort > 0.008856
f® = {7.787t +16/116 , fort <0.008856 28)
(128 , for 8 — bitimage
geia = {0 , for floating — point image (2.9)
a < 500(f(X) — £(Y)) + delta (2.10)
b < 200(f(Y) — £(Z)) + delta (2.11)

muuald R wnu siannavesn wlugesdyiu Red Channel
G unu sannwaveInInluyed
B uwnu swanniwavesn wluyesd
L unu shannieaesnIwluges

Ueuned Green Channel
g8 Blue Channel
2104 Lightness Channel

afal
a uu sainavesnIwlugesdey

f1ed @ Channel
b unu sannwavesnwlutesdgyia b Channel
Tognaans  vndunin 8 Om A1 L=L*255/100, a = a+128 wag b = b+128
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RGB Lab
JUN 2.9 fregrensudasnnlunad RGB {Wunmlunad Lab (Rosebrock, 2021)

2.2.3 Usztnnveenwhdna (Digital Image Types)
UszianueannAdviafbalunisussuianing 3 Useian Laun nnd (Color Image)
ANIZAU (Gray Level Image) Laznnaasszau (Binary Image) (A1l 2556)

2.2.3.1 awa (Color Image)

AmdvzUsenausietedya (Channel) vatlanaad (Color Model) 7ildlu
ASLARINANIN é’w’qgﬂﬁ 2.10 wanadegunmaluliead ReB Fudulunadfineufinmedld
TuNsLEnINanIN UsLnouMIBLUNING 2 If UeIRIinigaveuiasing (xy) Wavin 3
Yosdnyayrad lakn Red Channel, Green Channel wag Blue Channel usagdesdeyguazly
Nuilunsiniu 8 On fufuusasfinwavesnmasddiuilunsiaiiu 24 On vildawnse
wansdlaszana 16.7 818 (atiu, 2556; Gonzalez. et al,, 2004)

Color image RGB channels
A Channel 3
F(0,0)=[11, 102, 35] Blue intensity ,( 35 165163165158/ «*
values: . .*" (166|166164] 168|156 ..
Channel 2 i apaligolagalagh|q59|
Green intensity - (102[169167|169|169 ,4.'
values v 4 | =
. 170|170(168{170(170| ...
7 2 7(167] ...
> “ palagalacalag|170| ...
11 )158(156(158158| ... :
3(168| ...

159| 159|157/ 159[ 19| ..
Channel 1 149|151/ 155|158 159] ..
Red intensity

LR 146|146 149/ 153| 158] ... .
145(143(143| 148| 158] ...

$8(168| ...

SU 2.10 svuuiiinuesnind (Elgendy, 2020)

2.2.3.2 AMN32AUIN (Gray Scale Image)

AmsERuVNAenMAlE Wunndiuansdssesuannuduvenas Tnesialuus
agRnwaszivwaiuilunisdafiudoya 8 Gn arunsauansseduaranduveauadld 256
svdu anndle @) Fedldndu 0 lWauisadng Gvn) wenandnmssiumaunsaliu
swaziBenvosiuiia (Texture) vasinglunmldifuegned Feflufinvesingnielunim
annsolUldlunsimseinnle @, 2556) éﬁﬁaamﬂugﬂ'ﬁ' 2.11
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1 T T T —— -
255 255 255 255 255 |

gﬂﬁ 2.11 F2UUNAAYININTZAUNT (Marques, 2011)

wamENMAITaNILUITnUUTNIUTULUUNME RGB AItUMNABINITHAAINE
ANsEAUIABsYiINsLUanmaInsEUUaensaU (RGB) W seaudn (Gray Scale) lngld
dun1sn 2.12 lunsudas (Opency Python Tutorials, 2016)

Gray(x,y) = 0.299*R(x,y)+0.587*G(X,y)+0.114*B(X,y) (2.12)

10y Gray(x,y) Wi ATAITUUNTOISTAUENN Bl FLRUY (x,y)
R(X,Y) WAL ATAULTNYBIELAT 8 AT (X,y)
G(X.Y) WU APIULINUDIALTE Y B AT (x,y)
B(X.y) WnU AR divosdtn@u o s (xy)

2.2.3.3 aWa95¢AU (Binary Image)

AMNEDITEAUADNINYNIAN UABEHALYALILNGS 2 SHARDYIUALAT LABULNY
Husia 0 wio 1 nmaessesudeutunldlumsdnsginmeuioidu unieseniiug 2
seifu Ffuneasdonvosnmisgluifieuinnlasssesinguinty daiegndluud
2.12 agdlsfinunmassseiuoradunadwifiinainnisvinisussananan nile wunis
WIVOUAIN u‘%amm&mi’mqaaﬂmﬂﬁwé’a Wusiu (@i, 2556)

5UN 2.12 syuuiiinvesninassseau (Marques, 2011)
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2.3 MSUTTUIANANTN
n1sUszAaRan W (Image Processing) ﬁa%‘%msﬁaé’am%ﬁmﬁwmwLﬂufﬁagaﬂﬁm’h
dmdunisuszinanauisegadfislildnadnsaunnudeants enaUssataran nionnws
A Faseudlunim msUunuaing msviliameande nsviildnmilsieasideaunniy
ALY NsAUMeIRUTEnaun s esnwzaunelunw Wudu (@, 2556) F01ald
wadAn1sUSUIUINNIN (image resizing) inAlan1suUasnnd@idunininumi (convert
color image to grayscale) Lwﬂﬁﬂﬂ’mﬁlwﬂjm‘ﬂamw (Data Augmentation) ﬁamﬂﬁﬂgu"]
(Elgendy, 2020) ﬁmmmﬂizmamamwlé’mmmmé’aqmimﬁmqﬂizmﬁﬁﬁmuml”i a9
Uszanananinansnsanuadu 3 seau laun nisuszanananinszaus (Low-level Image
Processing) N15UsENlaNanInIzaunans (Low-level Image Processing) Lagn1suszuiana
mwamum (High-level Image Processing) (Gonzalez. et al., 2004; Marques, 2011)
MsUsZIIaNANINIZ U Lﬂumsﬂmmawammmwaamﬂmmwauamwaﬂumsm
ADNNILADS m‘wml@mwmwmaqmiLLaJLummmiﬂuUmuag 819ulusUnuudayayad
U (noise) Fatfunsussananannlusiumswssneusiensidnduaasuniu ns
i wlimLds Lﬁ@iﬁmwﬁﬂmmwmmﬁu Suwma%mﬁ‘wmaamiﬁszmawamwwﬁ’uﬁw
Junm wanguinisdhludszananaluseaunely (Gonzalez. et al., 2004)
MsUsTIRaNanINgEAUNant W un1sUsTIranan TR Bades T UuRIa WY N3
AUMBIAUTZNRUNIMUTER nBzLAUAETUATN (Extraction of attributes) n1slddanaiiiu
¥38N52UIUNNTUTHINANAA W 5y UAW (Edges Detection) wlaenIUIeinguse
Toyaniglunanesnainiwdudin (Image Segmentation) auinguszasAvasnisunluly
SunareInsUTzIIaNan nszaunaI U uite e duandnvarifananniw vie
\Fun17 Aaes (Feature) maqﬂﬂwﬁgﬂaﬁm Tldnareuuveniiegrady @ (Color) MuR7
(Texture) 3Un3s (Shape) veun (Edge) wislandnvaivasinqueiazdy udy dsfiians
wardandudeyalunsinsziamlunisussinawanmseiugesaly (Gonzalez. et al,
2004)
n1sUszmrananInsziugndunisldtoyailinesnianadnsainnisussuiana
sefUNasensEUIuNITiesaneifi fnqusrasdiilelireufiunosssnuanidlaidon
Y030 0le denalvineuiinesanadwundeanI (Image Classification) 19 seanunse
n193UTRglunIn (Object Detection) a Guuaaﬂmmaﬂsvmﬂwmmmh
nMsUsTINARAN NI 3 SERU a)vwmmmiﬁﬁvmamamwlmlmLUuﬂivmumiL‘wsm
LLmJiquqmwmmJimUasmmmwmasmmm LAIATOUARNEINITIATIZNAIN (Image
Analysis) 778 FuuduneureinsUsvanananin 3sUseneulugae mmﬁu%uﬂamw (Image
Acquisition) N15LM38UT DY ANIN (Image Pre-processes) N15hENA A NwMe (Feature
Extraction) wazn1531uunnIn (Image Classification) (Hameed. et al., 2018)



2.3.1 nsiiudayanin (Image Acquisition)
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nsiuteyaninuunefisnisiiutayaninsiewuees (Sensor) idbuguhuunin

(Visual) kag ladldn1m (non-visual) Fuegfiuamdnuazvestaya Fuil 7 35 (Hameed. et al,,
2018) A5 2.6

AN5199 2.6 NsUSsUsUG U IMTUNTIIMUNUSEnMKabikaen (Hameed. et al.,

2018)
Sensors Visual Sensor | Features | Advantages | Disadvantages
/Non-visual | type exploited
ANV | Visual Passive | wswnadln | fnawdniey | Inglulid
(B/W) LASIURT | 99nuas
ANE Visual Passive | isu1Agln | @nnsaly I eRHIPRRIIERGR
(RGB) Nuf wavd | Usslewiann
Snuneitugiy
Wamlavesing
awnnsy Visual Passive | Joyaduay | fdeyaifindy | Tdnsnensady
(Spectral) Joya WAefunns N1SANUIN
anasy GEAIRYIGN
ANTOU Visual Passive | danuus | Tuuwusiunud Gﬁuwjﬁ’umm
(Thermal) UBNNAIIY | YBIINg WANANVDIDN
ANTOU Dluagiian
AMATS Visual Active | aawauuy | loanwauznaw | lufisaeduie
ANEN RGB ey ﬁauymﬁ ARIAN AL
(RGBD, AINANDIN
LSS) 5N
Roduda | Non-visual | Passive | anuneny, | Tonuladnud | dvedndnduns
(Tactile) fiui, wazgUing Anevideyadiil
ISNGE LAENAY AULANFAIS
MU Uag
LEULANT
il
pgAadn | Non-visual | Both | Anudaneu | a1unsa fianudaideu
(Acoustic) GE WATILRANY | VOUEUVDIVDU
anduius | aauavay | mgIzdunang
wiuvoIHalyl

wazenle
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1 [ 3 ¥ A o d' 1 4 £4 [
agglsAmunsiiudeyantnauslilunisan 2.6 lawnsaldauldmunzsaudunn
T8YA 9199LABAFINUATNINTUIINAMAN YU VBITBYANINTIABINITUTELIANS LiNalila
HAGNEN TN TN UsEAeANInvual

2.3.2 msm’%au%’agamw (Image Pre-processes)

\osannmsifAudeyasiaideyadilifesnis (Noise) uazawiidaudaidoy
(Distortion) FumsneauIA i ldanmafudeyauduaziunldlaldluiuidesin
nszvIunITwssnteyalinsaudunisirluly dregravu wmalanisussunuainudy
(Intensity estimation) N15U3UIUAIMIUIVIANA (Geometric estimation) NTLUIEIUAIN
(Image Segmentation) nsUszananas e (Elementary processing) kagn15UsUIaNA
WUUBIATIN (Holistic processing) 1Tusu Funadeamuniina i umaiafidisatouas
wisdudeyaninidesnsvielsifiosnisesnanduld Gusrelilideyanmilionzinnzaa
wndu frelinidiengideyaludiiudaludiedu it fesiulainteyanmildns
wdeegidutoyanmiignsos lsifidnuiuvieniamelu (Hameed. et al, 2018)

2.3.3 msuunAnaneale (Feature Extraction)

nsusnaudnvasdumsmiunuresdeyadioldluninieusinamiudeninerls
Tnevialuasldnadnuasiieaiud (Color) 5Us19 (Shape) 4unn (Size) uaziiufia (Texture)
Tunsisgsinmmioduunaiw Fsuiusuindeyanimernaglififienadnuusiied
anunsaUsuenanuaizanizla lun1suenANAN YULRNIZIBININAILNTTUIUNTTOUIVDY
1384 (Machine Learning) $11Jusesidegamnudasdy feature vector fow @ feature
vector toziduendisd 1 4 ‘ﬁﬂﬂ%‘mmmumiﬁﬁayjamwnﬂﬁﬂLézjalﬂﬂszmawa (Elgendy,
2020; Hameed. et al,, 2018)

wellalunisuenandnsalslinininenainuaemealia wiliinsiagldmaialalunis
LenALduAizTRsAMENTRTe NS LENALE N YLETUITn AT AT Iz auvels]
(Hameed. et al, 2018) fap31971 2.7

M1319% 2.7 AnauURvessuenAudnyy (Hameed. et al., 2018)

AMENUR A1asueY

ANMULTILIIBIRasUNY mmmmizﬂ,uisummumshqazwhqé’wmw‘?{mﬁ@uﬁ’uuaz
laimiaunuyaanin

ATUNUNIUY sossunanisUalouvesdeoya TeyadiuliuLaznis
Wasuuaudntiessyninmsiaiudeyauaymsuvasieya

AR Y seafumsuUasioya \u Affine, projective Wag color space

AUNTEYU AMNEINITOLUNITAATUIANUITAUTINATAUT S DUl

WaNISIAYINAY ASAUM

N153UAU9EI ANNANNTA UM ITUTHaLRTaLAINUBYAU1EIY
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2.3.4 n133WUNAN (Image Classification)

nsduunamidumsnszuiumsililunsssydneuandiniuitinmifenmoyls
Fadunsneudgmuiethlugniswauwenndindudnuinuneliinesfutowndiady
dmiumafufsmandnsevuoud mylisginunmualivazdn nmssvylsruesnalsl
wazdn warnTesgvianudeevesralivazdn tnediulnginideldisnsSeusves
1A383 (Machine Learning) lunssiuunam awnsaudslumanisiSeuiesnidu 2 ngu loun
ﬂ&ju‘lmmamiﬁauiﬁwmﬂﬁﬂLLu%%uisﬁl’u (Machine Vision Technique) #298191%1 Support
Vector Machine (SVM), K-Nearest Neighbour (KNN) wag auld@indula (Decision Trees) 1Ty
Au uagngulunanisiseuieemailalaseigyszaminien (Neural Networks Technique)
Ao81ay Artificial Neural Networks (ANN) laz Convolutional Neural Networks (CNN) 18y
Ay (Hameed. et al,, 2018)

Tnenauluinanisfouisaesnauidanusdonisfiunnsistu mndoamsldlunanis
Souiiomaialassinedssamiiendndudedidoyalusmaimnnedsasldlunadii
Uszansnmmsemnliannsovteyaldifismeniafesd3isnsinlumansiiunsisous
1ud (Pre-trained) siFouiifanAnustoyaszdosidnvusmieututeyaildiSousneu
utihdy efdedndudesiiaedrmilwedunangui witedveslunanguildolunaay
ansauenAuanvazysoyalienlul® asaiuduivlumanisiseusmemaiauuyiiy
39U dnidezidonarium iz idegaiefumniinadnwae Awsnzau semuies wn
wdodlinnaaudnuuzinldnueviliidenawieldlumaiivssdvsnmesninfiais
gy waegnlsAmuladndnideagldmaialafiniy arsiasandnvasdeyanas
fnquszasdvasmaiteliilanuaenndosiu omslimndsssAvBnnvesnadwsiumela
(Hameed. et al,, 2018)

2.4 M3UeaUNI (Image Segmentation)

ANSWUSEIUAM (Image Segmentation) Aen1sUsyatanaliauusnineanidy 2 du
= A ¢ A ) 7 A v ' &
W30UINNINU FallgpUszasaenaning (Object) n3adnuuzanau (Feature) N3Ny
a4 (Background) 90401w lunsiazaufignuusesnduuinueinquitnieaiinuaudd
willpuiu NskUsdIuNNgnAosililausnaetinguIsNunas N daay eauise
[ v Y < o [ gj 1 U [ I
wundngeanuilauainauisadinmingluvszutanalutuneudaluls laudiesidunig
M5333U10 0 (object detection) N153AT1AIN (image recognition) A1TUENAMUA NYAE
(feature extraction) Wagaun1sIavIIAMYMIEIMUNNGY (classification tasks) wAllafIlEd
Tunisuusdrunn laun nisuusdrulaglda@iauus (Thresholding- Based Segment) A5
wusdrulaeldiduvou (Edge- Based- Segment) n1shusaulaglaWuii (Region- Based
Segment) Lazn1skusdulngldngsau (Energy- Based Segment) (alu, 2556; Abdulateef

and Salman, 2021; Marques, 2011) lnaimafinunazuuuiisiuaziden aeolull
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2.4.1 nsuusdunnlagldardauus (Thresholding- Based Segment)

asusdunmipeldedauds Wunmssmuaaasiidielddunaelunsudsdiunm
Tavdulngjaziiuannisudasieyanmaifunmsefum udnhdeyavesusazinimaain
AMsEAUmTIle TuRef1sERUANMUTLY LA IUAASRNALIAILIMANNAEIRANERS
WomA1AsTingor1TauUs (Threshold Value) Tnafvualsy Anwalaluninszdumndan
SEAUAUUVDIULEININNTIAVALUIIL MAUAANAINSIVNAY 1 mnAladatesnitnse
WNAUANTALUREAIUARHASNSWINAU 0 feaunnsT 2.13

1, iff(x,y) > T

0, otherwise (2.13)

gixy) = {

Ty glxy) WU SHERNYATDININEDITLAU 0l FILAUY (Xy)
fix,y) WU AIAUUNVOITYAUFIT B BLNUS (X,y)
T WU ATALUIVDININ

sanunadnsnlrazlunmassssiundinisuusdesnmmiudnvesinguazdiunes

¥
[ Y] 1

v faaegndlugud 2.13 Ssdwvasingandudvduesiunieanduds dwmsuns
A lauuaivainnangisldinezdunsldriede mdalasunsy nstmuneTanus
Tnel 4337 lnd (P-Tile Algorithm) g1uflsal (Mode Method) nsidena1dnuyauuuiug
(Iterative Threshold Selection) LLafJ%maﬂam (Otsu’s Method) (ﬁﬁu, 2556; Abdulateef

and Salman, 2021; Marques, 2011)

Original Image Thresholding Result
5UN 2.13 Megansudednlagldrdauus (Marques, 2011)

2.4.2 msudsdrunnineldiduvau (Edge- Based- Segment)

nsuusdunmlagldiduveu AensindeyanImsEAUMIANTNTNTUIATRITng
AELEUTDU Tnen1sAUnIUS i liaeitios (Discontinuity) Y03A1szAuUIAIETUAIW &9
U3naifiaszaumniliseiies Aeusnainlusessdessningingiuiiunas vseusnaundu

a = Y] ! Y] a & a | A a N
swazduanelunm Felaeviluaseaun u ushaduasiialdasd dnsiudsundas Ing
Anuliaaifissdonainananuluseiiowssiiuids aruluseiiosvesnnudnvesnin
Anulddeilioswesdniaaseaumn wazanulisoinsveuas (@ty, 2556)
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FBnswiduveunmanunsasuseanidu 2 nqulaun dendunisinsieus (Gradient
Operator) Wag A3ANLTUN150UWUS S UAUABY (Second Derivative Operator) Lag i
fudunsinafeud iunsmiduveulasnismyamaniazangsaniugUveseyiussusy
wils fregraay Fasiun1sndin (Prewitt), 151550 (Roberts) Towua (Sobel) waziAul
(Canny) dusasiiiunmseyiussusvass Wunsmiduveulagnsmaasaniazqngaan
lusUveseuiusduduans fregrudu drniiunisarieu (operators Laplacian) wag
ANULANANIYRLNET 8U (Difference of Gaussian) Wusu (g, 2556: Abdulateef and
Salman, 2021) fegunsuisdrunmlagliiduveunanidasui 2.14 Wumsldsduiuns

wAutl (Canny Edge Detector) Tun1sAumILEUI0UTOININ

Original Image Edge of Image

sUT 2.14 dethsnsuisdunmlngldiduvey (Abdulateef and Salman, 2021)

2.4.3 nsuvsdaunmningldiud (Region- Based Segment)

msutsdunnlagldnud Wunsudsdunwlaefasandumlaesfinawasaiy
wiloutuvesgnaniivesfinimaneluiud friineaiiegintulasiinuanifuioutuazgn
FaliinauAeiu @nsngy wazdng, 2562; 30135304, 2557; an1andy, 2555; Abdulateef
and Salman, 2021; Marques, 2011) Gﬁqmaé’wa‘ﬁlé’awwlé’mwﬁgﬂLLUqaaﬂmm’iﬂ 2 @
Faguil 2.15

;

4
Original Image Region Based Segment

gﬂﬁ 2.15 fethsnsudsdrunmlngldiui (Abdulateef and Salman, 2021)
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Frsuvsdrunmlneldiuiiuissenidu 3 v 1Hud

2431 wadansiivlnvasiiud

wadansivlnvesiui (Region Growing Technique) 1 uUns¥UIUNITVENY
nauUBIgAnmvefiuiges (sub-region) Tiluadilualunuinasififmus lasnisvens
naueEIIINNGuTesTinigaTiiondt finwawwdn (Seed Pixels) wavvgneiiuiiludfiniega
seutiiinuantfnd oty e1afinrsanandssiuauduveuamied [Wudu lnons
Fenfiniwadainastuegfudnunrveanin fennidenldfinisudsdunmdaeisifagls
Naﬁwéﬁamulﬂﬁ’m (EjmaWﬂﬂ, 2555; Abdulateef and Salman, 2021; Marques, 2011)

2.4.3.2 L%ﬂﬁﬂﬂﬂii’)mm”uﬂﬂ‘ﬁuﬁ

WMATANTIINLAZLENT U (region merging and spllttmg techmque) Ju
mmuﬂiumsimmaLLsmmmwmavLmﬂmm Tnewmadanissauiiui (Merging) A% 519N
MsEMUARUTIELEY (initial region) ma'ﬁ]LUuWWﬂLsziaLWawuqr\mLLa'Jmmii'mwm%aau
‘1/1muauﬂummaﬂuaﬂmmqwmaams drumaiianisueniiui (Splitting) 31NN
smunitufisueivel (Large Segments) LLayaLLﬁﬁa'auaiaaiﬁﬁéuuweﬂLé‘ﬂawumwﬂﬁi’mqﬁ
ABDINIS mmﬂuﬁuﬁﬁmﬁu (Homogeneous) (qmawﬁ, 2555; Abdulateef and Salman,
2021; Marques, 2011)

2.4.3.3 WATANISWUINGY

wadanisuusngu (Clustering) L‘Uummmﬂamwmmammmamumﬂmaﬂu
sonunguuieienia AdaneT (Clusten) laousay ﬂaamaiaﬂaiwﬁuumﬂﬂmauumm
yanvant 19y uIn 3 uasiiuiia iudy Seedawesd 2 unuy IR NS
(Hierarchical clustering) Wazaaaineshuvluiduan sudu (Nonhierarchical Clustering)
foyafignuusnguiemsndamesuuusiduiy asgninngumusidudunuulassasiuld
(Tree) figvlvundutayavmauagnuagosandunguieyandamosdutoyafignuingy
wuulsifugdudy Wunssuiunsinngudonaldedlunguilvmvay Seanduferiuasd
AnaNdRndofy uilanuuandeinngudy uazdunsuangudeyassrsdaaulaglaidl
nauladeuitutuey Sane3fiuidenldie wiud (k-means) Tnsdanesiiu dasutsdudeya
(Partition) sontdu K ngu unuaAludazngudsAadeveangy 4ddidugaaudnans
(centroid) vaangulun1sinsseyvitvesdeyalunguideniu (30133304, 2557; Abdulateef
and Salman, 2021; Marques, 2011)

2.4.4 nmsuusdrunmnlnglingeany

nsuusdrun1nlaeldwa a1y (Energy- Based Segment) Ll un 1suysdulnedl
SnquszasdiiieifinuszavsnmussutsdiunmlngliiBnisueniinaeuiing (Active contour)
wazIsuwuUNs W (graph-based) (Abdulateef and Salman, 2021)

msutsdrunmlagliisnsuendinaewiffonsimungustsuesingEuduianiy
AseuRaNYNALvesilunmudinsasusUssanvuInasidizesqauninasnure UYR
vosfngmelunin Fnstazlvnadnsifureuunvesinguuuln uveudiliaziou uas
Judtfismdaninisaaiuegnatu nsiiulavesitudl (Region Growing), nsldAdauus
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(Thresholding) way N15MSIATULEUVBU (Edge Detection) tHusu Lwiﬁ’ﬁmﬂﬁmumgﬂs'wﬁm
I@laiffazdamalinadnsfilalafinuluse (Abdulateef and Salman, 2021)

nsuvsdunmlagldisuuunsw duismsiendonguinsslunisudangy Tasnns
sryfumbnisdatusilunsil Tnefinasimsdadidesnsananundeadsssninefiniegad
wenoen Aleg1en1suUsdIuAIaglgIsuuunI v taun Normalize Cut Graph Cut uag
Local Variation tJusu (Abdulateef and Salman, 2021)

2.5 TULAan15aUNNTN (Image Classification Model)

TUMANITI LN AN L‘ﬁuimLmam%’é’m%’waEJﬁmﬁuiﬂumﬁwmmmqu'%a%’mﬁszLmn
nquvesteyan1n lnen1sduunaInziinisaingluinaniediduunngy (Classifier) L
° o ' P =3 Ao o X v )
wemnavyrIenguuateyanm (Class) (nwe, 2561) Gslunuideassilliaiuauladu
nsPunaeiugvasLmansing N miimeduiaun 7 @eiug lnelinsdnwilueg
AUSUNISIWUNNN Fasia lUT

2.5.1 mMsiuunaeng (Rule Based Classifiers)

msduundeyadaeny Wulisanuszanananield “Geulv” (condition) fignrvun
wadwsld drdoulviduaisbivihesls ddeuludumialiierls Fsenauszneusovils
Fouloniouinnin Insudazngazgnuansegluguiuy IF condition THEN conclusion
anansouanslnaldfaguil 2.16

Rule-Based Classifier

Condition 1
(Root Node)

No

Class Label
1 (Leaf Node)

Class Label
1 (Leaf Node

Ui 2.16 Tassadslunanisduundeyasneny (Nidhi, 2022)

Condition 2

Class Label
2 (Leaf Node

Tnssafralumanissuundeyadiong Useneuse Wouly (Condition w3 Rule
Antecedent) uazkadnivadng (Class v3e Rule Consequent) Insidouluazgnadisduain
nsfnwaudnuasvesdayanw iy & vun Aui Dufu dunadwsvssngazfunissey
waany (Class) v@anmitgnimunsiefidsamauseainnisdnudeyanin lumanis
Fuundeisnsiiiuiinsiidheudfianudssenislinanisduunfnnain asan
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wdesilosdarmdinnefiazaseunqunsdeinefiasinduld fafunisadslumauenain
wiosaidlirseunqunnadiianintuuds massydeulvuasnadnsvosusazngasdodl
fnnudaudsiu vnAnnsdlilifinglaaefiaenndesdudoya azdosiinisatrangidy
U3ene (Default Rule) 11 e lilunmadiansannsaduundeyals uwifvoeslsfiniufnisiing
Useiiuuseansnmuesngiitennusiulalunisillden (nwe, 2561; susins, 2563;
Nidhi, 2022)

252 muwnqmé’nwmzmm‘ﬁam (Content-based)

dmsulnnaduunnndonisusnaudnvuzenuiomiy Tasvlugadufniues
Aumaadnuazisu fanmsmihanltiugadnvardmiumssuunnmldogianzaudy
FBnsiFeuvennios Jefondsnalunisfumanudnvarimnzaniuisnssouives
sosiidenldlild andnvusvosdoyanmanmsousnldand vunm sUshe fuia (s
"“ﬁmiL%'aui’suaam%qaauimgﬁaﬂw FNNDTALINADTULBTU (Support Vector Machine :
SVM), K-Nearest Neighbour (KNN) way auliiangula (Decision Trees) \Judiu (Bani and
Fekri, 2019; Jana. et al,, 2017; Selvaraj. et al,, 2010; Muhammad, 2014; Fu. et al., 2019;
Reyes. et al., 2021) é’aﬂyumwﬁ’ﬂsuaﬂuLmaﬁﬂwmzﬁﬁaﬂW5LLaﬂamﬁﬂwmzLﬁ@iﬂumi
naaesiuIsmsiouivecndostasiUisuiiounssansam fguil 2.17 Ussansnmues

¥
= 1

lunavzdusgiunudnyusldluduundeyanmnuIniulszdninmuesisnisisouives
\Asesdenly

Feature extraction Learning algorithm
Input (handcrafted) SVM or AdaBoost Output

mﬁ_’\%ﬁ_’ f _’

Ui 2.17 Tassasavedlnanisuenaaianuaiysuilon (Elgendy, 2020)

2.5.3 Ms538UBIEN (Deep learning)

M3i38udiTean (Deep learming) Wunilsluiinisi3oudvesiaios (Machine leaming)
wuusalugianmdslasuanuden iussansamnlunisiuiegs inauuuungesdt (Black
box) (Samek. et al,, 2021) b8 HULUUNITYIIUYBITEUULATIVI8UTEAMVDIUY we
(Neurons) tngnnsasslassineusza (Neural Network) et un1suszananauuulalibs
vdu (nonlinear processing) m%’auﬂwuﬁmasﬁgu (Layer) (Elgendy, 2020; Schmidhuber,
2015;) wagduagldnadnsvosdunountindudunn iriuroinsdeudiBdinfosesiunis
wenAudnvuiTaNAguIaTe lunatisusnaudnualvsnlui fiseinihvSendoya
faglflunaFoudvindu Gohadumuazmnavglitugiseduogann

osfUsznauvadluinanisieudifeinusznaude 3 dau ldun udeyatinds (nput
Layer) Fudou (Hidden Layer) ag Fuwadns (Output Layer) ﬁqgﬂ‘ﬁ 2.18
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2.5.2.1 futeyatindi (nput Layer)

duduiideyadigluea s1uiuvesiasounselvun (Node) 3 uag iy
AudnwvestayaruNsUsTInanateyalusziummEosEfUNa1s o1auluguuuun W
nszdun ienmaessedy vioorndunadnvarvesnim lddandu & g i
Wuvou (s (Insdind, 2565; Tnney, 2563)

2.5.2.2 Yusgau (Hidden Layer)

duduilogasanarsszninsdudoyaiduastunadng udunaFeuives
Tumaiiinisuszinananuuliidadu Tneshluuds dudeunsisiuudunazsuaulnuall
$1i nsuit udusazsuauIvunezd swanaUszans anvesluna Tnousavinuades
Usznauseiaidunuuliidudadu (Non-linear function) #3eflsidunsedu (Activation
function) 4199zt uilsAtunseduaAILUs (Threshold activation function) Haridunsegsu
Fnuosn (Sigmoid activation function) #Wangunsedulawasludaunaniaus (Hyperbolic
tangent function: Tanh) w3 Haddunsedwsadliadwdvgfin (Rectified linear units :
ReLU) Ala %uagjﬁuﬁmauﬁﬁmmi (lnséinf, 2565; Fawss, 2563)

2.5.2.3 Funadws (Output Layer)

dududusmevvoduaa ﬁi’ﬂmuiwumiu%’jwfsﬁuagjﬁ’ugmwwaaﬁmauﬁ
#ioen1s o19eglugunuuTesaunsanneY (Regression) Tunsaififneuifudnwaznisseym
vieUsina wWu naweInsaioInd n1awensaivu iusu Sruoulvuelutunadnsasiifies
uniies mnmmeuvesliwalJunuaavy (Category) wiaussim (Type) Srnulnunludu
waé’wé%ﬁﬁi’ﬁmwﬁhﬁ’mﬁ’wmuwmw%w’%aﬂizLﬂwmaﬂsﬁagaﬁuwﬂ (ln3fnd, 2565; Tnnas,
2563)

I\
s
SOXT7
R

output layer

U]
L\l

input layer
hidden layer 1 hidden layer 2
5UN 2.18 lassasieegednevaslinan1siseusidedn (Krishna. et al,,2018)

uenniin1sFeudidedndafioaduszneuduliiitesifu nsuiunsideus (Training)
fayalasnisuuariminiduenfiiunzauian (Optimal weighted) Fae38n1sunsndy
(Back propagation) ﬂ"uﬁamiSauimﬂmmﬁmwamLLé"Jﬁwmﬁﬂwa']mj’jumﬁm'smmﬁh
vmdnlugd Tnedinnsimuadinsilunisuduaidmtnniesaaziiondn “Step” wio
“Learning rate” dennsourasmmhauaziinisusuatdmiinlminnadsaunindnimingg
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l31WA suulasvielUd sunuasios (Convergence) datdurruniniimuzaniian
(Optimization) aziinavilinsiunenadndiiauuiugunnd iy fafu mndesnisli
luman1siseuiigadniinulaegnadivss@nsam asimueamidmesaieg imangay
Fadsmareuszansnmlunisyinanuveslunanay (lnsfni, 2565)

2.6 M3InUszansnmluma (Performance Evaluation)

ns¥auszans anlumaduduneuddivreussfiuilumadiad s utuanunsa
ihluldeuasaldviola Tnsdnlngluaadiviiauludnuay Suun uenuezviedangs
(Classification) feaiauszansamluinasenissaeuilduim3ng (Confusion Matrix) 7
aunsninlugnisauIumeAInINgnees (Accuracy) A1ANULIUET (Precision) A1AM
5¥8n (Recall) A1A"E2Ra (F-measure) uonandgainislimadanisutsdeya k-fold
Cross Validation Wiereuyseyadmsumsiaussansamluaasie

2.6.1 m319AURIYULNENA (Confusion Matrix)

msureuiatulming [umseilduszifiunadnveanisuunnienisvitune
(Prediction) W3suLiBuiuAa3 (Actual) w3enadsiigndesvesdoya annsAnuluiaa
wuuduunngudeyamnidunisdunnguiies 2 nau (Binary Classification) n3a13en 31
two-class prediction miwﬂaw‘?\laﬁi’fuLw%ﬂﬁﬁlﬁ%ﬁé’ﬂwmzé’qgﬂﬁ 2.19(a) vnidunns
FuunngunInni 2 nau (Multiclass Classification) msnsreuiidusmsanilsayiidnuay
Faguil 2.19(b) Fausazdodumisazszyuunadndilunayiuneld lunisszydiuou
wadnsliviludnuae 2 87 Ingilsinauanienate drufutuuansamadnsilumariiuneld
(MU, 2552; NOULNYIA, 2563; Tait. et al,,2021)

Predicted Class
A B. €
Predicted Class
A ™ BN | EN
A B ,
/7]
@ ®
E A IP FN O B| r ™ FN
o g
o =
E B FP TN c FF FF ™
(a (b)

gih“/'i 2.19 F19g19n1519ABUTITILTSNA (Tait. et al.,2021)

Tngtos TP €8311910 True Positive y3nefsduaunadnsiiviunegndoslumsuin
Maeadu eI “Yes” uir1939me “Yes”
TN 8831970 True Negative vangfiadiurunadnsaivinunogndadlunisay
Mogaau Yu1eI1 “No” uie93eme “No”
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FP 6911910 False Positive nu18dsgdruiunadng i vutsdalunisuan
F9Y 19 TU YU “Yes” uiANRsIAe “No”
FN 8911910 False Negative w188 981urunadns A vinuredalunisay
FRYUAU VU1 “No” WAADSIAD “Yes”
17?@5&1?ﬂm5’1@ﬂaw‘/‘\la%’uLzm%ﬂﬁmaniaﬁ’ﬂﬂﬁ’]mmﬁaﬁzq AIAIIUYNABY ANAIY
wiugN ANMINUTEAN LATAIAINANAR Igeved) (NeuLNesh, 2563; Tait. et al.,2021)

2.6.1.1 A1AINNABY (Accuracy)
Judnsdivainmsviwegndesiudiuiudeyarisnun iWunisud@ianniey
TdUsziliudssdnsnmueduing AAugnaesdalaanaunis 2.14

TP+TN

P (2.14)
TP+FN+FP+TN

Accuracy =
2.6.1.2 A1m1uLaugn (Precision)
Wudnsdiuvetnanisyiuiedsuan aAuinlnedndiuaessnuiuiivinule
gniedlumeuiniuinuteyaludauiniiavun mAuLug1AIulaINaNng 2.15

TP

TP+FP (2.15)

Precision =
2.6.1.3 A1A21usgan (Recall)
Junstannuwiug1dniia Haulanadwsnimneldifeuiuvdeyaiiluvesass
APUsEANAWINlANNANNIT 2.16

TP

TP+FN (2.16)

Recall =

2.6.1.4 AAUE299a (F-measure)

1 ! £ =) = M Y = v

AIPINUDNAA WNUAIY F-measure #38 F-Score 138 F1 Score Alg Wun13in
AAUFIRUS T NINIRIANSEA Az AInNkiugT e uludidiaildsuanudey
99 nauN Tl N ealag TINYRIIANUKINEMaTAUSEANA U oy lne i laaa
A111508ANULLUEIFIAANNTEANAT NTEANULIUGAILAAINTE AN A1AINNANAA
Aunlanaunis 2.17

__ 2(Precision x Recall)

(2.17)

- (Precision+ Recall)

2.6.2 nswustaya k-fold Cross Validation

nsutsgadayaiiensanaauanugndes Tnsluduldesdoyalunisasaaeuuin
Auld Fagadeyanrgnuvseenifudiug uiazdnudvuaminiy ndantuigadoyaly
WANiie (Train) waznaaey (Test/ Validation) Veuasuiululivnndiuvresteyagnnaaeu
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(neufiesh, 2563; Shwartz and David, 2014) fegatu AMvualilinsuusadeyasandu
5 @91 (5-fold) 11 d@wlddmiunaaoy 8n 4 drufivdelddmsuiingn udrIsuaduyn
foyafiunddldifuganaany Tunsdifyadoya 5 daw Adimaiouadugadona 5 st Jadu
fisn83A197 k-fold Cross Validation 3 k Aeduaunisudsdiugadoya azidu 5 3o 10
wiawhlanld lunsieuaduyadeyausazsouazlamuszdnsamu 1 a1 mnulsadoya
Ju 5 du Aagldrszansnimnitomn 5 A1 Fafudssansamuednnalunmsiudis
spUU AonsthA1UsEAnsnmusazsousndumALeds faguil 2.21 Tnewaluies
wuau 10 du (neufiesh, 2563; Harikant, 2021; Shwartz and David, 2014)

Validation Training
Fold Fold

1st —— Performance,

q
3rd — Performance s L= Pperformance

= % Z Performance
ot [T T/ —» o

K Iterations (K-Folds)

1
=1

JUT 2.20 fegamsuustoya 5-fold Cross Validation (Harikant, 2021)

2.7 wAseiigades

Muresan and Oltean (2018) latauayateyaniw (Image Dataset) fifldedn Fruits
360 Uizﬂaulﬂéha%’auﬂamwmalﬁuasﬁﬂﬁlé’%’ummﬁw $99U 120 iin TIuvaEy 82,213
aw sfludatangduns (Pitahaya Red) ussaegdae 1 vdin luduneunisifivdouanin
Muresan and Oltean (2018) leiinuagwalsl sndeuidfvuiandndidessdedvaiou
uelrefuIn 3 rpm Ui uauwonfutufinnmiedoulvadunan 20 3wt laed
nsgavduduiunds amiadoulmilldsgnuenmsuoonunduninds wdninmden
Usuiunddlinanefuiiviesuainavetu fidugadeyammilldasduammaliuagin 1
viage 1 o lnedtunduduivn Wedunmeaouiigadoyanmiiadsiudann
luldlunisdwundssianualduazdnlavialy Muresan and Oltean (2018) 391i1%m
Foyannililunnassiulumanisiseusselasenouszamiion (Neural Networks) 10
wuu Tnefnisuiurunanmanigaiunesan Idauin 100 x 100 Pixel niouvisutasnm
Togluguuuuiunnsneiu 5 guuuu Téun awszdummn (Grayscale) nwd RGB Aid HSV
AN HSV + AMNTZAULNT Wag AMNE HSV + AINTEAUNI+ hue/saturation change+flips
nmnaassthatoyanwlunasesfuliaai 10 wuu nudinguammd HSV + nnsedy
1+ hue/saturation change + flips lﬁﬁ'lmmgﬂéfaﬂ (Accuracy on Test) qm’jwmjmﬁu %
AAugNAatEeant 95.23% uazsinan 93.79% Jaazulidn gadoyanmianusaiiluldly

AsawunUseLnnealaiazeinle
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Magalhaes. et al. (2019) lé’ﬁﬂmmimﬁ'auwawaqNaLLﬁaﬁqmmaﬁuﬁ: Hylocereus
polyrhizus Bswaanaziivdendunailoduns lnedngusrasdiiotionaununisdnnisua
wisfanslivnzautumsifuieiwaznsvudioongnain sednuardugIuine) wagns
Wasuwasdhmeluias neuanvessauidnsiaiydiulamvdnndnsuauiugueanas
(Anthesis) WuImdRINNsHANTUYRLNAT 28-32 Tu HawMdensdslian wWaeniiddy
Hue Wiy 120 WuiddlmfomAufe Wednly 3a Fu naufufinsagEugn Waendliudl
unsUsngidntesusidednsluasuduiunseuinuda a1 Hue wihiy 60 iuszesiinieu
Auifen wanefunsuudeszerlng wimniisliduszesnan 36-42 Tundannsnisuausiug
vounas Wienuauisnsasdsuduunstaauuatenduddifen a Hue iodndluasiia
uasamaduty Wiy 20 Wunauiaslinfignuds nieuiulssvnu danfusmnefunisvuds
seuglnavsedmitensensudseniu annuideasuladndidenaiunsauivenssesnis
Ww3AUlnvesNaLAdInsla

Masithoh. et al. (2013) lauauamalinn1snsI93unawniansaenus Hylocereus
Undatus Sewaanaziiudendunaiiodun luannsiindeunaauds Tgusrasdifionsaadu
waztiuduaulsnaesiidensuuduls Tnensiumelanisuusdiunn (Segmentation)
Felunad HSV iflousndrunautitinsooninfiunds 1IN 1svaaemu1 mnfvuad
Hue 581319 299-360 A1 S 581319 27-100 wagA V 581319 23-100 naus1nginanunsaby
JupPauudlunswusduninla Ineliriaiugneesgias 80%

He. et al. (2016) liniauelainanisisousi3sdndedn Resnet (Residual Networks)
LﬂuiuLﬂaﬁLﬁuﬁiﬁ'ﬂﬁ]’mﬂ’l’iLLﬁdﬁsﬁJu ImageNet Large Scale Visual Recognition Challenge
2015 (ILSVRC 2015) alunmailldsusetarusdasudunislunisudedu Classification task
1A59519989 Resnet Usenaulusig convolution layer uay maxpooling layers Tun13a3ns
luwnadau feature extraction wagld Average Pooling layers lunsadslanadiu Classifier
faufidn Resnet avilduiaigesianndn VGG net A 8 ui1 daduurutidrannisudety
Feafufny ud Resnet Sanududoutioonin Ussananaldfiuszavsamiiangt fgauly
wiuldannranIsnaauiiInm ImageNet ldnanisnagaeu top-5 error rate YayANAFRY
Wity 3.5% luwnisdl VGG net 1 top-5 error rate Wiy 7.3%

Simonyan and Zisserman (2015) l@avwansznuvesnnudnvesduiasasluing
Msi3eufidadn Tneldlassasnawes VGG net Taina GeUsznoulusae convolution layer
waz maxpooling layers Tun1sas1sluinaaiu feature extraction wazly Fully Connected
layers Tunsarsluwadau Classifier Simonyan and Zisserman (2015) leuSuiUasusiuan
Furedlunadig Convolution layer fiuansnadiu 11, 13, 16 wag 19 9y lnsnsusuasy
Sunuduwaiesidmalinisiwesildanlunauwnndisty dawanimaaoudinm
ImageNet WU VGG 19 uléia top-5 error rate vasyanAday Wiy 8.0% sotatAe
VGG 16 44 léka top-5 error rate YBYANAFOU 1y 8.1% Fuduriiunnsnaduiiies
\@ndos wana1nil Simonyan and Zisserman (2015) lénagoutiluna 16 Fuuaz 19 Tu
uFeasioru éna top-5 eror rate YasyANAFBY Wiy 6.8% Fadunadnsfianinluina
VGG net 7 14 Tun 5w 997y ImageNet Large Scale Visual Recognition Challenge 2014
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(ILSVRC 2014) Fsld$usetaiiniluazansvasnisuseian localization way classification
task muddy Aedndunisiaunlunavesmutedldegiseeniden

sandler. et al. (2018) ldiausluinanisisoudifedndiddedn MobileNetv2 1iu
TunafignAnduiufoaduayunsiauuenndedutuiiefoffivundn Tniwenslunis
Uszananaiisnie uidinassannmduiivmels Sddiufimneauduiies 400 Kb oy
171 MobileNetV1 813 4 111 AMUNLAEUDY MobileNetV2 Aan1511 convolution layer Lag
residual bottleneck layers Tun1sas19lutnad1u feature extraction wagly Average
Pooling layers lunisasislawnagiu Classifier dswalvvuinveddunaiivunnidnas wangiu
nsiluwaunluviswennaindu wWeiisuuseansnnaulumasy 1aun MobileNetV1 |
ShuffleNet Lag NasNet-A HAN1INAABUY I1A1N ImageNet YBIYANAGBY WUTN
MobileNetv2 fermsgnsiasgeitanie 72.0% wagiumanninlunady

Cecotti. et al. (2020) lanageulsyaniamuvaduwmanisisousidednlun1sngiady
84uvIdaUTTlY (Albarifio white grapes) kavoduunuIsLUsT (Barbera red grapes) lngly
IJJLmaﬂ'liL%‘EJuéjL%ﬁﬂﬁmuﬂ’liﬂﬂﬁﬂmLLﬁ’J (pre-trained deep learning architectures) 11
Tutaa la'wn AlLexnet, Densenet201, Googlenet, InceptionResNetV2, InceptionV3,
ResNet18, ResNet50, ResNethl Squeezenet, Vggl6 uag Vegl9 lagunaglumaiang
wilounazunnsnafuiasiuiudy layer sunanintinga (nput Size) P iines
Ussiamvsnaieidmdumsvihune (Layer of prediction part) suvtsasduasesdmiu
Meig wardnuandnvuslunalgnnuanvazesninls (Features) 919nN5NARBS
wudlueanineufidedniannsaldldmnzauiuequunndauiilufe Resnet50 4l
UszAnSanlun1souunvniy 99.650.16 waro{uuAIuI9LUIAe Resnet101 4]
Uszamswlumssiuuniviady 99.48+0.26 sumneenadmndeanisaiislunanisiseus
dsdnileduunysanequitaesulndaadonluna Resnet snUsulss dsluowianetas
thlufamndusennainduielddmsunisgualsejuseluls

Momeny. et al. (2020) l@@nwin1ssuunnaivass ifisusisunadulaiund (regular
and irregular shaped) a8 CNN Lﬁuﬁﬂmu‘iﬁwﬁaﬁLLamﬂﬁLﬁuﬁwiz%w%mWaaam'ﬁL‘%&mi
3480 Tne Momeny. et al. (2020) ldihnmnawasisiuan 719 A Usznousenmiess
fifigUs1aUnd 307 mw wazn e AsisUssliUnG 412 A Tnsusazanaziiifiosna
wessfvsmaonlneiiitundadudvn elvnisUssananaidriu Momeny. et al. (2020)
IvhmamTeuteyanimesinmuadsmauendiuiundatudiunesaeiioonaindu
Tngudasnmsuatuiduninluwnsmenisld Otsu threshold TunisAiaen threshold Tu
nsasaninluud iessyfitavesfinuafiiuduiundafefinisadun warszyfifnves
finwaidudiuvosnawesisofinads Weldnmluundnauysaludr Momeny. et al.
(2020) TnmluugdunusilumsusnduiiundatuaduromamesToonainiu uadwsld
Fofiundmosnmuatuazgnildsudufineadunueeavideliifssduwessaoss
muNNALRty wimeduyadeyan niivesiiuludmiunisieuidedin Momeny. et
al. (2020) Fevinsifinduiuteyanin (Data augmentation) Inegldimafinnisndusnuniw
(mirroring) , N15YYUAIN (rotating) ka¥n15UTULAE (color manipulations) RITAETAIRIT
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Sruaudeyanmifindu 20 wh Sufisawesionisuszananares CNN lunisnaaas Momeny.
et al. (2020) ldnmaesld CNN Fawunnalyed3 A H5UT1aUnAduliuni 1WSsuiiey
UszansninAunisld KNN, ANN, Fuzzy wag Ensemble Decision Trees (EDT) Tun1saauun
waLﬂjai‘?ﬁﬁgﬂﬁwﬂﬂaﬁumﬂﬂﬁmﬂ@mé’ﬂwmsﬁuﬁwm histogram of gradient (HOG) and
Local binary pattern (LBP) 91n1n11511A@89nu31 CNN aﬂmimi’ﬂLLuﬂNaLﬁvai‘%ﬁﬁgﬂﬁ’NUﬂa
fulsiundlsgniesunniignaniduiesas 99.4

Osako. et al. (2020) #Anwin1sldlana VGa16 lunsdauen 4 aneiusvesdud
¢ty Mnwamsvaaemut VGG16 ansnsodauenaneiusauiidonieads 98.33% las
aeneldlunismaaesisiasnmuszneudeaulsuiifiduids (suture-line side) uarlalil
FuuUs (non suture-line side) sauegsnedulundanm deunsliluea VGG16 Tunisdn
wenaneus Osako. et al. (2020) thieyanmidilusunsudifitedn SHAPE LileUszifiugusng
AudluBeuiina Fadunudnuueguineditluldlunis Train uay Test #aeluna VGG16
flausfin Osako. et al. (2020) aghllfiuiouiiautssansnmlung VGG16 Aulanady us
MnHansTaResaLAfannIaiusuUss i muadunamasuiiFeintfduoned

Elen and Avuclu (2021) ladnidussanasAud1vsun159eunUsennuraneanand
(MultiClass Classification) Inglagfianenuszinneiea1A1u619 (Distance-based classifier)
114997 Standardized Variable Distances (SVD) 8ana3fiu svD 1 usane3iud 1den
Distance s¥ninsteayanaaouivanasvasonsladluisazaaiatazan Z-score lunns
AMunnzuuuielddindulaindeyanaaeuidudeyaiilndifvsiuaatalasniian Joyaild
Jugadeya Wisconsin Breast Cancer Original (WBCO) Usgnaudag 9 uann3das wus
Toyailu 2 Aana way LED Display Domain (led7digit) Usznoudae 7 wannst wustoya
Hu 10 Aana lumsvnasslshaadesanmassiuunyssinnsnesanesfiuiivannnaie laun
Decision Tree (DT), Random Forest (RF), k-Nearest Neighbor (k-NN), Multinomial Logistic
Regression (MLR), Naive Bayes (NB), Support Vector Machine (SVM) 4 & The Minimum
Distance Classifier (MDC) il aru3suiiisudszansamiu SvD Fsnadwsills SvD anunsa
FuunUsELANYDIEAT a3 A WBCO Way led7digit Ied Usz@ns nngenindaneiiiudy
389891178 SVM ez k-NN analandu

Bani and Fekri (2019) I&Anminsldamautauiuasdduiunisdufunm S
sonu 2 diu ldundruvesnisusnamuanvme (features extraction) azdIunI5AILIN
ANAATY (similarity matching) %ﬂudaumuwnamé’ﬂwmmsgmmqaaﬂL‘flu 3 Juneu
¥ud dumendl 1 nsusnaudnuazuiuuulanea (local texture) Tgraimnd sy
ANNANTALALUABAIY Gaussian Blur filter udald grey-level co-occurrence matrix (GLCM)
LLaﬂQﬁué’ﬂwmzﬁuﬁ’;aaﬂm 4 yu Usenaunag 0°,90°,180° wag 270° Fupeuit 2 14 colour
histograms 9Mnwsiae channel ¥a4 R, G uay B lunsuenaudnwuzduuulnavea (Global
Coloun) @4 histograms #ildazgnudsdauesnidu 8 dw uazdunoud 3 Mwiidzgnien
audnvziufuuulaneadnadde Gabor filter bank adiiunsy 3 dunouudiagld
Feature Vector fiTiuAndnumsiuenldimuninduneusinalunds wdainiuiily
ANUIAUAR 18698 Euclidean Distance Tun1snaaeslddayanin 10 Aat@31Ng U
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sﬁa;ﬂamw Corel 5K lawn Africa, Beach, Building, Bus, Dinosaur, Elephant, Flower, Horse,
Mountain, uag Food 9nnsvaaes iefmuns uaunmidudules winiu 10, 20 wag 40
A Precision La@oLiniu 86.04, 82.94 uag 76.27 A1 recall 1adeiniu 8.60, 16.58 wax
30.51 AU

Jana. et al. (2017) IdAnwinsléaudnuazduaziuialunisismaldanamdie
annesssuranama 8 via leud wouila (Apple), ANUNSLeLTY (Asian pear), WHaNI
(Cucumber), 1123179 (Mango), 1l (Orange), dulz3a (Pineapple), UMY (Pomegranate)
LaZARTOLUBSS (Strawberry) fadanasii Support Vector Machine (SVM) Afuanuyz
nafe AudnuMEAUAYDY gray-level co-occurrence matrix (GLCM) 4 Aasautd iun
Contrast (Ct), Correlation (Cn), Energy (Ey) and Homogeneity (Hy) Iﬂ&JLLm'azﬂiumJﬂjm%j
Toya 4 AAnelann wuIwey (0°), LR (909, WHINILE9UENE (45°) UAgLUINLYIYUYI
(135°) 321 16 Audnuals wazandnvazdfldanlunad RGB IngldanautRivaifvous
avtosdmamvedlunad RGB ldun dnade (Mean), d’ml,ﬁ'mmummgm (Standard
Deviation), A93LU (Skewness) WagAulas (Kurtosis) 533 12 AMGAYME INAITNARBY
wuinnsldnudnvaefuasi uiavienua 28 Andnuay awasavaeulddniinisld
Audnwadvieiiuinednslaegmiafiesnadnunniion Weaugnios 83.33%

Selvaraj. et al. (2010) I¥Anwinisldaaidnunzduasiiuiuiossnmualilugies
WsLin 15 ¥da Tewa wauPlum), Sunssezning (Agata Potato), TTun$s Asterix (Asterix
Potato), LaNgUAUNIUA (Cashew), Wanod (Onion), @3 (Orange) , Ugu17 Taiti (Taiti
Lime) , A3 (Kiwi) ; LLaULﬁavﬁ (Fuji Apple), veil aunsuilafis (Granny-Smith Apple) ,
Lala (Watermelon), waalaitii g (Honeydew Melon), waldiunine3u (Nectarine), 3a
Foud uws (Williams Pear) waz losioudiv (Diamond Peach) lainadfldaeluinad HsV
Tngthnnualsifiegluguuuulinead RGB wUanduluinad HSV wdniava 3 dodanyian
wonAuanyaglag H Channel wag S Channel gnurludesissvinaaudfnieada laun
Aade (Mean), ﬁ’;ulﬁmmummgm (Standard Deviation), A3144U (Skewness) kagAIy
Tris (Kurtosis) arudnwzdldiaunananautivisadfves H Channel wag S Channel #
WU 8 AaNYME @31 V. Channel Qﬂﬁﬂﬂ’imeﬁlﬁaLwﬂqmé’ﬂwmmﬁuﬁaﬁ’;EJ Co-
occurrence matrix 39423U 5 ﬂqiuavﬂ Wolg b@ WA contrast, energy, local homogeneity,
cluster shade Wag cluster prominence 59313 AudNwar 9INn1sNaaeanuI Wl old
Minimumn Distance Criterion (MDC) § 310 el deaudnuusduazfuiagmiy 13
Audnuay aunsndTinmealifldfninislinudnvusdnionuineswlnegwniafies
AaNuaIze TimAUgNeBY 86%

Muhammad (2014) l#@nwin1sldnudnumed iufa 3059 waraun Tunsuenane
ﬁuﬁjﬁummé’mﬁgﬂ 4 aneviug loun Ajwah, Sagai, Sellaj, waz Sukkary laswlasn ndunaay
pontlu 3 ¥osdyyra 1eun R Channel, G Channel wag B Channel waslauinad RGB La2
ilUassdalnsunsuniedanesiiu local binary pattern (LBP) waz Weber local descriptor
(WLD) 9mnnsvaaesnuirdalasunsuiilafisuuuy (pattern) flumnsnsfusgrsdaiay usisne
AadnwlafiuTinage Yufeduunadnuneildann LBP histograms Windy 177 (3
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channels uiagchannel i1 59 bins) wagd1uInAmE AT LN WLD histogram LAy
360 (3 channels wilazchannel il 120 bins) fs17u§ i1 Fisher discrimination ratio (FDR)
uldlunsidenandnugiiddny Tnoiden 10 andnuuzusniiliien FOR snnfign dmsu
AuANYUEIUTIHazIIn diteyannluTingien 4 andnwae lawn Major axis length,
Minor axis length, Ellipse eccentricity Lag Area laglun15nnasidn1suuin1svnass
pandu 3 uwuu Ifun wuudl 119 10 qaidnwaiz 90 LBP histograms wuudl 2 14 10
AudNwME 910 WLD histograms waghuufl 3 14 10 Audnwaez 910 LBP 30 WLD
histograms @ sn15naaesisarmuuuasld 4 audnuueresgusuasauiniaudae Hu
NU8AIINI1 Muhammad (2014) Tdaaudnuazlunisuenaieiugdunandy 14 audnuue
Wity Sane3fiuiiléRe SVM anmanasesmuin nismeaesuuil 3 Aeaudnumuzan LBP
38 WLD histograms 10 Aan®zs 1A vAMEnwUEIUTILazIuIn 4 Ananvuy 19
wadNETANIMuUdY Trmugnaesgsis 99%

Fu. et al. (2019) Ifnaueni1niadundrgdenudnvasduaziuitluaniie
LndeNvesTINTIA finguszasdiileauiuinnssudmiunsiiudeindasluaudie
viuous Jsnudidiiagdeslivueudizoudemumitoniondiefioguuiuitegsumis
Ta Tnganuennvasnuiifedvendisuarivestundaeififertufodiden dadunisaels
usudLenuezesendiseananiiumdadunuiineudasenn moldnadnuasd RGB st
deraalidisane Sainnsanlumadaus Inedesdaaianinudusid (S:Saturation Channel)
LazYesdtynInaNaINvasnad (ViValue Channel) aanlanad HSV gnudranldlunis
yeges semsthamduatudadunmiiaelunanfifivsinauas (Lumination) uansefiu
TALA Fraa1uaanuIn (Sunny) taeasantiunas (Sunny Front Light) Wagaiiguaaunn
oy (Cloudy) WsnuUaaduninlnuna (Grayscale) 91nvesdaainnududad (S) uay
PosdgaIuaNaINTeIas (V) vinisudasninlnumilunineiie (Binary Image) lng
T¥snnesiiuves Otsu wdhamanmanEs iy aendiouiiouiu Feineale
fauviiu awUsufineeduldidu 0 Tufedd uidainialalduiuessuinmatilion
Arvesfinaiildanyesdyaaunnudusag () VAIINUITEUIBNAATUNNANYARA LY
M51Ua suuvasdnuazgus1mselasessweanni eanfinieaiilifeaniseanty dae
Morphological Operation uaﬂmﬂﬁﬁsz‘]gumaumiLLaﬂ@mﬁﬂwngﬂiw (Shape) ¥84LA30
Na18A 18 Histogram of oriented gradients (HOG) LLazLLaﬂﬂmﬁﬂwmzﬁyuﬁa (Texture
Feature) ¥8dAT0NA786138 Local binary patterns (LBP) #a9a1nuenAnianuaziseusog i
N lunaassms1adunalsriedaneifia Support vector machine (SVM) uag 8ane3iu
AdaBoost (AdaBoost algorithm) aMnkanIsnAaeInUin sane3fiufith HOG , LBP way SVM
usznanasmiududanesfiuiiiuszansnmgsgalidnnugnies 89.63%

Reyes. et al. (2021) l@Anwin sldaudnvardlunisdiuundszinnvenyess 5
Usziam Tngnisihainwalves3feguuaeniudv1n uasnmain RGB 1Ju HSV udh
Fosdayaal R war G Wifleufuen Threshold filéann ﬁ’mﬁmmaﬁmmmma% \iauvsdu
AN (image segmentation) Nundseonannalyess wé’ammﬁuﬁwsﬁaqé@mm R uwag H
NEAIUYBINALYDTS AuIAAIMNEDALALA Aade (Mean) wazAdoauuuNInTg L
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(standard deviation) titethluduaeauiazfuinawnagsuidanuiiasduiu
Aanalaundign annsmaasswuitAAagdedlunsiuunyssAnEISamsaT N
16 100% usisnedeyaniniild Train 91U 63 Am uay Test 1B 36 A 1HuvuInya
Toyatidotnaesenadutiadoidmalinisduundszianlifionaiaas madfinduiugn
Toyaealsnadniiimilouumiounnssoonly

Hamza and Chtourou (2020) la@nw135M 39U uuAguin3a (fuzzy classification)
ﬁaaﬂmé’ﬂwmzﬁmaamﬁammﬂL"ﬁal,ﬁaﬂizLﬁummqmamaawaLLaULﬁammwsqﬂ 3 Jy8y
laun gelsdan (unripe) ﬁqqﬂ (turning-ripe) waggnsay (ripe) Tneduannsulasninndy
910 RGB LU U L*a*b* uwa 219 a* wag b* channel lunsuveduninualsl (image
segmentation) A 188 ane3 74 K nearest neighbour pantdu 4 aqu laun ﬁyuﬁﬁﬂ
(background) AnLEa@En7, Hunaden (green area) NALYAALTLA, MudwvEe (yellow area)
finwadindos Lo ufi duns (red area) Mniwaduna 493 daugaiioazgniiluuen
AnUdNwEA (Features extraction phase) lagAtrnsnsdiussnissufinadiusng
Ao vidoAwies videduas fusuufineadiueswaueudaioun nadnsilafde iuid
Fu7 (green area) Nufidamaos (yellow area) wagauns (red area) Yutas ludumou fuzzy
classification fn1sldfufivisanARsunildluatang Rule) wieldlunsdssiiunugn
souvosnanaUtla ngildinaniuidlunaueuiad 3 4 svaznisanion 3 svbs uavuray
nnavUsznoufessesnsanieutesiuiiuias dvesnauatila dafumumdnanuiandy
nitldaedvionun 27 ng lnenadnsvaiusiayng)a81989an Gaussian-shaped input MFs
294 Takagi-Sugeno FIS (TS-FIS) 1umsmaaﬂ%ﬁ’auamwuaﬂLﬁaf&’]mu 600 NN LABLUS
ooy 3 aana leiuA Ssldan (unripe) Asan (tuming-ripe) Wazgniox (ripe) Aanaaz 200
i dnuniztesninazdsEnoudienauauia 1 wade 1 0 Lmaumwuamﬂmaﬂwwam
Usvenisszaznisansenetistaay tufeuetilafidlianesifiTer Awanvsiivaniuay
fugadunsdsudnndidenduiung uazansouasiifune nediundaduden wanmw
9:1 d@yudv3U Train way Test MUAIAU ALUNITNARBILUY 10-Fold validation Han1s
yanosfildmuinisTtiauetlfainugnioageds 99.33% et ANN uag SVM svinaes
WleSeuliteutszdnsanm ldrnugnies 98.33% wag 96.66% Auad

Trieu and Thinh (2021) lAttaueNsTMUNANNINYBILTITINTINENBUEAIBWEN
Tagldn1sussurananin ﬂ']il,‘%aui’mauﬂ%"mé’w Support vector machine (SVM) Lay
lassnguszamuuunauligdu (Convolutional Neural Network) Usznaulusag 1) n1sau
Nundseanamdae SYM fu Self-Training Method 2) M3asaasunauseunauiasanssae
TunalassdieUszamuuunouligdy 3) msUszanananimiiieusnauanvazauning
ﬂ’l’mEJ’]’JLLauGﬂMUVIUﬂﬂQUiL’JmN’JLLauLUaE]ﬂGU’eNNaLLﬂ’JiNﬂi Wy 4) N13UsELiuILIAUeY
wauisTsnsiedminuaziiufivesdmifiananuuinaiuaziudenvesuiifingile
Fuunnguaanwvesuisiinsnmnasiauimmualilunnsgiunisdieonvedseine
Foaun amaneilflumsmaasafunmaieituiinuauiifansfignaidesmaanenuii
nsRnRendossufinnIn wag Loadcell Sensor ilensratatminvosufnsusagsa a1n
AsMAaRINU3IN1SlE SVM U Self-Training Method lumsauiiundseanamliainiy
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gNABAYINAY 92.90% n1srsiadunduseurauiidinsmgliaalassiguszamuuuneulig
Huldemnugndeainty 97.38% uaznssuuiitiauetannsaduunamuamusudasiing
leignsias 96.38%

Dubey. et al. (2013) IdAnwinsnsadvduidndovomalidionisutngudoya
wuuiafiu gadeyanmiililunmsnasssdonmueuidafiinsfinde 3 wuu lun wetidann
asifin wouiani uazwoudalsasng TneiFuainnisuvasniming1ain RGB 1y Lrab*
w&Ald a* waw b* channel ihieyanmivasstesdygnutingudeyauuuiaiiu Taofvua
unungudeyailu 2, 3 4 uaz 5 nau ANNaNIsAaRINUIINISHUINaudayaIdy 3 uas 4
naw ansnsaulsdLiiindeldindy Ssnsdnauihdnladudniadoausoliriadeves
Anwaas a* uaz b* channel 1@ stadl nstiaueuideves Dubey. et al. (2013) 1T
wmsfigisanialunisUszananaas nanidsamsiengudnuuryesdeyanmiienad
aneduneu

De Luna et al. (2019) ldtiauanisdruunvuinvesugiloma lasld aAUauus
(Thresholding) mﬂ%uﬁ’ﬁuaam?aq (Machine Learning) kagn15L58U5 898N (Deep
Learning) ¥ntaganmitldlunmsvasesiunmuzidemangntuinluriesfifinig Uszneu
Ty vwndn aunna1s wazaueing n1snaasdndunsiienIswisadeyanin ns
wisdhunm mMaksnadnmEasadn Tin Aull duseugd wazdaiininay uaznis
Suunvunvesdemassmadafiuanieiu 3wy neanERaaINUIINTldA T
wiaenudnwagiuilisInugndosganTAndnyuzdy it 85.83% n1sldng
L%‘aufmaam%"aﬁw Support vector machine (SVM) 1iA1A111gnee1gandn K-Nearest
Neighbors (KNN) uag Artificial Neural Network (ANN) iAna3nugnaeavinfiu 95.00% uag
nsldnsReusidadniunsduunvausilomanuinlung VGG16 lAnnugnaesaindy
laaa InceptionV3 uay luiaa ResNet50 dAA31uQnABUN1TY 55.97% Fafuainnis
yaanswas De Luna et al. (2019) wandlidiuiilszAnsnmaesnssuunauinugidetuag
fuimadiaildlunssmundas Ganasvasosdviflidunadnsidaauimslinisdouies
Pesse SYM LU aesiafgalumsiilidsuununasdeme

Narendra and Pinto (2021) latnauenisasismdeunnissudnuasualilagldnig
Usganananuaznisiieusveanied yadeyanindldlunismeasadunminuasnalsd
auysoiuazinide 3 win Idun wotie du waruzidama mavasessuiiunisieninaiou
Tayann nMswusdunmlimieangaiuvesinuasnald n1suenAnanvaENIFugIY
e 6 audnwaie ldun e Anundie Audl @useuss nmsBad uazanuvguse
Audnward 15 qudnuazainliead La*b* IduA dnadovestesdya i L*, a* wag b*
drufoauunnsgIuued L% a * wag b * 929909 L * a * uay b * wainszezdvesusiay
03fUsznoud L * a * waw b, lasun, land uar azuuud uazandnwuziiuii 2 audnwos
V999ano37iL Segmentation-based Fractal Texture Analysis (SFTA) lawn Wasau (energy)
LAEALUTBUA (contrast) auvianun 23 Aadnwy uazasramdounndadluinuas
naldnle Naive Bayes 21ARNANISNARBINUINIDNITAINANIFINUITONTINNITDUANTDIIUAN
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waznalsilsignees 87.00% lasnsiamdaunwsiesvesnmdalsignies 93.00% luvairiinig
psrmdaunwisasmmetitagnieavinfunmuzidema ety 83.00%

UNTD hag algIA (2563) Wausn15UsEaIaNan NEd YT UNNTIMUNAMAINULAIS
uglunetudlagnisdasimmeaiuvesyudfeitmaseusidedn yadeyanmildidy
amnzasiuglyneud $1uau 800 A wuseanilu 4 nau laun usiisnunInsziy
NIA A AMNINTEAULNTA B AMAINTEAUNTA C LAZAMAINTEAUNTA D Aauzial Tuns
naagUayaveyanimndmiuldlunisieus (Training Dataset) Laznaaayu (Testing
Dataset) WUUS1a09 dndu 75% waz 25% mudsy lHmadanismaaosiuuy 10-folds
cross validation @munuUTIaeIN1TiTeui@ean 1¥a1wn Python luniswaun Tneld
laus 3@ MU Deep Learning 3auduf® Keras Lag Tensorflow A1%UAA1 epoch
WU 50 INRANITNARBINUIMUUIIRBINTEIEUIRIENMESaNeaT5U CNN Juszansaw
39 mngdmiunsruIunsUsEIaRan i e uun Az 1 ug Tyaatiud 1A
gnAeuvinfiu 99.79%

Fu. et al. (2022) ladnauensinaunInvaInalilagfiansnnanAIuannIenIs
SoudiBedn andeyaillilunsmaasnduyadoyaninnaldl 6 viia liun wetida, nda, i
fang, &4, gnuns wasid naldusastlinazgniuiinan 3 sgey laun ssevdndond ssey
dainde uassvesanauysal laednsimunesuuuauanlisieiaud 0-10 azuuu Tng
0 Azkuunisfnalduindonds 10 astuunuiefaldiinvanauysol AszuIung
aiuntsvaaesusznaulua un1sUTuUTIANAINYBIT BY AN (Image Quality
Enhancement) miLﬁ'u%’aga (Image Augmentation) N1SATIFIUATILNUILAE T UNYUA
Walil (Object Detection and Classification) Uagn13ianMMnyeHaliifiun1sluinants
SeuslAEn aRan1TnaaeInuIINIsiElng YOLO Tunsasiadusdumisuaznuunyiin
walsisantunisUssdiuazuunanuanvesaliie 6 adagas CNN Tuiaa wudiluiaa
AlexNet f8m51nmAanan (Error Rate) osfiandmiunasilniia fidwvindu 3.50% waz
Tuiaa VGG 16 Tdnsemianantdesiigad msunisvnass Sewiifu 3.93%

Fitri. et al. (2021) I navenisswunaaamvesudalinnUdonuaai a9
(Hylocereus undatus) @ 38015U5213aN1NLALIULAANITTILUNA UATNG I8
Backpropagation Tunszuaun1sUszaananIn Fitr. et al. (2021) T¥awaosdayayias blue
voslnnad RGB lun1sulsduiiundseonaindaumantaiions Insutasam blue Iy
awluuddeAnnueiyindy 125 udrhamiimdeiissduvesnaudanfansluen
AudnuaEsdugILive Usenoudie mnuen Wuskiugudnans Audl dusousy wasen
LUN3 NG %aqmé’wmzﬁ’ma’ngﬂﬂjfliﬂwﬂizmamam’a@’ha‘[mma Backpropagation 711
1ATIETNUANFANAU A1ANANITNAGDINUTN TalAa Backpropagation FilAssEdauuU 5,853
fvun leaming rate Winu 0.05TAegnABslunsTwunAuAmAnITlAssai 9B fin
ANUYNABAYINTU 96.95% dmTuyatiniin uag 86.67% dmsuyanaaeu

Fitri. et al. (2022) I UnLauen1sswunamnmvekiafinsudonuai ouns
(Hylocereus costaricensis) #aennsuUszananmuazlunanIsIUnAUAINT LAY 3
Tauwma lawn K-Nearest Neighbor (KNN), Naive Bayes wag Backpropagation lunsguiunis
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wisudoyanmudatinsiudonunaiouns Fitri et al (2022) fandld3BnsAuguionty
mim%wﬁ’ayjamwLLﬁaﬁQﬂiLﬂﬁaﬂLLmLifasun Fitri. et al. (2021) nMwgasdaygal blue 993
Tumad RGB grldlunisutsdiuiiundssenanndrunauiafanauazutasnm blue Iy
awlun3feaunsividy 125 winssuunauamresiasinsdenuaaieuns Fitr
et al. (2022) l¥AnuanwurNIFugIWINe NN 4 Adnyae lawn ANET LdUKY
Audnans fiufl wasidusousy Ssqadnuasdinanazgninlulivssanadedelunanis
fd’ﬁLLuﬂﬂmmwéf’m KNN, Naive Bayes way Backpropagation 31NHANITNAABINUIY luea
Backpropagation 7i5ilAsea$1auuy 4,8,3 fvium leaming rate iy 0.3WiAANugNABY
Tunsduunyszandninlueady daArnnugnieurindy 98.61% dwsuyainin uay
86.67% duTUYANAADU
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ﬂﬂuiﬁsﬁﬁﬁLauaﬂﬂiﬁﬁLLuﬂmﬂﬂ’uiuazmﬁmuﬂ@mmwGuaaLLﬁ’aﬁaﬂﬂmmﬂmw
Tngldimadanisuszanananindisasufiamesuaznsisousvennies Jadinisaneyn
Toyanmuiasfanslneduuilmivesnimesoufewauidanesfudnzauigalunis
PuunagiusuaznIsTLunAu nveiansinen.m MNnsAnwInguuaraide
fifendosldeanuuudunoniinisdiiunuide Ysenoulude 4 dunoundn Tdud 1) s
WAudoyanin (Image Acquisition) 2) nsdauunaneiuguiagansine (Species Classification)
3) N1 UNA W19 (Quality Classification) khar 4) n1sinUszdniaindanes iy
(Performance Evaluation) fsguf 3.1 TnedsneauBondiail

muﬁ‘uﬁagamw (Image Acquisition) } gadoyanimuiadinilng
Mt wunaerusuisiansing MILUNAMNTN
(Species Classification) (Quality Classification) X .02 N p
aanasiindmsudmunmeniuiuas
l l = danainiudmiuduunaunn
nadaUsE NS nwsanasiu nadaUsE NS AW ana i vomiainilngannam
(Performance Evaluation) (Performance Evaluation)

5UN 3.1 JumouIBA TN

3.1 msiudayanin (Image Acquisition)

Tun133dad el fnsdumdeyannudaiansanuuasdayaninvuialvgly
Kaggle.com wudayaninundiensussyegluyateya Fruit-360 (Muresan and Oltean,
2018) \fiss 1 wilawimiudslifesetuaiudomisvesnuided duiuisdtuneunaifu
Toyanmieatragedeyatunlml laonsaiagedeyalmaifimsasiiuiidisauasdne
Foyamamzugnuisisnsludsemalng wuiuvaanzgnitlinandnuiniiaaluuszine
1%8ﬁaﬁuﬁﬁ'ﬂ‘lﬁmaa (Department of agricultural extension, Ministry of Agriculture
and Cooperatives, 2020) 6‘1"&514;3"3%’8%@9?’1LﬁumiLﬁuﬁagamwﬁfssﬂWiLﬁUé’haéNLL%’hﬁqm
Insurduiinanluiesy fURnisuaz duiinamnawA N suLAuluan 13I8 auNangHaa
TneflswasBondail

3.1.1 fedrauiageng

Tumsideadedldvhnsinviiefudeyaameiuguosuditangfimizgnlulssme
Insuaynsdnumresmauiaiainsveusazdun LA M LAzINAeINI TN LA TN SR
yuavemaLiaing wieldlunmeassiaundanedfiunsduunaieiuduaznisduun



a1

Aunnmasuiasianglneannin Tnsnguitegiaudaiinsdldnuitedinanundanizugn
Tusiiufisuneifionss sunonide uazstnamudne vesdminas
nguieg1uATansfthunldlunsnaaesduunaeiusuiiansingainam
Usgnauludeufatansiavan 7 aevus udadunguil 1 Waenduaaiefivn 2 aneius
1o sugunnduly Jumbo White) , Wugunai3sauns (Vietnamese White) nguil 2 wWaend
uaLioduns viie Waendunadevam 4 aewus Taud Wugwunduan (Pink), fusuasasa
(Siam Red), Wugumalgwiu (Taiwan Red), Wuguasviufia (Ruby Red) wagnguil 3 1Waend
widowideves e 1 aneiiug IWud Wudvdesdaiea (srael Yellow) Ragud 3.2

Hylocereus spp.
Red skin, Red flesh or Red skin, Pink flesh

Jumbo White Vietnamese White Taiwan Red Ruby Red Siam Red Israel Yellow
Hylocereus undatus Hylocereus sp. and Selenicereus sp.
Red skin, White fresh Yellow or Gold skin,White flesh

s

U 3.2 uamsshogauifanslasudsasianeiug

dmsunguiegiauiafansithaldlunismaassduunauamussniasisnslinean
A unisfansaneiugunndily 2 ngumedn ldud deghanisiainsiuangunuvuin
yossauisfang Uszneulusesiauinn 1-6 faguit 3.3 uaziograufafansiiudanguny
Funmnmromauiaiing Usznaudae 3 dunmnwndn Tiun dufivmy (Extra class) Sunils
(Class 1) wagduans (Class I) wag 1 Funmnimidiania Aeduanu (Class i) Fududunanin
fifisdlunifeadedidesand Tnguszasddesnsduuniagensidamnmendy
umsuinsEsNivuall fasui 3.4

N 4 W 5 N 6

5UN 3.3 uanadiegeumiianslagnuannusiaunn



az

Extra Class Class | Class Il Class Il

sUN 3.4 uanssegrauniiansinguuannudununin

3.1.2 Yadeyamwdimiuiaidanasiuduunatenuguiainsing
Yatoyanmdmiuiaudanesiuduunaenugumiansinglunsideasal Ysenay

[

Lume gateyaninluresufUiinisuazyntoyaninluan1iswInaaunaeuwds

3.1.2.1 Yadeyanluiasufjuinis

Tunsinudeyaninluiesufjifinis (Laboratory) dmsuimuidane3fiudiwun
aeuguilansve §33eundleguunalinsunduiinnawluiesUuiings Ineuiadens
wianiidorgndafudealiifu 1 & gunsaidldluninfudoyann Vszneulde ndes
anAlauuunnmInuIn 40x40 WwuRmng fnsadaliueadd 1 wnausnveufiuuuyes
ndas ddmsuluiuinmauidnsuasdnanmuasedndlunistuiinnw fhiwsviamld
dasuiduiiungs Insdwiedoudlidmiusufinnm wivndnsdwindond 1Hdmsuns
Inséwviindouiivaduiinnn wansdisgud 3.5

40 cm.

40 cm,

40 cm.

U7 3.5 gunsaifildlunsinudeyaninluiesfifinng
Y @ = ¢ ol 2 v = % Y YA o =

nasndanssugunsanldlunsiiudeyanimieusesuds faTedusinan

wilansarenaesvedlnsdniiadoun Fansenvuinninludndiu 1:1 Tan15vineuves

Hawasiaue wazwmawiidenslundesaglonuiundeeiniugvgdan WalWueadan

gNAAFIUTINTBUMULLTBINADIARALD ielkataIianesanisuaiu fuanslugy

A

 3.6(a)
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(a) (b)
=] % 1 aa =3 14 1% a wa
E‘U‘VI 3.6 LLEWNG]']8EJ’N’Jﬁﬂ']'iLﬂUsU'QiJUaﬂWWIu‘WPNU{]UG\ﬂ’]i

lunisaeannimuslnauiidensegnsinarenmuinian tngldidundam
dosdusitislumsnaadieduosnn deandlugui 3.6(b) wenainiideldmeatialunis
Audayan1maINn1sAnyIIuIdeues Muresan and Oltean (2018) faanisvyuinglila

360 aaA N AulUle wag Osako. et al. (2020) nsldnundadudmiiansnnulaniauues
aldponun fslunmnladdldnvazaegui 3.7

5UN 3.7 Megadeyanmigniuiintuviesdfusnis

Tnenmiilgtlounn 3,456x3,456 Rnwwa Amusaznwilifisauiasnsvilawants
aeiug iwﬁqmaﬂ’uﬁ%@haEi'lal,l,ﬁ'sﬂmiu'mﬂﬁ’] 1 ua lngnasaniugadeyawaiinis
ﬁumaua‘[,wuﬂwqwmamma Lmﬂmﬂsmsﬂmmu Judnsrvaeunisiiiutie (Label) 8n
f-mLwammaﬂmawaqmssuwamawuﬁ mmumwmléﬂuumavmawumamﬂumiww 3.1



aa

M19199 3.1 FunnigniuiintuviesuiRnisveusiavaneiug

A1enug I1U7Y

Wugv 1Y Jumbo White) 1,172
WugYIEAUIY (Viethamese White) 1,190
FWUFYUNIUA (Pink) 1,309
WuguAsae 1w (Siam Red) 1,869
Wuguaaleaniu (Taiwan Red) 1,184
Wuuneiuiy (Ruby Red) 1,110
Wugmdesdasiea (Israel Yellow) 1,920
3734 9,754

3.1.2.2 ¥adayanmluan12zuIndaunanauds

dnunafudoyanmudaingluaniasiaadeunatauds (Outdoon Hu Lite
a¥vanmezwndeslilndifssiuandusianniige Wisuiafiounwnsnsvietnviedien
annsaldndesadndmiadeuiilumsiuunmeiusuiadinsinueuiuly o vazle
ynenilsdliannsoszyuidaldigdutanale anmuaaiilng nsdendnsdiuves
anuuule 3dedsldndesvednsdniindouiilumsduiinnmsesnsdinuesnimuuy
Sasy IAkn 3:4 uay 9:16 Tadudesidruialuvesndestufinamiigniadsuy
Insfnviiadeun Tuanzuaagdsauuudasyiduiu lnsnmilddunmufiansing
Heguudu Wi ydulafsszeendoniuie uiaznmduiitansvismanisaneius iy
ndafiduoutu liianduiosih fiufu fungh As Budu fuanduguil 3.8 nmusiey
anilnauazsnuiiuanssiululsdayanefusnoaziBeananddumai 3.2

‘
1)

3UN 3.8 fegatayanmiigniuiinluanizlinaeunalauwas



M13199 3.2 unnignuuiinluan1izlInfeunauIveIusavaeiug

a5

A1enug/vun YUA U 59U
2,240X4,608 356 1,241
3,000X4,000 303
3,456X4,608 258
3,120X4,160 125
2,448X3,264 108
4,608X3,456 39
4,608X2,240 23
13¥139ulY Jumbo White) 3,264X2,448 10
4,160X3,120 5
1,932X2,576 4
4,000X3,000 4
1,440X1,080 3
960X719 1
810X1,080 1
2,576X1,932 1
2,240X4,608 1,089 2,478
2,128X4,608 ar4
3,456X4,608 469
1,504X3,264 139
4,608X3,456 106
960X1,280 64
TYIIEAUIL (Vietnamese White) 1T S %
! 3,000X4,000 22
3,264X1,504 19
1,188X2,576 12
4,608X2,240 11
4,160X3,120
1,280X960
3,072X4,096 1
960X1,280 641 1,013
1,280X960 225
Tug¥NAUA (Pink) >/156X4,609 !
T 2,240X4,608 az
4,608X3,456 7

1,440X1,080




M13199 3.2 unnngniuiinluan1izwinaeunalwdsveusaraeiug (ve)

a6

A18NUS/TUN VU I1U7Y 59
960X1,280 518 950
1,280X960 377
2,448X3,264 30
WuguAEEI (Siam Red) 3,456X4,608 19
4,608X3,456
2,240X4,608
3,264X2,448 1
1,280X960 363 1,021
2,128X4,608 311
WuguAslav i (Taiwan Red) 770 %
! 960X1,280 36
3,456X4,608 32
4,608X2,128 8
2,240X4,608 481 871
3,456X3,456 140
4,608X3,456 87
1,920X1,920 60
TuguAsiuiia (Ruby Red) 1,108X1,478 43
2,448X3,264 32
3,456X4,608 23
4,608X2,240 4
1,280X1,280 1
960X1,280 1,127 1,493
1,280X960 218
3,456X4,608 76
2,240X4,608 38
2,448X3,264 11
Tugmdesdasiea (Israel Yellow) 1,440X1,080 9
1,280X952 6
720X960 3
810X1,080 3
4,608X2,240 1
960X720 1

ENEY

9,067
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3.1.3 Yadayan Wi msunRIuIdanas NI wunANINYRILATIns Ny

<

YavayanNEmSURaILganasuTwunAun nveswiinsinglun1sideasell 1Wu

v q' va o

gatoyan nivuiinluesujiinisveaniidansanenuguaduld Jumbo White) Inegide
théhegnauiilnsaeiusisnaniiflogndaiuifolsifiu 1 e sndufinam gunsali
Tlunsfivdeyanin Usznoulude ndesanhlowuunnniaunn 40x40 wufung Aamsly
LoABA 1 UAIUTNAVBUMUULTBINERS IN15INEToNINANFIUTLYBINGDY Fendatanile
@ msuduiiuiinmanidinswesinanmuasaindunstufinnm driugnd deld
dnsuiduiiunds nsdwiiadeudlédmsuiufinnmGmgnwinuiuuwesndesagile

Inglitaudndeseguiiintorinauigniaisliviuuuendas dagui 3.9

mobile phone

mobile phone l
¥
|
|
40.¢ém. A 4mmmmm black fabic mp L 40em.
- black fabic
L i
\ . ] \ ] )
40 cm. 40 cm.
Front View Side View

5UN 3.9 fMegadsinudeyanindmsuinudanasiiudiwunamnmuatiidansive

wianndnwnTeagunsalildlumsifudeyanmiSeuiesuds fisedudinnmuiatang
frendoswoslnsdniiiadoud GaksAruannmludasan 1:1 Iamsvirnuvesilawmes
Favun wagamauitenslundesagilefiuiundsdeiiuevddi Weluueadifignis
UnnweufuuuteIndesanile iatiulasadng luvuzdrenmidaldflsidudunai
Foadusirielunisnuedionduesnmuaziuiwemaiiasiinglieg nssnaranndign &
wandlugudl 3.10 uenanilyIselfimadelunaifudeyaamainnisfnynuidoves
Muresan and Oltean (2018) aagn1svyuinglts 360 psmuidulule uag Osako. et
al. (2020) msldfundadudduiedsmslanduvessaliioanin fafunmillideddnume
Flaguit 3.11

e By ey
HE'SEB
L

ol
[l
B SEE

JUT 3.10 Uanai10819N1591088L81A VI INUAL AL VUITE AL INTVBINITIAY
Poyanmdniuiaudanesiudunaun nvesmiinsive
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JUT 3.11 sregadeyanmdmiuiimuiganasiudwunaannyeawidansineg

AMTLaTuuIe 3,056x3,856 finta Lﬁammgﬂéfaﬂumsizqmum WNILINTLAREHNA
wgnisintnmheduniudeutiuiinaw fdfunmurazamiiiiesusfnsvimandsaia
A wazsiarwInldfmegumiadinsinnii 1 wa lnendwiniugadeyandaiinisige
foyalinunsnaidivesau \ufiafuthe (Label) tieszyduamunmvsuifinsusaznn
Srununmitliluudazaunuardununmianslumansd 3.3 way 3.4 sy

M19199 3.3 hunmignUuiinluesdfifnisvesudaz siauuin

ISWAYUIA dwtinsena (n3a) 31U
1 >600 1,375

2 >500-600 708

3 >400-500 482

4 >300-400 622

5 >250-300 146

6 >200-250 223
394 3,556

[
Y

M13199 3.4 hunniignUuiinluesuJiRn1svesudaztunanm

sWaduANAIW Fugaunm AU
o Ty (Extra class) 387
c1 Fumils (Class 1) 513
2 Fugo (Class I) 643

3 Fugnu (Class ) 2,013

571 3,556
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3.2 MInadanasiudmiuduunarenuguiadensingainam
MnMsAnvmguiuazaideiifsadeduund 2 wuitnsssanananiwdie nns
Soufueandos (Machine Leaming) l¢¥unnudianhanldlunisadrslunadmsunisduun
A Bsamnsoutanadafiairsluealdiiu 3 weda léun 1) nsadanglunisduunam
(Rule-based) 2) mﬂﬁﬂmnwﬂﬂmé’ﬂwmzmuLﬁ/am (Content based Technique) tag 3)
M9138u5ie8n (Deep Learning) uaganmsAnwdnurdugiuinevesmauidenslneds
7 aeugnudn aeiugitaauandnaeiudunnigafomeiusindesdasiea
ilosnnifuuisiinsaneiudifeifivdendindes dmuifangdn 6 aeiusiivaodaud
Waendusaduiusduiwihlisnuaeduguineideudisaquade dadulun1sidunted
fide3shmadiamsatdlieaiis 3 wadisnuszgndldlunis mausunismeaessiunans

)

e

v 6 Y v

Wugveamansingana et saUssananalaanmigniuinluesujifinsuazan

'
v =2

figniufinluannisiandounateuds degud 3.12

91N3UT 3.12 uAnsiNuNITIRABINITMURAEus TN Ingannwd
anunsaUszananaléianmiigniuiinlufesufifinsuasamiigndudinluaniizuinden
nanauds ndsanivdeyanindsssazdensinailuudluinde 3.1.2 {iderdeyanm
ﬂizmamaLﬁ'aizqﬂizmmaamw (Image Type Identification) Uizﬂ@Ulﬂﬁ’mﬂ’]W‘ﬁIQﬂ
Juinlunesujuimnas (Laboratory Image) hasnnluaniigwindeunalawds (Outdoor
Image) sheadinnIsaseng (Rule-based) mnnuindunmluan mzuipdeunaiauiazyil
mawSeudoyanmifiesdafiniadliiieado saenanaiwneuidigtunoudald Tunis
pssfudrudmuinduniniigniuiinludesUfoRnnsasthdeyanimidngtuneudaluldvud
dorumsssyUssanuesamuda funeudalufenissuunnguiiitinsseddon (Red
and Yellow Classification) #aifunssuunnguudasnsoonifuasngu leun nauiUdend
wiied (Yellow) uazngdanUdenduns (Red) mnnuuilnsnguiudendwaedinadzaiune
yihungaetusu i inglaviug dudeaneiugindesdasieauaraunisingmu manuuin
ﬁdﬂiﬂﬁjuL‘Uﬁ@ﬂaLLN"\]ZVTWﬂ’liaUﬁJUMﬁ\‘]E)E]ﬂ"\]’lﬂﬂ’lw (Image Backsround Reroval) @sn il
gndufinludosfifins uaznwluanezwedounaeuds dnsruanntsaviiundsoonann
nusnaneiu Tneteyanmwidinnauiiundadsuiosudnnzguuudoyafemaianisids
Yoyauuu 10-folds Validation Ingusag Fold Uszneulusedeyanin 3 4n loun yarniia
YanaaeIkazyanaaey ludndiusoar 80 Sotar 10 uazSeuay 10 Yoslayandusiiegiq
fanun gndoyanmismunazgmirlunageuduunaneiuguitinsngudoniunsdae
Lwﬂﬁﬂﬂ’mwﬂﬂmﬁﬂwmzmmLf:am (Content based Technique) uagn13t38u3\%En (Deep
Learning) Fsazgninuszansnwinnadalaiiuszavsamaniandmiunsiuunaneiugui
finsenznguionduniteuunisiay udazdunouresnimaassnssuunaewus
vosufensineninnw Sreandended



/
I
1
1
I
I
I
1
1
I
I
I
1
1
I
I
I
1
1
1
I
1
1
1

\

Start

Image Acquisition

Image Type Identification:

Image Type Identification

Image is

a Laboratory Image

No

/" Red and Yellow Classification:

||

Calculate Ratio of Yellow and Red color

) Yes

If Yellow > Red

‘ Yellow

v
1
I
|
1
1
I
1
1
|
1
1
1
\

Image Background Removal:

i

Image Background Removal

of Laboratory Image

Image Background Removal

of Qutdoor Image

________________________________________________________

Valid
10%
Species Classification:
-------------- T o — R
| I Feature Extraction I I L
Vo
l I | |Classify only 6 Classes of Red by
Classify only 6 Classes of Red by E i Deep Learning Technique
Content-Base Technique E E
Vo
: B !
‘ Performance Evaluation 3 l E E ‘ Performance Evaluation 4 ‘
€4 \

| Performance Evaluation 5 ’

End

JUT 3.12 unun1snaaesdwunateiuvawiidnslneainaim

50
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3.2.1 M3vzYUIsAnuaInIn (Image Type Identification)

desnyadeyanmitltlunisiannsanedfindmiuiwunaeiuguiasiansingan
A i 2 Usziam 1fun amdigndudinluesufifinng uaznmdigndudinluaniizuinden
nanauds Tnsgndayanmiisaesussindidnuusuandetu derindnluudiluiade 3.1.2 &
dwaliinisusznananwuesisansszinnuansnatulude dafulumssiduanuidondsd
FafinsruaunissryUssamvesnmAnty ielfnsUsssnanavaungniesmudnuaisves
nusiazdszinn Tnefiduneuuansdasuil 3.13

Image Type Identification

Start )
Read Tmage
> : ~
Resize the image to not over 300 on each side
R'=R Channel of Resized Image
Gray = Gray Scale of Resized Image

= = e P

W N1KE’—‘A]HM}.;CAI)YC-IWTCC—>‘\'S l

BG Pixel = The gray pixel at the same
coordinate as a black pixel in the MKR

7\

m—1

i Pixel 1= e
No | —— N\ BG Pixel =0 N £ /-

| Outdoor Image !
, > g Yes

! MP = Mean value of BG Pixel
: STD = Standard Deviation value of BG Pixel

KS = Kurtosis value of BG pixel

|
e ]

e SN Yes . ¥y
MP <31.77 = Laboratory Image |~
| P,
| Y- > = _ Yes N —4 ‘
| >l MP > 48.62 g =) Outdoor Image ™
, . No
n_—% PJ Q] - ~ e . : S Yes 1
o, STD< 15.27 _———— Laboratory Image |+
= R : |
T No
== STD >20.52 =1 Outdoor Image |+
l No
I sl B i _—7 Yes
~ KS>=832andKS<=5437 T -{ Laboratory Image -+
l No
’ Outdoor Image I
('Return ) l

JUT 3.13 H9UULARITUABUNTTEYUTHLANTDIN N
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MndnvazvesnmiigniuiinlufesufoinsdunmiifundaFeulidudon uansds
Mnamiigniuiinluannzuindounatudefiifundsdudounnnniy dafudifedafing
wisendoyanin (Pre-processing) tloutsduinwaiiundsoonanfinanaufasians uagld
AaansAn1eada loun Aads (Mean) d2uldssiuuninsgiu (Standard Deviation) Lag
Al (Kurtosis) Tumsseydszianvesam deyadililunismeassnisssytszianamdy
“UWEJ’EJ?,JGQWWVIIG]QWﬂﬂWiﬁNQWWUiULm/lau 700 1w (@ewudag 100 n ) 531 2 Yssiandu
1,400 7 anAnwiiiomtuneuisninateudoyaiianusatunldlumsssylssianaes
amile

3.2.1.1 Msin3gudayanin (Image Pre- processmg)

mawdondeyanmbunsuisdfinaiiundseananfineanauiing fae
mautasnnlunad RGB I lunwassseduiianmsatunliuenduinisaisaosdiueen
1nduld uazsednuazvesnmiigniuiinluiesufiAnsuagnndigniudinluaniog
undounanudsfiffiundsiudouuandaiy dududitedsfiaunigitnnuunndisues
finwafiundswesnwisaesUspiandsualsimadnvasfinuaiuvdaunniiaude

Fatuitedddyndoganmitgnouiinluiesufidnislunsfinuduneunis
wisutayan1n lee3deinninauaduinanvuinainudadulvdvualidiiy 300x300
finiga vl sanadlun1sUsEalana uazAlAYeININIIN 3 Yosdya MmAeiTEs 1
Posdeyrunslunad RGB HSV wag Lab saudeninsgauin (Gray Scale) fe é’fﬂgﬂﬁ 3.14
wdaulatudazdosdgaandunindessssu (binary) dauaLasd svesiiniga (Mean
Threshold) Tenunvasisasosdyayia wadwslFuanslugud 3.15

NN3UA 3.15 munaesszduidmulndissivnmduatiuinniigadenwaossziud
17970 R channel vosluina RGB ué’qmmi’juﬁwmwaaﬁsé’uﬁaﬂé'nmsuf{')’mﬁm%Lé‘mﬁiﬁ
AB3N13718 Morphological opening WazanwauAIY Erosion LA kN INHAANS TUAITLUS
dufinaiundsoonanfineanauiieng fuanduzui 3.16 nefinwailiddmaneiaiy
VA AnLgadv VN fmaniiang
LfiE]ﬂj’l%umBUM’ﬁLLﬂ\‘lﬁi'JuﬁuﬁﬁﬂﬁUNaLLﬁ?ﬁﬂﬂﬂugUﬁ 3.16 naaesldtunindun dod

vnnmiidauvestauiasfinamely fa3u 3.17) Sefiderfuinstnvdniiond Jad
mevieuiioiudugesafimelidaenis Fill Hole KaguUit 3.17(b) Fsldnadnssagui
3.17(c) TnvSanesfiusminildlunsniendoyaninianduguil 3.18 dmutuneunis
AUInAT mean threshold wandluguil 3.19 uazidethyadeyanwiigndufinluanie
undeunansudsUsznanadistunounsinieudoyafiviaueluiu wuiilduadwid
uaneefudssUT 3.20 Fadulumuannigiu



RGB Model LAB Model I_
R channel G channel B channel L channel A channel

HSV Model

% 1

JUN 3.14 sheganisulaanindidunmszauim 10 sUkuy

=

U

CaN

3.15 NSHUANNMNSLAUMILTUNINEDITEAUMLAITALLUY mean threshold

B_chiapriel = 46:67 Output
. g g g
Onginal Bunary Opening Erozion

(%
1Y

JUN 3.16 Yumeunsuusadiuiundaiunaunians



R_channel = 54.06 Output
Original Binary Opening Erosion

(@)

opening Create mask Detect Hole Invert Hole Filled

(b)

F._chaunel = 54.06 Output

mooon

Original Binary Opening Fill Hole Eroston

(c)
ﬂﬁ 3.17 ﬂ’l'i‘d’i‘U‘UﬁWUG]E]umiLL‘Uﬂﬁ’JUWUMmﬂUNaLLﬂ’JiNﬂiWJEJm’i Fill Hole

l [ Image Pre-processing l ’ diginal
‘ ! rigina

Sta}rt ) %

) i

1 Read image size and Convert to R channel of RGB }( R_channel

J N
' <
H Find mean threshold —‘ ‘

e 5
o G
2 - 7\
A N — If pl\els of R channel > mean threshold -
binary ] v e S N
E es N > o

— i ——

‘ binary pixel is white. W ‘ binary pixel is black.

mean_th = 54. 06! L \ i | Opening

. ‘ Opening with kernel Sx35 % ——————
Filled Hole -

l
e —+ Fill Hole by OpenCV Library ‘
l Erosion

‘ Erosion with kernel 2x2 % ffffff n

5UN 3.18 fsuuanidunounsinseutayanin

54



55

[ Find mean threshold []

R channel

| Read image size and Convert to R channel of RGB |‘—— - #
i

v

| Summary Value each pixel of R channel |

v Mean threshold
|lleau threshold is Summary Value all pixel divide by image si.ze|>—

54.06

5UN 3.19 FauuanIdunaun1sAIMA1 mean threshold

Laboratory Images Outdoor Images

Orginal

B processed . n n

JUN 3.20 frpeanadnslaninniswseudeyanin

3.2.1.2 AauaNUANINERATaININLARZYSEAN
MAIRINNTEUIUNITASEUTBYAN N waé’wéﬁlﬁmﬂmim%w%aﬂaLfJum‘wam
U dda a o I~ dy [ [ al' d' 9 o‘d' % 1

seauniifiniadanduiumds (BG) Awandlunainaedvesgun 3.20 annwadnslanuiinm
ngnvun ﬂiuﬁawﬁﬁ’é‘wmiﬁﬁhmﬁ&JsuaaﬁﬂL%aﬁuué’ﬂmvﬁuﬁmm‘“ﬂw{ 2.39 914 48.62 uay
amigniuiinluaniy deunatLdsiAadsvesinatundslusefudimaaus 31.77
019 196.22 ﬁmmw‘wmammamaqwm%wuwaﬂusvmuamwaﬂmwmamﬂﬁuLm/msm
Aadsiiveusiuiy Tufevia 31.77-48.62 LLavLuawmimaamaummmw%aumﬂu PUIN

aad

Aanoue b L ﬂ']%ﬂ‘Ll‘LlEJll mm%’m ﬁ’JULUENLUUlIWG]iﬁﬂu LazAMULY EJ\‘IF’N"’UE)MV]UﬂUE]EJ
T9UUTS aaﬂﬂﬂmaamw%auwmuuawq@ uuﬂa muwmwummgm ‘U’]ﬂ%’Nﬂ’WLQaEJ‘VI

douriuiunuinnmigniuiinluiesudainisandeavuninsgiuvesiniaiundsly

[y

SEAUAMNIAILG 6.88 4 20.52 waznmiigndufinluan1iziindounanaudenaus 15.27
44.78 @au1919219ANT8RUUNINTFIUNTDUTUAY WUT1ANULAIvaINiNLEaN UNaIbuY 9

v oS

seavdmbidewiuiu amlueslfiRnisianulaswasfingaiunasluseaudininaus -

=

0.15 9 5.71 LAz IWNANBAILAG A 8.32 9 54.37 ﬁma@ﬂugﬂﬁ 3.21
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Overlap Mean Range

Laborato Qutdoor
Mean Value ! Y] - - !
2.39 3177 48.62 .. 196.22
(,/"" Overlap STD Range \
STD Value Laboratory - L Outdoor i
6.88 _A527 2052 4478

- ~
e ~

,,-——'/‘ No Overlap Kurtosis Range h el

) [ Outdoor i i Laboratory
Kurtosis Value ==}

T 1 T
-0.15 5.71 8.32 54.37

JUN 3.21 wanspuauUaveadfvesn Ay Useiam

FeunsyuiunasEyUssanasn misdinsruaunisf Ui 3.13 Sudenisuiurung
amsuadulvidvualidiiu 300x300 fina aadndiu wnuteyatesdmain R vedlunad
RGB A8 R Uagknutayan nssiuding (Gray Scale) A3gn 1w Gray wdeaniiuiniw R
lUrunszurunseiendoyamatunoudssuil 318 was 3,19 iewdsdufineaiiuvdsesn
Mnfnwanauiaang Avuslinadnsiildanmaniendeyaunudieniinin MKR 3
stin1n MKR L unwaesszduiiffneadendufiunds (86) Auandluunifidoswezud
3.20 FsdnnladilanuRingaiumss agulddndunniignudinluaamzuandeunatouds
Tumsnduiulviduinaiads (Mean: MP) Adosiuunnsgiu (Standard Deviation: STD)
wazaalles (Kurtosis: KS) vesfinimaiumgs (8G) amnam Gray Afifadeatutufinmaden
Tu MKR

nAradRTa TiasaneadevesinwaiundsmesniniisaosUssion 301nd
nanluudainaiedsvesfineafiundswssninisdesssnniidisidouviviu wislviaey
Usziamesnldeeedniou awitiieindedosnin 31.77 Aennigniufinluvies fifins
amiifianasainnin 48.62 Aenmiigniufinluannzwandounaiauds magunmlaog
Turarnadefidouiiuiu Tufernadesening 31.77-48.62 Wiasanandsauunnsgiu
vosfinLeaiundouny wnandesuuanssutesinisaiundsiioondt 15.27 amidudy
nwitgniufinluiesufilims mnAndeatuasgiuvesfingaiundannndi 2052 am
dudunmilgniuiinluanzuindeunatuds Tuhusafeatu nwlaqidandeauy
wmsgruiidouriuiu dufernadesaing 15.27-20.52 Tfarsandeulnswesfiniaiiy
oy nmlafidnnulasesfinmafiundadaud 8.32 f 54.37 amduduamiignduin
TutesUfuAns lumanduiu nwiudunmiigniufinluaniisuandeunateuds
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]
LY

3.2.2 nswnseudayaniniigniuinluanidzuindaunaiauds (Outdoor Pre-
processing)

vdsnihdeyanwluvszinanaioszyussianveanmuds mnnuindunindign
fuiinluanzuindennarsudaazinmasisudeyanmito aufinwailiiisddesoonain
am Aoutudngtunoudaly Felutursunmamieudeyanmilgniufinluanzuinden
mmLLﬁaﬁﬁi’mqﬂismﬁtﬁaumdau (Segmentation) lunds (background) sana1nNaLi
fans drensasiamdinin (Mask) fanunsaldlunisulsduisansdameonainduls Taed
Tupoudsfanuluzud 322 way 3.23

‘ l Outdoor Pre-Processing ‘ ‘

RGB HSV
“

| Convert image RGB to HSV color model

1

I Convert to binary by HSV Ranges } >
= 2 -. Sy
| -

l I Detect Location of Dragon Fruit by binary image l J

Erosion binary l [ ?
i |y
with kernel 5x5 ‘ (x1,y1,x2,y2) = Dragon Fruit Location l-"' &

if( (x1,y1,x2,y2) != Border of Image )

(x1,ylx2,y2)  (0.y1.x2.y2)

B St

(xLyl,x2,y2) (0,y1,x2,y2)

Grab Cut 4Directions ‘ D ]

¢ :
103252 (00,324 { (x1.0.x2¥2)  (0,0,52.52)

I Convert Grab Cut results to Masks l
- .‘ l

I

‘ HSVI Mask = Intersection all Masks }

( Image HSV1 = Output of Removing Background by HSV1 Mask J‘ ﬂ
. Tmage HSV1

JUM 3.22 fsureIn1sinsgutayan magnduinluan1isuInaeunaIaule

A
\_\.;

‘ | Detect Location of Dragon Fruit by binary image | ‘

Divide the binary image into blocks

(split the shorter side by 80 and the longer side by 160)

Dragon Fruit part is a block that has a number of white pixels more than or Al

equal to the number of black pixels

l

x1 = minimum of x coordinate block’s Dragon Fruit

y1 = minimum ofy coordinate block’s Dragon Fruit

x2 = maximum of x coordinate block’s Dragon Fruit

¥2 = maximum of y coordinate block’s Dragon Fruit

3UN 3.23 {aumsnmaduiunimaniiang
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ndanulusud 3.22 Bududrensihamduatudadunmlumad RGB waady
Tumad HsV ndsaniuuasnmm HSV iunnaesszdiu Binary Image) Tnglden HSV Range
Jua1@auus (Threshold) Tunisudasam Ainialalunin HSV eglugasdsnaniszgnusu
Juiinwarnilunnssiuiiuaggnuiuiduiinigaden

A1 HSV Range i IfunainmisduamufensiigniudeutiundadudunaiFoudosuds
117U 700 2 (@eusay 100 n1m) Tasnwazduunm 100x100 finia wagdiiundsdnn

[

FagUTt 3.24 A uIamgawesAn Hue (H) Tnod1edsanlunad HSV fae Algorithm 1
dwFuuislansiudendivdos faguil 3.25 wag Algorithm 2 dwmsuuisansiudendung i
SUT 3.26 Famadwsilléforasosn H vasufansidondmvdesiicdaus 23-37 vadluna
& HSV lu OpenCV wardaevesAl H vosuiafensidondunafiaidus 0-23 uag 151-179

d1m5uA Saturation (S) wag Value (V) AMuualii@Ingws 100-255

5UM 3.24 fegradoyanmildluni1smdieat Hue dmduuiidensivfeniivieiayd
wAd (HSV Range)

Algorithm 1: Find Hue Range of Yellow

Data: Input Image with v_channel and h_channel from HSV Model.
Result: minthue_value), max(hue value)
1: for each r € rows of image do
2 for each ¢ € columns of image do
3: if v_channellr,c] = 1 & h_channel[r,c] >=22.5 & h_ channellr,c] <=37.5 then
4 /* yellow color range from the HSV color wheel is 45 to 75. */
5

append h_channel[r,c] in h_val[]

SUN 3.25 9ana3NUMIBAT Hue @1sunnistinsiUaendinasd

Y

Algorithm 2: Find Hue Range of Red

Data: Input Image with v_channel and h_channel from HSV Model.

Result: min(hue value), max(hue_value)
1: for each r € rows of image do
2 for each ¢ € columns of image do
3 if v_channellr,c] I= 1 & h_channel[r,c] >150 then
4 /* red color range from the HSV color wheel is 300 to 360. */
5 append h_channel[r,c] in h_val[]

3UMN 3.26 §anea37urnYiaAn Hue dwnsunmiiansildenduns

Wawdasnaw HSV Wunwassseaulagldan HSV Range 13uusasnan tnmaes

seauilaluussuianatiiasyysiumia (Location) vasnaunnidiansaislusunsuges Detect
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Location of Dragon Fruit by binary image Fsazihnisudsdlrunimassszaudu block
Sruaulaiiiu 80x160 blocks Inedufiduninasgnuiadu 80 du uasduiiennitazgn
wiafu 160 dru mnnisldaslddamaedu dumineaauindrnmiauinwinfu
4,608x2,240 WAL YUINUDY block LLVNAYU 29x28 NALLA ﬁ’qﬁjumwazgmmaaamﬂu
111 158x80 blocks figui 3.23

block Tasidruruinigadu (white pixel) U1NATIUIDLUIAUIIUIUNALIAF AN
(black pixel) TArvuaindudiurewaniasiing duniswes block HmeiiJuduniieves
whastansAesuieesnals! 159 block vumduamasuiiufidentu wassmusld x1
wirduAaavesiiAn x y1 WirduaAigavesiidn y x2 Winduaigsgauesiina x uay y2
wihuAngagavesfida y e (x1yl) Aeyunziunnidsanievesdimasuiluii uazifn
(x2,y2) ﬁaqmzi’uaaﬂlﬁaﬂéﬁuaﬁLwﬁauﬁuﬁw Fruiin (xLy1x2,y2) Hezduveuwniily
TUn15 WU NN INA 8T FwuuNs 9 (Graph Cub) @ 9azd esldivinfureunn (Border of
image) fowhlUldFahite (L ylx2y2) il saseaeuindufitmierfuiureurenin
e ld MndusumiafedtufureunInain1SanILIAY ULAAIRIEANSYIN Erosion AW
aossesulanl MnunLn kemel Widy 5x5 udnin wassseiuillUussnanaifiesey
fuvavesanisiansdnadaauninfida (x1,y1,x2,y2) Alalaivirfureuvosnm

NN UAIRTR Lyl x2,y2) Wureuwavesnseudnasuiiasldlunisuds
drunmitundsesnannanialinseaeizuuuns i 4 wuu (Graph Cut 4 Directions) Léuf
(x1,y1,x2,y2) (0,y1,x2,y2) (x1,0,x2,y2) g (0,0,x2,y2) Yanadnsfilgannig Graph Cut 4
Directions §ufuniwd RGB uwlanduntdanin (Mask) Mdunimasssesu Tnefmunls
druvesmauiuansiufinmadun dauvesiundadudes th Mask s 4 unnfineadyn
2 #8015 Intersection mask HadWSTGADUTNTA (Mask) Tilunnasssysiu unusie
HSV1 Mask

WiAn HSVI Mask 4 @snsavsnldud sdauiiundiosnainnanisiansla Tne

nwadimnedefinaitunds fnwaduvuneddinmanauiaiing Adalalunmd RGB 7

AR ItuiuinigaiurdRzgnildsumineaiinauuliviaiu 0 padnsnleaziduning

' ¥ 2/
aa A v ! £

fl
GB NiNundIUNIdmns e avualuds uwnusie Image HSV1 fegrannilaainduneuil

) =)

2

a

waARIlUSUN 3.27

Ly

UANTUANIIELINA BUNATIL

sUN 3.27 dregranadnsvesnisinisudeyaniniignyd
(@) mMwduatu (b) N Image HSV1
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3.2.3 mMsduunngauiadansaiediuaen (Red and Yellow Classification)

FhednuardiuFenvemauinnslnets 7 aeiug arnsoutinguuiaiinsoonidy
2 nuaudAvesFon ldun nduudendndeaznguildenduns fadunszuaunissuun
nauuisinsdeddontuandunsdmmmarosazvesdivdeuazAunsiiusingluam
mnafosazresdlannniifiieduddinsfivdenddy feanunsoldsryivenudonuia
ffansle Tnefinszuiumsdsgudi 3.28

Red and Yellow Classification:

#
i

| ‘ Calculate Ratio of Yellow and Red color H

Yes

Yellow Dragon Fruit
(Israel Yellow Class)

If Yellow > Red

-

|
I
i
|
I
i
|
I
i
|
I
i
|
I
i
|
I
i
|
I
i
|
I
i
|
I
|

‘ ‘ Image Background Remowval | ‘

|

Species Classification only 6
Classes of Red

.~ BN TS End

UM 3.28 ngmisTunnguumiiansmediuden

SufusnnsAuIAA1Fsar esA A nalarAuns (Calculate Ratio of Yellow and
Red color) 31ndLUdenvasnaunidans minanledaseeazvesdindas (Yellow Ratio)
wnniAnosasasdund (Red Ratio) Tumunsaiinintudspmuitansnaguildend
wmaes Bedianefusifsaaunsavineaetusuifing Jumetusindesdasiealdiuiinas
vy lunesstutamngeraamdudonmuidnngduuienduns naay
yhmsUszanananmeslutuneudaly nssviunsivisandwiuteyalumsuszananaas
wideifissnsUssnanatunitinanguiuFendunasiniy

luniseuinAsegarvesdindssuardunsanndidennaunifansuy g33ely
Aasdnuwazdvedlnad HSV TunsAuamuisnulugun 3.29
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Tnefmuali H = Yosda i Hue 9830
S = Ye3deyey1ad Saturation VOININ
V = t¥93dgyay1ad Value 99300
RC = druufinwaiieglurisdung
YC = Srnufinisaiieglutumdimios
N = Srnufinarioms
915U 3.29 Fudunsuszananasienisudasnmaluea RGB Tdunmaluieg
HsV flou ududasnmdnaddifunmasssyiulaglden HSV Range Aldannisnaaesd
nanlundaluite 3.2.2 1urrdauuslumsuvasnin Fefinwalasien HV eglutaed
fsunazivAsududun dldeglugasasnduden dufedn H s 23-37 dmfuidend
wided dnddendunsvzgnuuanduaestislann 0-23 way 151-179 lnsusaznnazgniy
Suuiinwadieglutiswesdindesuastisvesduas shufuds YC wag RC auddu
Fetiusmnufinansunnfiniaids azvimsiuneiosasvesdivdosuazdung

ABAUNTITA 3.1 WAL 3.2 AUANRU

Yellow Ratio = (%) * 100 (3.1)
Red Ratio = (%) +100 (3.2)

winArdesaruoidlnunnninfaedutatensidendiu e HSV Range i1y
anansnduunnaELiasiainsndndentd fefegramanisnnaedusudl 3.30 uausnuans
aufansfignivdsuiundadufunidouienida unifldesuansnmaesseauiildainnis
T43en H vosdmdeaduidautanazArfesazuasdinia (Yellow Ratio) Laguaiiam
uansnnaessEiulfaInasldvasat H vesdunuduadautaazafesazueaduns (Red
Ratio) dungladnnguniadiansdenduniasiiaiiosasdunaunnnindmass nguuniafing
Waendmaesasilrnfesaruesdimdownnnindua dumneanainaunsaliiiesazvesd
wideazaundlunsasngnIsTkunnguuiansmeddenla

MnurunInaaedugun 3.12 sxiudrmniduaiwignduiinluiosu fodnsey
anunsathawduatuindwunnausiidinsmeddenlalaglifosnisutoyanin unnsig
Mnamdigniufinluaninzuindesunansudsidesitunisinieudoyaniniiie aufiniadilyl
\Aeadeseanainannou fazannsathuduunnguuisnssediudenld dafegiama
nsnaaedlugud 3.31 mwdldlunisuszananadidunmitgniuiinluies foansazidu
amduatiu dunmiigniufinluannzwindennasudszfunmitgniniedeyaniud



‘ ‘ Calculate Ratio of Yellow and Red color ‘ ‘

‘ Read image size and Convert to HSV ‘

'

H=H Channel, S =8 Channel, V=V Channel, RC=0, YC=0

"

v

Yes
Read All Pixel = True

l No
__—'——____'_______F_____ _\_____‘1‘_‘_‘_&_____———___ N
- 100==5<=255 && 100==V==255 ________:__‘_‘_—- o »
I Yes
____———'-"‘_____'—.____‘__ ____-____““-———_._______ Yes
_ H>=0&& H=23 N RC++
—) V-2 —:
j No
—— N
_____.-——-—""'_Ff ) Ll e -
-.:____""““"-——_____ H>=23 && H=<37 AN S YC++
HC )/ H_._-—-——“"'f_
; No
_____-—-——'—"'""'_F'_F_;f__ A %_EE"“‘H—H____‘_ Yes
=y FRWE H>=151 && H<179 QOO RC+H+
o V/ Ay W
-“ No
Yellow Ratio = YC/N*100

Red Ratio = RC/N*100

AL OC
(" Return )

5UN 3.29 Fanunisiuinesegarveddvdeuardwainddenuanniieng

Yellow ratio = 0.00 Yellow ratio = 0.08 Yellow ratio = 0.58 Yellow ratio = 33.44

-
N

Red ratio = 49.65 Red ratio = 35,75 Red ratio =5.19

Yellow ratio = 40.32

Red ratio = 0.00 Red ratio = 0.85

5UN 3.30 Meg19n13uunnguwiEieanseed@ilaanannnmignauiunasie

62
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Original Image

Yellow ratio = 0.32 Yellow ratio = 0.24 Yellow ratio = 0.02 Yellow ratio = 13.32 Yellow ratio=9.75

Red ratio = 0.00 Red ratio = 0.00

Red ratio =5.98 Red ratio =16.01

J/ Vs 7
z e |
- - i
Original Image s
. v
A
*

@)

Outdoor

Pre-processed

Yellow ratio= 9.34 Yellow ratio = 23.37

Yellow ratio= 0.00 Yellow ratio = 0.64
Red ratio = 18.27 Red ratio = 10.35 Red ratio = 23.01 Red ratio = 0.23 Red ratio = 0.74

(b)

v =

sUN 331 dreg1en1s9uunnquuidensalediudonsdy (a) amiignuuinly
el UANsuag (b) MnignUuinluan1IzwInaounaIauas

3.2.4 miauﬁu%é’ﬂ (Image Background Removal)

nsaviundadunszuiunmsiidiingusvasdifewdsufinsadiundslidugen S
foyanmasimdeifissyedeyanmuanguuinauiendunasiniy Wosmnyateyanm
voanguuitinaudenfindosgniuunnguoeniuudlutuneureunti lnenszuiunisay
flundsveanmitgniuiinludesufoRnisuasnisaviiundsveanmiigndudinluaniog
wIndeunanudsdinssuaunisiiuansinatu TnefiseasBendsil
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3.2.4.1 MsauiuvasvaInmngniuiinluesujjianis
PNNAANSYDINITITENTRYAN N Fauandlugun 3.20 wudinszuiumsinIey
ToUANINANTAAT NN NARITEAUNA TN IFL UsdiinwaiurasesnIningaves
naufdansle lneaniznmiigniuinluieslfufinstinadusnaninamngnyudinly
an1zkInaeuna1ads A dedddnadnsnlaannnszviunsnseudeyanimunlylunis
& Y = o e b a va = v o =
aviunaenmignUiuiinluesd§iins Taedinszuiunisaadanulugui 3.32

Image Background Removal of Laboratory Image .
Original

Start
PO
il

’

Image Pre-processing ?\ n
\\

Erosion
i_ ) Yes No
g%* __,i switched to white replaced with original pixel
] i I J
S- ' P
Fit Scale Fruit to 1005100 |- £ '

¥y

3UN 3.32 AaulansunounIsauNuvaestoyan nngnuuintuesuinnig

N3UT 3.32 ndsanimsendeyaninissuiesuda dmasnsildunldduntnin
(Mask) dwiSumsauiiunds wiushenthnin Erosion Tasfinwalalunmsuatiuiiogiumis
Fendufufineadduemiinnin Erosion szgnidsufufiniadun Tumemseiudaliiag
Tayafinigavesnnduatulilguay wagusuviaanzdiunaniidensiivisvuie
100x100 finiwa vuNunddvaiuiy fuandlusUil 3.33

Size(300,300)

Size(100,100)
[
BE

\

3ot

5UN 3.33 fegdramsuiuruianimanizdiunauiidans

3.2.4.2 msaununasvasnmigniuiinluan1isuindeunateuds
NFUN 3.27 Wunaansnliannszuiunisnsendeyanimiigniuiinluaniie
WINRBUNANNLIY T18azIBEAraiite 3.2.2 nulnsyuiunsnssudeayanniigniudinly



65

ANITINADUNAILIITIUANNITDAUNNLYANUNEIDDNIINANLYAVDINABAITINT LAV IALA
AUl I9edldnadnsnlaannszuiunisnssudeyaninigniuiinluan1izwing oy
v & & o A A ! ~ o W ~
nanaudsil inldlunisauiundendenaumdesglunn lneinszulunisaadanulugui 3.34

‘ | Image Background Removal of Outdoor Image ‘ ‘

Start HSV2 Mask

‘ | Remaining Background Removal by HSV Color Model ‘ ‘ o

A Mask

‘ | Background Remaoval by Lab Color Model ‘ ‘ .

.

Erosion Mask ‘ HSVA Mask = Intersection A Mask and HSV2 Mask ‘

n § ! Erosion HSVA Mask with kernel 5x5 ‘

s
Fill Hole HSVA Mask by OpenCV Library ‘

HSVA Mask

Filled Hole Mask {

‘ Remove Background by HSVA Mask } \ .

‘ Fit Scale Fruit to 100x100 ‘

ee I

0 Return )
~ WA AA 18 -

v

5UN 3.34 KauKanlunauNsauRunasrasteyanmignUunnluannewinday
NANLAY

9n3U7 334 Ysgneulumelusunsuges 2 Taunsugos iun Waknsudesnisauiiy
wdsiimundemelinad HSV (Remaining Backeround Removal by HSV Color Model) uas
Tusunsugeenisaui undenaelawnad Lab (Backsround Remnoval by Lab Color Model)
Tnevianslusunsudosiazlinadndidunnasssesufiosl i unininlunsauiiund i
&Tqmmﬁaaq'iumwﬁgﬂﬁ’uﬁﬂiuamwLL’mé’amafNLL@’]’@ Town “tanan HSV2 Mask way A
Mask

diorhunnstsaesumiiindesaniugiens Intersection mask Ianadnsidu
ANADITEAULYUAL UWNUAIENUININ HSVA Mask 1mtiinn HSVA Mask ldusuusanin
#1813 Erosion (kernel=5x5) iloaufinadililiigadeuazifiudrusie Fill Hole function
483 OpenCV Library udaldwtinin HSVA Mask 1umtininin (mask) lunisauiiundsesn
mnnm Tnefinmadsmuneisineaiiunds Anwadunmnedsiinwanauisins Adalaly
AW RGB fuatu AlAfaRenfufuinwaiiundwemtinnin HSVA Mask %Qmﬂ?{awﬁ
Anwafidntuldvindu 255 @v12) wadndfildavidunwnaudsiansidnundsden way
Tupouaninefonisuivmmanmanzammauiafingliiiun 100x100 Ania
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1. Wsunsugesnsauiiundfinamdadqelanad HsV

Tsunsugoanisaui undsfi anndedaslunad HSV (Remaining
Background Removal by HSV Color Model) Li‘]uﬂssmumiaud’;uﬁ’wé’aﬁﬁqmmﬁaag'
Tneteyantndunmmadnsildannszuiunswisudeyanmiigniuiinluannzuinden
Na19LA9 (Outdoor Pre-processing) Usgnauluaag A1m Image HSV1 tan1A HSV1 Mask
LazAINAR (x1,y1,x2,y2) G?fﬁagammﬁﬁwgﬂﬁwlﬂLﬂum,'%'uéfmaﬂmaﬂismamamm%’jumau
Tudsaudaguil 3.35 TngiTuannisuszananalusunsugos Check Mask and Image Turla
T1ufaguTt 3.36 Tnefinisi Image HSV1 luruaniAn Yellow Ratio Tnsidnass uay HoV1
Mask lunsradusumislng wnusmenng (al,bl,a2,b2) mgluswnsugas Detect Location
of Dragon Fruit by binary image Iuﬁﬂmuﬁﬂgﬂ‘ﬁ 3.23 1iife (al,b1,a2,02) ild TWauity
WEI00NINAMEI835n59 & UUU (Graph Cut 4 Directions) HadNS7iLa A oA MA@ ITERAU
WNUAIBULININ RM Mask

ﬂﬁﬁﬂﬁwﬁgﬂauﬁuwé’aaaﬂmmLLa”a 9zdlA1 Yellow Ratio 989 Image
HSV1 wihiu 0 Taedt sunddlng @1,61,a2,02) sxdeslaidusumdadia (x1,y1 Xx2y2) WAl
mﬂlmLﬂulﬂmmﬂaulmmﬂm’a winn RM Mask azgniiluilu Mask Tunmsauiiundeon
Mnamduatusnads Ima‘waLsnaﬁmwmamwm%awwaq ANLadUINNBAINNIgANALA7
1ang Annlaluniwd RGB mmwmﬂLmmaumuwm%wwaa%gmﬂawmwm%awmuﬂu
WA 0 HadnsTldaziunIng RGB Wwnusae Image HSV2 ndaintufuaaan Yellow
Ratio 989 Image HSV2 n¥assiafiAndauus NR sae 1 wieldiusuiuadilunisauiiumnds
Feazllltinsaufiuvdeduiu 3 e

wdtantunsIRaeum Yellow Ratio 184 Image HSV2 mindlavinfiu 0
waghing (al,bl,a2,b2) lwduinawma (x1,y1,x2,y2) agfmunliniinin HSV2 Mask die
WiAuMEnIn RV Mask wazauntsvinsiugedusunsudessiud iesindadifiundsgnau
sonuuaudy wivnliidulumindeulvasinisaviundwelngldwinnin RM Mask iy
Foyasusulumsauiundedluadiioly demsldniinin RM Mask adredoyatindege
Tyiguan 1dun N1538URNNA (x1,y1,x2,y2) sl saelusinsugas Detect Location of Dragon
Fruit by binary image @5191t1n1n HSV1 Mask vl 838 uuunsan 4 wuv (Graph Cut 4
Directions) lagldinin (x1,y1,x2,y2) vl wazains Image HSV1 Ay HSV1 Mask Tl

nFrndudminn HSVA Mask waw Image HSV1 aalvsiluyszanana
#8TUsunsug 0y Check Mask and Image 8nas 1l oA uIAA" Yellow Ratio sxyfi iR
(a1,b1,a2,b2) Warad1ewtiinn RM Mask lvsidnads dsutiinin RM Maskiﬁﬁﬁ%gﬂﬁﬂﬂ%
%1907 Image HSV2 uazAuand Yellow Ratio vaanm Image HSV2 Tvsl w¥euaiiiadnsh
w3 NR 28 1 wwdunmiignaviiundseenvuaudansdia Yellow Ratio iy 0 Tnei
An (al,bl,a2,b2) ldwinduing (x1,y1,x2,y2) mﬂLﬁuiﬂm'mL?'auluﬁawqﬂmiauehuﬁu
v fsualsmtiinan HSV2 Mask wirfumtiinin RM Mask lumansafusuagsinisauiiu
vdnusguRLulihy 3 sou esanersauiundesnunniuluawitlidrunauniasins
gnaveenluie nadndildanduneuiiuanstazud 3.380)
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I ‘ Remaining Background R 1 by HSV Color Model H

{ Input Image HSV1, HSV1 Mask and (x1,y1,x2,y2) ‘

H Check Mask and Image( Image HSV1, HSVI Mask) ”

[

| |

I —

e —— Yellow_Ratio=—=0
= =
Bt

— No
Yes| = (al,bla2,b2)==(x1,y1,x2,y2) -
B

\J}/Nf)

= /
) ) == )
RM Mask = HSV1 Mask RM Mask = HSV1 Mask } ’ Image HSV2 = Remove Background by RM Mask
)
:l ST = ; SV
Yellow_Ratio =0 ’ Yellow Ratio = Y cll(m- Ratio of Image HSV2
.
| ’ NR++
= -
e
Yes VL~ e, —. -
—~ e "»:,,,‘\"elluw_katio==0 or (al,bla2,b2)==(x1,y1,x2,y2) o —— —
| -No
L
= AR— = Yes
=g NR>3 pli— e -{ Yellow Ratio =0 }—A
| No

* —
HSV2 Mask =RM Mask ’ (x1,y1,x2,y2) = Detecting Dragon Fruit Location (RM Mask) ‘ }' [ Erosion RM Mask l

with kernel 5x5

C Y
J/’/  —— N 2 1 ¥
— = g 0
':»< (x1,y1,x2,y2) != Border of image R — W
Y bl

x> N —
I\'es
’ HSV1 Mask = GrabCut 4Directions by (x1,y1,x2,y2)
'
’ Image HSV1 = Remove by HSV1 Mask
'

l I Check Mask and Image( Image HSV1, HSV1 Mask) l l

2 Sith SET W

Tmage HSV2 = Remove by RM Mask

\ ; ama i IV~ i AP ) W
’ Yellow_Ratio = Yellow Ratio of Image HSV2

; P L NR++ ’
{_Return_) _ PSS - - -t -

sUM 3.35 fsailusunsugasnisauiunasnaaviemelunad HSV

‘ l Check Mask and Image (Input Image, Input Mask ) ‘ ‘

Yellow_Ratio = Yellow Ratio of Input Image

l

‘ ‘ Use Input Mask to Detect Location of Dragon Fruit by binary image ‘ ‘

]

‘ (al,b1,a2,b2)=Dragon Fruit Location ‘

l

‘ RM Mark = GrabCut 4Directions by (al,bl,a2,b2) ‘

sUfi 3.36 Famlusunsuges Check Mask and Image
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2. Tusunsugesnsauiuvdsdaelanad Lab

Tsunsugesnisauiiundedelumad Lab (Backeround Removal by
Lab Color Model) ﬁ%umauﬂszmamaﬁqﬁqmuiﬂﬁ 3.37 TneSudusionisiinimduadu
maamwmmuu'mﬂiuama YUINAOUNATUI GmLUumwT,amaa RGB wiauduluinad Lab
ﬁaqmﬂuut,l,aﬂsnaaawmm a channel sanuuvasduninassseaulaeld Otsu’ Threshold
u,mmmwaaﬁsmuﬂéﬂﬂﬂizmawal:waizqmLmuwmwaLmemmsﬂﬂsLmimaEJ Detect
Location of Dragon Fruit by binary image iuNUQQWUG]UQEUﬁ 3.23 Wnaansidunin
(x1,y1,x2,y2)

Remove Background by Lab Color Model ‘ |

(__ Start )

-

o
Convert original image to LAB color model } - w

v

(_nm ert m hl]'l.ll"“ lm.lge h\ ~\ ch.mnel with ()tsu s Thr eshnld?

1
‘ Detecting Dragon Fruit Loeation (binary image )
i 1
| (x1,¥1,x2,v2) = Dragon Fruit Location } |

EY

Erosion binary

| with kernel 5x5

L e Vi * A
. oeed ¥y | if((x1,y1,x2,¥2) 1= Pren—
= T ———__ Borderoflmage) = __— B ¢

(x1.v1.x2.v2) 0.51.x2.v2) ~oray

-] k

#

(x1,y1.x2.v2) (0.y1.x2.%2)

. ‘_‘:»i GrabCut 4Directions by Dragon Fruit Location Detected
(x1.0.x2,¥2) (0.0.x2.¥2) H .
2= e « H
~ N R L,
w7 P 118 Convert to NMasks o alox2yd) 0.0.x2.¥2)

N AT 7 N

| A Mask = Intersection all MNasks
Nk A Mask
(_ Return ‘

D

-

m

5UN 3.37 desuldsinsugognisauiunasnglunad Lab

PR (xLylx2,y2) ke wamsieaeuindufifaiertuveuvesnin
wiold Tunsdd At (x1,yl,x2,y2) WWufinaieatuduueunIn 9¥411n15 Erosion A1N&Ees
sesrulnildng kernel = 5x5 il sanvuIRYEUAR BUs Ui LU lwBnass aundnfide
(x1,y1,x2,y2) AFlalwiAureuYeInIn wdaanuswuslFRss (x1,y1,x2,y2) uiiinues
nsoudmasudiarldlunsasailundseanainaimdaeisuuunsim 4 wuu (Graph Cut 4
Directions) lawn (x1,y1,x2,y2) (0,y1,x2,y2) (x1,0,x2,y2) wag (0,0,x2,y2) Unadngflaann
N3 Graph Cut 4 Directions snutaadu Mask dvuslidiueswauiulansidufineadun
druvasiundududsm 11 Mask w1 4 unsnfinwadensauiu (ntersection mask) Nadwsdi
I¥AonWaBIsERU UuAIButnIn A Mask anansadnanldaufiundseanainninle wadns
fldanTusunsudosiiuansdsguil 3.38 (©
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5U# 3.38 Fa0E19 MKARWI LB INTEUIUNITAUTUNAY () nwfid HSVI (b) nw HSV2
Mask 1unmwadnsiilaanTusunsugesnisaviundfinandoselumad HSV () nw A
Mask 1unmeadnsiilganTusunsugosnisauiundsdelumad Lab (d) A HSVA Mask
unmaadnsnlaainns intersection A Mask fu HSV2 Mask (€) nwnadnsfildanauity
WEI09NNANFIY HSVA Mask az () nMNHadwsilaann1susuaLInenizdIunaniy
Henslydivwalaiiy 100x100 fintwa

3.2.5 mauistayaiiiellunmaassdremaiia 10-folds Validation

NN3UT 3.12 Lﬁ'asqm%’a%asimﬂizmumiauﬁwé’aLLazU%’UmmmmWLawwdaumauﬁa
Fansaudadulideualidifiu 100x100 finwalsuusesuas Toyadsdufieg1931nyn
ToyaninisaesUszianiamegadoyanmuiaininguiudendun aandas 1,000 01w
aanaladdruaudesnitliinsifindoyanmiieimaidanis Augmentation lufidg3de
\Fonld Horizontal Flip Image FBifeailesandeyaifosnisifislinsunuduuiidosnns

o
Y

fiisndnios Aulussddoyaildlunisnaaesainnisduainiigniuiinluiesufuifinig
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$1u9u 6,000 MM uazaNAIEUNTIgRTLTinluanzwIndeunaauiasiuaL 6,000 A
21 12,000 2w Yeyanmiiguliazgnustoyasemaianisuustoyauuy 10-folds
Validation lnsusiaz Fold Usenaulusiedayanin 3 4a lawn 4aRnin Yavnasstasyn
naaou ludndiufesay 80 Yovay 10 uar¥oray 10 vastoyanguiosafiduiamun
nnfinanluudadneduirlunisdiiunuiseadsddesmsaddunaiatvayunis
Fuunateug vesuiaufnslneanami anunsadszananaldfanwd g nduiinly
sesufuRnsuaznmiigniufinluanswiadeunatuds dafudideiedaguuuugedeyadi
THlunsmaasssuunaeiusvesuisinsineannimiu 4 suuuu fwsed 3.5

m519fl 3.5 yadoyadilflumsveaesiuunaneiuduoaissnsinganam
Jouyn EUEGHBLE U
Uaya ()
Laboratory mwmﬂuumﬂiwawgummwmumﬁmsamaua Image Pre- | 6,000
processing munszvIuNsluiaed 3.2.1.1 wazauiundaeen
namilaglinszuiunsluluinve 3.2.4.1
Outdoor | awdigniudinluaniiziandsunansudediiiunisiasoudoga | 6,000
Outdoor Pre-processing aunszuaunstuiafedt 3.2.2 wavau
undseenanamilagldnszuaumsluluside 3.2.4.2

Mixdatal i?ﬂﬁﬂﬁa%a Laboratory Wag Outdoor 12,000
Mixdata2 | sameayanniigniuninluviesujuantsuaznmignuuiinly | 12,000
4013 WING BUNATMIIT NIUNITINT BUTBY @ Outdoor Pre-

| o v a & o
processing MUNTEUIUNNTIUNITN 3.2.2 LazauNundtoan
nnnleglanszuaunisiuluiige 3.2.4.2

3.2.6 MIIMUNEBWUTVBIUALINS

ndsnsosyndoyanimiioldlunismeaasuds yadeyaiemunazgninlunaaey
Fuunaneusuiaiinnduiudendunsiemeianisienaudnusuzaiuien (Content
based Technique) wazn1si3eusidsin (Deep Learning) Fsazgniauszavsaminmadale
fUszAvBamaiiagn dmdunmmeaeuduunaewuduisiinsnguldendunsfomadanis
uonaudnuzsLion fnszuaumiuenaudnvue Taefseasdoadel

3.2.6.1 nsugnaudneuzdmiun1aasdlunalenugvauiatensing
NN

nsusnqadnvazduduneufsdnvasiddyesingoonu Tenadnuasy
wardazfuteymindmesnssuiumssunaeiusuiatinnguiudenduasdemaia
nsusnAudnuazsadomluddusely fidunssuiunsiitedunssuiunsiiddnyeis
89 mniniduannsousnandnvugldeguinunmazdnaieUsraniamusanisdiuun
anenugueawilenslusae
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) [y [J

Tunidsiyaiuimundaneifiudmiunmssuunaeiusvesudfnslnean
A JauslazanoiudvnueanenUaaziidnvazuanssty fegiatu uifansiug
wiaesdanieaiiiudendimdssdaunnssanuisiinsaenugdu tumneaaii aunsald
Aadnwurdiudenlunissuunnguuiifingifdendmadsuazdunsls vndaneiiiu
dmfunsuunaeiuguesuiinslneanamamnsaduunnguuiisnsiifdend

wideald asiludnisiunenanmsiuunveaniidainsiugmaedasiealaiuil leswinye

' [
Y al 1Y

foyailluridendsiiufunsametuifendifivdondudos vieuwinsesiiniadosduve
ﬂﬁuﬁdqmaeﬂ'aﬁuﬁaﬁLLmﬂﬁmﬁ’mmLUﬁaﬂL.Lﬁ"sﬁaﬂsl,wiazamﬁ’uﬁ: uaﬂmﬂﬂfﬁaﬁﬂmé’ﬂwmz
U519 e veunazidy ugadnuvasiauladanldlunisuenaudnvae 1Wudu
FeiulunAfedieenuuuldlineusn auausinaaifvesaudnunyd Auio
sUS19UR YeULAzIEY AIUR 3.39 TsmninasiinaseusanSamussnisanetus v iy

193 lnesgaziduauaztunsulumswenaudnyagluwiazaubnvaeail

Feature Extraction

( stare )

Y

Read image and Convert each channel from RGB. HSV and Lab

!

Y

Use each 9-channel image to calculate statistical features
T

v

Use RGB image to texture feature extraction by GLCM ;

v

Use RGB image to shape and size feature extraction by OpenCV

R ] _ AL VNN A S Oed, v &

Use RGB image to edge and line feature extraction by OpenCV

|
|

N & = A ¥ NS

Adjust all attribute values with NMinMaxSecaler

—— e - —eie

{ Return )

sUN 3.39 dsnunsuenaudnyauzdnsunisnaaesdwunatgiugveauidensineg
AN

1. Adnwaed (Color feature)

Andnunrdnldlueided dseneulufeandnunsdueduned RGB
HSV uay Lab wisedoyanindldduegluguuutluned ReB duduluaadiiléainnis
Sufinamsnundoswedlnsdwiiadoudl duduluuenaadnuurdasdomisiinaulasssuy
Tumadannluinad RGB Lduluinad HSV uag LAB Meaunnsi 2.1-2.11 Tuundl 2 udath
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Sﬁauuanwwﬂy’q 3 Tunauuendesdiyinin 3 SRldude 1 37 Fueanami 3 lumad o
léjéﬁ}aiﬁamw Red (R), Green (G), Blue (B) annluwnad RGB “fl’a;ﬂamw Hue (H), Saturation
(S), Value (V) a1nluiaad HSV uaz¥ayan1n Lightness(L), Red/Green Value (a),
Blue/Yellow Value (b) 91nlutaad LAB 593 9 A a0y anlnigavedusazaIng
AuanAady (Mean), damﬁmwummgm (Standard Deviation), A31314U (Skewness)
wazAulag (Kurtosis) feaunisil 3.3-3.6 (Usfans, 2564) iauﬂmé’ﬂwmzﬁﬁwﬂlﬁﬁ%wm
Wiy 36 A ansnagudutunouldfigui 3.40

Mean = %21}12—01 P, (3.3)
Standard Deviation = \/%Z%\I;Ol(Pi — Mean)? (3.4)
Skewness = %Z%\I:_Ol(Pi—Mean): (3.5)
[ 25! Py~ Mean)?]?
Kurtosis = oA e 3 (3.6)

[%Z%\I:BI(Pi—Mean)Z]Z

g P WY ATRNRY8ININ
N WU PTUIUNALAYDININ

Input Image

v v v

RGB Imnage HSV Image Lab Image

L channel

¥

Calculate Statistic Properties : Mean,

Standard Deviation, Skewness and Kurtosis

JUN 3.40 YumaunisuenAuanuned
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2. grudnuauziufia (Texture feature)

Aadnyugduia 1l5lunuideaded 198ane3fiu eray-level co-
occurrence matrix (GLCM) Tunisugnaudnuae Ineu1n1n RGB 1919ana37iu GLCM ¢
lauan3 skimage feature lpaidands 6 AMaNURYY GLCM lawn Dissimilarity (D), Angular
Second Moment (ASM), Contrast (Ct), Correlation (Cn), Energy (Ey) b ¥ Homogeneity
(Hy) Wneudazamuantflidoya 4 Aemalaun wuiueu (0°), LR (90°), WUINEIYUEE
(45°) wAELWINLEIYUYIN (135°) 59 24 ARUANYMY Imaﬁsf?umaumnmmamé’mmzﬁuﬁﬂmEJ
14 GLCm ﬁﬂgﬂ‘ﬁ' 3.41 LLazaﬂm’li‘ﬁ 3.7-3.12 (Park and Guldmann, 2020; Haralick. et al.,
1973)

Convert color image to grayscale image

¥

GLCM Process

Example GLCM angle = 0°

Discretized Map =0 J=1ij=z [ =3 =4 Y
’(E.'_JJ (0.49) |20 ho.s0 0,791 l Mormalized GLCM

(0,7 93'(4“ '~'1r:60 79 (0,99 (40 99). -6=—"" 4 (] [} 0

J=0 =1 [ j=2j=3 ] j=4

=

uum , 030920, 39) (20,39) (#0.99) 1.1: —Eg o 2 /_,Zm—-l. 1 ! I.= = (0,19) | (20,39)| (40,59) | (60,79) (80,99)
, 5,.5' o -;os 02|0|0 0
o ml{nw] mm (20,39) -msa ; 0 ¢ t_]/ 0 0 1 ] | 2]
oan s wnfmlem)RF 0 01 0 ) T2l 0 |01 01 005 0.05
@19 mm-mm.tmwmnw} 18 0 0 0 | 0 | . ™ 3;5" - | .
LS hog 0 0 0 005 0
-
0=90 \ (e 1 I 1 |
yiia P ZE 0 0 005 0 005
, 1 T i i i
Different Angles | 1) 1 AN |: §: 0 0 0 0 0.05
Defining Pixel Adjacency ! + =i I |
| 71l13 10
h 4
. Ex le: GLCM Contrast
GLCM Calculation: T "2
g=1Ng-1
Dissimilarity (D), Contrast {Ct), Angular Z (i—j)* - g*(i,j)
=0

Second Moment (ASM). Correlation (Cn)
Second Moment (ASM), Correlation (Cn), -2 @D @l 2402500
. P +(0 =30 - 0°+(0 —4) - 0% (1 — 0)*- 03 +
Che rgy i[\ Yand | iomogeneity, by (1— 1) 0.13+(1 — 2)* - 0. 13+(1 — 3)* - 0. 057
[ 1 +(1=4) 0,05 +(2=0) 0+ (2=1) 0
+(2=2F - 0P+(2=30P-0.05+(2—-4)-0°
+(3=00-0*+(3-1)*-0*+(3=2)-0.05
+(3-3) 0°+(3-4)-0.05+(4—0)* - 0*
+(4-1) 0+ (4-2) 0+ (4-3) 0+
(4—4)*-0°= 0.09

2
=

Ui 3.41 dunsumisuenquudnvaziiuialagld GLOM (Park and Guldmann, 2020)
Dissimilarity = YN ! N el i) - li—ijl (3.7)
Angular Second Moment = YN ! Z]-I‘L_Ol(g(i, j))2 (3.8)

Contrast = RN MG — )2 - g2(i,)) (3.9)
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Correlation = R MGG — 1) - G — w) - g(i,)) /o2 (3.10)
Energy = \/ZN PR (%)) (3.11)
Homogeneity = YNt YN 1 -g(i,j) (3.12)

j=0 1+(l+])2

1M N UnU PUIUIETAUAIENN (number of gray level)
g(i, ) wnu Adildann GLCM Normalized
W WY ARAsYes GLCM Normalized
o2 Unu ANANNLUIUIINYBY GLCM Normalized

3. AuANYALFUTIIUAYUIN (Shape and Size feature)

faufidnuugsUsLazIRInvemaLA N suaazaeug Ny
Adendsy ufifonvasfisguantREIULY fuiulunuideifnihnudnuarsuiasaun
mlﬁums@f%ﬁumu%aﬁ’aé’w ﬂmé’ﬂwmviﬂiwLLawmmﬁhﬂumu%’aﬁjﬂiuﬂa‘UVLiJ(;h&J
ﬂmaﬂwmv‘wu‘m (Area) AINBLNUNAN (Major axis length) AUIINAUTEY (Minor axis
Length) ey ﬂ'J’lJJLEJa&ﬁuEJ“UEN’Ni (EWlipse eccentricity) FaEunIsT 3.13 590 4 ﬂmaﬂwmu il
Suumaummsmﬂmaﬂwmumww 3.42 (Muhammad, 2014)

Convert color image to binary image

Grayscale Image Binary Image

{63 45 70 90 99 ojojojolo

i T T 1 T 1
{1127 24/|30]85 0 I8 P Ay 0

Input Image - IR 1 1

A {» {7 13(10]21) 53| Ep 0fo 110

(RGB) ; I T 1 T 1
{5 104173761 O (1| ©
0|3 12 33|48 ojofofofo

k4

Calculate Area by count number of non-zero pixel.

k4

Calculate Major axis length and Minor axis length by OpenCV Library

h J

Calculate Ellipse eccentricity by

Major axis length and Minor axis length

JUN 3.42 JumpunisuenAmdnynir UIIuaIUIa
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J(Major axis length)2—(Minor axis length)?

Ellipse eccentricity = (3.13)

(Major axis length/2)

4. aauauUfvauLasidy (Edge and Line Features)

Qmauﬂ’amauLLazLé’uﬁiﬂuﬂWiiﬁ’aﬁLﬂué’mwd'suﬁﬂLszia‘suaaﬁuauLaww
drurenanntinglnen1sUszalanan189ana3viu Canny Edge (Canny, 1986; Opency
Python Tutorials, 2016) kagT1UIUVDILFUATILABNITUSENIaNAB anD3 113 Hough
Transform (Hough, 19 6 2; Mukhopadhyay and Chaudhuri, 2015; Opencv Python
Tutorials, 2016)

Sane3fiu Canny Edee \Judana3fiunisasrasuveuiiduiifenldlunis
pndufingalag inaiasduvevvesingluniw Usznaudie 4 dumeuldun dunoud 1
n1sauTATUNILEIETaNeT Gaussian U 5x5 Tuseud 2 n1sdummslassduauida
voanmuaziiame Sumeuil 3 aulniwaiilifesniseendorguaaluiuilndideduiiani
voamsldssdiud uardunouaminefonisdenfingaiirahandureuuiels Snisimune
Threshold @ee1@e minval wagz maxval Inefinigala e fifnislaseauanuduuinnin
maxVal asdufinwaveusazintosndt minval avldlefnaaveu finwalag Adnislasesu
ANLNTENINAT minVal kg maxVal 3zgnsvudnduveunsel dien1snsivaeunis
Fouste mniieudefuiinisaiiveusiuou Fnwaivaniuazgnindulidudiuvisosey
me Tunensaiudinaggndnduinlilddiureweu nisdmuaen minval wag maxval \lu
Aeddeyann NI EANAGBAIINYNADIVINATNS

FafutumeunsunasandufinsaroweuLansd s 3.43 Suan
msthameadnsann sz Tumsauiudasam Sadunmiignuivruanudpdiuans
nauflensidu 100x100 Ainiea é’mamﬂugﬂﬁ 3.38(f) udwdanduninsedudin andy
ithamsgsudmisnanuasenuimesalaunsy fvussanaeduviniy 10 [dveuiamndns
vostunILAZI UAATY WA minVal way maxVal mudiiy wdaUszananauiiannun
Anwaveulagltdanesviu Canny Edge Wiuilsidu cv.Canny voilausi3 OpenCV (Opencv
Python Tutorials, 2016) nMwitldAennapsszauTiifinwadauuRinavey feiu §asn
AUINaYRUILWIAUIWIUANATYV I IMLVUIANTNLALANME 100 fAsaunis 3.14

Ratio of Edge = Edge pixels , 100 (3.14)

image size

dwiuguaniveaduinnuszondltifiensiadudnuazveinausoy
Waenuiiling Sednwarveanduarannsaanidudunsald mnaudgiuuiangfiindu
sounamnIzdidunsndae Fuiunisuenaudnvuzveanduildsanedfiu Hough
Transform fanansansadususrdlusunmlugduvuisviads wu dunsa 2anau 263 1Ju
F 8aneson Hough Transform mmiamaﬂ%’ugﬂiﬁﬂé’uﬁ’hﬂﬂLezja%lajgial,ﬁaqﬁu 919U
meluvisfiniea luruidetyadulufinanmatudunss aunadulusuuuumsunin
ASEUNT 3.15
Yy =xcosf + ysinf (3.15)
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NEUNTT 3.15 fnuali xy Aefifavesiinega y (rho) Aeszezdaain
nyaniindadu was O (Theta) ﬁazgmauﬁu@?&maﬁuLmuuauﬁﬁmmﬁﬂmm%umﬁm
Fafinwalafiegluidunsaioatuaziian tho uay theta Windu fagud 3.44 (Fauvasain
Socret, 2020)

Tneduneuusnvessane3iiu Hough Transform Aanisadisensise 2 Ja

iFun91 Accumulator 1L AvazauAzLuLATIUTINAINATR Awalldves v uay O usiazg
dufuusiazfiniga Accumulator HasdidnZusuiemeug Wuauiiu v uazaediniviiy
B neumsButiuaziuy Mnazdegnuszananaileszyfineaiianitavfuveuvesinglu
AR nInY A y faaunis 3.15 tnefifafinga (xy) wazunudi 0 dululg
MndufinAfias 1 Ty Accumutator finedutiuazunafimuaonndosiudn vy was 0 Fady
nadnsreInsAuIns Sruauluwsaswadues Accumulator ianedduauRinwadianunse
ogfluidunsafediuld Funeugminevesdaneifiuderostmunazuudusiiilefunuily
m&@f@%uimﬁ@nﬂejmﬁﬂLéziaﬁa’]mimﬂwﬁumalé’ orauruentushresdudimsnsiany

Faufiolilasawamdunss lumAdedldinadnsvesdaneasiia canny
edge 11Uszunana TagldWendu cv.HoughLines a93lausns OpenCV (Opencv Python
Tutorials, 2016) faf vy Gaduaimnuazidonvesszesnisvesiazanduinsamaiu 1
uay 0 dadumiuazideavesmvovhavailumhosfouiidy pi/180 thazluuayaves
Accumulator 3usnuaseRIacedalauns fuasasIIATUIINAY 11 UoLAIINTNT
maduit 2 fetuit 6 FaduiuiduldsnduduniiadeineUnmutudus by ud
AuaAied s iduanuentusvsaduinasnsiany Ineldiledau cv.HoughLines 19
nadngidudadueadunsafinsiany sajusaudunsiilafonuesvesdadiilaan
Handu é’qgﬂﬁ 3.45



Convert color image to grayscale image

¥

Take the grayscale image to frequency distribution

by histogram with 10 bins

¥

minVal = lower boundary of the 1 layer

maxVal = lower boundary of the 10" layer

h

Use grayscale image, minVal and maxVal to edge

processing by cv.Canny function of OpenCV Library

l

0040
0035

0030

.I‘\\ 0025
“ 0020
0015
0010
0005

0.000 -

[} 50 100 150 200 %0

Histogram

Edge pixels
Edge pixels equal to a number of white pixel. [~ 1,445
l > Ratio of Edge
Ratio of Edge = 2292P°E , 1
image size 14'45

SUN 3.43 JumpuNISHENAMANYMEYDY

N
¥ R
L h m?ﬁ
i
N t @g}\‘
\\ 2 -s_.'\
.'tlryl "‘k =
PE50 X
¥ s X2 Y2 : Y= x,co8(8) + y,sin(0)
| ™
H e = . e
X o 7]
y=mx+c Y =xcosf + ysiné

SUN 3.44 AnudNiusIEndnge rho wag theta iU aun1siduns




creates a 2D array or accumnulator (to hold values of two parameters) and it is set to zero

initially. Let rows denote the ¥ (rho) and columns denote thef theta.

size 100°100 2

Y

.
.
.
.
-

X g

accumulator

size 141* 180

Image Space Hough Space

Y= fimage height® + image width®

l

Calculate the rho value with every theta value for every edge (x;, y;) and increment
the accurnulator base on those index pairs (Y_.B).

Y

. AT/ 7

Image Space Hough Space

¥ =xcos8 + ysinB

!

looping calculation all the edge points, the accurnulator shows the intersection point of

the curve that is greater than the others.

£ p “~
L] A

R ° > \

. . .
. ° (xn .] ',) 2 -

X ‘6’

Hough Space

Image Space

accumulator

l

Use the accurnulator to frequency distribution by histogram with 11 bins

12 e o N A
c|_J1 alofo|o|ojlo
ojofM o ol ofo|o 110 4
ol afofololofo
al1]1 ms]
Y [olofo il o[ ¥ olofo]a
ool ojoloftfofo]c
L] opojojotopmolo |
oo clologe! oo
..... + i
a o[olo]of a0z ! "H.]l
1w

accumulator

minimurmn length of line is a mean of data in the 2™ to 6™ layer.

l

Use edge image and minimum length of line to detect the line by cv.HoughLines function

of OpenCV Library

l

The nurmber of line is the length of output list from cv.HoughLines function

5UN 3.45 YumeunsuenAuanuzdy
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5. nsUsuAtAmANYLAIY MinMaxScaler

wafildannsuenaudnuriinaandrsiuayliuadndidusiand
anafiunnstetu Saguil 3.46(a) deduitelinsBouivenniosdussansnimnndy S
nsusvanaliifunnsguisaiu (Feature Scaling) #7e MinMaxScaler @ sazdfiaina
5311114 0-1 Tneldigmsdisannsi 3.16 Jaazliinadnsasgud 3.46(0)

MinMaxScaler Transform = (x — min)/(max — min) (3.16)

log  x wnu Joya
min UMY A1NEATRIUBYALUABENY
max Wiy Agdgavestoyalunediil

mean_r | std_r skw_r | kurt_r mean_r | std_r skw_r | kurt_r

204.322| 54.745 -0.548 -1.042 0.908 0.321 0.309 0.390
204.639( 62.146 -0.642 -1.274 0.917 0.600 0.197 0.238
205.789( 46.233 -0.433 -0.946 0.950 0.000 0.447 0.454
196.452| 60.304 -0.410 -1.325 0.684 0.531 0.474 0.204
207.537 47.381 -0.807 -0.116 1.000 0.043 0.000 1.000
172.465| 72.748 0.030 -1.635 0.000 1.000 1.000 0.000
173.830| 63.752 -0.285 -1.033 0.039 0.661 0.623 0.396

(a) (b)
5UN 3.46 FoguaMsUTuAYayaRuaNURN ST AveIAMAN BaEdnI8 MinMaxScaler

Qs |WiNIEF]|O
hjln|ls|lwWw|IN]IF|O

3.2.6.2 N133uUNEERUFvaANININgUIUAanFunsdealianIsuen
Andnwazaaiiian

dMTUNITT I UNAIET UG vatkA 3 aINTNA LA onFuasatgnatian1Twen
audnvauzauideniy fifefudumsiensusnaudnuas Tiud msusnaudnumea
flufia U919 9um veuuazdu tnedeuioyanadnume (Features) lWussanana lévh
n1suTuAranavesteyalvilalugie 0-1 Adg MinMaxScaler lagldtasayainiia (Train
Set) unamisrsdalumsusudvesyamaass (Validate Set) wagaanaaey (Test Set) Fsdl
ununsnaaedldnaudnueazsananiuisnsieuivetaiosie dnnesnnnnesuuedu
(Support Vector Machine : SVM), K-Nearest Neighbour (KNN) Standardized Variable
Distances (SVD) (Elen and Avuclu, 2021) thag Minimum Distance Criterion (MDC)
(Selvaraj. et al.,, 2010) Lﬁamﬂmé’ﬂwmsLLaz’i%msL'%Wiﬁﬁﬂizﬁw%mwiumiﬁwLLuﬂMﬂ

g0 FaanunsoasuununIsmaaedlaninisnan 3.6
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M19197 3.6 ULHUNTVARBINITILUNAERLTVRILMIInInguFanduasmemaTianshen

AANBUSATULUDN
Algorithms Distance/Kernel Features
Linear
Polynomial
SVM
RBF - o 4
] ] SRRV IIGRNONRGIGIRICAYSATNZ Y
Sigmoid - . o -
NIDUNAIUVDIAUDNYULH
Manhattan & - , ! y
k-NN WURT JUTN VU VDU LAY
Euclidean
SVD
Minkowski
MDC
Hellinger

3.2.6.3 nMsduunaIeRugUaidinsnguUfanduasdiqenisseudivegn

dmsumssunaneiusveuiadinsnguiudaniuniienaiFeusidednty
Aidelaainslimanisisgusiddnanlasaiguszannkuuasuligdu (Convolutional Neural
Network : CNN) 144 815 831 DIPDEEP ¢/ 011370 Digital Image Processing and Deep
Learning Tnefilastadnasanisied 3.7 wieldlunismeaesuwazil3auiiisulszadnsaniu
IuLmaguﬂ Tawn ResNet50 (He. et al,, 2016) VGG16 (Simonyan and Zisserman, 2015) wag

MobileNetV2 (Sandler. et al., 2018)

AN57199 3.7 laseasnalumanisiseuseanitdlunisnaase (DIPDEEP)

Layer Size Type OQutput

Input 100x100x3

Layerl 96x96x16 Convolution 2D (5x5) + RelLU 16
Layer2 48x48x16 MaxPooling (2x2) -
Layer3 44x44x32 Convolution 2D (5x5) + ReLU 32
Layerd 22x22x32 MaxPooling (2x2) -
Layer5 18x18x64 Convolution 2D (5x5) + RelLU 64
Layer6 9Ix9x64 MaxPooling (2x2) -
Layer7 5x5x128 Convolution 2D (5x5) + RelL.U 128
Layer8 2x2x128 MaxPooling (2x2) -
Layer9 1x1x512 Flatten 512
Layer10 1x1x1024 Fully Connected + RelLU 1024
Layerll 1x1x256 Fully Connected + RelLU 256
Output Ix1x6 or IxIx7 Fully Connected + Softmax 6
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Nnlassaalumaiitiauedfideldnmindrouin 100x100 finwa Uszanana
A28 Convolution Layer AM1UA UU1A kernel LYiNAU 5x5 Wag activation function wuu
ReLU Tnefviua Output ity 16 Node Tuduusn shlsivunanimgnuiuanawndo 96x96
WNLa ﬁmaé’wﬁﬁimu%uiﬂuﬁagaﬁﬁLst’fwmi?uﬁ' 2 Uszurananenie Pooling Layer
v strides WU 2x2 vunanmgnuivanasndenimiadu 48xa8 intwa thnadnsi
Iganndud 2 Ussananase Tuduit 3-8 Tneld Convolution Layer au1m kernel Wiy 5x5
ReLU activation function @ unu Pooling Layer AiMuun strides tM18U 2x2 lagAnnun
Output Wiy 32, 64 uay 128 Node luduil 3, 5 uay 7 mudsu Suduvunnvssradnsas
gnUfuanaunde 2x2 Output 128 Node 1 avinsusugduuunmliiduiia ix1 dae
Flatten Layeriu%uﬁ 9 agla Output Wiy 512 Node si?uﬁ 10 waz11 19 Fully Connected
Layer kag ReLU 0u activation function muus Output tM1AU 1024 way 256 Node
AUAIAU ﬁwwaa”wéﬁlﬁﬂszmawasiaiwz}guq@ﬁw Output Layer lagle Fully Connected
Layer 1wl 4 activation function tUUU softmax Auum Output Wiy §1uIuAand
Falunismaassidenaassdiuunaieiiusuiagansing 6 aewusiamznauiudenduns
fatfu Output node AU 6 Wiua druwisfimesfindeihildssuideldan Default
309 keras vianun Tunadiviausd 14 Optimizer wuu Adam algorithm fwua Learning
rate 11U 0.001 Tunszvrunisideud (Training) §3deldlaumafishiaueiuszananatumyn
Toyaulanslinelagiinun Batch Size Wiriu 100 wazAmiun Epoch vianauuu loua 10,
20, 30, 40, 50, 100, 300, 400 Waz 500 epochs \ieneaauin Epoch lnagmnzauuazléean
ANYNFHBIEITIER
dmiumvnaesiLunagiuguaIwiiansnauaenauniiien1siseusidedn aae
Tuwadu Toun ResNet50 (He. et al., 2016) VGG16 (Simonyan and Zisserman, 2015) uas
MobileNetV2 (Sandler. et al., 2018) %uﬂu‘lmmaﬁﬁmm‘%auiwLLé”J (pre-trained model)
Fednvarlassadefiuanneiy Sdmsmmunlaldaatdmin (Weight) voslumaisans u
USunna Input fu 100x100 finiga Fansalinaaiansasessurunaa i dlnglinssny
AUlATIASILAN

3.3 MInAILdanasiudnsuTuunamn NN singanaIw

MNMIANITITsaun AT INT LaraITe A sadesluunil 2 nuinis
Ainregiaunmuiainsvedlnedu asfinnsanansunedetmdnvessaudasng A
AnUnAdugUnse Amdiiauasiden dadudnuaznouen dnmsivuagudnvazvou
Tansusiaztunmnmliedsdaiau anunsaldnisnsaseufeaenuasnaeuseuszay
dudavosyudlunsduunduamninld udenafinnudssgeteaufanarslunissiun
Fuaunmld iosnanuiiesdmesaem dufulunsifendsd {ideiniunadans
Uszanananm madanisadang uwasimalianisuenaadnuasanion lun1mnauaunis
naasadLunAmN MYBsLiElanglneanam fasuil 3.47
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Image Acquisition

:’ Quality Classification: ;
; v v :
: Defect Classification Size Classification E
|

| |
: | Pre-processing | | Pre-processing | |
| |
| ' : |
l ’ Feature Extraction l ’ Feature Extraction ‘ i
|

| . . |
| - . - . .- .

: Classification by Classification by I
: Rule-Base Content-Base i
|

| |
| |
o7 S l---—---—---—l ---------- - NN--- .

Performance Evaluation

;3:‘1] N 3.47 LLN‘L!ﬂWiVIﬂaBQQ’]LLuﬂﬂiuﬂ']WGUENLLﬂ’J%NﬂS"LVIEJQWﬂﬂWW

9I5U7 3.47 UARIUHUNITNAADINITIINUNA A MYBauiTansIneanam
Usznausie 1) Msdwunnuninlagnisasiamamillagldinaiianisaineng wag 2) n1s
Suunvumvomaniansnnnmlaglinadansunaudnuuzauion gadeyanimas
gnUsznanaliiewm3sndayanin uazvinnsuenaudnuazfiniaitaztaelannsadiuun
Aamlaensnsavdmivazduunvuinveawanisansanamls Fsldnszuaunisi
LANEaNY LLazﬁwmﬁmﬂiz%w%mwLﬁu%gumauajmﬁw

3.3.1 n19AT UYL ANINEIMTUIILUNAMAIN (Pre-processing of Quality
Classification)

nswesudeyanmdmsusuunaunmilingUssasdifieUssanananmuiassnsils
MnmsiiudeyamunszuIunsAuteyaluinde 3.1.3 ilednudnuurvsamaniiiangd
madnarggliaunsaduunasnmveaLiuiansla Usznauludienisiwseudeyadmiy
N13UUNANAINLAENITATIIMIEnTLazN SRS By ad T UNTTILUAHALNITINTAY
v TnefissasBondal

3.3.1.1 msm‘%au%’auaﬁm%’unqiﬁqLLunﬂmmwiﬂam'sm'aww‘hwﬁ

mnmsﬁﬂmmsl,t,mﬂuuﬂmmwLm'gmnsmmmm%maumLﬂwm way maw
maummmmﬂLLmﬂammmuﬂmmw maﬂw 3.4 wuirdnuazvowaniainsusas iy
Qmmwuu NNTANINANURAUNAIUIUNTS Uinasmiifiiueziden lneutsesnidu
3 %uammwwé’ﬂ 16un Fufive (Extra class) Sunils (Class 1) wardauas (Class I da 3 $u
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Aanmdsnandudug unmidasamisodundevisluremanald udainnisifu
Fogammnuirdaduifinsuimaiilianmsoaimndeneld udannsofulisuussmiy
a¥dould drfulunifeedilfafudugunmfuiumgn 1 fuannin Foamnindua
(Class ) Fadutuamunminauftnsdiaunninisasgudinssyssmual

Tnendsninuyadeyaudafinsiigadeyalimnunsnsidivesa ugidu
the (Label) Wiessyduamninmasufaiiinsusaznim wuiilunguiedieudasfansnnualsd
ANUEAUNAATUTUNTY Frdunsiiuthessydunuamuainguiegnaazfiarsanan any
an dudupunmdumiiuiasiansndunmundesd sndulunsdiinauiaifinslianazgnia
oglunguamnmduay (Class I uazUSinadmiiiuazdon mnudafnuale L
sndiiiauasden ol mifveaduldlidaay winsnatuazgninoglundguamnm
Fufive (Extra class) mndidwifiRiwasdonlassuliiiudosas 5 vesiuiiavesui
fansazgnineglunguaniniwiunds (Class ) snfidmiifaussudenlnesuliiiusosay
10 vesiuiiirasiiunsazgnineglunguamamduaes (Class 1) wogvnnilsmiiiiuay
WaenlasmuiAufesay 10 vesiiufitveuidnsazgnineglunduamunmduany (Class
) fedudideinideyanimanUszanananatuneuluguil 3.08 ewdudeyaiiollunis
uenaudnulufunoudialy

Original size

(3456, 3456, 3)

Resized Dimensions :
(300, 300, 3)

Covert to binary FitEllipse by
Convert to HSV by Red range OpenCV function

@ E:

Filled Ellipse
Mask

a channel Covert to binary
by Green range
(a value = 0-127)

5UN 3.48 nswnSendeyadmiun1sdniunannInlagn1snsIamemil

13U 3.48 f3Tethyateyanimunanvuinasmudadulidivuinlaify
300x300 finwa wlasn manlunad RGB Wulunad HSV uareudeyatesdynyia a ved
Tuinad Lab ¥and HsV uuvanduninaesseaulngld HSV Range vaduns ufoa
Hue (H) flAfaus 0-23 way 151-179 1 Saturation (S) waw Value (V) fviuslidens s
100-255 Ainwalalunm HSV eglurasdsnanazgnuiuiduiineadvluniassiudueg
gnusuduinads dnmasssedudilaluuszatanasesie FitEllipse function 84
OpenCV Library %wﬂé’mwaﬁﬁszqmauLsumﬁuaqmat,l,ﬁfgﬁqm unuseunnIn Filled Ellipse
Mask tdunisaudiuresnduiid usenanuasenly wdeiissiinadid udruvesinay
Waenvowmauiasansiiitu d1msunm a channel asgninanulanduninasssyiulagld
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$19v09LT 87 UNUFEuINn G Mask Jufe A1 a faus 0-127 Ainwwalelunm a channel
agluriedananazgnusuduiineaduilunessiudwazgnusuduineaden Nt
AMEASNSTLS 3 am LiuA A1w a channel m1in1n Filled Ellipse Mask wagniianin
G Mask 3Ussuanan oA 8@unI57 3.17 hag 3.18 Fadunisaseunan a channel fu
wiNIN G Mask semtiinin Ellipse Mask #eagliiuadndsagud 3.49 deagifiuinnduisu
20N11NWABNTBINALNILINTILYNAUBBNIINAN Junsavdruduiilidesnisesnain
A IRdoifissduvesiuaviudonveauisanswiniu

Dragon Fruit Cropped = ((Filled Ellipse Mask/255) * a channel) (3.17)

Green Cropped = ((Filled Ellipse Mask/255) * G Mask) (3.18)

Filled Ellipse
Mask

Dragon Fruit Cropped

Resized Dimensions
(300, 300, 3)

gﬂﬁ 3.49 N1savaEIUAUTRINAUBBNAINAIMNELUTNIN Filled Ellipse Mask

mmgﬂﬁ 3.49 1 9101 Dragon Fruit Cropped ¥143NHa94A31UE 7738
galounsy Tnofmualidnisudsaanuieanidu 4 Sunsniadu Selvnadwsasgui 3.50

9IN3UT 3.50 WleRansanAevureUaLATd ML TN Te AT SUAS
matu nuidoyaildnnusassunsmadutuansaialfuisdunmesnidu 4 dwld
1$un Shsnatuil 1 Aeduvesiiunds Smsnaduil 2 AedwAdevesnauiidinaviesdlu
A Smsniatudl 3 Aodruvessmiifiuasudon wagsninadudl 4 Aoduvesfiauay
Waenifiduns denadnéldainnszuiumsinisudeyadiviunisduunauainlaenis
nsramimiiazgnlilunisuenandnuasluiuneudaly
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Dragon Fruit Cropped

binl bin2

0 5 50 s 100 125 150 175 200

Bins | bin_edges | Frequency
1 0.00-50 81,685

2 >50-100 0

3 >100-150 1,761

B >150-200 6,554

5U#1 3.50 N1suanusANAkaznIsa i nInmesalaun Ty

bin3 bin4

3.3.1.2 mMaaseadayadnsun1sauunaauiafensnu g

3INNITANYITIATILVAUAINLAILINT NUTINITTUNRARATINTAIUVUIA
1¥35nsdsiminrauiaifinsdmianduniusona leansgududinues waunvema
uistanseenidu 6 1un whenstslinissyystavunadausisia 1 89 6 Tagsia 1 unuwua
Tnajfianuassvia 6 wivnuadniian wisgnguanaiusazfinasidminlivihfuieingnlu
wéalupsnedt 2.6 FddumAdeedeldoyametwutatinsildlumvassafiosuunuf
fansnuun ffisdnguadundiidodum (Hylocereus undatus) léin aneugunaduly
Wgsaeufidsnnszifumenus i Toudgnund ganazifieg et oyansunnuun
LANANSNAE RSB 6?5@LLﬁaﬁQﬂﬁLmavwaavaﬂ%ﬂﬁmﬁﬂﬁm’;mﬁuﬂ%’mdauﬁ’uﬁﬂmw e
AugnetluMITEYIL tumstufinamlditeifuduiadwsafugslunsmaad
e Fetunmasuidnsusassuaaziieuuansnatu dagud 351
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vuUn 1 w0 2 v 3

‘A i e
B AN EE 'S
T A R

I 4 W5 YU 6

I!l e
NN

E‘U‘ﬁ 3.51 MSUWUSEIUATNAILE UL UL A YOI UDINALNITINTUAAZ YU

N3V 3.51 edanaiiuindlontsdunmieiduiainges druvomwaui
fansazeydosqudnarsuazenafivnsdiusngluvesdunfiogsoudisdosaudnarafiog
Antios Seduiasanslvnalugfinmafiundsivnngluresudnarsasmdodesniiua
Sensiiflowadn sedufiselahnmiuatuildannnasdufinameunssuunsluidod
3.1.3 yunssudayanmitehluuenaaudnuasdmsunsdnunnani s nsmuvuely
Tunoudaly faud 352

1N3UA 3.52 {3ITeyedeyanmutanvuinasnmdndiulidvunn iy
300x300 finkwa wlasn wannlunad RGB ulunad HSV Winmd HSV unudaauduniw
dosziulngld HSV Range wosduns tufera Hue (H) anaus 0-23 uaz 151-179 f
Saturation (S) uag. Value (V) fmualsdiadeus 100-255 finwalalunm HSV oglutas
fsnanezgauiuduiinmaduilunisessiutinszgnusuduinmads tinmasssedud
Idluvszananasiose FitEllipse function Y83 OpenCV Library Ssaglinsinszyuauiunues
nauiTansldsaundu unuassiaas Inner Ellipse Lined ndsannuutaiw RGB fignan
runnaqlvaniifivdelfisswosdia R Y R anudasduniwaesseaulagldinaiia
Thresholding- Based Segment fvuaAdinwUavinfuAnadevesnin R Ssuadndailiaziu
naesszduiiiundnduinivad Muazdunesoufanafufineadun unudeam
DF-Mask 1101W DF-Mask am noise #2e Morphological Opening nwiua kernel iy 5x5
ma”ammfumw?uiaugﬂsuamaLLﬁaﬁﬁﬂﬁmﬂﬁuﬁw Edge detect by 4 neighbors
procedure #3 Algorithm 3 1ugﬂ‘1’7i 3.53 Tneldnm Opening nadns7ildaziduduvauvana
uiafans9iamun unuA18n M DF-Perimeter 1 DF-Perimeter 71 ldludszananasadae
FitEllipse function Y84 OpenCV Library #4azlensifssyvouinnvosnanifanssundu
WNUA3TiRAe Outer Ellipse Lined uazasaUa1w Opening nzdIutBInudnavedy
wUainYos wnudaenIw Center-Mask fatiunadnsilldusznoulufersifissyvouiunnas
walA 1395l s9und U (Inner Ellipse Lined) dusaujuvednaunsianssiundu (OF-
Perimeter) 24371524 10ULUAYBIHALA1TIN539UNEY (Outer Ellipse Lined) uagdutaq
AudnanvoIdULULAYEY (Center-Mask) Fsazgnlflumsusnandnuarluduneudaly



Original Size
(3456, 3456, 3) Resized to : Covert to binary  Inner Ellipse

(300, 300, 3) Convert to HSV by Red range Lined
e
= g
Opening
R Channel ‘ DF—Mask DF-Perimeter

Crop only

D =
center point ‘

Center— Mask

E‘U n 3.52 ﬂ'ﬁLG]iEJ@J“U@iJﬁﬁW%iUﬂWT\ﬂLLUﬂNﬁLLﬂ’J?NﬂiGﬂWU‘UW@

Outer Ellipse
Lined

87

Algorithm 3: Edge detect by 4 neighbors

Data: Binary Image.

Result: Image boundary

1: height = A height of Binary Image.

2: width = A width of Binary Image.

3:  Image boundary[] = 0

4:  for each r € rows of Binary Image do

5: for each ¢ € columns of Binary Image do
6: if input imagelr,c] == 0 then

7 north = 0

8: south = 0

9: east = 0

10: west = 0

11: if input imagelr-1,c] == 0 then
12: north = 1

13: if input imagelr+1,c] == 0 then
14: south = 1

15: if input image[r,c+1] == 0 then
1é: east = 1

17 if input imagel[r,c-1] == 0 then
18: west =1

19: sum = north + south + east + west
20: if sum <4 then

21:

Image boundarylr,c]=255

5UN 3.53 dane3flumiduseusvesrauniifenssiuniy
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3.3.2 N1sugnAManEMLaIIUIILUNAMAIN (Feature Extraction of Quality
Classification)

n&nmisudeyanindniusuunaunmSsuoouda duneussludonisuen
AudnuE FansusnaAndnuurdmiuiuunauamlunuidedusznaulude nisuen
AudNwazdmTUNTIILUNAMAINLAENTATIIMIA M uaTNSLeNANA NYE A IMTUNIS
Suunnauitinsmuun lnefleasdonded

3.3.2.1 NMSUENANANEULFINTUNMTIUUNAUNINLAENITATIINANI

nnsmAuTesey s uamuawresng uia08 19l fasananauan
(Freshness) wazUanasimilfidnazivdenvosuifonsiduiesas (Defected Ratio) 3
wadnslFnmswsendeyadmiunissuunguamlasnisasamdmiluside 3.3.1.1
wuiANuanYe AL sansaldUSINuAT s e ndUSsnamdeeglunmls Jude
Aarudvosdeyalusniniatul 2 mnmsuanuasauidaedalaunsufuandlusui 3,50
MnMsAnwImUINdAAnNRivaRy 0 nuneieuiansldfinauan fdaauiannndi
vinefawislansiinrwan dumnemnuivnuiasingualaiian Freshness winfu 0 tufieo
luan agnszydundatonsamaimduany (Cass i) Fuduudadsnsfidqauninstinid
1ATIU 9NN Freshness 11NN37 0 azgniiansanamn ey miniuaziden
voauntinsiludeuas (Defected Ratio) lnesmifiinuavdonvatuisiansaefnealag
lailddhuvesiauazideniiiiauns (Red skin) uazllvdndidsvonauiidinandooglunm
(Green bract) fstiuUTinsudfidwezidonvosdadinadusosazanunsoduinds
AuNST 3.19

DF—(Red skin+Green bract)
DF

Defected Ratio = * 100 (3.19)
Tae DF 29U UNNLaT8dRaL A BN IkNININTNIALA

Red skin AaduiIkaziuannisawmd

Green bract AedWAREIvBINTUNSIRIADYlUNIN

MNaUN15A - 3.19 @13150unU DF faes1uruinigadanives Filled Ellipse
Mask fauanslusuil 3.08 aunsouny Red skin fremmnuivestoyalusnsniadud 4 an
Msuanuasandfedalaunsudsuanslusuil 3.50 uavun Green bract fedurufiniea
#9172%99907% Green Cropped oﬁ’mam‘lugﬂﬁ 3.49 Uszunanasnae Morphological Dilation
fvuavLIn kernel Winfu 5x5 fafogslugud 3.54
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DF = Filled Ellipse

n -\ Defect Ratio = 17.88%

Red skin = bin4
Green Cropped Green bract

Dilation with /
kernel 5X5 .

bin2

Freshness =0

5UN 3.54 g amsuenaudnyurd msun1sIUNAMAIAEN1TATIIAMIE

3.3.2.2 NMSUYNANANEULFEINTUNITIUUNAMUNITWAINVUIA
mﬂwaé’wéﬁlﬁmﬂm'iLm%u%’ayjamwﬁm%’umﬁwLLuﬂmaLLﬁ’aﬁqmmmmm
anunsnthansgyiuiivesnauiaiang (Object Area) fennstiusmaufiniadunvosnin
Opening Baunedsfinuananiasiens TUsuaufindu1ive3n1n DF-Perimeter WLAIAINL
anﬁaugﬂﬁuawauﬁ’sﬁqm (Object Perimeter) \3anld FitEllipse function 483 OpenCV
Library Lﬁaizqmmmmﬂwé’ﬂ (Major axis length) A31181kN WIS (Minor axis length)
ﬁuamﬁﬁﬁzqﬁuauLsumsuaqmat,t,ﬁ’;ﬁaﬂﬂaisamﬁu (Inner Ellipse Lined) LLamﬁﬁizqmamw
YOINALAINTTIMAAU (Outer Ellipse Lined) HUIIUIUNNLLAFV1I99901W Center-Mask
Lmuﬁuﬁ%maLthﬁqﬂiﬁﬂi’mgimim@uéﬂmwmLé’uLLﬂaLﬁ'lsdm WAYAUIUANUITUINTUDY
HawAans
segunssvesnanifansifindvey seunaililaiainisaszygunsmg
svndaldegidauintuzunsda nMsewindsuinsvemawiatnsdeiwinlaenism
ma‘nmaw%ngﬁLawwzd’mﬁuamaLLﬁaﬁqméﬁﬁgﬂmmﬁwamﬁﬁuﬂ%mmmwwdaumaa
nauiliannsaszysunsmasuadinliegnaudn deuntsi 3.20

Dragon fruit Volume = Inner Ellipse Volume + Bract Volume (3.20)
PnaunIllresUSinamssdaunisi 3.21
Ellipse Volume = 4/3m * abc (3.21)

Ing abc AananmuvessAlintauLnuvemsss Jadayanniildlunimaasuiy
A 2 86 ldanunsassyanuenisaiasunsanuunuls wisenaumgainsilglunmmaasd



90

sUNTIUNA Fun1uNTATiuNY a HA1NAUAINEIUNUNENTBI9T Inner Ellipse Lined
W19 2 Wag SAuNU b AU ¢ JANYINAUAINEIILAUTOIVOIIT Inner Ellipse Lined #15 2
Fofulsinmsianzaiuvemwaniang wiueU3unsveaass Inner Ellipse Lined @150
funalldRsaunsa 3.22

Inner Ellipse Volume = 4/3m * (MAjpnerk /2) * [(Majnnere/2)]? (3.22)

108 MAjpnee ADAMNETILNURANTDIET Inner Ellipse Lined, Mainnes ADAIIL
81IUNUTDIVDI3 Inner Ellipse Lined

dmsunsmuialiuiasemsdinvesnauiudeudradudesernmsizly
annsnszyUnsveanduldasnednion Snveamenavesnduusagndufliivinty fievng
Suaqﬂmaﬂﬁuﬁlmnmqﬁu Fedumnsitu (slice) maLLfﬁ”’;ﬁqu‘ﬁu%umqGmﬁwﬁmiummwiu
mmmwwauﬂwmwu US1u1n5189N03n32A1% (stack of papers) Ay L‘VHﬂ‘UW‘LW]SUEN
nsy mmmau%uﬂmmmmwaaﬂmmvmw Fodudsinnsenzdiumesnduasvinfuiiui
AN IUNTULANINTANAUNUIVBINAUANINT Tnoflufilenizdrunauuiagansiian
WihfuRasnsvesfiufinauiasTan st e (Object Area) fuiiuienzdiuvesmauiasfensll
59UndU(Inner Ellipse Lined) AW UNU0INALAININTAANIAUAMNENILAUTOIVDIINT
Outer Ellipse Lined sUnssnaanduuiasiiniadiensinge viliiuiveanduuindnusiay
Fufldnldinfy feafussimuaaiduuseans wintu 0.75 isaaneuiufinduiiviamely
TutsUanndu feaunisi 3.23

Bract Volume = [(Areagpject — Ar€ainnere) * Magytere] * 0.75 (3.23)

108 Areagsject ADNUNVDINALAILINTVIINNA, Areai e ADNUNANIZEIUVOINE
wAsTansldsaunAusiA i AuNunYe 913 Inner Ellipse Lined Wag Maoyes ADAIUNUIUDS
HALAIRNTHANYIAUAI LI ILAUTBIVDIST Outer Ellipse Lined

3.3.3 nsPuuUnAnIniAdInsineanaw

9n3U 3.47 ndsnnssuIunsinaudnvarEsuFosud nszuiunsdeluienis
FuunAuNIN (Quality Classification) UsgneulUmenisiikunamn nlagn1snsansvil
LaEN13TMUNVUINTRINALAITINTIINAIN Ingldinaianisasianguazinaiianisuen
Anudnuzasemaugdu SediseaniBondail

3.3.3.1 nMsiuunaanmlagn1sasaamamillagldmaianisaineng

NnmsILAudnEneesiisry i mauiasinanguamuand iy (Extra
class) Aoadunauiasiinsilifdmiifinazivden vieddminveadiuldlidaou naui
sfsnsnguamnmdunis (Class 1) uazduaos (Class I doadunaufulsnsiifsmiifiuas
WaenlassnildiAudesas 5 uarfesas 10 vesiiufiivesuftnsmuidy Tasssaundy
ifeuduufnsfidsnsdiamuanegdsazgninnaaluausumanild mnidunaudsfansd
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Qmmwmmwmmauu UUFﬂ@lﬂJiJﬂiﬂﬂJﬁﬂﬁiaﬂJm’Wiuvm’lLLﬁvL‘UﬁEJﬂIﬂEJi’JlILﬂ‘L!i@EJaU 10 U84

fufiRavosuiasiing lumAdeiasfotuifnsdnvasiidunduudtnstua (Class I)
Baflnaunwinninanasgruitdmuall

Qe

AatunsasenguiteliIiunamu nlagn1snTIIn vty §Ideldnnanvae

U q
<y ¥

AUEn (Freshness) hazUSunausnuidNndkazildanvsaknlnansiuseeay (Defected
Ratio) lunisashang fsgui 3.55

Feature Extraction of
Freshness and Defected Ratio

| ClassIII

‘ Extra Class Detected Ratio <=0

Defected Ratio >0 and

Class I r 3 I
i Defected Ratio<=5

Defected Ratio >5 and
Defected Ratio<=10

Class IL

No
{ Class T

E eturn)

5U# 3.55 NN1TNUUNAUNINIAYNITATIINIANT

ImaiumamammLLuﬂﬂmmwimam'rimaﬁ]mmmuimaiﬂaﬂgmwm 3.55 lmm
NARBINUYATOYANINIINUATIN 3,556 A LL@JU@WJE)iJaf\]’]ﬂﬂ’]imJG]’JE)EJ’Nﬁﬂﬂﬂ’]WVlﬂﬂ
UuwﬂiwmﬂgummﬂmLmamu@mmwmuamiugﬂm 3.9 uAYANST 3.4 Aanaag 1,000
am aandlafisuudosnilivinnsiivdeyanindomaianis Augmentation lufiflgide
\donle Rotation wag Flip IumiLﬁ'm%yjamw 573 4,000 AN
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3.3.3.2 n133uUnvUInvasHaLf den s nanlagldinadanisuen
AndnwazaItan

dwmsunmsiniunrunveswmaniidinsnanlagldiaianisuenaud nvay
pndeviiu §3dsdudunisuonaudnuuedaindnluudaluiade 3.3.2.2 9 8
Andnwny Tiun Aufivesnauisiing (Object Area) AugnasugUvasHALAITNT (Object
Perimeter) AMu81LNUKaN (Major axis length) AM381LAUTDY (Minor axis length) U84
143 Inner Ellipse Lined waz293 Outer Ellipse Lined w‘m/lmawaummmwﬂim;ﬂmaa
AUgNAvRuAULULMYY WazUSunsvamauiitans (Dragon fruit Volume)

laglun1snaaesdiuunvuinvenawndansanamlagldinaidanisien
Anudnwagsien insduiiegisingadeyanmitgnsufinluiesufoinivesusiay
swavasauanslugufl 3.11 wagas1eil 3.3 Aaaay 1,000 71w aanaladidiuutiesndnli
yhnsifindeyanmiaeinadans Ausmentation luiiflfideidenld Rotation wag Flip Tu
mafindeyanin Fefuasideyaililuntmaaesdauau 6,000 1w Feazgniunuvsays
memalianiswuadagawuy 10-folds Validation lagksaz Fold Usgnaulumedayanin 3
yn lawn Yernvin yennaetsavyanndey ludadiuiavay 80 Seeaz 10 wazdauay 10 vaq
Foyandusogaiidummnismuanindiiy udkiiun aenaadnvasdeindrl i

noutdayannanuay (Features) lussinana tavinnsusurainavestaya
Trdialugas 0-1 fae MinMaxScaler lnglddayayarniia (Train Set) Wuinauwignadaluns
Uuvassannans (Validate Set) wagyanneou (Test Set) Failuwunminaaedldnudnuny
é’aﬂénﬁ’ui%‘miﬁ'auimaqm%’laﬁfw FNNDIALINADIUNTTU (Support Vector Machine :
SVM), K-Nearest Neighbour (KNN) fulsisadula (Decision Tree : DT) Naive Bayes (NB)
LAY Backpropagation LilovAndnwnruayisnsieusfiuszansamlunisduunvuia
1nilan Fsanunsnagusunsvaasslifanised 3.8

A15199 3.8 LHUNNTNAABINITINUNTUIATDINALN A InTANA el inaTansuen

qmé’ﬂwmzmmﬁam
Algorithms Detail
naaedlaimun kemel Awansinafiu tdur linear, polynomial, RBF
oYM ey sigmoid
naaedlaurviun distance iwansaiu 1éun manhattan,
KN euclidean, minkowski kaig hellinger
NB TdanSudiuves scikit-leam library
| Amualassasnseaunsedglii hidden layer Windu 8, learning rate
Backpropagation | , ., o o B
WNAU 0.3 WazdTUIUTBUVRINITRNAALAAY 5000 58U
DT Tdasudiuves scikit-leam library
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3.4 N1590UseaNSNINDanasNy (Performance Evaluation)
AMSUNITIAUSEANSNINDaNasNU NA15U19INANSABUNITULLNIAA (Confusion

Matrix) A1A311gNFD4 (Accuracy) AU UNNINTEIY (Standard Deviation) wagiimnaila

nswustaya k-fold Cross Validation (k=10) \iedisutsdeyadwiunsinusednsam lag

luwsag Fold azUsznaulualsdeyadmiunisilniin (Train) Sosay 80 Tayaganaaed

(Valid) Segaz 10 wazdoyayanaaeu (Test) Sovar 10 unldlunisinuszdnsnndanasiy

ToonuansinUszansnmeanidu 2 du loun nsinuseansnndanasiudmsudwunans

fugumdanslneainain uaznsinUszansnmsane3iudmsuduunauninveuiiing

IMyINAMN TapazaInazin1sInUsEaNSNINY88MIUNTEUIUNITYINNUVDILA AL AN

AULNUNMIARRINoaNwUULIAIFURN 3.12 wagguil 3.47 mudau lnedlsgaziBenninisn

739

A15199 3.9 LEUNNSNNSINUTZANS NSNS

s18n1590UsEaNS NI

S18ALLIYN

s

1. 9an8SNUANTUIILUNFNYNUG

9

LA39Ns lmeanAIN

a a

1) M3IUsEanENMYBINIINTTZYYTLANVRIN N
2) M3inUseansnmassn1sIuunnguuidans
mgaUden

3) n153InUsEANENIMUeINITIUNAEIUTVRILAT
fnsnquiuaendunsmisinaianisienaudnume
paionn

4) N15IAUSEANSAMYVDINITIMUNANSTUTVR I
fsnsnguildendunssematianisiseusigedn

5) a3Unan13InUsednsainvesnisiiwunaneiiug

uiglanslneainnin

2. dana3nudmudmunamuan
vosudanslnganam

1) NM5InUTEANTAINUBINITILUNANAINIALATT
AR

2) MTIAUTEANTAINYBINITTIUNVUIAVBIHALT
N3N0 M

3) @3UNANITIAUTLANT NI NVBINITIILUNAUAIN
Youmianslmeainam




uni 4

NAN1SIYLAZN1SDAUS19NE

91N35N15AMIUNUITULALHUNITNAADIN U LEUBTUUNT 3 HANTSIVEVDIWITET

[ ¥

sgnuualu 2 dau mudngussasdvesnuidde laun nan1snaaeInIsTuunaeiugLia
=

F9n5lnganam uaznan1sveaeITIkunAuNUeILiiinsinganan Insusiazduedl
HANIIVNABILDEAUNITZUIUVBIUNUNTVRRRINULaUs LT TneTisvasiBendall

4.1 Han1INAaRIN1TIRUnaENuguiadensinganaIw
INUHUNITVAGBINITTUNAETLSRATINTIeanam lauuinmeasaiioUsen

a

Usgdnsamdaneifiudu 4 nmsveaes bun 1) p1sseyuseanvenin 2) nsdwunngu

wmilansimedaen 3) MsduunanimdinsnguUaendunamemalianisienfuanyay
Auilen war 4) N1sTkunnmLAIinInNERNALAEMATANSISEUITEN

4.1.1 HANIINAABINIITTLYUITANVBININ

Wunsmeaeailesyyussiamvesnw lneyateyanmildlunisvaaed 2 Uszian
Taun mwﬁlgﬂﬁuﬁﬂiuﬁangﬁﬁmi (Laboratory Image) LLazmwﬁ'Qﬂﬂ’uﬁﬂiuamw
uadeunaauds (Qutdoor Image) Tunisnnasslsmaassiuadayaigndudaogisannam
uifasfansUszinvay 700 A (@estusay 100 A1) 573 2 Ysebavidu 1,400 a1 iteldly
nMsfnwiAuanTAaiivesnmidazUszian Iiun aade (Mean) Andoduuninsgiu
(Standard Deviation) agansilas (Kurtosis) vesfinisaituvdawasnmszsuim niewviai
msnaapsfudeyaiaun nanmmaesiEnITImI9T 4.1 wunsruIumIssyUssnnTes
awithiauelusmiAfedannsossyussanvesamldgndes 100.00%

A15199 4.1 Naﬂ'ﬁﬁ/l@ﬁ@ﬂﬂ’]ii%qﬂi%Lﬂ‘Vl“UENﬂ’]W

AUIUAM | A1AUANARY | IUIUAIMN | A1ANUaNHBY
Usetnnnw N v
(%) (%)
Laboratory Image 700 100.00 9,754 100.00
Outdoor Image 700 100.00 9,067 100.00
Laboratory Image
1,400 100.00 18,821 100.00
by Outdoor Image

4.1.2 Han1maasen1sIwunnInLiaisnsiaediuden

\Humsmeasaileduunnguuisiinssediudon yateyaildlunismaassuseenidy
2 nau Iduf naudenfindesuasnguddonduns Tngldyadoyanmianmigniudinlu
vieaUfiRnsuazamilgniuiinluannzwindeunatauds sesnsiniondeyaiunnssiu
3 sUsuv boun msldamduatulunisuszuiana nsldignisnsiaduimunisvenau
Fanslun1neiesves Fu. et al. (2019) $ufiudana3fiu Graph Cut WagmswzeudayanIn
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MIUNTEUIUNIT Outdoor Pre-processing Aiausluudlusiite 3.2.2 Nan1TMAAOILERNS

AIR15199 4.2 way 4.3

v =

A3 4.2 Han1snAaeen1TInunng uundensagdidenvesniniigniuinly

Y

o URns
. AIAINANADI(%)
o . A7UU
AUWU Sosa Non-pre- Fu. et al. (2019) Qutdoor Pre-
N processing | and Graph Cut processing
WUV MUY
! ) 1,172 100.00 100.00 100.00
(Jumbo White)
WUSVIIB AU
! 1,190 100.00 100.00 100.00
(Vietnamese White)
fugouyiun (Pink) | 1,309 | 100.00 100.00 100.00
WUSLAIFLIY
! 1,869 100.00 100.00 100.00
(Siam Red)
WuswAalAnIu
) 1,184 100.00 100.00 100.00
(Taiwan Red)
WUSWAINUTIY
! 1,110 100.00 100.00 100.00
(Ruby Red)
WUSLARIDdIL0a
1 1,920 100.00 100.00 100.00
(Israel Yellow)
Total/Mean 9,754 100.00 100.00 100.00

M15199 4.3 Nan1INAaRINITIRUNNANENTensAIeAUGanvesn nignduinluanieg

WINABUNANII
. A1IA1UQNAD(%)
. MUY
GRENVG Loua Non-pre- | Fu. etal. (2019) | Outdoor Pre-
K processing | and Graph Cut processing
WUV
! 1,241 94.44 100.00 100.00
(Jumbo White)
WUV UAUL
o ) 2,478 98.63 99.76 100.00
(Vietnamese White)
fiugwuyduan (Pink) | 1,013 | 100.00 100.00 100.00
WUSLAIFLY
B 950 99.47 100.00 100.00
(Siam Red)
WUSLAIbAn I
K 1,021 87.86 100.00 100.00
(Taiwan Red)
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A15197 4.3 Han1INAaRINITTIRUNNaNLNIdNIAeEdenvesnmngnTuAnluan1ie
WINABUNANUIN (D)

, A1IA1UQNADN(%)
o . MUY
GREIVGS Sosia Non-pre- | Fu.etal. (2019) | Outdoor Pre-
* processing | and Graph Cut processing

NUSUWASIUTAY

! 871 99.20 100.00 100.00
(Ruby Red)
NUSINGDIDAT 08

! 1,493 99.80 100.00 100.00
(Israel Yellow)

Total/Mean 9,067 97.06 99.96 100.00

MINHANTTNARBIRINTIN 4.2 Wag 4.3 WuIinTzuaumMsTunnguLisansfed
Waenfivausluruided aunsoldsuunuisinsdefiudents Tnanniigniuiinly
HosUftiAniaits 3 suuy iAAugnsiad 100.00% winffustansa uaneinsaInamdign
Suiinluannzwindounarudeiiegluguuvvrssnwduatiuuazamilianisnisves Fu.
et al. (2019) $wwAusanasiin Graph Cut fiAaugniesfesninamilgnmseudeyase
N3¥UIUN1T Outdoor Pre-processing %ﬂiﬁﬁ’lm’mgﬂﬁm 100.00%

FaduazUldinssuaunissuunnquiiafinsdediudensdlrinadwsgsaninoield
Toganmidguuuuuanaiatud ueg FuUsginnvesnin mindunmigniuinly

aslfdfinsanunsaldnmauatulunisdwunnguaiedildenlalaglineasinunismnisy
Taya madunmigniuiinluaniisuwindounaiwdswaddisninniendeyaninaae

esﬁe

N3¥UIUNIS Outdoor Pre-processing fisutlununnguetediudon dalvianninugneias
100.009%

4.1.3 Nan1INAaRINITIUNAIeRuS v densngaUAanduAIABmATiANIg
wsnpadnuazauian

lun1snaapenIsInunaeiuivewnuElinsasriaenaudayaninuidainsiuden
Aunavirtiy esarnnssuaumssuunnaduudasianadedidenlienugneos 100.00%
ylsuasfansndudenfimiesgniuunsenluud: dslurdelazinauenanisnassns
Suunaeiuguesuisiinangudendunsiismatenisuenaudnvasanion yadeya
fltlunismaaesil ¢ gUuuy leun yndeya Laboratory gatiesia Outdoor yadeya Mixdatal
uazgadoya Mixdata2 s1wastdonseylunisnedl 3.5 fnsusnaudnumed Auia 33
yun vouuaztdu i eldlunsnnassmaudnvazuazisnisisouifiusansamlunig
Suunnniian Tnsmsvaaesfizuanmvasssduunaeiuussuitinanduiudenduns
freyndieya Laboratory Sai3ann1smaaesiiin CBML Method ggsnan Content-Base and
Machine Learning Method finsidenldandnumy 34 andnuuy dauandunssi 4.4
wsyndayadie 10-folds Validation wionvisfimanmassiuaudnumzduainauidsves
Jana. et al. (2017) uaz Muhammad (2014) lel3euifisuUssavEam wanssanisvnaes
Ieiwams1edl 4.5
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o d MU
AMANWE I1UALDYN Y
AMANWL
a Aade (Mean), a'awﬁaawummgm (Standard Deviation), 32
(Colors) | ALY (Skewness) wazA11ulag (Kurtosis) V039016
R,G,B vasluinad RGB vosdnea 1o H,S,V vasluinad HSV uag
Yo3deyqInd a, b veslunad Lab
fufn | Anaud Dissimilarity wag ASM 91ndana3fiu GLCM vasam
(Texture) | RGB law1g#ienig 0°

A131990 4.5 HAN1TNAABITIUUNAIENUS VoA 1IN TNGUUABNF UAIA 18y AT BY A

Laboratory UagAaanwazyad CBML Method

mﬂ'nugnéfaamﬁa(%aaz) (SD.)
, CBML Jana. et al. (2017) Muhammad (2014)
o o LULNNY £ = .
2aNa3INY *e0 p 4 34 AuaNYE 28 AadaNEUL 14 aasangue
LABILUA 8 -1 8 X o .
Auazinuiia Auazinuiig WuHIuazgUIe
Train | Valid | Test | Train | Valid | Test | Train | Valid | Test
f 91.22 | 9090 | 90.75 | 83.12 | 82.65 | 82.55 | 57.36 | 56.12 | 56.65
Inear
(0.14) | (1.20) | (1.21) | (0.31) | (1.53) | (1.60) | (0.41) | (1.88) | (1.54)
100.00 | 98.28 | 98.47 | 100.00 | 94.10 | 94.20 | 94.83 | 52.82 | 52.88
Polynomial
SUM (0.00) | (0.42) | (0.62) | (0.00) | (1.14) | (1.06) | (0.69) | (2.23) | (2.22)
RBR 92.86 | 92.33 | 9250 | 87.25 | 86.17 | 86.22 | 62.87 | 5898 | 59.23
(0.13) | (1.22) | (0.92) | (0.27) | (1.71) | (1.73) | (0.46) | (1.05) | (1.13)
o . 38.97 | 3885 | 38.75 | 21.59 | 21.62 | 21.87 | 11.32 | 11.12 | 11.30
18MOl
3 (0.61) | (1.66) | (1.80) | (2.35) | (2.72) | (2.48) | (1.55) | (1.84) | (1.88)
96.51 92.18 | 9235 | 93.72 | 86.12 | 8592 | 70.80 | 45.58 | 46.75
Manhattan
(0.15) | (0.89) | (1.09) | (0.32) | (1.32) | (1.36) | (0.66) | (0.94) | (1.51)
96.89 | 92.87 | 93.23 | 94.01 | 87.00 | 86.87 | 69.64 | 45.67 | 45.13
Euclidean
(0.12) | (1.00) | (1.10) | (0.36) | (1.13) | (1.30) | (0.31) | (1.49) | (1.56)
97.04 | 9312 | 93.20 | 94.21 86.70 | 87.13 | 69.10 | 44.62 | 44.35
k-NN Minkowski
(0.14) | (0.96) | (1.01) | (0.38) | (1.24) | (0.99) | (0.63) | (1.10) | (1.61)
Helli 97.05 | 93.02 | 9282 | 94.25 | 86.68 | 86.62 | 67.19 | 39.73 | 40.63
ellnger
: (0.09) | (0.99) | (0.85) | (0.19) | (1.03) | (1.32) | (0.68) | (1.41) | (1.82)
9346 | 9218 | 9190 | 9390 | 8593 | 86.00 | 67.94 | 4227 | 41.17
Chebyshev
(0.13) | (0.81) | (1.28) | (0.31) | (1.28) | (1.15) | (0.96) | (1.47) | (1.22)
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A15199 4.5 NAN1TNAABITIMUNAIENUS Yasundensna uUdendunsn 18yt aya
Laboratory uagAuanYyYas CBML Method (@)

mmwgnﬁaamﬁ'ﬂ(%aaaz) (sD.)
0/ CBML Jana. et al. (2017) Muhammad (2014)
o o YR o o o
9ana3ny . 34 Aauanwe 28 AuANYME 14 Aauanwaly
LAdILUA a & a o & a & a '
ALASNUNA ALLASNUNI ‘W‘L!N’JLLﬁSgUiT?
Train | Valid | Test Train | Valid | Test | Train | Valid | Test
61.95 61.63 | 62.08 54.99 5488 | 55.10 | 4295 | 43.00 | 43.27
Manhattan
(0.31) | (1.77) | (1.78) | (0.52) | (2.23) | (2.33) | (0.63) | (2.17) | (1.71)
Euclid 64.96 | 6458 | 6452 | 59.29 | 59.43 | 59.13 | 44.64 | 44.43 | 44.27
uclidean
MDC (0.26) | (1.65) | (1.50) | (1.10) | (2.77) | (2.42) | (0.72) | (1.53) | (1.76)
(Selvaraj. ) > 65.77 65.60 | 65.57 61.16 60.80 | 60.70 | 43.80 | 43.02 | 43.98
Minkowski
et al,, (0.32) | (1.39) | (1.35) | (1.18) | (2.77) | (1.89) | (0.81) | (1.75) | (2.42)
2010) 4 67.15 | 63.87 | 64.22 | 56.86 | 56.90 | 57.17 | 4398 | 4352 | 4350
ellinger
: (8.74) | (1.84) | (1.68) | (2.05) | (3.46) | (2.51) | (0.52) | (2.29) | (3.21)
64.46 64.17 | 63.68 58.56 58.45 | 58.30 | 37.63 | 36.93 | 37.18
Chebyshev
(0.45) | (1.54) | (2.27) | (2.46) | (3.27) | (2.67) | (0.67) | (1.97) | (1.89)
62.42 | 6228 | 62.50 | 56.65 | 56.32 | 56.22 | 44.05 | 43.70 | 44.17
Manhattan
(0.41) | (2.03) | (1.97) | (0.45) | (2.56) | (2.58) | (0.74) | (2.06) | (2.05)
63.88 63.72 | 63.88 58.89 59.07 | 58.70 | 44.60 | 44.38 | 44.50
SVD Euclidean
(El (0.31) | (1.71) | (1.92) | (1.03) | (2.65) | (2.28) | (0.80) | (1.87) | (2.02)
en
64.68 | 64.33 | 64.48 | 5997 | 59.93 | 59.73 | 44.34 | 44.10 | 43.97
and Minkowski
AL (0.26) | (1.79) | (1.64) | (0.96) | (2.65) | (1.87) | (0.66) | (2.28) | (2.16)
vuclu,
\ 63.90 63.60 | 64.08 e 57.80 | 57.70 | 45.06 | 45.43 | 45.00
2021) Hellinger
(0.43) | (2.09) | (1.74) | (1.44) | (3.01) | (2.34) | (0.61) | (1.91) | (2.21)
69.62 | 66.43 | 6643 | 60.86 | 60.87 | 60.58 | 43.09 | 42.48 | 42.47
Chebyshev
(0.26) | (1.58) | (1.54) | (1.31) | (2.77) | (1.63) | (0.69) | (1.63) | (2.16)

MnuanInAaomuINsld 36 aadnundariuiires CBML Method fuTBi3ous
AIWTNNDTAINLADTUNTTU Polynomial Kernel finnun degree windu 8 TiUszansan
fin11358u TAnAugnAevRaud musinainiufesay 100.00£0.00 yanAaDaviAy
Jouay 98.28+0.42 wazyanaaauLinuToay 98.47+0.62

ndsaniu itoimulunaliannsnsesiunisUssinanatunwiignduiinluaniog
WINRBNNANNUIINE Fohnsnaaesdiunaeiugrawidinsnduiondunsnieyadays
finde leun yadeya Outdoor Yadaya Mixdatal wazyateya Mixdata2 Faienn1maas
41 DIP-CBML Method gosnann Digital Image Processing and Content-Base and Machine
Learning Method msiinaidenldnudnuny 29 audnvue Fuandunsned 4.6 uyn
Uoyanie 10-folds Validation MuuaisseuInednnesaInnesiuedu Polynomial Kemel
fviun degree Windu 11 WleFsuiiisuussansnningadnuuzuuulalyiszansamgs
1 uanamanTnaedld fwmsned 4.7
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M99 4.6 AndnwurAlFlunnInaaesues DIP-CBML Method

v d U
AMANYME INYALLDYA .
AMANYE
a Aad e (Mean), d2uld 89iuuu19 551U (Standard 24
(Colors) Deviation), AU (Skewness) wazA31ulad (Kurtosis)
031 09d QYU RG,B v99lulnad RGB Wosdyeyias H
vslunad HSV wazdosdyaad a, b veaslunad Lab
i AauanUR Dissimilarity Contrast wag ASM 3Indanasiiy 3
(Texture) GLCM ¥840 W RGB Lan1g#inig 0°
VOULATIAU | BRTIAIUNNIYAVDIBVIAWIZAILVOINALATINTIALNTT 2
(Edge and Line) | Yszniananiadana3su Canny Edge Lagd1uIuved
Wunsilaansussinanadanesyiy Hough Transform

M13199 4.7 HanN1sNeaRITMUNaEN U Ve waN TN uUFendunmegataya Outdoor
Mixdatal uag Mixdata2

' =
Arrnugniasinds(fauaz) (SD.)

Method Laboratory Outdoor Mixdatal Mixdata2

Train Valid Test Train Valid Test Train Valid Test Train Valid Test

100.00 98.28 98.47 99.83 95.17 94.82 99.90 96.54 96.38 99.91 95.98 95.88
(0.00) (0.42) (0.62) (0.03) (1.09) (1.24) (0.01) (0.45) (0.68) (0.01) (0.91) (0.56)

CBML

100.00 97.58 97.85 100.00 94.27 94.00 100.00 HI% 95.53 100.00 95.00 95.05
(0.00) (0.79) | (0.92) (0.00) (0.67) (0.97) (0.00) (0.56) (0.50) (0.00) 0.72) 0.72)

DIP-CBML

9nHanIsnaassnuIiledsugluuuresyateyaiduyadoya Outdoor yntaya
Mixdatal wawyavaya Mixdata2 wuinsednsnimues CBML Method anas dunalaainen
Anugndesvesaiinyintiesninfesay 100.00 usiilerAndnuaizyes DIP-CBML Method
smasedldtudeyaranusuuu waildfoussavsamlunissiungatu manugndeses
yaEiniavifufasay 100.0040.00 saauyadoya Ingrnaugniososyanadauveats
Uaa Outdoor WinfiuFegar 94.00+0.97 yadaua Mixdatal Winiusesay 95.53+0.05 way
Yataya Mixdata2 WiiuTeway 95.050.72

uBN91N DIP-CBML Method 2¢lnadnsiifinin CBML Method W& 91nHaNINARDS
geagulanmnassnisasislumadnsuiniunateiugveiwidensnguiudandunsse
walian1susnaadnuazauiomiiannsosesiunmsussanatuninisaesUszian n1s
wivudeyanmuesnmusazUsuinmiudsdifey dwasioussansamuesluiaals favuna
mMnnaeslun1sned 4.7 nuirAianugndesuesadeya Mixdatal Tir1geningadeya
Mixdata2 Humnemuinnmiigniufinlufesl fifinisuazamiigniuiinluaninzwindes

NANKIIAITHIUNTEUIUN ST ENTOYaN N TLANF1TY Faaglvnadnsnnndn
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4.1.4 HAN1SNABBINITIMUNEBRUT VR lINInguUAandunsdewmaianIg
Beuidedn

n1snaaesdLunaeiugvewmdensnauUfendunsntemailanisiseusidedn 19
Tawna DIPDEEP Faifulmmanisifeudifednfinaududmivldlunmanas i ndeuds
Wisuidieuussansnmiulinnadu Tnsnsmaaesgnuadunismaasseos 2 Msnaaos e
fvuarwsdime iivnzanliiulinng Tnefinantsmnaesdsil

4.1.4.1 MsvinaBLod 1

HumsmeasaileFouiisulssavsnmueamasSendeyauarlasiainsluina
madoudiddnfunnatudegedoyanmitgniufinluies fiimas 7 areviug Taonns
duinegnstayameiusay 1,000 M wsyadoyadas 10-folds Validation nwiismumgn
w3euteyameiSnsiuansisiu 16un Baswieudeyadivausluiden 3.2.1.1 uagis
Ww3sufayaes Muresan and Oltean (2018) ipwvialidayadindimaassiulimants
158U31T98n DIPDEEP waglulaanisisauslieanyas Muresan and Oltean (2018) lngivue
Epoch nangwuy Téun 10, 20, 30, 40, 50, 100, 300, 400 Wag 500 epochs vl oVARBIT
Epoch Taazimnzanuaslirinugndesginian uanamansvnasslifinneg 4.8

15197 4.8 N15NNADIERYN 1

Annugndeaade(3ouaz) (SD.)
epochs|Muresan and Oltean (2018) method DIPDEEP Method
Train Valid Test Train Valid Test
10 97.41(1.00) | 95.09(1.37) | 94.49(1.03) | 97.60(0.72) | 95.59(0.83) | 94.06(1.21)
20 99.64(0.59) | 97.11(1.10) | 96.46(1.05) | 99.83(0.50) | 97.81(0.75) | 96.99(0.88)
30 100(0.00) | 98.20(0.55) | 97.70(0.47) | 100(0.00) | 98.74(0.52) | 98.00(0.39)
40 100(0.00) | 98.50(0.38) | 97.66(0.36) | 100(0.00) |98.71(0.46) | 97.96(0.38)
50 100(0.00) |98.13(0.44) | 97.49(0.60) | 100(0.00) | 98.61(0.55) | 98.11(0.32)
100 100(0.00) |98.36(0.46) | 97.56(0.89) | 100(0.00) | 98.74(0.27) | 98.20(0.44)
300 100(0.00) |98.37(0.43) | 97.60(0.84) | 100(0.00) | 98.71(0.56) | 97.99(0.72)
400 100(0.00) |98.13(0.79) | 97.39(0.60) | 100(0.00) | 98.67(0.53) | 97.67(0.88)
500 | 97.65(5.65) | 93.09(6.35) | 77.33(21.49) | 100(0.00) | 96.21(2.27) | 88.61(9.63)

NnHansveaedEond 1 nuitisnamsudeyauarluiaa DIPDEEP TAAM
Qn#osgeandl Epoch WAy 100 AANgRFpainfy 98.20+0.44 drvdsmawiendeyauay
Tuwnaves Muresan and Oltean (2018) siAnAagnesgeand Epoch iy 30 AAdagn
fioaiiu 97.70+0.47 Gaflrnaugniostiosniniinisves DIPDEEP dwiulun1mnaesdus
mislisMawseudayanazling DIPDEEP waziviug Epoch wiriu 100
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4.1.4.2 nMVAaBIEDT 2

JunsmeasailowsuifisulssaninmlassadslunanisiieusiBednves
DIPDEEP Aulunadu 1eiun ResNet50 (He. et al,, 2016) VGG16 (Simonyan and Zisserman,
2015) wag MobileNetV2 (Sandler. et al,, 2018) Tnedeyaildlunismaasaduyadoyanin
wisfansnguiidenduns 6 aewug Agndneglusuuuy 4 JUuu MuaziBuadsmsei 3.5
uansNan1snaaeslafamsnei 4.9 wuirgateya Laboratory Tinanismaassiidaiauniiya
Yoyadu 91nuan1smaaesszyIlaea DIPDEEP HuUszAnsamunnninluinadu Taadny
andeaiiiusesay 98.80+0.48 Tuvnigiinisnaassvesyadoyaduiuynlunaliriaam

Y 9

NABIANMSUYARNVALBENINSa8aY 100.00 AIUUINNANISNAGBIVIINUA WINABINITLIULAA

3

&

o [ [

dmTuunateiug vl anINguUaenduAIN a5 509 UNTUTEUIRAUATNIADS

Uszmle adian1siseudidsanetavslivanyay

15197 4.9 N1SNAABIEREN 2

yadaya @iﬂﬂ':ﬂugné’iaal,agﬂ(%aaaz) (SD.)
ResNet50 VGG16 MoBileNetV2 DIPDEEP

Train 99.73 (0.85) 100.00 (0.00) 86.56 (11.86) | 100.00 (0.00)

Laboratory | Valid 99.13 (1.64) 98.80 (0.32) 85.43 (12.36) 98.45 (0.62)
Test 99.13 (1.65) 98.70 (0.41) 86.05 (11.85) 98.80 (0.48)

Train 93.27 (18.60) 99.81 (0.14) 73.56 (16.65) 99.80 (0.05)

QOutdoor | Valid 89.18 (18.15) 93.55 (1.46) 71.35 (16.75) 94.42 (0.72)
Test 89.70 (18.00) Semerr ) 71.27 (15.63) 94.18 (1.25)

Train 98.37 (3.20) 99.78 (0.32) 90.95 (5.30) 99.68 (0.31)

Mixdatal | Valid 95.58 (3.55) 95.32 (0.81) 88.53 (5.51) 95.02 (0.95)
Test 95.98 (3.74) 95.35 (0.94) 88.98 (5.58) 94.96 (1.08)

Train 95.26 (9.80) 99.69 (0.57) 70.44 (22.63) 99.66 (0.39)

Mixdata2 | Valid 92.44 (9.97) 94.16 (1.40) 68.88 (21.86) 94.18 (1.40)
Test 92.42 (10.58) 94.47 (1.23) 68.63 (21.94) 94.34 (0.93)

Ininguszasrvewidedfensiaudanesiudmsuduunaneiuguiidnsing
N Igaunsasesfumsvihudiunn 2 Yssan loun aaiignduiinluiesufuainag
waznMgnUTuinluan 1zl Indouna1ands Finnanisaaesimunaulinegui 4.1
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Start

Image Acquisition

S e i i e s il s S i i i

mage Type Identification:

-

I ‘ Image Type Identification ‘ l

Image is No

a Laboratory Image

H Outdoor Pre-processing H

/
I
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I
|
|
|
|
|
|

\

N — (R AES—p—m——. . T |, W W TN PN N B G (WU SRSTNUNSGSSENE.. W, S ————

7

[ Red and Yellow Classification:

| ‘ Calculate Ratio of Yellow and Red color ‘ ‘

Yellow Specie.

I
]
I
I
I
:
I
| Yes No
|
I
I
I
I
\

————————————————————————————————————————————————————————
’
\
1

Image Background Removal:

| )

Image Background Removal Image Background Removal

of Laboratory Image of Outdoor Image

T e Ty

o)
" Species Classification:

] N-CBML Feature Extraction I |

L |

Classify only 6 Classes of Red by

SVM with Polynomial (degree=11)

N //
»  End )

UM 4.1 Tuwansduunaneiuguiidenslineainaiw

1ngUT 4.1 azsiudnluead ldazdsznoulusie 1) nsiAudeyanin (Image
Acquisition) 2) 5¥yUs2LANU8INN (Image Type Identification) dA1AugnAB 100.00%
3) ns9uunnguuidenseediuden (Red and Yellow Classification) daA1a21sgndas
100.00% 4) nsauiundsesnainnw (Image Background Removal) 5) MsugnAuanyy
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(Feature Extraction) a98 N-CBML Method wag 6) n1591uunaneius tagldimadanen
audnvuzaudomuaznisSeustedunosannmesuuvdu (Support Vector Machine :
SVM) fiwiun kernel iuiuu Polynomial wag degree winiu 11 ?fﬂﬁmmmgﬂﬁmiums
Suunaneiuduistanslnganamganinisau daranugndeswindudesas 95.53+0.50
anunsauanasEavsamueslunamemstaneuTtulmindlddagui 4.2 fanenuusiue
Wity 0.955£0.010 ANANNTEANYINAY 0.955£0.020 WarAIAINGWAAMIRY 0.955 F9
fhegnamsuunaneiusuiasiingineanamiliuadnsligndes uanfogsldfagui 4.3

Confusion matrix of Mixdatal with SVM and N-CBML Method

P7 EENHOR 0230035 135075  010(021) 0200035 0.05(0.16) PJ = Pink

_ 80 SI=Siam Red
sI 040(046) EEENGEN 035(041)  035(0.58) 0.30(0.26)  0.20(0.26)
TI =Tarwan Red
TI 1.85(1.20) 1.1000.66) EERPLEGWINN 265(1.63)  0.50(0.58)  0.70(0.75) — 60 TT =Ruby Red
WI = Jumbo White
TT 0.60(0.57) 0.80(0.71) 2.00(0.74) [ERELOEKIN 0.30(0.26)  0.00(0.00) _ 40 . .
N WV =Vietnamese White

WI o 075(059)  035(047) 065071 040(0.52) EEGEHEPEIN 3.80(1.06) N
WV 0.60(0.66) 050(067) 0.65(047)  0.10(0.21)  4.05(1.74)

PI ST TI T WI wv

Agctual

Predicted

UM 4.2 ansumeuihduamindreinsdiiunaeiuguedniitensnguldaniuaieyn

¥

Uaya Mixdatal uasAnanwarYed DIP-CBML Method

[

Actual Siam red Taiwan red Ruby red Jumbo white Vietnamese white
Predicted  Taiwan red Taiwan red Vietnamese white Jumbo white

JUN 4.3 fMsgransduunateiuginifinsineanamligndas

u

4.2 wan1sneagsIwunAnInvaiatiensinganaaw
IINUANUNITNABBINITIHUNAUNINTBIENT NN TauUinmeasaiioUss

Tauszansamdanesfiudu 2 n1snaaes laun 1) nmsduunauninlagnisnsrameivil
ey 2) Msuunvunvamaiifinsananlagldinaianisuenaudnvagauilem

4.2.1 HANITNARDIIILUNAMNINLABATITATIINAWI
”Lumamaaﬂwauamwmwm $1uu 3,556 A wazamitldannsduiiogisan
%mmagamwmgﬂuumﬂ‘luuawgummsﬁuammazﬁuuﬂmmw Aaday 1,000 N Aanalad

9
[

UIULRINAIINT Rotation wag Flip LﬁaLﬁw’u’agamw ﬁaﬁuwﬁ%’agaﬁiﬂumimaaq
$1uIn 4,000 2w gniluneasstungnIsTunAMAm Fananluudalusuil 3.55 g
Yoyanmganaassfieisnisfiviausuazisnisves Trieu and Thinh (2021) wansnans
naaedldfansnd 4.10 uay 4.11 wuingiviauedmiuinunamuanlagn1snam

svliniazdenvemauiidinsaaunsaduunaunmlagnaes 100.00%
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A15197 4.10 NaﬂﬁiﬂﬂaaﬂﬁﬁLLNHQMHWWIWEJﬂ"ISG]i’Jﬁ]M’WTW‘Vi‘a

Yaday amwmvim yadayanmannisgu
Quality Quality
code Class . AIANQNADY | AIANUQNADY
FIUIUNN FIUIUNN
(%) (%)
Co Extra Class 387 100.00 1,000 100.00
C1 Class | 513 100.00 1,000 100.00
C2 Class |l 643 100.00 1,000 100.00
C3 No Quality 2,013 100.00 1,000 100.00

A157991 4.11 WIBUTEURANTITNARRITIMUNAMNINIABAITATIAN M AI8ITUee Trieu
and Thinh (2021) wag3biiniaue

P A AIAIUNADI(%)
25n15 > :
6119] a aﬂ'l‘W'VN‘Vi&Iﬂ jﬂ%agamwmnmiqu
Trieu and Thinh [12] TV, 26.65
This approach 100.00 100.00

4.2.2 HANISNAADITIUUNVUIAVIINA LA TN aeTdimalan1suen
AndnBAzAmITaN)

Tunisneaeddnmitlénnaisdusegnanyateyaniniigndudinluesfoanis
YDILARLINAVUIA 6 FUIA IUINAT 1,000 NI ARIELALINUINLBENIMAINTS Rotation
ua Flip ioifindayanin dedurzddoyadlilunsnaassdiuau 6,000 amm gniiluuen
AndnwATIIALATIUTY 8 Audnudaiind luudaluund 3 wagynsuonaadnuas
FeAEnsed Fitri. et al. (2021) Wag Fitr. et al. (2022) WielTeuiiuuszavsam a1unsa
agUldRams1ad 412 weniwinisuduriainavestoyalidanlugag 0-1 dae
MinMaxScaler Wusyadayanie 10-folds Validation naassldnudnumuedinaiiuisnig
L’%EJu%’ﬁJaqm%'aqé’w FWNINLINMDIUNYTU (Support Vector Machine : SVM), K-Nearest
Ne|ghbour(KNN ) sulsifnaula (Decision Tree : DT) Naive Bayes (NB) ag Backpropagatlon
iemaadnwuruazisnssouiifuseansamlunisduunvuiaundign 4samnsa
LanaHanIsNAaRdldRanIIeR 4.13
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M13199 4.12 AN wauelylun1599a09T L UNTUIATDINALNITINTIINAN

(length) wagtdURIUAUINANS
(diameter)

/s AMANWY Taaan1sannun
Fitri. etal. | 5 Aaudinuwasg Laln Wuil (area) Backpropagation %A
(2021) WWusaUsy (perimeter) AI3E17 1ASIFS 19U 5,8,5,3
(length) Lﬁur}\hu@uﬂﬂmﬂ (diameter) | learning rate Ny 0.05 wag
wag ALNNING (metric) learning 5000 58U
Fitri. et al. | 4 Aoudnwasg Lan Wuil (area) Backpropagation %A
(2022) wWusausy (perimeter) AU lAs9aI9UY 4,8,3

learning rate WinAU 0.3 Lay
learning 5000 89U

This approach

8 Aaudnume T fiufiveskaud’
31907 (Object Area) AN1ENITOUFU
YOIWaLNMINT (Object Perimeter)
AIUEMILNLNEN (Major axis length)
AUYILLAUTDY (Minor axis length)
U9424% Inner Ellipse Lined waga43
Outer Ellipse Lined ﬁuﬁmmmauﬁa
fansfiusngludesguinatsvesdu
WULAITDY LA USUIRTUDINALN?
19n3 (Dragon fruit Volume)

Decision tree with the
default value of the scikit-

learn library

A15199 4.13 HANISNAABITLUNVUINVDIHALA 15NN 1NIae g AT ANITILEN

4
£y =
AELANBIUZATNLUBIYN
Mean (SD.)
SN
B T Fitri. et al. (2021) Fitri. et al. (2022) This approach
danasiiu & £
RERA c © 4+ c e) =2 £ Rel b
e & & 4 & 3 4 & & 8
s > = = > = = > =
i 3843 | 3822 | 3800 | 37.99 37.68 37.85 82.89 82.65 82.62
Inear
(0.27) (1.87) (1.99) (0.40) (1.33) (1.42) (0.39) (1.54) (1.45)
3953 | 3482 | 3523 | 3857 34.05 33.98 91.84 88.03 88.20
Polynomial
SVM (0.22) (1.31) (1.48) (0.27) (1.40) (1.66) (0.32) (0.75) (1.09)
RBE 45.35 44.07 44.18 45.35 44.13 44.00 89.03 88.42 88.28
(0.36) (1.60) (1.62) (0.43) (1.22) (1.30) (0.30) (0.94) (0.89)
11.16 11.08 11.15 10.59 10.60 10.55 3.48 3.48 3.48
Sigmoid
(0.83) (1.24) (1.15) (0.64) (1.60) (1.46) (0.17) (0.65) (0.70)
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15199 4.13 HANISNAABITILUNIUINYBINALN 0 INTINANIAe T AT ANITLEN
AMANwEAULLeM (s0)

Mean (SD.)
N
Y 3 Fitri. et al. (2021) Fitri. et al. (2022) This approach
danasiu g £
2 X c kel b < i kr < kel 2
e g 3 & g 3 & g 3 4
[ > = (= > = (= > =
66.40 40.63 41.33 66.30 40.82 41.52 98.16 95.15 95.18
Manhattan
(0.46) (1.09) (1.75) (0.75) (1.06) (1.49) (0.19) (0.68) (0.93)
65.17 39.70 40.33 65.16 40.13 40.75 97.79 94.52 94.43
Euclidean
(0.44) (1.70) (1.39) (0.44) (1.74) (1.48) (0.21) (0.36) (0.68)
65.10 39.07 39.20 64.79 39.52 39.45 97.67 94.42 94.15
KNN Minkowski
(.38) (1.71) (1.27) (0.37) (1.50) (1.16) (0.18) (0.46) (0.61)
Hell 65.47 40.10 40.18 65.67 40.47 40.47 98.13 95.07 95.18
ellinger
$ (0.38) (2.31) (1.83) (0.38) (1.54) (1.62) (0.16) (0.67) (0.78)
65.08 38.65 38.88 64.63 38.80 39.37 97.17 93.52 93.35
Chebyshev
(0.37) (1.52) (1.74) (0.37) (1.56) (1.25) (0.24) (0.56) (0.59)
NB 46.11 40.98 41.55 39.62 39.52 39.42 77.06 76.93 76.97
(0.35) (1.34) (0.98) (0.25) (1.65) (1.63) (0.35) (1.25) (1.24)
Backpropagation 23.18 23.28 23.32 26.51 26.63 26.55 33.33 33.33 33.33
(Fitri. et al., 2022) (0.00) (0.02) (0.02) (0.00) (0.01) (0.01) (0.00) (0.00) (0.00)
0 91.12 49.75 49.10 100.00 53.97 54.02 100.00 93.63 94.18
(0.00) (2.06) (2.47) (0.00) (1.96) (2.15) (0.00) (1.05) (0.88)

NnWanIMnaeswUINNIsld 8 AudnuuzvualaysUTTILEue Fanng1edl 4.12 fu
B Feuishodulifdndule (Decision Tree : DT) Amuamsdinesmean3udubes Scikit-
Learn Library 3slsfdszanSamininisnisiseusdu Wirianugndeaadedmiuyeilnge
wihiuSeeag 100.00£0.00 YANAaauiIiu Seuas 93.63+1.05 uazyanadeuwiiiuiosay
94.18+0.88 @NTaUANIINIIABLTNTULMINALSRISUT 4.0

Confusion matrix of Size Classification with Decision Tree
1 SRWIOALDY 5.60(2.80) 0.70(0.67)  0.00(0.00) 0.00(0.00) 0.00(0.00)
) 3.80(1.87) EERNIEERIN] 0.70(0.67) 0.20(0.42) 0.00(0.00) 0.00(0.00) - 80

0.40(0.70) 0.30(0.48) EARIIEARI] 3.80(2.04) 0.30(0.67) 0.10(0.32) _ 60
4 0.00(0.00) 0.20(0.42) 3.90(2.13) EERIUGRE] 4.50(1.90) 1.50(1.43) 0

5 0.00(0.00) 0.00(0.00) 0.10(0.32) 2.70(2.36) ERKIMEXEEIN 2.20(1.14)
- 20

¢  0.00(0.00) 0.00(0.00) 0.20(0.63) 1.50(1.08) 2.20(1.69)

1 2 3 4 5 6
Predicted Size

W

Actual Size

-0

SUN 4.4 ATRADUTRTULTENAYEINITIUNVUIAYDINARA TN TIINAMN
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]
al

Tnosulsiiindulafléfionudn (depth) 19 9 i Leaf Node S1umu 276 Tnun dauandlugui
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| === Center_mask <= 0.67

|--- Object Area <= 0.44

|--- Center mask <= 0.33

|--- Inner ma <= 0.24

|--- Center mask <= 0.23

|--- Object Perimeter <= 0.51

| === Inner MA <= 0.18

|--- Center mask <= 0.15

| |--- class: 0

|--- Center mask > 0.15

| | --- Outer ma <= 0.02

| |--- Inner MA <= 0.09

| | |--- class: 1

| |--- Inner MA > 0.09

| | |-=- Inner MA <= 0.16
| | | |--- truncated branch of depth 3
| | |--- Inner MA > 0.16
| | | | -=-- truncated branch of depth 2
| =-- Outer ma > 0.02

| | === OSject_Area <= 0.98
| | | --- Inner ma <= 0.22
|

|

|

|

|

|

|

|

| |--=- class: 1
|--- Inner ma > 0.22
| |'==- class: 0

|

|

|

|-—— Object Area > 0.18
| | --- InEer_ma <= 0.21
|
|

| |--- class: 0
|--- Inner ma > 0.21
| | |]--- class: 1

—--- Inner MA > 0.18
|--- Center mask <= 0.22
| | === Object Perimeter <= 0.07
| | |--- class: 2

S

|--- Inner ma <= 0.56
| | --- Outer MA <= 0.01

| | | | |

| | | | |

| | | | | | | |--- class: 5

| | I | I I |--- Outer MA > 0.01
| | | | | | | |--- class: 4

| | | | | |--- Inner ma > 0.56

| | | | | | [===4lass: 5

| | | | | --- Object Perimeter > 0.20
| | | | | |--- class: 4

| | | |--- Inner MA > 0.60

| | | | |--- class: 5

| | |--- DF_VOLUME > 0.02

| | | |--- class: 5

|--- Center mask > 0.78

|

| === class: 4
--- Inner ma > 0.64
|--- Object Area <= 0.26

I
I
I
I
I
|
|
I
!
|
I
I
|
I
I
I
I
I I |--- DF_VOLUME <= 0.01
I

I

I

I

I

| | |--- class: 5

| |--- DF_VOLUME > 0.01
| | |--- class: 4

|--- Object Area > 0.26

| |--- class: 5

--- Center mask > 0.78
| -—- Center mask <= 1.00

| | ==~ class: 5
|--- Center mask > 1.00
| |--- class: 4

5UN 4.5 degresuliidindulanilannnisveaes
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NnmTReuinFuLviIndluguil 4.4 wuinlunsdiinssuunvuinveamaniasisns
nnmilvikadwsligniostu daulvgasduunsuauruelndifes Wy ufnsuu
g 1 Fadurunelvgiian lumaduuniaduuiufinsuuingia 2 vievwnsia 2 $1uun
Amduruiasta 1 oradumszuiatinsunwaiindununlug tminidldunsdiuetaun
Mnnaviiegseuildenveswaniasiansie sililanaviuneunadnnitvislvgndtvu
234 lnganuanasgiududinunsifionisdsesnuiasiansvadlneszyin sygialidaig
paradouiestuald lnsufadnnsiaruineradiuddinsfivwalugmiednnindu
folundstutuanl@laiiu 109% vessnuvdorminveuiasiing fafuanwanisaassi
anunsauansFIog 9T UNYURRALAR U 4.6

Actual Size
1 2 3 4 5 6

Predicted Size
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A3UNaNI5IL AT VDU

5.1 a@3Unan1sidy

nmsddumadeFemsduunameiuduasaunmvesuiiinsineainniw laed
fnquszasdiiieairsyateyanimuiainglneg ewannsaneifiudmiunssuunaneiug
warduunaunmvsaLisiinslneainam iaenndefuinsgiudufinunsiionisdseen
uiasfansvedlng wuirgadeyanmudafanslnedlddy arunsotaldfunssuauns
Uszananannadviale wazanunsatnnldlumsieudiieamnsdaneifiudmiunisdiuun
anefugiazdanasiudmiunisdwunaunmaasiiniiveainainle Tnenisdwundae
n1) (Rule Based Classifiers) LLazi‘]”lLLUﬂéf’JEJmiLLEJﬂQméJﬂwmzmmﬂfam (Content-based)

aNTRaDIsTyIlinavasnsunameiuduiainslnganam fuandunised
5.1 Usgnavludae 1) nsifiutasanin (image Acquisition) 4% 0150 uiinnnly
WoaUUANT (Laboratory Image) wazn130uiinn mluan1ziIngaunaieids (Outdoor
Image) 2) s¥yUsTLANYaIn N (Image Type Identification) A38N156319N A NAMANTRN4
adfvenmMLsayyssian Tid1AugnAed 100.00% 3) n1sdwunnguumidainsmediuien
(Red and Yellow Classification) 728115831909 91NASa8azyaId a0 (Yellow Ratio)
uazduns (Red Ratio) @ sanursasuunligneas 100.00% 4) n1saufl undsesnainam
(Image Background Removal) 9 s9agan nii vusinluiesujvanis uazanluaniae
uAdeuna1euds dnszuiunsauiiundseenainnndiuandieiy 5) MIUYNAUANYUY
(Feature Extraction) #28 DIP-CBML Method #susgnaulufenmdnunizd fiuf vouuay
u F9uau 29 Aaudnuuy Way 6) MITuunateiiug (Species Classification) lavl4divaila
wenAaidnyuEnulom ednmesannnesussdu (Support Vector Machine : SVM) &
mmsamuuﬂLawwsqmaaﬂamwwgﬂuumﬂiuwaqﬂgummimmmgﬂmm 98.80%
Yoyanmanizigniuiinluanizuiadeunataudsinaiugndes 94.00% uazyn
Foganmilsuienmiigniuiinluiesufifinisuarannguandeunaiouded gndas
95.53%

dwsulumanisduunaunmvssumasiansinganniw dsuandlumsnei 5.1 Uszneu
lude 1) nsuiudeyanin (Image Acquisition) lnenisUudinamluiesdfudinig
(Laboratory Image) %qgﬂﬁﬂlﬂﬁﬁuﬂw (Label) Lﬁ@1%§ﬂLL‘L!ﬂF’]ﬂJﬂ’]WIG]EJﬂ’]i@li’lﬁ]‘lﬂ’]@?’mﬁ
wazAsTnunRaLETInILIUIA 2) Nsmdeadeyaniw (Pre-processing) tieldd1uun
A mlagnsaTadmiuaznssuunsaifnmuvne dednszuaunsfiunniai
3) MIkenAMENYME (Feature Extraction) 31nAnANAEE UIALALIUIIN Uag 4) Tuun
AuA e denslnganaw (Quality Classification) A18n133MUNAMAINIABNT
asevmil Geanansadiuunlégndes 100.00% waznsTuuNTUIATEINALAITINTIN
awileeldinafinnsuenaudnuazauiendedulidadula (Decision Tree : DT) fvun
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WISMBSAUANTUAUVDY Scikit-Learn Library lnsdulddndulanlaiiniudn (depth) 19
Fu il Leaf Node 911U 276 Inun anwnsadnuunlagndes 94.18%

M15197 5.1 lpavesn1sdwunaieiuguiafensiveainaim

Tuavasnisduunanenuguiadensineainam

Tunavan1sduunanenug TaLAaNISIUUNANIN
daulsznauluea | dayauazdsms | diuusznauluea JayauazIsnIs
Laboratory
1) nsifivdeyanin Image 1) nsifivdeyanin

L o Laboratory Image
(Image Acquisition) (Image Acquisition)
Outdoor Image

Pre-processing of

2) szyussianes s :
Rule Based 2) N13ATBUVDYANIN Defect Detection

A (Image Type ¢, . .
f - Classifiers (Pre-processing) Pre-processing of
Identification) , o
Size Classification

3) NI MUNNFUWNT

JlansmedUaen Rule Based 3) NMSWLUNANANTEY . ,
X ¢ [ a hagsusng
(Red and Yellow Classifiers (Feature Extraction) N
Classification)
iy = Laboratory
4) N15aUNUVRIDBN
Image Las
1NN (Image
Outdoor Image X
Background 2\ 4.1) A4hUn
197387159
Removal) NG @mmwiﬂa Rule Based
LANAINNY o
4) uun N13M I Classifiers
5 % & fuRn veunay | AN ANl
ASLENAUAN UL 4 ;
Feature Extractiony. |4 OPCBML (Quality
eature Extraction oo
Method) Classifica
tion)
. o < SVM
6) NISLUNAIYNUT .
i ! (Polynomial 4.2) N3 .
(Species . . Decision Tree
o Kernel N1um ILUNVUA
Classification)
degree=11)
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5.2 dednfnuazdalauauuy

shonuAvosuiiansiidunalifdusylond dauamislaruinisgs waziduily
wiswgaviavilsfianunsoasuseldlifununsnsingld uddeonandailiveusasiuiily
Uspinadisruausnntoslivintu dwaresiae Auifiiianantosasiisaigeniniuiad
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vieidentouiilinsnunnudureudiusuesurazyanald uasitdifyenarisananuides
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Classifiers) wagimaliansdnuundismsiengudnuuamiilon (Content-based) % lok
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Abstract

Thai dragon fruit is an interesting fruit with beautiful colors and high nutritional value, which can be used for food and pharmaceutical.
In Thailand, there are 7 species of dragon fruits. Its skin can be divided into red or yellow groups, but inside can be divided into white,
red or pink groups. If farmers know the species of dragon fruits, they can export fruits at a good price. Most people are unable to
distinguish species of the dragon fruits. This paper is focus on classifying species of dragon fruits from images using digital image
processing and deep learning called DIPDEEP. The DIPDEEP method has three steps; color space transformation, calculation ratio of
the yellow and red color, classification using the deep learning method. First, the Thai dragon fruit images were classified into yellow
(1 species) out from red (6 species). The Thai red dragon fruit was resized into 100x100 pixel resolutions in the pre-processing step
only 6 species. Then, the red class was sent to classify again using the deep learning method. The experiments were processed in a
dataset with 9,754 dragon fruit images on a black background (laboratory), and 10,072 images of dragon fruits at outdoor environment
(outdoor). The results showed that accuracy of classification between the red and yellow dragon fruit for laboratory and outdoor datasets
was 100% and 95.26%, respectively. The red dragon fruit is classified its species with accuracy 98.80%. The DIPDEEP has the smallest
file size, and can save workload time because of separating yellow skin out at first step.

Keywords: Dragon fruit, Classification, Digital image processing, Deep learning

1. Introduction

A dragon fruit is a fruit of the cactus family, having high nutritional value utilized [1]. In Thailand, dragon fruits are traded in both
domestic and international markets. During the epidemic situation of COVID-19, trading of dragon fruits and its branches continues
unaffected. They can trade through social media.

National Bureau of Agricultural Commodity and Food Standards, the Ministry of Agriculture and Cooperatives of Thailand, has
classified the dragon fruits into 3 main groups, which have differences in its peel color and the fruit pulp inner color; namely Group 1
for red skin with white flesh (Hylocereus undatus), Group 2 for red skin with red flesh (Hylocereus polyrhizus) or red skin with pink
flesh (Hylocereus spp.), and group 3 for yellow or gold skin with white flesh (Hylocereus sp. and Selenicereus sp.). For export
packaging sold with good price, the species of dragon fruit must be identified on the label attached to the front of the package [2].
There are 7 species of Thai dragon fruits, Loei province located at the top of the northeastern region of Thailand can harvest the most
dragon fruits [3]. Group 1, there are two species; Jumbo White and Vietnamese White. Group 2, there are four species; Pink, Siam
Red, Taiwan Red, and Ruby Red. Group 3, there is only one species called Israel Yellow. Most farmers know only the color of the skin
and the pulp. They will sell their harvest to middlemen separated dragon fruits into 3 main groups, but they could not identify its
species.

For this reason, the domestic trading price of each type of dragon fruit was determined only according to three main groups. If
farmers can classify species of dragon fruits, they will learn how to manage dragon fruits, and how to take care for transportation
according to the characteristics of each species that affect the cost and selling price. An academic or an expert farmer required a lot of
knowledge and expertise will be able to distinguish species from morphological characteristics. Normally, people are unable to
distinguish the species of dragon fruits correctly. Especially the Groups 1 and 2 all of which have the same red skin. This may make a
mistake in separating the groups because at the time of purchase cannot see the inside. They may be classified fruit pulp in wrong color,
affected the reliability and sale price to consumers or factories. Someone who allergy with specific species could not avoid.

This paper is focus on classifying species of dragon fruits from images using digital image processing and deep learning called
DIPDEEP, which is a difference from the classification with specific characteristics such as branches, flowers and fruits [1]. The
remainder of this paper presents the relevant researches in section 2, the DIPDEEP algorithm in section 3, the dataset and experimental
results in section 4, and the remarkable conclusions in section 5.
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2. Theory and literature review
2.1 Color theory

Color in RGB model is a color system formed by mixing three color channels, red, green, and blue. Each channel has a color scale
from 0-255. For example, RGB (245, 102, 36) represent an orange color [4]. Color in HSV model approximates the human perception
of color. They include Hue (H), Saturation (S), and Value (V). H is a color tone indicated by the angle of the color wheel, which ranges
from 0° to 360°.S is the color saturation value. V is the color brightness value. In OpenCV image processing, the H ranges is used in
half values. The S and V values range from 0-255. If both values are set to 255, the color tones are clearly displayed. For example, Red
Pure has HSV (0, 255, 255), et [5]. Color in LAB model consists of three components: L is the lightness value from black to white, A
is the green gradation to red and B is the blue gradation to yellow. In image processing with OpenCV, LAB values are adjusted in the
range 0-255 [4].

2.2 Digital image processing

A digital image can be represented by a function of two variables: F(x, y) where x and y are spatial coordinates, each of which is
called a pixel. The F value is in range 0-255. Grayscale image consists of one channel and for color images consists of RGB, HSV, or
LAB as descript in color theory. Digital Image Processing is the process of taking the color value of each pixel for the intended
purposes; image resizing, color converting, data augmentation, or other techniques such as removing the background from an image to
reduce noise, etc. [6]

2.3 Feature extraction

Feature extraction selects image features that help identify specific characteristics of all images. There are color, shape, texture, or
others expected to be used as criteria for characterizing [6] or searching or sorting images similarly [7, 8]. Of course, the image data
may not be the only characteristic that can be characterized. The feature vector, a 1-dimensional array, was used to replace the
processing of every pixel of the image data [6]. Characterization generally consists of two parts: feature extraction and similarity
measurement [8], both of which must be analyzed and tested to verify validity. The end result may use one or more attributes based on
experimental results.

2.4 Deep learning

Deep learning is one of the most popular automated machine learning methods. Provides high predictive performance work as a
black box [9] to mimic the work of human neurons by building a neural network with a layer of nonlinear processing overlaid multiple
layers [6, 10]. Each layer takes the result of the previous layer as input. The model helps distinguish features automatically. The
researcher prepare only information for learning. This makes a lot of convenience for the researchers. There are many researches using
Deep learning.

2.5 Literature review

Many previous researches in classification from images have 4 steps: data acquisition, data pre-processing, feature extraction, and
then classification [11]. Color, shape, texture, or other features are expected to be used as criteria for finding or sorting similar images
[7, 8]. Of course, image data may not contain just one feature that is different. For examples, there are using texture and color properties
for image retrieval [12], using apple skin color to assess ripening of apples according to their maturity stage [13], as well as using color
features in the classification of cherries by [14].

Deep learning is one of the most popular automated machine learning methods. The highlight of this technique is that it supports
classification with fuzzy attributes. The model helps distinguish features automatically. [15] The effectiveness of the deep learning
model was tested in detecting white and red grapes by training with 11 architectures, such as ALexnet, Densenet201, Googlenet,
InceptionResNetV2, InceptionV3, ResNet18, ResNet50, ResNet101, Squeezenet, VGG16 and VGG19. It was found that the suitable
deep learning model for the detection of white grapes was ResNet50 and red grapes was ResNet101. Therefore, a deep learning model
to classify these two grapes should use modified ResNet. In addition, ResNet50 is the winner of ILSVRC 2015 in classification task
[16], compared to the performance of VGG16 models that won first and second place in ILSVRC 2014 in localization and classification
task respectively [17]. The VGG16 gets less accurate in detecting grapes [15], but it's an interesting model with an 8 times reduction
in the number of layers.

The VGG16 model is used in [18] to identify 4 varieties of Taiwan lychee. The results showed that VGG16 was able to identify
lychees with an average accuracy of 98.33%. Although the performance of the VGG16 model [18] did not compare with other models,
all experimental results confirmed the performance of the deep learning model very well.

With the evolving technology MobileNetV2 [19], a smaller model, was developed to support the smaller mobile applications,
limited computing resources but the performance is still satisfactory. Fruit recognition from images using deep learning presented
experimental results for training a CNN to classify many kinds of fruits using Fruits-360 dataset [20]. Food image can be classified by
user interactive identify segmentation input boundary and classify using support vector machine [21]. The paper run experiments on
Food 101 dataset.

A binary image is used as a criterion to segment cherry fruit from background and then used CNN to classify regular or irregular
shaped cherries. The efficiency was compared with the use of KNN, ANN, Fuzzy, and Ensemble Decision Trees (EDT) to classify
regular and irregular cherries from the histogram of gradient (HOG) and Local binary pattern (LBP) surface characteristics. The
experiment found that CNN was able to correctly identify 99.4% of regular and irregular cherries [22].
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3. The DIPDEEP algorithm

This paper presents algorithms to classify species of dragon fruits automatically called DIPDEEP, consisting of a main program,
sub-programs. The program reads a dragon fruit image, and then the result is its species. The DIPDEEP stands for implementation with
digital image processing and deep learning. The main program of DIPDEEP (old version) is shown as Figure 1(a). Since the dragon
fruit can be distinguished the yellow skin color of the Israel yellow species from the other 6 species with red skin. This paper use the
main program of DIPDEEP (new version) as shown in Figure 1(b). This version can reduce classification time.

A subprogram, Calculate Ratio of Yellow and Red color, calculates the ratio of yellow color and the ratio of red color in an image,
shown as Figure 2. Then, if the ratio of yellow is greater than the ratio of red, it will be the Israel yellow species and exit. Otherwise,
the program will continue a subprogram, Preprocessing, made clear image shown as Figure 3. Then crop the image to a size of 100x100
pixels and come through a subprogram, Classify only 6 Classes of red, using a deep learning model set parameters as shown in Table

1 to distinguish 6 species of red-peel dragon fruit.

Read image |

¥

Preprocessing ] |

% A Fit scale fruit to 100x100
L ? }

Y- ;'J I | Classify 7 classes of dragon fruit l r

End

(@)

| Read image

¥
m ! |, Calculate ratio of yellow and red color

Yellow dragon fruit
(Isract yellow class)

If ratio of yellow > ratio of red

Preprocessing

v

[ Fit scale fruit to 100x100

¥

l I Classify only 6 classes of red

= End

(b)
Figure 1 The main program of DIPDEEP method (a) old version (b) new version.

DIPDEEP method used the HSV color model to separate groups of dragon fruit from its peel color between yellow and red. The
peel color morphology of dragon fruit compared to the HSV color wheel revealed that the yellow-peel fruit had H value close to
23°-37°, the entire yellow tone of the color wheel. Red-peel dragon fruit has H value close to 0°-23° and 151°-179°, the red and magenta
tones of the color wheel respectively. Therefore, the DIPDEEP method used H values to classify dragon fruit groups from it peel color
as shown in Figure 2 with OpenCV processing. The yellow ratio and the red ratio were returned to the main program.

In digital image processing, the RGB channel can be spited from 3 channels into a single channel. This is easier to process than
three-channel simultaneous processing. From Figure 3, DIPDEEP method uses only R channel to calculate the mean threshold value,
used Equation (1), as a criterion for conversion color image into binary image, preprocessing to reduce noise in an image and can
extract object from background pixels.
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YR

mean threshold = N (D)

Where R is the R value of RGB model in each pixel, and N is the total number of pixels. When the value of mean threshold is returned,
each pixel is compare its R value with the value of mean threshold. If the R value is greater than, this pixel will be set to white color
as an object. Otherwise, this pixel will be set to black color as a background. There is used morphology function opening to modify the
object boundary smoother and used the Fill Hole from the OpenCV program to fill any hole in the object. Then background is switched
to white color, and the object area is switched to the same area of the origin image. The image obtained in this step is cropped to a
specific proportion of the dragon fruit to 100x100 pixels and returned to the main program used as input to the next step, the deep
learning model. After the main program get clear object from its background, then call a subprogram, Classify only 6 Classes of red.
The deep learning model to distinguish 6 species of red-peel dragon fruit was set parameters as shown in Table 1, giving the optimized
efficiency model.
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l
C Return :}

Figure 2 Calculate ratio of yellow and red color subprogram.

Table 1 The structure of the convolution neural network used in the DIPDEEP method.

Layer Size Type Output
Input 100x100x3

Layerl 96x96x16 Convolution 2D (5x5) + ReLU 16
Layer2 48x48x16 MaxPooling (2x2) -
Layer3 44x44x32 Convolution 2D (5x5) + ReLU 32
Layer4 22x22x32 MaxPooling (2x2) -
Layer5 18x18x64 Convolution 2D (5x5) + ReLU 64
Layer6 9x9x64 MaxPooling (2x2) -
Layer7 5x5x128 Convolution 2D (5x5) + ReLU 128
Layer8 2x2x128 MaxPooling (2x2) -
Layer9 1x1x512 Flatten 512
Layer10 1x1x1024 Fully Connected + ReLU 1024
Layerll 1x1x256 Fully Connected + ReLU 256

Output 1x1x6 Fully Connected + Softmax 6
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Figure 3 Preprocessing subprogram.

4. Dataset and experiments

Dataset is very important for beginning researches. There are images of dragon fruits from a large image source in Kaggle named
Fruit-360 [20] but it does not cover all 7 species of Thai dragon fruits. This research have to create a new dataset, 7 species of Thai
dragon fruits are collected between August-October 2020 from 7 plantations in Mueang Loei District, Phu Ruea District and Dan Sai
District, Loei Province, where gets the highest harvest of dragon fruits [3]. These samples of dragon fruits are less than one week after
harvesting.

4.1 Dataset

The data set consisted of 9,754 images which were divided into Jumbo White 1,172 images, Vietnamese White 1,190 images, Pink
1,309 images, Siam Red 1,869 images, Taiwan Red 1,184 images, Ruby Red 1,110 images, and Israel Yellow 1,920 images. The
dataset used only the mobile phone camera to take images with 1:1 aspect ratio, disables all filters, and the dragon fruit is placed in a
portable studio box with size 40x40 cm, floor with black velvet fabric, installed one row of LED lights on the top edge of the box, as
shown in Figure 4(a). From Figure 4(b) the object is kept as centered as possible, by using the nine dividing lines of image layout, and
try to take images with the object rotated as 0-360 degrees as possible, similar to the images of Fruit-360 [20]. An example image looks
like Figure 4(c). Each image contains only one species of a dragon fruit with black background. Each species used samples more than
one dragon fruit. After collecting the dataset, botanists and gardeners identify the label again for the accuracy of the species name
identification used to validation as a ground truth data.

There are total 10,072 images of dragon fruits in an outdoor environment using a mobile phone camera, with free aspect ratios,
such as 3:4, 9:16 in natural sun light as well. The results of images have a more complex background, with different image sizes as
shown in Figure 5. If innovations are developed in the future that farmers or tourists can use the camera of a mobile phone to easily
detect the species of dragon fruit without using a ruler or a proficient tool. It will be great challenge for future researches.

4.2 Experiments for the preprocessing subprogram

The DIPDEEP ever testing RGB, HSV, and LAB to determine the channel of the image converted to binary image can be used to
separate the background image from the dragon fruit effectively. From the experimental results, the R Channel of the RGB model gave
the best results as shown on Figure 6.
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From Figure 7, an example image is presented results for each process step to extract an object from its background following a
subprogram in Figure 3, beginning with an original image, follow with the binary result after segmenting with the mean threshold, the
result after processed with function Opening, the result after Fill Hole, the result after running function Erosion, and then the result of
an image after remove background. Then crop the result image, with the centered object, to fit with 100x100 pixels similar to [20] as
shown on Figure 8. From Figure 9, example images represent results after done with the Preprocessing subprogram. There are 7 species
of dragon fruits, which is ordered from left to right are Pink, Siam Red, Taiwan Red, Ruby Red, Jumbo White, Vietnamese White and
Israel Yellow species, respectively. From Figure 10, each column displays, ordered from top to bottom, a dragon fruit image, an image
showing pixels of yellow color position and its yellow ratio value, an image showing pixels of red position and its red ratio value of H
channel in the HSV model. For each column in Figure 10, any dragon fruits with red skin have their red ratio value more than their
yellow ratio. The Israel Yellow, the last two columns on the right hand side, has its yellow ratio value more than its red ratio value.
Therefore the yellow ratio value and the red ratio value can be used to identify skin color of dragon fruits.

@) (b) ©

Figure 5 Samples of a dragon fruit image in an outdoor environment.

—4 RGB channel } 11 LAB model l_

Original R_channel G_channel B_channel L_channel A_channel

S_channel V_channel b_channel

(a) Show result of converting 3 channels to 1 channel for either RGB, HSV, or LAB model.

HSV model

Figure 6 (a) An image in either original, gray, RGB, HSV, or LAB model, (b) binary image.
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RGB model LAB model
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(b) The results respectively in (a) after convert all channel to binary by using mean threshold.

Figure 6 (continued) (a) An image in either original, gray, RGB, HSV, or LAB model, (b) binary image.
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Figure 8 An example of cropped the object to fit scale 100x100 pixels
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Figure 9 Results after done with the preprocessing subprogram.
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Figure 10 Results for each column, original image, its yellow ratio value, and red ratio value.
4.3 Experimental results

Before doing the experiments, images of 7 species of dragon fruit were randomly selected 1,000 images per species, divided into
800, 100, and 100 images for the Training Set, the Validate Set, and the Test Set, respectively. Using the 10-Folds Validation technique.
All of the selected images were processed with main program. Experimental results after finished the Preprocessing subprogram as
shown in section 4.2 are used as input data for running the deep learning in the subprogram named Classify only 6 Classes of red, in
the main program (new version), and Classify 7 Classes, in the main program (old version). A 100x100 pixel image is used to process
with a deep learning model Structured as Table 1.

From Table 1, Output Layer was set the output equal to the number of classes. Therefore, the output node is equal to 6 nodes for
DIPDEEP new version, and 7 nodes for DIPDEEP old version. The rest of the parameters that are not specified using all Keras default
values. The model uses the Adam algorithm optimizer, the learning rate is 0.001 in the Training process, by assigning Batch Size equal
to 100 and assigning multiple Epochs namely 10, 20, 30, 40, 50, 100, 300, 400 and 500 epochs to test which Epoch will be the best
and get the highest accuracy. The results of classifying of 7 Classes are comparing between the Fruit recognition method [20] and The
DIPDEEP (old version) shown on Table 2. From the results, it was found that Epoch equal to 100 was the most suitable because it
could provide the highest accuracy of 98.20%.

From Table 3, results showed that DIPDEEP method can classify between Yellow and Red skin species correctly with accuracy
100%. All of experiments were explained only using Laboratory Dataset. From Table 4, results showed any numbers of samples in
from both Laboratory Dataset and Outdoor Dataset using DIPDEEP method. In this experiment, Red skin and Yellow skin can be
classified correctly with accuracy 100 % in Laboratory Dataset. But Outdoor Dataset can be classified correctly with accuracy 95.26%,
lesser than results of Laboratory Dataset. Because it has more complex background. The accuracy to separate species of the Outdoor
dataset is not stable because of its accuracy was less than 100%. Therefore, the Outdoor dataset did not process other steps yet.

Table 2 Percentage accuracy of results between the fruit recognition method and DIPDEEP

Mean (SD.)
epochs Fruit recognition method [20] DIPDEEP Method
Train Valid Test Train Valid Test
10 97.41(1.00) 95.09(1.37) 94.49(1.03) 97.60(0.72) 95.59(0.83) 94.06(1.21)
20 99.64(0.59) 97.11(1.10) 96.46(1.05) 99.83(0.50) 97.81(0.75) 96.99(0.88)
30 100(0.00) 98.20(0.55) 97.70(0.47) 100(0.00) 98.74(0.52) 98.00(0.39)
40 100(0.00) 98.50(0.38) 97.66(0.36) 100(0.00) 98.71(0.46) 97.96(0.38)
50 100(0.00) 98.13(0.44) 97.49(0.60) 100(0.00) 98.61(0.55) 98.11(0.32)
100 100(0.00) 98.36(0.46) 97.56(0.89) 100(0.00) 98.74(0.27) 98.20(0.44)
300 100(0.00) 98.37(0.43) 97.60(0.84) 100(0.00) 98.71(0.56) 97.99(0.72)
400 100(0.00) 98.13(0.79) 97.39(0.60) 100(0.00) 98.67(0.53) 97.67(0.88)
500 97.65(5.65) 93.09(6.35) 77.33(21.49) 100(0.00) 96.21(2.27) 88.61(9.63)

Table 3 Percentage accuracy of classification results between yellow and red

Train Valid Test
Samples Hue range Samples Accuracy Samples Accuracy
Yellow (1 species) 800 23-37 100 100% 100 100%
Red (6 species) 800 0-23 and 151-179 100 100% 100 100%
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From Figure 1(b) and Table 3, the results showed that the H channel of HSV color model can classify the Israel Yellow species
from the other 6 species with 100% accuracy. And the deep learning in DIPDEEP new version can classify 6 species of red-skin dragon
fruits with accuracy 98.80% as showed on Table 5. Table 5 reported the comparison for accuracy of classification methods, such as
ResNet50 [16], VGG16 [17], MoBileNetV2 [19], and DIPDEEP. The results showed that ResNet50 and MoBileNetV2 for training set
cannot get accuracy 100%, and cannot use to compare results. The VGG16 get accuracy 98.70 % and DIPDEEP get accuracy 98.80%.
Therefore the DIPDEEP model is more suitable for classifying the 6 species of Thai dragon fruits. The DIPDEEP is fine-tune the CNN
architecture, which is similar to the VGGL16 in that the number of layers is reduced from 16 to 13, and the filter size is reduced to 16,
32, 64, and 128, but the kernel size of the convolution layer is increased from 3x3 to 5x5. Importantly, the file sizes of DIPDEEP,
ResNet50, VGG16 and MobileNetV2 are 12.2 MB, 270.7 MB, 542 MB and 26.5 MB, respectively. The DIPDEEP method is the
smallest size. The confusion matrix with 100 epochs for 6 classes shows as shown on Figure 11. Examples of the misclassified images
were shown on Figure 12. Taiwan Red is very similar with Ruby Red. Therefore these species have the less average of accuracy rate
than other.

Table 4 Classification results between red and yellow with 2 different datasets

Species Laboratory dataset Outdoor dataset

Samples Accuracy Samples Accuracy

Pink 1,309 100.00% 1,058 100.00%
Siam Red 1,869 100.00% 974 97.84%
Taiwan Red 1,184 100.00% 1,111 86.41%
Ruby Red 1,110 100.00% 903 98.00%
Jumbo White 1,172 100.00% 1,603 92.33%
Vietnamese White 1,190 100.00% 2,925 92.44%
Israel Yellow 1,920 100.00% 1,498 99.80%
Mean 100.00% Mean 95.26%

Table 5 Comparison for accuracy of classification methods (for 6 species of red skin).

Mean (SD.)
ResNet50[16] VGG16[17] MoBileNetV2[19] DIPDEEP
Train 99.73 (0.85) 100.00 (0.00) 86.56 (11.86) 100.00 (0.00)
Valid 99.13 (1.64) 98.80 (0.32) 85.43 (12.36) 98.45 (0.62)
Test 99.13 (1.65) 98.70 (0.41) 86.05 (11.85) 98.80 (0.48)

Confusion matrix with 100 epochs [average accuracy (standard deviation)]

100

& EEEROGRIN 0.10(0.32)  0.000.00)  0.10(0.32)  0.60(0.84)  0.00(0.00) PJ = Pink

— 30 SI = Siam Red

7 0.1000.32) ELRIOEMN 0.30(0.48)  0.10(0.32)  0.10(0.32)  0.00(0.00) i S—
= B 0.10(0.32)  0.90(1.20) KFAOEXON 1.30(1.16)  0.00(0.00)  0.00(0.00) [60 | TT = RubyRed
g WI = Jumbo White
< g 0.10(0.32)  0.00(0.00) 0.90(0.88) EEEIIOXAN 0.20(0.42)  0.00(0.00) {40 o —

E 0.40(0.52)  0.00(0.00) 0.20(0.63)  0.10(0.32) EERWOMZIN 1.20(0.63) 20

§ 0.00(0.00)  0.00(0.00)  0.00(0.00)  0.00(0.00) 0.40(0.70) MEERTIORD)]

PJ SI TI TT WJ WV
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Figure 11 A confusion matrix with 100 epochs for classification 6 species.

Actual Pink Siam red Taiwan red Ruby red Jumbo white Vietnamese white

Predicted Jumbo white Taiwan red Ruby red Taiwan red Vietnamese white Jumbo white

Figure 12 Examples of the misclassified images.
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5. Remarkable conclusions

In DIPDEEP method, the color characteristics H of the HSV color model were used to distinguish dragon fruit from its peel color
between yellow and red. When a yellow-peel dragon fruit is detected, the results of the cultivar classification can be concluded
immediately because of only one species in yellow color. This reduces the work of the computer as well. In the pre-processing step of
DIPDEEP, used the color characteristics R of the RGB color model to reduce noise in the image and can help to detect dragon fruit
from the background. The DIPDEEP method modified deep learning to classify 6 species of Thai red dragon fruit. This DIPDEEP
method is an automatic method with smallest file size, compared with ResNet50, VGG16 and MobileNetV2, and save time because it
can classify the Israel Yellow species out with accuracy 100% before doing classify the other 6 species, with the accuracy value 98.80%.
This method can help farmers, consumers, and factories to classify species of Thai dragon fruit, and help famers selling their products
in higher price or help someone who is allergy with specific species can avoid it correctly. All experiment results used only the
Laboratory dataset. Since from Table 4, the Outdoor dataset was used to classify between the Israel Yellow with the other 6 different
species which accuracy was less than 100%, and did not process other steps in DIPDEEP yet. Therefore, the Outdoor dataset needs to
be studied more for the future work.
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ABSTRACT. A dragon fruit is nutritious having low sugar levels suitable for diabetics.
Its shape is spherical with petals surrounding the bark. In Thailand, 7 species of dragon
fruit are grown. Its appearance can be divided into red bark (6 species) or yellow bark (1
species). People can separate between yellow and red bark. Since the red-skinned dragon
fruit may have its fruit pulp in one of three possible colors: white, red or pink, it is
difficult to guess from the outside what color of the fruit pulp will be. The big problem is
that people cannot classify its species of red bark. Some people may be allergic or dislike
dragon fruit in some species. Therefore, this research is trying to find the best way to
automatically classify the species of Thai red dragon fruit from its image. The CBML
stands for content base and Machine Learning. This method uses content base to extract
key features (34 attributes), and uses Machine Learning for giving optimization results
with the Support Vector Machine (SVM), setting kernel for polynomial in 8 degree. The
results showed that the CBML method was able to identify any species of dragon fruits
in the red bark group with an accuracy of 98.47%.

Keywords: Dragon fruit, Classification, Content base, Machine Learning

1. Introduction. A dragon fruit is a species of Cactaceae, genus Hylocercus spp. and
Selenicereus sp. [1]. Tts bark is yellow or red with petals around the fruit, and at the end
of the petals is green. The dragon fruits are divided into 3 groups, which have differences
in the shell color (Peel/Skin) and the inner color (fruit pulp), namely Group 1 white pulp
with red skin (Hylocereus undatus), Group 2 red-pulp-red-skin ( Hylocereus polyrhizus) or
pink-pulp-red-skin (Hylocereus spp.), and Group 3 yellow or gold skin-white-pulp (Hylo-
cereus sp. and Selenicereus sp.) [2].

From visiting the area to explore the cultivation of dragon fruits in the Loei province
located at the top of the northeastern region of Thailand, Loei is the area that can harvest
the most products in the country [3] with total 7 species of dragon fruits. There are 2
species in Group 1, namely Jumbo White and Vietnamese White, 4 species in Group 2
namely Pink, Siam Red, Taiwan Red, Ruby Red, and 1 species in Group 3 namely Israel
Yellow as shown in Figure 1. Dragon fruits in both Group 1 and Group 2 have red bark,
with 6 different species. Its morphological features [4] are difficult to collect information
because it requires expertise in botany. Therefore, this paper is interested in classifying
the species of Thai red dragon fruit using content base and Machine Learning techniques
to the specific 6 species of red shell, namely Jumbo White, Vietnamese White, Pink, Siam
Red, Taiwan Red and Ruby Red. The correct classification of red dragon fruit species can
be very beneficial, for example, making farmers sell them for a better price. A factory can
have an automated system for separating and labeling the species. Consumers who are
allergic with certain species will be able to avoid it correctly or to choose their favorite.
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Jumbo White Vietnamese White Israel Yellow

(a) Group 1 (2 species) (c) Group 3 (1 species)
Pink Taiwan Red Ruby Red Siam Red
(b) Group 2 (4 species)

FIGURE 1. Dragon fruits that show its bark color and its fruit pulp in any
group and any species

From previous research, it was found popular techniques used in fruit classification,
mostly in two prominent methods: Deep Learning and Machine Learning [5,6]. Of course,
Deep Learning is probably the simpler method as the features are automatically extract-
ed. However, with Deep Learning processing as a black box [7], it is more difficult for
researchers to understand the features used in the classification. For Machine Learning,
researchers have to select the attributes that are used in their classification, which can be
difficult to know which attributes are the most appropriate. However, with the advantage
of selecting this feature itself, researchers are able to understand how the algorithm works.
The researchers were able to define the characteristics used for classifying themselves. All
parts of the algorithm can be edited. The number of parameters can be set depending
on the used algorithm. They can be classified of feature one by one, without confusion.
In the past, there had been many successful methods, with mostly an accuracy less than
90% [5,8].

Therefore, in conducting this research, the objectives are to study and search for charac-
teristics finding classification methods suitable for separating 6 species of red bark dragon
fruits by using content base and Machine Learning techniques. The results show that
our method gave better accuracy. The remainder of this paper will present the relevant
research in Section 2, the CBML algorithm in Section 3, the experiment results in Section
4, and remarkable summary discussions in Section 5.

2. Literature Review. Popular techniques used in fruit classification are not only Deep
Learning, but Machine Learning techniques [5,6]. In the characterization process, the
suitable attributes have to be defined to be used for the classification in Machine Learning.
However, Deep Learning is automatic feature extraction [7]. If the researchers select the
suitable attributes that are well used to classify, the output of the classification will also
have good results [6]. Feature extraction is to extract data of an image such as color,
shape, size, and texture that can describe all image attributes. It can be all or part of
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an image that can represent the entire image [9]. Feature extraction can use a manual
selection feature based on the classification problem or use a computer to select a feature
automatically [10] to achieve the appropriate feature. These features can be used for
recognition, identification, classification, grading, and retrieval [5,6]. The efficiency of
these works depends on the appropriate feature extraction. There may be only one or more
attributes. The main characteristics that are commonly used to distinguish attributes are
color feature, shape feature, and texture feature [6], which can be used to specify statistical
features and geometric properties. Most researchers try to select the attributes for the best
matching methods used to classify in order to achieve the highest efficiency in their work.
Machine Learning is a technique, commonly used to classify. Well-known algorithms have
been applied, including Decision Tree (DT), Random Forest (RF), k-Nearest Neighbor
(k-NN), Naive Bayes (NB), and Support Vector Machine (SVM), where these algorithms
produce different results [5,6]. The most prominent resultant algorithm is Support Vector
Machine (SVM). For example, [11] used color and texture attributes to recognize fruits
from photographs of 8 natural fruits. The 16 surface characteristics from the Gray-Level
Co-occurrence Matrix (GLCM) and 12 color attributes derived from the RGB color model
were used. Using all 28 color and texture attributes can perform better than using just
one color or texture feature. The accuracy was 83.33%.

Similarly in [12], the authors used color and texture attributes to recognize 15 super-
market fruits. The fruit images in the RGB color model were converted to the HSV color
model. The H Channel and the S Channel were analyzed with 4 statistical properties.
There are total 8 attributes. The V Channel are also analyzed to extract surface at-
tributes. The co-occurrence matrices of 5 attributes are contrast, energy, local homogene-
ity, cluster shade, cluster prominence. Therefore, the combination 13 attributes were used.
Fruit image recognition (MDC method) with 13 common color and texture attributes gave
an accuracy of 86%. Therefore, color and texture characteristics are considered suitable
for species identification of the fruits using datasets of different fruits, with the efficient
operation of SVM and MDC.

Color, texture, shape and size attributes [8] were used to distinguish 4 types of date
palms. The 3 channels from RGB color model were used to generate histograms using
Local Binary Pattern (LBP) and Weber Local Descriptor (WLD) algorithms. There are
clearly different patterns, with the features that have a high volume. Therefore, the Fisher
Discrimination Ratio (FDR) was used to select important attributes by selecting the first
10 attributes that gave the most FDR values. For shape and size there are totally 4
attributes. There were only 14 attributes used to distinguish the date palms’ species.
The algorithm used SVM. In experiments, it was found that 10 attributes from LBP or
WLD histograms combined with 4 shape and size attributes yielded better results than
others up to 99% accuracy. It is very high for fruit classification.

In addition to fruit identification and fruit classification, Machine Learning is also
applied to other applications such as detection of bananas based on color and texture
characteristics in natural environments [13]. The difficulty of this task is that the color of
bananas and the color of the banana trees are the same green. Using the RGB color feature
alone is not enough. Therefore, consider using HSV color model in the experiments. The
bunch of bananas was isolated with a Histogram of Oriented Gradients (HOG), and
texture characteristics were isolated by a Local Binary Patterns (LBP). Support Vector
Machine (SVM) algorithm and AdaBoost algorithm were used to compare results. The
results found that combination of HOG, LBP and SVM is the most efficient algorithm
gaining 100% accuracy. This experiment shows that the Support Vector Machine (SVM)
is an algorithm. It provides higher fruit classification performance than other algorithms,
but may not work best for data types other than fruit.

The algorithm for multiclass classification has been proposed using differential classi-
fiers [14]. Known as Standardized Variable Distances (SVD), the SVD algorithm is an
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algorithm that uses the distance between the test data and the mean of the attributes
in each class and the Z-score to calculate a score. The results show that SVD is able to
classify the Wisconsin Breast Cancer Original (WBCO) and the LED Display Domain
(led7digit) datasets more efficiently than the other algorithm. This proved that SVM was
not always the best method. Although the performance of SVM is superior to other algo-
rithms, the factor of efficient classification is finding the appropriate attributes to support
the classification algorithm to work well.

This paper focuses on studying and searching for characteristics and classification meth-
ods that are suitable for separating species of the red-shelled dragon fruit. Based on the
above literature review, color and texture attributes were attributes that could be used to
differentiate species of red-barked dragon fruit with the dragon fruit image dataset. The
algorithm may be experimented with SVM, k-NN, MDC and SVD, which have outstand-
ing performance. Details will be explained in the next section.

3. The CBML Method. This paper presents the CBML algorithm which is an auto-
matic method using content base to extract key features and Machine Learning to classify
six species of dragon fruits in red bark group. Its main program is presented in Figure 2.

Read image

.

Split Data into Train, Validate and Test Set

Feature Extraction

A

MinMaxScaler Transform

y

Classification

y
( End )

FIGURE 2. The main program of CBML method

This method starts with reading a dragon fruit image which consists of a red-shelled
dragon fruit of any species on a white background. An example of a dragon fruit image
is shown in Figure 2. Then random split data into 3 groups: Train, Validate, and Test.
For each group it will do subprogram, the Feature Extraction, then do MinMaxScaler
Transform, and then do subprogram, the Classification. The output result is the species
of a dragon fruit image in red bark group.

3.1. Feature extraction. From the literature review as mentioned in Section 2, the topic
of feature extraction to select appropriate attributes that allow for more accurate cate-
gorization can be summarized as Table 1 and thus this provides a guideline for selecting
suitable features that enable more accurate classification in CBML method.

From Table 1, [11] and [12] classified fruits and used texture features of GLCM and
colors. The possible attributes of GLCM are Dissimilarity (D), Angular Second Moment
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TABLE 1. Comparison of characterization from feature extraction in many methods

Ref. Data Features Classification
8 types of 16 GLCM of RGB (4 Directions from SVM (Kernel = not speci-
Mixed Fruits Contrast (Ct), Correlation (Cn), En- fied)
[11] ergy (Ey) and Homogeneity (Hy) and
12 statistical features (Mean, Stan-
dard Deviation, Skewness, Kurtosis)
of RGB)
15 types of 5 GLCM of V channel from HSV Minimum Distance Criteri-
Mixed Fruits (contrast, energy, local homogene- on (MDC) (distance = not
[12] ity, cluster shade and cluster promi- specified)
nence) and 8 statistical features of H
and S channel from HSV (Mean, St-
andard Deviation, Skewness, Kurto-
sis)
4 types of Dates Use Local Binary Pattern (LBP) and SVM (kernel = RBF)
Weber Local Descriptor (WLD) from
each channel of RGB and then use
8] Fisher Discrimination Ratio (FDR)
to select the top-10 highest FDR, val-
ue combined with 4 shape and size
features (Major axis length, Minor
axis length, Ellipse eccentricity and
Area)
detect banana  Histogram of Oriented Gradients SVM (Kernel = not spec-
[13] and background (HOG) and Local Binary Patterns ified) compared with Ad-
(LBP) aBoost
public dataset 9 attributes from WBCO and 7 at- SVM (Kernel = RBF)
from Wisconsin tributes from led7digit. k-NN (k = 3, distance =
Breast Cancer Euclidean)
Original (WB- MDC (distance = Minkow-
CO) and LED ski, p =3)
Display Domain SVD. (distance = Manhat-
[14] (led7digit) tan)
SVM (Kernel = RBF)
k-NN (k = 3, distance =
Chebyshev)
MDC (distance = Minkow-
ski, p = 3)
SVD (distance = Hellinger)
6 species of 2 attributes GLCM of RGB (Dissim- SVM (Kernel = Polynomi-
Thai Dragon ilarity (D) and ASM only Directions: al, degree = 8)
Fruit from red  0°) and 32 attributes of color features
bark group with RGB, HSV and AB for each
CBML . .
channel in any color model using four
method

statistical features (Mean, Standard
Deviation, Skewness, and Kurtosis)
Total 34 attributes

Each attribute used MinMaxScaler
to normalization into 0 to 1 value.
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(ASM), Contrast (Ct), Correlation (Cn), Energy (Ey) and Homogeneity (Hy) and used
information in 4 directions: 0°, 90°, 45°, and 135°. The colors are mostly RGB, HSV
and LAB color models in 9 possible channels: R, G, B, H, S, V, L, A and B using
statistical features (Mean, Standard Deviation, Skewness, and Kurtosis). Therefore, the
total of possible attributes are 60 attributes. The CBML tries to find out key attributes
from these 60 attributes. Each color channel of the red dragon fruit in RGB, HSV and
LAB color models is shown in Figure 3, and its binary image is shown in Figure 4. In
Figure 4, the G channel image is very similar to the L. channel image. Therefore, CBML
can reduce L attribute. The texture of red dragon fruit image with petals around it
makes the fruit symmetric, and no matter with direction information. Figure 5 shows
the mean of dissimilarity in one way ANOVA analysis of texture feature in any direction
information. This graph confirms that texture in 0 degree is the most dissimilarity with
another direction. The Dissimilarity (D) and ASM are the most dissimilarity with other
texture feature. Therefore, the CBML used only 34 attributes: 2 attributes GLCM of
RGB (Dissimilarity (D) and ASM only Directions: 0°) and 32 attributes of color features

—| RGB Model I | LABModel |

Original R_channel G_channel L channel A channel

\ \&
.\ 2

HSV Model |

F1GURE 3. Examples of the red dragon fruit in each color channel of RGB,
HSV, and LAB

I RGB Model I ! LAB Model |_

Original R channel G_channel B channel L channel A_channel

\
S '

Gray H_channel S_channel V_channel

HSV Model |

FIGURE 4. The binary image of Figure 3
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FiGURE 5. The mean of dissimilarity of texture feature in any degree

with RGB, HSV and AB for each channel in any color model using four statistical features
(Mean, Standard Deviation, Skewness, and Kurtosis) as shown as the last row in Table 1.

Before the feature data is processed, the scaling value of the data is adjusted to a value
in the range of 0-1 with the MinMaxScaler Transform (Equation (1)) using the data in
Train Set. The scale transform in Train Set is a reference criterion for adjusting the value
of the Validate Set and the Test Set.

MinMazScaler Transform = (z — min)/(max — min) (1)

where, in each attribute max is not equal to min, z is the value, min is the minimum value
in the Train Set, and max is the maximum value in the Train Set. The MinMaxScaler
Transform is a normalization transform of any value between min and max into 0 to 1.

3.2. Classification. For classification in this research, the performance of the SVM, k-
NN, MDC [12] and SVD [14] was compared to study and find the most suitable method to
classify 6 species of the red bark dragon fruit. The SVM algorithm was defined 4 kernels:
Linear, Polynomial (definition degree = 8), Radial Basis Function (RBF), and Sigmoid.
All sklearn processed the k-NN, MDC [12] and SVD [14] with 5 effective classification
distances [15]: Manhattan, Euclidean, Minkowski (defined p = 3), Hellinger [16] and
Chebyshev, where k-NN is set to k equal to 3. The results will be described in the next
section.

4. Experiment Results. Dataset is created by taking a photo of a dragon fruit on white
background. Botanists listed the species’ validity labels used for validation as baseline
information. There are 9,754 images, divided into the red bark group 7,834 images and the
yellow bark group 1,920 images. The dataset used in this research is a dataset obtained
from randomly selected images of 6 species of red-shell dragon fruit, 1,000 images of each
species, for a total of 6,000 images out of 7,834 images. The image size is 100 x 100 pixels.
Some examples of images are shown in Figure 6. All images are a dragon fruit with red
bark on white background.
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FIGURE 6. Examples of input images

Input Images (6,000)
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FIGURE 7. Train Set, Validate Set, and Test Set using the 10-Folds Vali-
dation technique

The experiment divided the 1,000 images in each species into 800 images for the Train
Set, 100 images for the Validate Set and the remaining 100 images for the Test Set, using
the 10-Folds Validation technique as shown in Figure 7.

The purpose of the experiment was to study and find the most suitable characteristics
and classification methods. Therefore, the dataset was extracted with color and texture
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attributes, processed with different algorithms, namely SVM, k-NN, MDC [12] and SVD
[14], each of which has defined different parameters. All of the experimental results were
shown in Table 2. From Table 2, columns are feature attributes of CBML (34 attributes),
28 attributes of [11], and 14 attributes of [8]. Rows are the classification algorithms, that
is, SVM, k-NN, MDC [12] and SVD [14]. The results from k-NN, MDC and SVD training
cannot reach 100% accuracy. Only the SVM with polynomial, on the second row, training
can reach 100% accuracy with the methods between CBML and [11]. The CBML method
gave better accuracy of 98.47% than [11] with accuracy rate of 94.20%.

The confusion matrix with SVM algorithm is shown in Figure 8. The accuracy results
for Pink, Siam Red, Taiwan Red, Ruby Red, Jumbo White, and Vietnamese White species
are 99.5, 99.6, 97.4, 97.4, 98.2, and 98.7, respectively. The Taiwan Red is the most similar

TABLE 2. Accuracy comparison of different features and different classifications

CBML with 34 28 attributes 14 attributes
Algorithm Distance/ attributes color color and texture texture and shape
Kernel and texture [11] [8]
Train Valid Test Train Valid Test Train Valid Test
Linear 91.22° 90.90 90.75 83.12 82.65 82.55 57.36 56.12 56.65
SVM Polynomial 100.00 98.28 98.47 100.00 94.10 94.20 94.83 52.82 52.88

RBF 92.86 92.33 92.50 87.25 86.17 86.22 62.87 58.98 59.23
Sigmoid 38.97 38.85 38.75 21.59 21.62 21.87 11.32 11.12 11.30
Manhattan  96.51 92.18 92.35 93.72 86.12 85.92 70.80 45.58 46.75
Euclidean = 96.89 92.87 93.23 94.01 87.00 86.87 69.64 45.67 45.13
k-NN Minkowski ~ 97.04 = 93.12 93.20 94.21 86.70 87.13 69.10 44.62 44.35
Hellinger ~ 97.05 93.02 92.82 94.25 86.68 86.62 67.19 39.73 40.63
Chebyshev  93.46 92.18 91.90 93.90 85.93 86.00 67.94 42.27 41.17
Manhattan ~ 61.95  61.63 62.08 54.99 54.88 55.10 42.95 43.00 43.27
Euclidean = 64.96 64.58 64.52 59.29 59.43 59.13 44.64 44.43 44.27

N[IB]C Minkowski  65.77  65.60 65.57 61.16 60.80 60.70 43.80 43.02 43.98
Hellinger  67.15 63.87 64.22 56.86 56.90 57.17 43.98 43.52 43.50
Chebyshev 64.46 64.17 63.68 58.56 58.45 58.30 37.63 36.93 37.18
Manhattan 62.42 62.28 62.50 56.65 56.32 56.22 44.05 43.70 44.17
SVD Egclidean‘ 63.88 63.72 63.88 58.89 59.07 58.70 44.60 44.38 44.50
[14] Minkowski  64.68 64.33 64.48 59.97 59.93 59.73 44.34 44.10 43.97

Hellinger  63.90 63.60 64.08 57.73 57.80 57.70 45.06 45.43 45.00
Chebyshev  69.62 = 66.43 66.43 60.86 60.87 60.58 43.09 42.48 42.47

Confusion matrix with SVM {34 features)
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FiGURE 8. The confusion matrix with SVM algorithm
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to Ruby Red species. The results were found that SVM (Kernel = Polynomial, degree
= 8) had the highest efficiency in classifying the species of red-shelled dragon fruit. The
CBML method uses only 34 attributes from 60 attributes, and this can reduce almost
50%. The CBML method using SVM with Polynomial can characterize and classify the
most suitable in the species classification of Thai red dragon fruits.

5. Remarkable Conclusions. The CBML method can automatically characterize and
classify method suitable for the separation of 6 species of Thai red dragon fruits. The
features extraction from texture and color with 34 attributes and Machine Learning us-
ing SVM with Polynomial in 8 degree can increase the efficiency of classifying species of
red dragon fruits. The CBML method can achieve with 98.47% accuracy. The correct
classification of red dragon fruit can be very helpful. For example, plants can have au-
tomated systems for separating and labeling species, farmers can sell dragon fruits for
a better price, and consumers who allergy with the species will be able to avoid them
properly or choose their favorite species. The CBML used only the laboratory dataset.
In fact, if the Thai dragon fruits can be classified of their species with nature outdoor
environment dataset, this will be more useful such as, harvesting dragon fruit with a
robot, detecting the ripeness of the fruit to manage for transportation and distribution,
counting of produce before harvesting, or other approaches that are expected to enhance
human well-being or help relieve labor. This will continue to develop in the future work.
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Abstract—The attractiveness of dragon fruit is that it has a
strange exterior, beautiful colors, and high nutritional value. In
Thailand, there is both import and export of dragon fruit. Each
package for export must contain only one species of dragon fruit.
From the survey, there are seven species of dragon fruit
cultivated in Thailand and only some farmers can identify them
on his/her farm. Therefore, this research focuses on the
classification of Thai dragon fruit from laboratory images and
outdoor images; which is different from the previous works
which studied only laboratory images. This method was named
DIP-CBML that stands for digital image processing with content-
based and machine learning. The method consists of image type
identification, pre-processing, red and yellow classification,
image background removal, and six classes of red species
classification. From the results, DIP-CBML can work with both
datasets. It gave 100%, 100% and 95.53% accuracy for the
image type identification, red and yellow classification, and the
classification of six red species respectively. Hopefully, this
research will lead to the innovation for the pre-harvest
classification of Thai dragon fruit cultivars, applied to industrial
applications, and robot harvesting. In the future, may add value
to the yield of Thai dragon fruit cultivation.

Keywords—Dragon fruit; classification model; outdoor dataset;
image pre-processing; segmentation

l. INTRODUCTION

Dragon Fruit is a fruit in the cactus family (Cactaceae) with
genus Hylocercus Spp. and Selenicereus Sp. It has been
planted in Thailand since 1997. With its unusual exterior and
beautiful colors, it has received much attention. The advantage
of dragon fruit is that it is a fruit that has high nutritional value.
It can be used in the food, pharmaceutical, and cosmetic
industries [1-4]. Since dragon fruit is a juicy fruit, it will be
bruising and perishable in a short time after harvesting. It must
be eaten or processed quickly, or storing at low temperatures
for slowing down spoilage [5].

Currently, there is import and export of dragon fruit.
Therefore, the agricultural standard for dragon fruit has been
established by the National Bureau of Agricultural Commodity
and Food Standards (ACFS), the Ministry of Agriculture, and
Cooperatives of Thailand. Dragon fruit is divided into three
groups by the peel color and the pulp color, namely Group 1,
red peel with white pulp (Hylocereus undatus), Group 2, red
peel with red pulp (Hylocereus polyrhizus) or pink pulp
(Hylocereus spp.) and Group 3, yellow or gold peel with white
pulp (Hylocereus sp. and Selenicereus sp.). The package must
contain the same dragon fruit species per package [6].

From a survey on the cultivation of dragon fruit in
Thailand. Loei Province located at the top of the Northeast of
Thailand is the area that can harvest the most products in the
country [7]. It was found that there are seven species of Thai
dragon fruits planted. If divided like ACFS, the First group has
two species, which are Jumbo White and Vietnamese White.
The second group has four species, which are Pink, Siam Red,
Taiwan Red, and Ruby Red. The third group has only one
species called Israel Yellow. Each species has different care
and maintenance which affects cultivation costs and selling
prices.

The main problem is that only some farmers can identify
the cultivars which are grown. Like the middleman, most
farmers only know the color of the peel and of the pulp. As a
result, the price of each species of dragon fruit is determined
according to the standard in only three groups. If farmers or
middlemen can classify dragon fruit species, they know how to
manage production of dragon fruit, take care the produce
before and after harvesting, and manage the transportation
according to the specific morphology of each species. This will
affect the cost and selling price, and also promote the
conservation of fruit species.

However, species identification based on morphology
requires a great deal of knowledge and expertise. For the
general public new farmers and middlemen can identify dragon
fruit species accurately and easily, the researcher has
researched only the laboratory dataset [8,9] which gave a high
accuracy of 98%.

Therefore, this research will present the classification of
Thai dragon fruit species from images in both indoor
(laboratory) and outdoor datasets. The research conducted
experiments with image processing techniques, content-based
techniques, machine learning, and deep learning. In the future,
hopefully, this will lead to the development of innovations for
the classification of Thai dragon fruit species pre or post
harvesting that can be easy to use, convenient, and suitable for
people. This can be applied to industrial applications and robot
harvesting. It may add value to the yield of Thai dragon fruit
cultivation. This paper has presented Theories and Literature
Reviews in Section I, The DIP-CBML Method in Section 11,
Experiment Results in Section 1V, Discussion in Section V,
Conclusions in Section VI and Suggestion in Section VII.

220|Page

www.ijacsa.thesai.org



143

(IJACSA) International Journal of Advanced Computer Science and Applications,

Il.  THEORIES AND LITERATURE REVIEWS

A. Color Model

Color Model is a color system that controls the display of
digital images on a digital device. Each type of color model has
its own way of generating colors that have different structures.
Therefore, different types of color models are used for different
purposes [10]. The most popular color models in image
processing are the RGB, HSV, and Lab model.

The RGB is a color system formed by the combination of
primary colors. There are Red, Green, and Blue which are
channels of color digital images. Each channel has 0-255 color
levels [11].

The HSV is a color model which is close to the color
perception of human vision. It consists of Hue (H), Saturation
(S), and Value (V). Hue is the color tone defined by the angle
of the color wheel. In image processing by OpenCV, the H
value ranged from 0° to 180°. The S is the saturation of the
color tone. If S is 0, the white color is always displayed. The V
is the brightness of the tone. If the brightness value is 0, the
result will be black. In OpenCV processing, S and V values
ranged from 0 to 255. If both values are set to 255, it will
display a pure color tone [12, 13].

The Lab color model consists of three channels. There are
the L channel, a channel, and b channel. L channel is the
lightness value, an a channel is a green gradation to red, b
channel is a blue gradation to yellow. In OpenCV, Lab values
are scaled in the range from O to 255 for all three channels [11,
13].

B. Digital Image Processing

Digital image processing is a process that uses a digital
image as input for a specified processing purpose, such as
image resizing, converting a color image to grayscale, data
augmentation, etc. A digital image can be represented by
F(x,y) where x and y are spatial coordinates. Each coordinate is
called a pixel. There are three types of images: color images,
grayscale images, and binary images [14].

C. Image Pre-processes

Image pre-processing is an important step in digital image
processing because the raw data from the acquisition, which is
interpolated with multifactorial noise, cannot be processed
immediately. Therefore, images must be done with image pre-
processes to reduce those noise. For example, image
segmentation is a technique that helps extract and segment
desired or unwanted image data. It helps to get more specific
information and it is easier to analyze information. However,
processed data must be ensured that the remaining information
is correct. There is no excess or missing [15]. Techniques used
in image segmentation are the segmentation by thresholding-
based, edge-based, area-based, and energy-based [16-18].
There are also other techniques to prepare data such as
intensity  estimation, geometric estimation, elementary
processing, holistic processing, etc. [15].

D. Feature Extraction

Feature extraction is the process of extracting important
characteristics of an image to describe all information in the
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image. The feature descriptor may be all or part of the image
data that can represent the whole image. In general, attributes
about color, shape, size, and texture are used in image analysis
or image classification. Of course, image data may not have
only one attribute that can identify specific characteristics. For
Image classification by machine learning, the image features
will be represented by a feature vector that is a 1-dimensional
array [14, 15]. In contrast for deep learning, the feature
extraction process is performed automatically. The researchers
are responsible for specifying the desired feature map size,
making it very convenient for researchers.

E. Image Classification Model

The Image Classification Model is a classifier that was
created to identify or classify groups of image data. The
classifiers use rule-based classifiers which are processed under
a "condition" that is defined in the IF condition THEN
conclusion form. Image classification model with a content-
based feature in which researchers must extract features for suit
methods such as support vector machine (SVM), k-nearest
neighbor (KNN) and decision trees (DT), etc. [19-24].

The deep learning model is the popular automated method.
The model gives high predictive performance [25] by
mimicking the operation of human neurons by building a
neural network with multiple nonlinear processing layers [14,
26]. Each layer takes the result of the previous layer as input.
The strength of deep learning is that it supports the extraction
of ambiguous features. The model extracts feature
automatically. The researcher is responsible for preparing the
data that will be used for learning only. It is very convenient
for researchers.

F. Literature Reviews

This research focuses on reviewing literature related to fruit
classification to study methods that can be used to classify Thai
dragon fruit from images. Literature reviews are found that
most researchers carried out research in four major steps: data
acquisition, data pre-processes, feature extraction, and
classification [15, 27]. Image datasets used include both image
datasets created in the laboratory [22, 24, 28-31] and image
datasets created at the outdoor environment [20, 23, 32-37]. Of
course, image datasets from outdoor environments are more
complex than those created in laboratories. Therefore, the steps
to process this type are also more complicated.

Most researchers focused on image pre-processing like
image segmentation techniques to prepare image data
differently. Either the graph cut method [20], the conversion of
a color image to a binary image by calculating the threshold
value [8, 29], or using machine learning to segment the fruit
from the background. This can be applied to the detection of
fruit on the tree [23, 33, 34, 36, 37]. It reduces the complexity
of the image and improves efficiency in feature extraction and
classification. Muresan and Oltean [28] has proposed the use of
threshold values in image segmentation with the HSV color
model to separate the dragon fruit from the background of the
plant. The objective is to detect and count the amount of
dragon fruit on the tree by the image dataset of Hylocereus
Undatus dragon fruit species in the outdoor environment. The
accuracy is more than 80%.
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Jana. et al. [20] has presented the recognition of fruits from
the natural image in eight types. The image data was prepared
by the graph cut method, which can separate the background
from the fruit very well. After the image data preparation step,
color and texture features were used for fruit recognition with
the support vector machine (SVM) algorithm, giving an
accuracy of 83.33%.

Muhammad [22] presented the use of color, texture, shape,
and size attributes in classifying four date palm species by
histogram of the local binary pattern (LBP) and Weber local
descriptor (WLD) data. The Fisher discrimination ratio (FDR)
was used to select the top 10 most important features that gave
the greatest FDR. For shape and size features, the image data
were analyzed from four features, namely Major axis length,
Minor axis length, Ellipse eccentricity, and Area. In total, there
are 14 features with a support vector machine (SVM) which
gives an accuracy of up to 99%.

Fu. et al. [23] has presented the detection of bananas on the
tree with machine learning. There is an image data pre-
processing to reduce the complexity of the image by using
Otsu's algorithm to find threshold values for converting HSV
images to binary images. In the detection process, a histogram
of oriented gradients (HOG) and local binary patterns (LBP)
were used to extract the shape and texture features of the
banana. The experiments found that the algorithm which
combines HOG, LBP, and SVM gives maximum efficiency. It
has an accuracy of 100% for the training set and 89.63% for
the test set.

The DIPDEEP method [8] was the classification of Thai
dragon fruit from a laboratory images dataset. DIPDEEP used
image processing techniques to prepare images based on a
threshold value to separate the background from the dragon
fruit. Then, the images were used to classify the seven cultivars
using rule-based classification techniques to classify dragon
fruit groups by skin color and deep learning model based on a
13-layers of convolutional neural network that starts with an
RGB image size of 100x100 pixels as an input layer and ends
with six output nodes. Optimizer based on Adam algorithm and
set Learning rate equal to 0.001, batch size and epoch equal to
100. The accuracy of red and yellow classification was 100%,
the accuracy of DIPDEEP was 98.80%. For outdoor images,
the results were not satisfactory.

The CBML model [9] was the classification of Thai red
dragon fruit from a laboratory images dataset. CBML method
used a content-based model that uses a total of 34 attributes,
consisting of two attributes of texture features from
dissimilarity (D) and asm properties only directions: 0 of
GLCM algorithm with RGB image and 32 attributes of color
features with RGB, HSV, and AB of Lab color model, for each
channel in any color model using four statistical features:
mean, standard deviation, skewness, and kurtosis. Each
attribute used minmaxscaler to normalize into the O to 1 range
and uses machine learning for giving optimization results with
the support vector machine (SVM), setting kernel for
polynomial in 8 degrees. It has an accuracy of 100% for the
training set and 98.47% for the test set. The outdoor image was
not processed.
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Therefore, this paper focused on modeling the classification
of Thai dragon fruit species from images that support two types
of image datasets; laboratory and outdoor. The required model
will support pre- and post-harvest processing. Hopefully, this
research will be applied to industrial applications and
agriculture technology.

I1l.  THE DIP-CBML METHOD

This paper presents algorithms to classify species of Thai
dragon fruits automatically that support two types of image
datasets called DIP-CBML which stands for digital image
processing with content-based and machine learning. The DIP-
CBML will be able to process both types of images when DIP-
CBML is able to classify the image types. It makes subsequent
processing work correctly according to the characteristics of
the two image types which are different processes. If the DIP-
CBML can classify the group of dragon fruit from the peel
color which is red or yellow, the processing time was reduced
because the yellow group takes shorter time to process than the
red group. Therefore, the DIP-CBML structure consists of
image type identification, pre-processing, red and yellow
classification, image background removal, and six classes of
red classification as Fig. 1.

A. Datasets

The image datasets consisted of 9,754 laboratory images
and 9,067 outdoor images from [8], each image containing one
dragon fruit of one species. Both datasets were taken with a
mobile phone camera. The 1:1 aspect ratio was set for
laboratory recording. Unlike the outdoor images, the aspect
ratio is set independently, i.e., 3:4 and 9:16, resulting in
different image sizes with any lighting conditions.

In addition, the characteristics of the images are different,
because the images in the laboratory are an image of the post-
harvest dragon fruit placed in a photographic box and used
black velvet fabric in the background as Fig. 2(a), but the
outdoor images are the dragon fruit growing on the tree until it
is ready to be harvested as Fig. 2(b). Obviously, the outdoor
images have more complex backgrounds such as sky, ground,
grass, and branches, while the laboratory images have a black

background.

“ Image Type Identification “

Image is
a laboratory image,

HRc«I and Yellow (‘I;lssiﬁculionH H DIP-CBML Pre-processing ”

HRed and Yellow ('Izlssiﬁcati(m| I

Pre-processing of
laboratory image

H Image Background Removal ”

[

Six Classes of Red Classification [

Fig. 1. The Steps of DIP-CBML method.
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Fig. 2. Examples of two datasets as (a) laboratory images and (b) outdoor
images.

B. Image Type Identification

This step is used to identify the type of images from either
laboratory image or outdoor image because the image data pre-
processing of the two types are different. The procedure is
shown in algorithm 1.

Algorithm 1: Image Type Identification

Input: Original image with RGB color model.

Output: Type of image; laboratory or outdoor.

Resized Image = Resize the input image to not over 300 on each side.
R =R channel of Resized Image.

Gray = Gray scale of Resized Image.

Mean Threshold = (Sum of R value)/(image size)

MKR = The conversion result of R image to binary by Mean
Threshold.
BG Pixel = The gray pixel at the same coordinate as a black pixel in

the MKR.
If (BG Pixel '=0) then
MP = Mean value of BG Pixel
STD = Standard Deviation value of BG Pixel
KS = Kurtosis value of BG pixel
If (MP < 31.77) then
| Output is a laboratory image type.
else if (MP > 48.62) then
| Output is an outdoor image type.
else
If (STD < 15.27) then
| Output is a laborato