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ABSTRACT

In this paper, researchers have demonstrated the effectiveness of the
fusion convolutional neural network (CNN) and ensemble CNN architectures for
diabetic retinopathy classification. Due to the fusion and ensemble CNN
architectures, authors proposed to use five CNN architectures consisting of
InceptionV3, ResNet50, ResNet50V2, Xception, and DenseNet121 to find the best CNN
model. The fusion and ensemble CNN architectures were then created combining
two of the best CNN models and while training the CNN models, researchers also
used data augmentation techniques. The data augmentation technique, researchers
discovered, can increase the accuracy of CNNs. However, the data augmentation
technique should not distort the retinal image. For the fusion CNNs, the Xception
and InceptionV3 were combined and then attached with two dense layers with the
size of 1,024 units for each dense layer. Hence, researchers selected the optimal
dropout value with 0.4. For the ensemble CNNs, the output probabilities, that were
calculated from the Xception and InceptionV3 models, were sent to the ensemble
learning method. Researchers compared the weighted and unweighted average
methods using ensemble learning methods. The results showed that the weighted
average method outperformed the unweighted average method in all ensemble
CNNs. In the experiments, researchers discovered that the fusion architecture slightly

outperformed ensemble CNN architecture.
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IﬁLNEJLL‘WiISQWﬁEJQaEUﬂWWﬂanzaTﬂmﬁﬁLLUﬂaaﬂLﬁuﬁlaﬂizﬁ’mmﬁﬂﬂa uavasUsTamANTiil
ANV LA §'m;1'j<1m';:ﬁme'mﬁﬁummmsaLLU'ammxé’ummqw,l,iqsuaﬂmaaﬂlé’
Uu 4 szeiu [2] Toun

1) AMBUWILT LI USEANA UL (Mild Non-Proliferative Diabetic Retinopathy)

2) AMzUIMITUR uTeYsEaMTUUILNEIe (Moderate Non-Proliferative Diabetic
Retinopathy)

3) 1LY MIuTuIeUsEEIMAITUNTN (Severe Non-Proliferative Diabetic
Retinopathy)

) pziuananudieedsramaniiiiduldensenlna (Proliferative Diabetic

Retinopathy)



mu?%’aﬁ“L?‘iaa%’aaﬁmwﬁmuﬂgﬂmwaaﬂszmwmﬁﬁmammmwueﬁum fszay
ANUANSY wavansaldaulaasdinainvatsnusieiu 1y

Vo uar Verma [3] dnausanidagnssudmiunisduuniuninvedszainniass
sUwuu e an1dnenssy Combined Kernels with Multiple Losses Network (CKML Net)
waran1dnenssu VGGNet with Extra Kernel (VNXK) Sa8unisiauninainaandnenssu
GooglLeNet wag @anilnenssy VGG16 aruaisu Tnely CKML Net #sus Convolution
Layer lUauile Pooling Layer Gﬂsgmmu‘ﬁ'éjw Three Parallel Branches #an1eluusdas
Branche azUsgnoaulumialassadneves GoogleNet wag VNXK a1elu Convolution Layer
Y09a01Un8nTIY VGGNet %Qmmuﬁé’w Convolution Layer va3a@a1Ununssu
GooglLeNet MNHANITNAFBUNNTIMUNUTELANIDUTEAMAUUYATOYA EyePACS WU
CKML Net waz VNXK T8nsianugniesiifosay 82.30 uag 83.12 auddu Fau1nnin
GoogleNet uag VGGNet ﬁiﬁé’mwmmgﬂﬁmﬁ%aaz 79.71 uag 82.34 ANUAIAU

Abbas wagamy [4] nauemallanisainaudnyusilasanNgunmaeuseamainle
2 NTEUIUNTUEN LeLn Scale-Invariant Feature Transform (SIFT) wag Gradient Location-
Orientation Histogram (GLOH) antjuw Feature luvnisuuasnuasvinnisidennadwsd
mezauﬁqm’]’a 835 Principle Component Analysis (PCA) Lagdad1liussulanaly
Hidden Layer $1uau 3 dusstudwadniildainnisidgnuiseandu 5 nqunusedy
ANUTULTIRNlsA wazilunaaauiugun maeyszamadIuIu 750 sUnm againng
NAADINUIINTZUIUNITRINGIENNTAINERT Sensitivity (SE) wag Specificity (SP) i¥oray
92 Lag 94 MmNAIAU

Xu uazAny (5] penuuuaanenssy CNN fflsauau 10 Sudmiunissiuunae
Usvammitiinngsuvmuium Tagvinisdeudifiedsaingunmasussamansiuiu 800
sUAN wazUsiliudseaninmmedeyadiuiu 200 UMW ol Lﬁaamﬂgﬂmwﬁlﬂumﬁ
Fouiiisruudidn Faldinsumaia Data Augmentation 1angrglunisifindiuiu
suamlumsiseusnateguLuy FeUsznousae Rotation, Flipping, Shearing, Rescaling uag
Translation 9711A15MABBINUIINITYIN Data Augmentation SU"JEJLﬁaJU’iz?mﬁﬂ’lwmﬁ'lLLuﬂ
nsziANUaY CNN fedegar 3 lagn1siseusvas CNN Wuu 10 $u saufumaila Data

Augmentation HulvignsiaugnAvwnisesas 94



TnsnuifonssuunsunimreUssamaiiinngmuiunild ndniaiuussay
arudga uanduusslovdedann il Turuifeatuifaldinisfnunssuaunisly
MssuungUnmasUsTamIn s LU e Seusiein Taedgnuszasdiie
AumuuUTIaes CNN waznszuIumsmsBeusidedniinzandniunisduunsunmae
Uszamen laganunsawusguuuuresnszuaunmsinweeniu 3 diu Fasteluil

1) Usualaesnis1fitmes (Fine-tuning Hyperparameter) Titnungaua1vniu
LUUI1889 CNN ‘17?& 5 EULL‘UU Tauwn ResNet50, ResNet50V2, Xception, IncetionV3 ey

vV o

DenseNet121 Wi0uUNIIN15L58UTLUUTIa0ITAUMATA Data Augmentation e

e

¥ )

P v Naa P a & | % ° aa
susuuiielvlayadoyaniiAyuuesiviainnateundadu Feazdanalvlauuudiassid
Usgdnsan wazadugnaeiugigdunisduundszianiunimasdszamainiinig
UMIUTUAT

2) a51auuudnass CNN saufumaila Fusion CNN wag Ensemble CNN aduinailad
FUBWUUTIABY CNN e sULuuTIdIaleiy Waiiudssansamlunisnisdnuun
sUAMABUITTAMANNIAIZIUMIN WU

3) WiruguUsEaNnSAImN1sTHUNFUAINIBUTEAIMANNIN1IZUIMIUTUAIVDY
wuudtaes CNN wislilduuudnaesnidnsanugniesgegalunisdiunguninaelszam
MUNA LageUseanaNin1sluImIUTunT
1.2 AUIINNBVBINTIAY

Anwuaziuseuiiguantlnenssu CNN vurannsiseuiidadandmsunisduunguaw

o &

0UTEaMMNANILUININUTUIN
1.3 Y99ULIAYBINITIY

1153981389159 UUNFUAMABUTEA MM TNTN1IEUUTUAIMENSS U a
o a v < ! = d [ &
MvuareulRveIN1TIdeeeny 3 dw laglineasiBeadasaluil

1.3.1 yadoya

v

gadayazunmasysvammlunisidetlignsrunuandeyaiineunsuuivled

Yy U

[

Kaggle IngyndoyazunmastszamauusesnduguninaeUszamaund uagguninae
Uszamaiilniizlumnudum Jeiiegeveayateyaiun1mveslszamaiuniasuanis
AMUTENOUN 1.1 Wazdag1999eyntayasun1nasyseamanNinguImIUTumazLans

AINNUTLNBUN 1.2
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nmysgnevi] 1.1 e 1NveynTeyagunInYesUssa1meIUni

1 8 ]

NMUsENaUT 1.2 710619%099AYeyagunImaeysea1mm iU,

1.3.2 NsgUIunsseuiidadndmsunsiwunussnniuninaeuseavng
13.2.1 nssuundssinnaedszamanlunisisodldidenldannonssy CNN
JIUIU 5 EULL‘UU Ton ResNet50, ResNet50V2, Xception, IncetionV3 gy DenseNet121
1.3.2.2 Lﬂ'uﬂiz?{w%mwmiﬁﬂLLumJizLﬂmgﬂmwaaﬂszmmmﬁ”w CNN Tpanasha
wAlA Data Augmentation mAlla Fusion CNN tagimaila Ensemble CNN
1.3.3 NsUsEluUTEansn N
1.3.3.1 JaUsedniamvewuudnaeddagnisiiasuIAIAINNgNAed LazAINIS
goydievaensduungunmaeyszanm
1.3.3.2 WSgusuussdndamasaiuudiass lagldnisiuSeuliisunadnsan

ANNYNABIINTRLAYALIEI Y

1.4 wafiA1ni13zlasuaNN1TINY

WuUd1aed CNN nadugndssudiugigelunisduunlszinnisdszamanilnnieg
LUIMNUTUAY
1.5 deudniianig

1.5.1 9pUsza e (Retina)

I (Y] a I a i o N o [ A
JaUsramen [6] 1uedeizieguinanulureintgnai uasddnyuziluibe

v1efsvihmihiadiouaesunimlnenisuuasiasidudnuntua i dudyanaliii uazdsly

FaanearunuduUsEaaLiveyin1ssusuazuUaran



1.5.2 N1I2LUIMIIUTUAT (Diabetic Retinopathy)
qy I~ ¥ d[ a a L
ANLUITIUTUAT [6] LUUNIEWNTNGBUINNLSALUIMINUTUANINNATLTLAU
;01 = < LY} ¥ = 1 ¥ = &
wmatudengaluiaiuiu warlaadududenudwmalinisivaiouresdonniesluse
Uszamanllarusaluadeuleniuing Jadunalimduasanaslszaimeilasunnudenie
~ ] ~
wazaydonisueaiiululungn
1.5.3 N15538U3LA9EN (Deep Learning)
naseuiiaedn [9] WJunsdiassguuuunisyiauvesssuuwadUssamluaues
Yoy wdnausadndulanfauiuaanisalnaanslamenuemsensanilassieUsyav
a = < a v Y 1 = a ) £ 'y [y 6’5
ey galunisiteuideyaniglulasaingyssainiiiungniundeuriviunaledu uag
Uszananasanudumnauvsenadnsnisnensal
1.5.4 lasseyUszanniieunauligdu (Convolutional Neural Network)
lassngUszamiiigumauligdu [11] Lﬁuiﬂiaszhmligmw,ﬁwgﬂLL‘UWﬁaﬁmmz
o [y a s ~ o v a2 = < ¥
dmsunTiaertazdsznanaineanuniUszinnvayanidugunin saduveyagiuuy 2
v3e 3 1 lnglassairenugiuvedlaseiigdszaimiisuneulagiuiuyseneauluaie
Convolutional Layer, Pooling Layer Wag Fully Connected Layer
1.5.5 n15974un3UA NI UTEAMANNLN1ITIUIMITUTUAT (Diabetic Retinopathy
Classification)
o Ao g < o v
N33 UNFUNAINABUILAIMANNUANMIELUINIUTUANTUNITUIUBY aFUNINTD
UszamalulszaianamenssulunIsiieuiiledniiefuenamanyuzianizvesinglu
o ) I a alld
JUAM LagnIn1stunenidudssianalszdmaiung Lazaauisammninitn1IziuIniu
JUA
1.5.6 wAlA Ensemble Convolutional Neural Network
wAdA Ensemble Convolutional Neural Network [26] iuni1sunuuuinassnil
= P a A ac ~ ' v o ! = o o
nsssuimematansedsn1siuanssiuase 2 suuuudulvayihduundssianguam
MnyatayaRedtu waztmneunlianudasuuudiaesly Vote ieniAlaisuainuyiag

Ju wazidonArgeaadurneuves Ensemble



1.5.7 walla Fusion Convolutional Neural Network
waila Fusion Convolutional Neural Network [25] Wunisuinuaudflunis
afnnnudnuuzianzvesantilnenssu Convolutional Neural Network saust 2 sUnuuduly
isamdeiu wazthlvaiuvuiiasssuuuulninfauaudinisaianudnuazions

vosnanidngnssniveiiulszansamlunsiuundssinnvestoyq
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U

aud’d‘ v

‘VIQ‘Uﬁ LASITUIIYNLNYIVDY

TuunilldnandmguinezeuidefifetestunssuungunmaeUssamaniia
AmBUmTUEEMasusBedn TaefvasBuadeluil

2.1 MBI U

2.2 MsuungUam

2.3 NSRPUTIEN

2.4 lasangUszaminieunouligty

2.5 MadfiUsgdvEamuuudinasd

2.6 MsUszllulsgansnmuuuIIaes

2.7 nuAdeiliieades
2.1 MIZUWMIILTUA (Diabetic Retinopathy)

ANUIMIUTUA1 (Diabetic Retinopathy: DR) Lun11zunsndounismiduiaain

lsaumnu dnasialugvisnivauseduiinaluidenlaldd ag Wilkinson uagane (6]

1%
[y o

nanhmsiiflssduineludonguiusrognauuhlidudendosiindeidsesussam
puAnARnUnAawilugaudeme sudmaliiidensenlussuszannuas fugnads
yledszamaninnisaeniuludian il amgvimudumansautsnusesuain
suussvaslsald 5 sedu Usenoude seusvamnund, nmsuviulureUssamaduin
, MU WLTuIeUTEAMTUIUNA, NaBIMIUT LI sEa Mt UNTN Laza1a
wwnnudhaeUszamluszes ifidudonsenlnl GannuRnunAvesastszamandingn
lseuszamangnyinatsaudilignisagidenisueaiu lnguwuinianissneiniieg
winutunilutiigtudufenisifiadouarinwennslaednyummddidemaguintu

2.2 m33mungunn (Image Classification)

N1597uuNFUNIN (Image Classification) Wuni1sdangunisdseinnliifiuguninae
ﬂizmumiﬁauﬁﬁﬁﬂ%a Judrunisluavnenfiunesiviad (Computer Vision) [7] g
Junsihdeyagunmuvinisainnudnuaefiviy (Feature) vosingniglugunim iy uas
3 1duveu wazaulds Tnspudnuasfitawinanazgnlilunisiiouiveauudiasaile
nluvinnsduungunim tnsdunisduunlieglulszinn (Class) Adnudnvaziiay
Tndidesiu Snvisdiinidonarsauimadiamssuungunmaussgndldsutumansam

aa o

15A uagliadunnziumuiunanguamaedsyaman Wy Wu uazaue [8] laueisnis



‘-5’1LL‘LJﬂﬂ”l’J%LUWﬁﬁﬂuﬁumﬁﬁﬂgﬂﬂ’l‘v\l’ﬂE]‘Uiza’lﬁflmﬁ?gﬂlﬁumiﬁ’lLLUﬂ@WNi%ﬁUﬂ’J’]@JEULLiW@Q
lsarigan1Unenssy VGG19, Resnet50 wag InceptionV3 lagyinnisiseuisiuiumaina
Migration Learning g‘iJLL‘U‘U Feature-based Transfer Learning %QLﬂumiﬁﬁayjaLﬁmﬁﬁmi
Boududr smihdudeyaiiniouiinisBeudln Wedielisendanalunisfoudves
LuUs1asndentiald Keras' Built-in Pre-training Model lun1susuusanisidmesos
wuudrasafieanunsafaszansammsiaugeaavesuuudiastesnunle uagldiingly
\nAiA Data Augmentation Taun Flipping, Cropping, Rotation, Contrast, Chromatic
Aberration wag Brightness Litellas1uau LLazﬁamaqumWLﬁmmﬁw’?ﬁ%ﬁaaﬁuﬂmﬁm
Yy Overfitting FI9INNANITNARBINUNIIHUUTIAD InceptionV/3 ﬁlﬁmiﬁaui 300
Epoch l9$usnsanugniesgsgaiiesas 61
2.3 n158u\Aiean (Deep Learning)

N13158U3L98n (Deep Learning) Lﬂuawmﬁwaqmiﬁ&mﬁmmLﬂ%ﬁﬂi (Machine
Learning) uwazday ay1UseAug (Artificial Intelligence) §9gnna1afialag Smola uas

=

Vishwanathan [9] n193sufidednifuauausolunisléndnnisanfensendnnis
‘LlﬁzimaNaLLUUE‘!EJ%JW%NSJHHET‘%&L'%Elﬂ’jﬂiﬂiﬂslhaﬂizm‘i/ll,ﬁﬂm (Artificial Neural Network) @9
gnatdulnsnnissuulasstedssamifennvinisdoutusuiunansdundouis
Soudtoualaenmsimadoyadmivnatouivesuusaendudiluluduvesiusudeya
(Input Layer) Lﬁaﬁaﬁia%’ayﬂawﬂszmaNaﬁ%u’ueziau (Hidden Layer) WagUl@UsNaansves
nsUsTananafidusansa (Output Layer) delulassadrwvedlaswiadssamiiousening
Input Layer ag Output Layer Usznaulusetuswauannidesanlundazduduazaqe
Wiaszdvsnnweauuudiaediiansansaduvteduunyssiandeyaldgndeausiuginn
B9 uaznaiFousteyavesuuusians [10] anunsoudssentdilu 3 Ussiny Tdud ns
Sousuuuiiginaau (Supervised Learning) n1si3euiuuvlifiginasy (Unsupervised
Learning) LLazmiﬁﬂuiLwUﬁaﬁﬁaau (Semi Supervised Learning) InelAssU18Usza
Wengnunauelivainualtg Jukuy 1wy lassinguszamiieunsuligdu (Convolutional
Neural Network: CNN) [11] Ia5a91eUszanifieuuuuiunau (Recurrent Neural Network:
RNN) [12] uazlasadnguszammisuuuumasuligdudeundu (Recurrent Convolutional
Neural Network: RCNN) [13] i udfu @slassairavesinssiieuszaimiionazuanas

AMNUsENaUN 2.1



2 7
/_/ Input Layar . Hidden Layer Ol Output Layar

\\. -

7WUsenauil 2.1 lasiaselasetegyseaimiies [14]

2.4 Tasevnguszamiieunaulagdu (Convolutional Neural Network)
Tnsstneuszamidisuneulagdu (Convolutional Neural Network: CNN) 1umilslunns
BouiiBsdnuuuiiffinasu (Supervised Leaming) Fgniluuszgndldfiuetnaunsvats 51y
udsnsuszgndldfunisussnanagunm uay CNN duflyadudunnainauidediuns
Fuungunmidnusues LeCun wagame [11] 1unisuszinanadeyaiifuidunuuy 3 44
fifinnuning aamena wazaawdn Tasly ONN Suflnuantilunisadaniodnuen
Audnvazfitavyesdoyavieguniw wieufudwunussiamvesteyald uaylnssareily
93 CNN 9zuandfanmUszneud 2.2
—— CLASSO

— CLASS1
—— CLASS2

[] [] — cussn

INPUT CONVOLUTION POOLING FLATTEN FULLY SOFTMAX
CONNECTED

nmisgnevi 2.2 lnseasnlassgUssarmieunouligyu

INAMUTENBUN 2.2 nanslmiuinlassasiawes CNN Usznaulusiey 3 dundnlaeil

nuazdunInalul

2.4.1 Fumsuligdu (Convolutional Layer) viwiihilumsmeauanvugfivauasgunm
viongudeyanianvaurlndideiu lngldisn1saenuming (Dot Matrix) Tun1sAuia

drudaguaszunin uarlddinses (Fitter) nsairasiua (Kemel) iearnaudnuwuyiiiay
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(Feature Extraction) 88n1131n3UN N Fanaanslaaggnisenin Feature Map $79619013

Aol TUILRARIRININUITENOUN 2.3 wazanunsarwinilaanaunis (1)

h w
(1 * K)xy — z z Kij *lyyi—1,y+j-1 (1)

i=1j=1
Tng
I Aengudeyaniudiin
K fefnsemiseinaiiua
=l
h fenuas

W A9AUnIg

0 1/1|1,0,0/0 -

0oo0f1|1/1,0]0 — rals]aa
000[1, 1,10 110/1 412]4)3]3]
ojo/o[tft]olo~*_of1]o = [xf2]3][4]1
00/1/1/00 0" 101 1[3[3]1]1
01/1 0000 1313]1[1]0
1{1 00 0 00

I K [*K
Jayasuin fansed NAANS

NMUsznaud 2.3 fa0e19n131AeulgT [15]

242 %uwjaa\‘i (Pooling Layer) vmrlunisanvuin (Down Sampling) ¥®4 Feature
Map @eflet1aneoa1n Convolutional Layer Lot nwuinves Feature Map fivinnnsaria
90n1137n Convolutional Layer Huunavestoyalg) dwalvinisuszaianaaidalaiinig
wisgesgunmiaglindnng Sliding Windows Fsazifunisiniivesdeyaidaiiufives
sUnmuvhmsuseeniduiiuiiges Tnsanlvgudaiindenldilsifurigean (Max Pooling)
Tunsdnwnalemanfiuinfiaavewusasituigostiioadadu Feature Map nsififlvunidn
a3 I mUsEneuil 2.4 wandifuiaeluiufisesdiuusnusznaudeduan 12, 20, 8,
12 faiuFadenduaviifidngegaiie 20 snfiansanieairadu Feature Map Tuid Feiaogng

JURBUNITN Max Pooling azuansfsnInysznaui 2.4
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MAX POOLING

=

230

>

NmUsEnavil 2.4 Tumeun13v Max Pooling [15]

2.4.3 funsidenlesuuvanysal (Fully Connected Layer) azaglutugniingvos
ao1Ununssu CNN Imw‘fmﬁﬂﬁﬁlumil,l,ﬂaﬁaga Feature Map 2 8@ 21n Pooling Layer 14
Ju Feature Map 1 §if aneluduillaeSennssuaun1siian Flatten douazinluvinig
doulsiuszing Feature Map wawsu Output wuUaNysal mﬂﬁ”’u%gﬂﬁwialmﬁaﬁmm
yengnsaimdnouluilsi®u Softmax Swhegndlasiadrwestunsidenleuuuauysal

LLARIAININUTLNDUN 2.5

Fully Connected Layer Softmax

— (Class 1
Flatten

— Class 2

nmisgnaui 2.5 laseasiavestunindesleauuvanysal [15]

a v

laglun193delinisirantdnenssy CNN ingslunisiduiediuunguninae
Uszamafiin1isiumuduniduiu 5 suuuu laun ResNet50, ResNet50V2, Xception,

IncetionV3 way DenseNet121 lngiisieazidunnasalUll
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2.4.4 ResNet50 way ResNet50V2 gniunauslag He wavaug [16] [17] Tud 2015 uay
2016 mudsu dsluaniinenssy ResNet Sufinisunausnisld Residual Block Tnefu
msthiomadnsvestuiountiunufunadndvosduiiviinisszananasy iloannisiin
Ugyn1 Vanishing Gradient lesarnniely Residual Block a5l Skip Connection die
F1879A1 Gradient ntunauntuldiitetisananlunisideurefureusasty deas
awnsnannanlunsiunnasiaeitusyansnmvedunsinauresandnenssutiudmaia
Snwalu Fully Connected Layer finsuunaila Global Average Wnunldsaugae Savile
a01nens5u ResNet finnudnuinds 50 41 wazly ResNet50v2 Tiin1sudlaludiuves
Residual Block LﬁaLLﬁlﬁu%ﬁmwmﬂumiL‘%'auimaqamﬂmﬂiius‘z’fﬂumsl,t,ﬁ'lsmf’ummm an
foRanarnlunisSouivesuuuiiaedlddosar 2 uarlasaireiugiuesaniinenssy

ResNet50 9gandnanInusenaui 2.6

dense_block
(6 x conv_block)

dense_block
(12 x conv_block)

dense_block
(24 x conv_block)

dense_block
(16 x conv_block)

AveragePool

2IUsEnaUi 2.6 1as9ai1e ResNet50 [18]

2.4.5 Xception gnAndulay Francois Chollet [19] Tul 2017 Tneidunisimwiuiain
an1dnenssu Inception d3ludiuusznouvesaniilnenssu Xception fin1sld Depthwise
Separable Convolutional Layer &% u# Convolutional Layer  n Wednasld Skip
Connection 1ulfignfuanidnenssu ResNet iieansiuiuremisniined uagszeznaly
nsfannSeutisresnatlunsdeusefuveudazduaniosa é’aamaf‘jwamswmaaq
Uszdngnimnisvinanuresanidnenssy Xception vugataya ImageNet WuindignsIAy
gndfesiazamimInnitantinenssu Inception Inslassadrsitugiuresanidnenssu

Xception FUAAIAININUIZNDUN 2.7



13

- T3g S8Y |88y g§8% |gsY S§pE |Sod
3 sceR |dei |=-5 [eae J8Se |G |S58
=== S5 S s z 5 = i
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2MUsEnauil 2.7 Ineass Xception [20]

2.4.6 InceptionV3 gnunauslag Szegedy wazany [21] 1ud 2016 Falunisimuiun
nan1Unenssy InceptionV1l wag InceptionV2 141 wWiIAAMENUB InceptionV3 aiiuly
Ansliluudasslidnuiunsfimesantesaauseansninlunisyinaudenany delu

InceptionV3 lafinsanvuinvemsiiuadiniunisaiagudnyuefilavainyadoyaiive

9

[
v o

namdssdyninovindiiiniuly Inception JuLAy Bnviedaldizuendivseney
(Factorization) 484 Convolutional Layer wisliflvuinidnas fegradu anduauinves
wasiuanigly Convolutional Layer iwunn 5 x 5 Pixels gnusulvianaamndowios 3 x 3
Pixels wazlu Pooling Layer 9niiutaasiuaiivwin 3 x 3 Pixels gnusulvianaamie 2 x 2
Pixels Fan1sanvuinvedaediuavzylisiuauvemsiwes wasnatlunisiuinana

lnglasasnesnuguvesandnenssy InceptionV3 agianananinusznaui 2.8

g N lz
e} © © §

& o B o (,391 8 s 9

> B . 3 - B = > 3

= a = a Z a S E o

— % g —3 x S —x ~ S=g—.

3 2 @ e 2 8 &
~ 5 © @ £ a g o 2 o g g @ - =
1 o s lle 5| le 5 [8 5(|2¢ 5 2 & 8 ¢
800 2ogl g8 g E|8 g g f|Ada gl o8 8 E
= « |5 @l 5 ©| 5| = § |l § = = o ©
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2mUsEnaudl 2.8 Inseasns InceptionV3 [22]

2.4.7 DenseNet121 gniauelng Huang wazane [23] 1wl 2017 Wuandnenssund
wwIRRN1INanUnenssu ResNet wiludiuves Residual Block tuldgniuaswdu Dense
Block Fnelufimnugudauninuinnii iesaindnisld Skip Connection M1ten Feature

Map lutiunountin Concatenate fiu Feature Map Tutuilagtunsuazdsluidy Input ves
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Fuiinly 31nn1snaaeIuuyateya ImageNet wulnan1lngnssyu DenseNet 31U
wsdweideunitaniUnenssy ResNet uilvignsianugnaesiauglunisduwundseian
Y9370agINI1 Falaseadranugiuvesan1lnenssy DenseNet121 euandian1mUsEnaun

29

i

Convolution ~ #m Concat
== AvgPool @m Dropout
mn MaxPool @B Fully connected

W Softmax

DIMUsERauil 2.9 1as9a$29 DenseNet121 [23]
2.5 MsNUsEaNS MNLUUS1a09
2.5.1 wAtA Data Augmentation

[
a

N1558U3V8 CNN d1m5Un1533 e IuunsUnN Ny Ussansninveanuudnaeasuegiv

(%
1 Y/ £

gadayagunmdigniluidinszuiunsidn Aniudidudeddyadoyaruinlngnioumad

o

¥
= o )

sUnmiliyuuesnainuatedfiienanidesnisiiniymn Overfitting fnewaidsfinngy
wmaila Data Augmentation WnundslunisiindiuiuvesyadeyaiiviluvinisiSous
wuusans Ineluns3seiléld Data Augmentation dm5UN1539100UUUTIABIAIUNIS
\n3esile Augmentor fithuauslag Bloice wazane [24] Tnefinsdauvasgunmlinaneidy
sunmlndlvdanulndidesduguamsuadu wasnisdawUasguninaiuisavilavany
JULUU 19U Rotation, Flip wag Zoom Tneilswasdondaoli

Rotation tJun1sthgunmuinisvyuguamauesmdiviinisinualilag

#188139M1371 Data Augmentation JULUU Rotation aglanssian1nusznaun 2.10

;a'Umwﬁ'uaﬁ'u Data Augmentation JULUU Rotation

NmUsgnaud 2.10 n15%1 Data Augmentation JULUY Rotation
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Flips {un1swansunmasiinismanlunuadis (Horizontal Flip) waguuruey
(Vertical Flip) 1ng6798139n159%11 Data Augmentation §UWuU Horizontal Flip k@ Vertical

Flip azuanssaninusznaui 2.11

.

gimeﬁuaﬁ'U Data Augmentation Data Augmentation

§UuUU Horizontal Flip 3UlUU Vertical Flip

NmUsEneuii 2.11 M3 Data Augmentation 3UlUY Horizontal Flip ta Vertical Flip

Zoom L‘ﬁumisu&J’]sgﬂmwmmwwauwﬁﬁmumﬁ Inef19819115911 Data

Augmentation SULUU Zoom wUaAIRININUTENBUT 2.12

\
.
-
K K 3

EUnﬂwﬁuaﬁ’U Data Augmentation JUWUU Zoom

DMUsEneui 2.12 7597 Data Augmentation JUKUY Zoom
2.5.2 wAila Fusion Convolutional Neural Network

Fusion Convolutional Neural Network #3® Fusion CNN [25] 1Jun15u1te1
anautRlumsafnaudnvuzamzresanidnenssy CNN funndisiudaud 2 EULLUU?TuIU
LI R )] mﬂﬁ?uﬁ'ﬂﬂL%amaﬁ’unﬂ%umdu Fully Connected Layer Litoa3nadu
wuudrassguuuulviifinuant@lunsatngudnvuzianizvean CNN wazlunisi
Fusion CNN azUsznaude 2 nsvuiuns lnefineasdendaeluil

1) denaandnenssa CNN Aumnsnsiulaedisnsanugnaeslunisduunyssian
foyaaslunimaaouuuyadoyaifeafudiue 2 sUuuy Tuluidierhnisdauenaaudily
AsafnAuEnYAIlaNnIzYes CNN uiagsULuuduionin Feature Map 1191013
Concatenated tiloa¥1aiilu Feature Map sUnvulmifisinguandt@venn CNN 1014

sefuinvinnsasluuszananalutudall
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2) 11 Feature Map usuulnsidely 33 Batch Normalization (BN), Rectified
Linear Units (ReLU) wa# Dropout anuddy daynduluaniilmenssuazgnideuseidnderi
wuuanysailu Fully Connected Layer wagldflanidu Softmax TunsUssananalfienensel
AINBUVDINITIUNUTEIANTBYA TnlATeas199839n15W1 Fusion CNN A8 UaAIRY

AwUseneud 2.13

I
2 CNNs P
A (7] Softmax
~ ) concat (——— i
\‘4'
W | R
B = =— BN
‘ / | ReLU
J Dropout Fully Connected

NUsenauil 2.13 lpseasay Fusion Convolution Neural Network

2.5.3 wmAilA Ensemble Convolutional Neural Network

Ensemble Convolutional Neural Network %38 Ensemble CNN [26] 1Hun151in
wuudians CNN AldunsiSeuiaindeyayaieaiudiuau 2 CNN Tuvinsnensaidesya
delwldannuesfuveusasuuusiass wazdhmmnuiesluvesis 2 wuusaesly
virlun1s Vote %30 mMsmuiaumAadsvesmney ilelilddnauigndeuindian 3
IIUNIINTBUIUNIS Average Voting [27][28] Ima%tﬁ‘]umslﬁmnmgﬂé’aqLLajué’ﬂumi
FIUNUTLLANVDILUUTI899 CNN 1nelas3a319999n719%1 Ensemble CNN 92 ULaRIA4
AUsENaufl 2.14 uazn13Yi Average Voting Huanansavinliauvugaaimin (Weighted

Average) way ldasimiln (Unweighted Average) lneilsuazidansail

1) Weighted Average Tuwallaflaziinismuunartivtnussnisidinesluus
azhuuTaeueIAtninivuizaunae nglunismruarumdnduioiunsiuiu

AINAMINAU 1 FeaunsaruIlafsaunsh (2)
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n
Z ay (2)
i=1

a feAniminiigaudniunnnesvemadnsvesniuinaiy

3|P—‘

ne

- I o o QAI ) o
(y) ey M ABIUIUVBILUUINADINUINININIT Ensemble

2) Unweighted Average luwmailailazyinnsiiuadwsueuaazuuuinao s
[ o P 1 = 1 [ 1 A aAa A < o
msAnnaienAwasvesruinsdu lneanadeniiawazgnidondudneuves

Fnsemble @9@1u1s0Aulailanaaunisa (3)

n
2.7
i=1

3|P—‘

ne

- Y | | o
Y fennneivesmaansyasnuuiasdureusaziuudiass
N ABINUIUIBILUUINADINUINYIINS Ensemble

S g w ¢ o a ! I A a -
nuuldilsdtuy argmax denainnuinzsduiiagsdianves Y

Y 9

A -
| Ensemble Method
7 = || —
CNNs @ Output
Wi
= -
| / - » | Softmax

mwﬂizznauﬁ 2.14 las9a579 Ensemble Convolutional Neural Network
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2.6 N1IUTLHUUTZANTAINUUUINADY
2.6.1 ABUTITULWUNING (Confusion Matrix)

ABUTTUWNSAD [29] WunisUseilunaansnisyinu1eeaLuUInans lagun
nadnEAlEnuUUTaedlUnnsSsuieuiunednsilunuase warlumsisedidunns
uuntsznnguamesndu 2 rana %’Na’]miaLﬁmmmim”léfﬁqmwﬂszﬂauﬁ 2.15

Aanafivinue

0UszamNUNR | 99UsEaENIIN IR LT LEN
UsEAIMRIUNG TP FN

ARA959 RN LGRLEY Fp i

AIBUIWIIUTUAN

2INYTENaUT 2.15 AaURITULNTNTNITTIMUNKUY 2 AaIF [29]

lng

True Positive (TP) Aadniivhuneingie wasdoyaiiuduais
True Negative (TN) Aornfivhungdnade ustoyathuduiia
False Positive (FP) Alanenilvhunginidia wasdoyadududia

'
a o

False Negative (FN) flaA1vinuneiniia undeyatiuiduais

2.6.2 A1AIQNABY (Accuracy)

mi"’g’m'}mmgmﬁmLﬂumﬁmmmmgﬂﬁaﬂmmamamumﬁ’wam FIANUITONN
1A1191NASNEINTAININUA U LLUUf\i’mmmmmﬁmwgﬂﬁﬂ%’q wazyinn1sAnenuduAN

fovay lnganunsamuinmAinugnaedlanNaunisn (4)

TP+TN
Accuracy = x 100 (4)
TP+FP+TN+FN
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v A v

2.7 ywideiiieates
Tudikusnfiinidenaneeulfinaussideilinaiansidrsunmidmgagiunis
dnnsadlseludasiudmiunmsuenseduamiusuussesamsumudunddunssuiunis
ﬁiziéfaamumﬁﬁaﬁamﬂ%’ﬂﬂgLLW%ﬁm&mqamaiﬁmsé’mmaﬂiﬂLfluiﬂé"saﬂmmmﬁ’;uaz
p1vaAMIaAsnseaiutesthe TN TEuTR NN BNdY
ndymitldnannin Hattiya waganiy [30] ldhiauansduunanisummuduman
gﬂm‘waa‘uszmwmﬁwﬁmﬁmmm CNN 7 gUuuu lawn AlexNet, ResNet50,

DenseNet201, InceptionV3, MobileNet, MnasNet waz NASNetMobile %Qlﬁﬁﬁmiwmaaq

£ I

fugadoyaiimeunsuwivled Kagsle 91uau 23,513 JUnm neguainaeuszaimmilagn
wuseandugunmasyszamanund LLazgﬂmwaaﬂszmwmﬁﬁmwmemsﬁum Felunns
yaapdludiuusniuinimaassandfivngaudmiumssiuunsunimandtd 5 suiuy
Loun RGB, grayscale, HSV, L*a*b wag YCbCr annan1snaasanuinluyateyaiuuaid
RGB firmnugndoswiudunniignismunzdmiunsiioudiiieaiiauusiassdmiunis
uungunmasyszaman dudenndunisveastasiuiouiisuyseansninnisdiwun
vasan1Unenssy CNN lagldyadayaiiiediu wagarnuanisnaassnuinaaldaenssy
AlexNet T8nsanugniesgeaniiiesas 81.42

Burewar WagAniy [31] TaUaKUUTIAaNIUNTTIMUN AT USSR
AruuuswadlsnngUn I Uszanm dlasadosuusiaesiiiiaustuunisin
anantAves U-Net 11Uszgndlfifetimaiin Segmentation aimsasiadureuwsmse
sufvosmanmdenneluasuszaman antutwadwsitlddsioluiieliuuusians CNN
¢339 Benrsvimadia Segmentation Wransaldlunsduuniurisfiunudnuasy
fumwiolfuuuhassddeyadmunsdifiuinniu wardmaliuuusiaosiiussansamly
n1s3suUnUsTIlagnaasutiug) snvisluntsneaedddinisldmaia Data Augmentation
19w Translation, Stretching, Rotation, Flipping Way Color Augmentation 19111598 Tu
ms3oufifleifinadnumainnateludiuiidvessuninuaziiondnideanisiintgm
Overfitting IMANANITNAGBINUIINITYINATIA Segmentation LTl szananatiuly
dannugndesgegeiienas 93.64

Sudarmadiji wagamz [32] Unan1tdnenssy VGG N1WaIu1SINAY Genetics Algorithm
4% Genetic Algorithm Search Optimization nvisiin1suuussamsfimestdnunyeay
dielilduuusiaesiianansaduunaziummutunmieutusuunldmusziunugunss

vaslsalagdimugnaoaudugngs uarlulassairvesanrdnenssuiimuintgluusag
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Convolutional Block tuazdsznaulude Convolutional Layer fifluunaunnsinefud il
fiusgAnsainlunissuunldfinds V66 uuuduiu ilenaaevuuyadaya Messidor wag
Kaggle ?z’fwisﬂaué”;agﬂmwaaﬂismwmﬁﬂmu 89,902 gUnn wuIUUTIAedivihnig
VU liidnsnnugndesmiugiifosay 99.66 Gu1nnin VegNet-s idns1Am
gn¥fesiisona 96

Thota uazAMY [33] LALBMITUUNANILUILTUANAINTERUANLTULTIRsTIAR S
LUUTIa0 VGG16 Aldiinsusuussamisiinesliminzandmiunsduungunmae
Uszaimni laglin19019uAAT Learning Rate = 0.001, Optimization = ADAM, Loss
function = Categorical Cross Entropy lag Batch Size = 100 aﬂﬁgdﬁmﬂ“é’fmﬂﬁﬂ Data
Augmentation ‘MmEJgULLU‘U lAuA Rotation ﬁﬁmumﬁwzmsmwﬂu 0 - 360, Flipping,
Changing Brightness, Contrast, Hue W& Saturation Levels mﬂmamswmaawum%’aga
EyePACS NUTLUUTIa0 VGG16 fignuiuudsamisfimeslimunsantugndeyatiu
annsalidnsnnugndeddunissinunnnsivminuiunimuseduausuesslsnain
gﬂmwaaﬂizmwmﬁ%@aag 74

Wan waganiy [34] ¥n1sduunUssiananisiumuiunainguamasyssamailag
14 CNN 9] AlexNet, VegNet, GoogleNet waz ResNet @9iin15ldinadia 5 Cross
Validation tieutsyadeyadmiunismnass uazHadnsIMaasnsT L Ussnvludy
wsnlinadnsAfisnaaugniesddaiinisldinada Transfer Leaming ilodaelunisiiia
Usgansnmlunissuunussinnveanuudiass lduA iinseunisBouiiuvressiassdiuiy
30 58U wagnmuali Optimization WWudaneS#u Stochastic Gradient Descent (SGD)
w¥onriiinsnaassudus Learning Rate Tuse1319%33 0.0001 - 0.1 fienefimunzay
figpmesusiazannenssy annanismaaesnuin VegNet-s iunuudassidamnuusiugily
miaﬁLLumJizmmgﬂmwaaﬂizamﬁﬁﬂnzwmmuﬁumlﬁqqq@ aildnanuusiugnnn
fafeuay 95.68

Deepa wagAMY [35] 1AUEIENITTILUNTEAUAINLTULTITOINTILLUMILT UATAN
sunmeeUsEamauuusaludinig CNN Tun1sneaesladenldanidnenssy Inceptionv3
uag Xception Liip¥i1N153913UnMaIBUTEAMATaNNA 2,290 UnW Bnviadinsufu
Asdmeslivanrautunuudasdiasfmundidsil Batch Size = 64, Momentum =
0.9, Optimizers = SGD Wway Adagrad Wag Learning Rate = 0.01 WlovinsiFouduazsan

sUMNEIRUUTIRRN AN 2 JUwu LUdnsyuIunis Ensemble CNN wagldantanis
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WYINTARIYID Majority Voting LazaINAIINAABINUINITIIN Ensemble CNN Tgnsiau
gndpidiuglunsIunlsziangunmasyseamanannieiesar 95

Li uagany [36] Wauen1sduunlseinnsening suamaedszamaiuni uagae
Uszammiidamziummuiumdeantinenssa CNN fuansnaiu 5 sULUY Bsusznouly
A28 VGG16, ResNet18, GoogleNet, DenseNet121, wag SE-BN-Inception Tnglunisneass
laldsunmaedszamailun1inaaesdiuiu 13,673 sUan wagldsiuduwmaia Data
Augmentation 1@ un Translation, Stretching, Rotation, Flipping, L & ¢ Color
Augmentation vl 8 andley 1 Overfitting 911 N15NAaBINUI1 SE-BN-Inception &
UsgansamlunisduunUssangunmasyssamniiiiniag wimudungsge lagli
danAngndesifesas 54.18

Sharifrazi wazAg [37] Wnauanisidmaiia Fusion lnglunisnaasuduniss
AuauURvesaa1nenssy CNN wazinaila Support Vector Machine (SVM) Wdhefuiie
afraduanndnenssu 20-ONN wuulmsi ieasiavnidie COVID-19 a1namdndisd Tng
At Fully Connected Layer lévinasiiudlefdu Sig-moid Activation was SVM iiie
Suunmmdndisgueniiiiale COVID-19 Bnviaiinsld Sobel Filter Ltornuaduniogunss
vosUannsuinlulszmnananigluluudiass wazdnisldivaiia Data Augmentation laun
Shift, Rotation ta¥ Changing Brightness L‘ﬁaLﬁmﬁwuaumawwﬁagaﬁm%’umiﬁauiﬁuaﬂ
LUUTIa03399nLAN 333 3Ua1m Wiy 1,332 JUA M LaZIINNANITNAABINUTN
wuuTaesfitiiauoamisansIamgiie CoVD-19 ldegregndesusiug Tasfidnsiaa
gnAesgedisegay 99.02

Yazhini kag Loganathan [38] Ut@usikuuanaad FM-GLCM-VGG19 dmsuni1sanuun
UssangUnmaeyszamaiiinnguniuliumaussduausuismedse Tagldnada
Fusion Model Faidunissantenquandinisafnqudnuuziavainguninveanais
anrlnenssusiudndefuiioairaduantnenssuguuvuln waglunsmaasslddennns
aﬁ’mﬂmé’ﬂwmzﬁLﬂwaqmﬂﬁﬂmﬁLm'wﬁt,%qﬁuﬁaé’awé’ﬂﬂmw'%ﬂsz?izﬁum (Gray-Level
Co-occurrence Matrix: GLCM) LagnsanaAanyusilAwlasdn1dnenssy VGG19 uay
faaslifladdu Softmax lumsuszananaliieduunUszLANTBIFUAH 2INN1TMAABIVUTYA
Foyaaniiulus Kaggle wuinwuusiass FM-GLCM-VGG19 Trignsanugndeausiugriiies
ag 71.30

Rehman waganly [39] ﬁﬁLauam%qzﬁﬁﬂumimwmm:wmem%ummagijmma

Usramawuusnlud@ tnslunisneaesladenldanilnenssy NN Alatinsiseudunneu
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WE29u9L 3 JULUU LAun AlexNet, VGG-16 kaw SqueezeNet 3nvialduiaue
an1fnenssy CNN W 5 Juilviinisufuussienuies Ssusenaudis Convolutional
Layer §1u2u 2 94 uaz Fully Connected Layer $1uau 3 9 Ineiisieazidondaiinieludu
usnimuslfiaefuafiouinfiunnsaiuionua 4 gun dmsuldlunmsananadnuuiivay
vosteya wazdslianvuinves Convolutional Layer tleanszoziailunisduial uaxly
Fugouléviinsrunadnivonassiuatis 4 sUnuuiddety Fafieuldindu Pooling
Layer bae 3 %UQQﬁWS%BQﬁﬂWﬂWSﬂiim 5 %u Wudauves Fully Connected Layer lagdl
$1uauiazea 100, 50 waz 10 Muddy Fsmsimundivesandnenssufenanasnge
wanidesnsiiadamn Overfitting 1¢ 91nsansmeassuugadoyaifientu nuituusiass
sUMU 5 Fu Tnadwsinfiarlnefisnsiaila (Sensitivity) unfisesas 98.94 Fafunista
ANa1RnsANlilun1snsmuamasyszaman wasddignsanugnaeswinisdos
Ay 98.15

Shanthi uazaaz [40] Usudgdlassainavesaniinenssy Alexnet tileUszgndldlunis
M5PUUNUTENNTEUTEAMATIIA LML uazkenAILTEiuALTULIIDdlsA
9nsUnmandszaman ddlunisuiuusilassaiisvesanidnenssy Alexnet tuludunou
usnlsudsurundunnvesguninliivdefios 259 x 259 Pixels ileliaonadafiuniiy
19 Pags wazdesdanutes fuansisaudnvesgunmasysyaman wadnduastunou
niaggniagnawaadunagadsanaideinginueanueauazanun e sl
Convolutional Layer 18Ty §u Rectified Linear Unit (RELU) 14 Negative Activations
ey 0 uaz Pooling Layer agvnissumadnslumsmuasimundideflagvunn
ﬁuaqmaé’wéwgﬂaﬂaammﬁﬁmL%qﬁuuﬁ wazlu Fully Connected Layer snfududmdunis
FuunUszanvesteya Tagazvhnsidendineuiigndesanuadndvesniuuiazifugegn
LAIINKANIITNARBIINYATOYA Messidor wuirlun1sduunlelszama1uni uazae
Uszamadifinmsuvmutiumssesd 3 ﬁé’mﬂmmgﬂﬁaaqﬂqmﬁ%aaz 96.6

Kassani bavauy [41] USuussaardnenssu Xception dmsunisdtiundssinnuag
SEAUANTULTITEIN UL FedinmsuTudgdlassadslutuuuanlaenadiuns
Stacking High-Level %mmé’ﬂwmmawwmﬂ%u Intermediate CNN wazlu Convolutional
Layer LLUUL@M%QﬂLmuﬁ@f’JH Depthwise Separable Convolution Layer lagazaiuan
svezan wazmnududeulunisAiuias 8nvalu Pooling Layer finsideuldldinadia Min
Pooling dusutiglunisaninauanyusfivewuesteya kagUsuusaUseansainuesnis

uunnuaang sudulselededrannlunisilidssgndldlunsidadelsauuuisealny
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lagHaN1INARBIUNYAYaLA APTOS 2019 %aﬂszﬂaué’a&Jgﬂmmaﬂizammﬁmu 3,662
sUam nuirantnenssu Xception AlFFuMsUSUUTIE S RTALgndeusiuglunsg
FuunvUszangunmasUszameniifesay 83.09 wazaniilnenssu Xception Jusaiuls
daenugnaesifesar 79.95 Faaziiuliin Xception AldFunsUFuUTdIEns AN
gndesusiugunnniuuuRaAunisiosas 3.50 dedodiideddy

Gangwar wagAae [42] UauoaniUnenssy Novel Hybrid Inception-ResNet-v2
dmsuldlunsasadunnzsumniuiunangunmasyszamni Tasluannonssud
viaueldinisuivusslassaidmidsaunsantsesnidu 2 daundn wagludiuusnidu
1A598579999 InceptionResNetV2 dqufiaeadu Custom Convolutional Block Tne
Taseadranielu Custom Block azUsznaulusie Convolutional Layer $1uau 4 du dalu
uiaztuazdivuinveneofiuaunnsisiu Tunsdeusetuvasusagdutuasdinigld Batch
Normalization WAz Dropout 9ntuiin1533 (Concatenated) adwsitléannyndu wagyin
nsuladdifunadnduuu 1 37lu Pooling Layer #rewmadin Max Pooling a1ntusingld
Usvananasielu Fully Connected Layer w¥ouvanennsalfmoudaeilaidu Softmax uas
IINNANITNARDIVUYATDYS Messidor-1 wag APTOS 2019 Blindness Detection #Wu3nlu
gnTIANUgNABIMiugINnDTeay 72.33 Wag 82.18 anuddu

Mateen wagany [43] Ynaus CNN wsuiindmsun1snsiam wazduununinas
Uszamanfidinnazismiuiunm lunisvesedlfidenanidaenssy InceptionV3, Resnet50
LAz VGG19 3iloviingzuIunng Feature Fusion 1138 Fusion CNN 1ila99ndesnissas
anautifvasusay CNN e fuiefisszavsnmlunssuunguam Tagludunounis
wisuteyatiufinnsiumaie Gaussian mixture Wransadielilunisidondunisosas
Uszamaiiinmziumuiun Wy dudesteslussdsramaifanisuaamvieunn [u
fiu Aeuthluvhnisatnamudnsuzanzrossuaimdas CNN v 3 sUuuy 9ntutiuadwsi
lonanusiag CNN sad1sieiulu Fully Connected Layer uagduundsstanguninae
UszammfifiansiuvudumuazguamaeUssamaunidaeiladiu Softmax a1nnants
nAaesULYAToxa DIARETDB1 Wuduuudiass CNN AR1uNs¥UILNT Feature Fusion 14
é’mwmmgﬂéfmLL;J"IJETW%@%S 98.91 F9INNIIWUUSIA09 InceptionV3, Resnet50 wag
VG619 dufunuuiasuuuifediilisniinnugniesiidesas 93.57, 97.90 uag 95.50
AEAY

Jinfeng wagamg [44] dnauenisldanidnenssy CNN saudumaiia Ensemble CNN

dMTUN1TNTIIVLAZ A LL‘LlﬂiSEJSﬂ’JWNEULLN“U@ﬂﬂ’]’JgLU’]‘VI’NU%‘UG}W‘G’]ﬂg‘ﬂﬂ’]‘wf\]@ﬂizﬁﬁ‘ﬂ(ﬂ’]
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Tunisnnaesiddonldanidnenssy DenseNet121, ResNet50 waz InceptionV3 tiiald
dmdumsiirgunmimfvyadeyaainiulesd Kagsle Feuszneulusneguasuszamauuy
wananamusyAuALTuLsIvatsn 5 aaa wardisiuauiedu 35,126 sUam wagdlesan
msﬂ,ul,wiazﬂmaﬁ?uﬁai”]uausuaqgﬂmwﬁiﬂam@aﬁu%ﬂﬁmaﬁiamiﬁﬁﬁLLazﬁi’wLLuﬂLﬂuasmmn
iWelvduruvestoyaiinnuangafudslfinigléinada Upsampling 1#uA Rotating,
Augmenting Minority Classes tag Flipping L%mvziwluﬂmﬁwﬁagagﬂnwwlﬁLLGiasﬂaﬂaﬁ
ﬁwuauamaaﬁ’uﬁﬂﬁgaé’wawﬁﬂLﬁﬂ%ﬁﬂﬁfﬂﬂ@%ﬂ Overfitting Waga1NN1TUIULUUTIABY
DenseNet121, ResNet50 Wag InceptionV3 ‘1‘71'1/1°wmi§'ﬁ]°’1§1JmWLLé’amiGﬁ'éwﬁ’mmﬁﬂ
Ensemble CNN nuildasianugndosusiugriifesas 8036 uaz 60.89 vuyadeyaillsl

o =i

aunakazyntayaNaNAafuAINAIRY FIUINNIINTITRUUTIABIMUULALINIENTIAY

Y

gniesuiudnfosas 78.13 uaz 60.80 vuynteyailiaunaiaryntoyanaunaiunINgIfy
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AW/ANTUNISIY

iuuwﬁlé’ﬂdfnﬁamsa"flLLuﬂgUmWf\]anzmmeﬂaLLamaUssammﬁﬁmw
wwnutuanlaglduuusiass CNN fAuansnai 5 JUkUU 1ok ResNet50, ResNet50V2,
Xception, IncetionV3 wag DenseNet121 wieurafiuUseansamlunissiunveduras
WUUTRRY UagnAdauUsEANSAIMVBILUUTINBINIEAITNIAIANNNABY F9lg mun
endunsisuoendu 3 du dil

3.1 gatoyagunmildlunside

3.2 Msaiuuassdmiunsiuunlseiangunmasdseamen

3.3 N15USEUUTLANTATNVDILUUINAD

3.1 yadayazunminldluniside

9 Y

yatoyazunmesyszamaildlunmsidenseuianisuisdnnuguamamumsiteus

9 U

Va

(Train) LAENITNAABDULUUINGDY (Test) 1

Y

JulavN1591989NUIT [30] Ine Hattiya
LAYANY %qmmﬁmaU'ﬁ'swﬁa;ﬂagﬂmwlmmﬂgmmagamﬁﬁmz Kaggle tngldgunindnuau
390 1aA APTOS 2019 Blindness Detection [45], Diabetic Retinopathy Detection [46]
e Diabetic Retinopathy Dataset [47] %ﬂt‘ﬂuﬁﬁ'agagﬂmwuw RGB ﬁLL@iasz%Qmﬁaﬂ
(Crop) wzUsnavealszamaiitu Usznoulusie 2 aana laun seuszamaung
wazaaUsramafiinniziumnuiun IﬂaﬁwLLamé’haéwa%aanm%’agaé’qmwﬂszﬂauﬁ 3.1

— 3.6 AUAINU

nmYsgnaudl 3.1 §196193UnImaYsea1mnIUndenyateya APTOS 2019 Blindness

Detection
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NMUsenavl 3.2 A198193UN M0 UTEA AN 12U IMINTUN 19 INYATRYA APTOS
2019 Blindness Detection

nmUsenaudl 3.3 dree193UnI1ma0UsEaImMnIUnA9IATATeYa Diabetic Retinopathy

Detection

amysenaudl 3.4 #1eg193UnmeUsEa MmN 19012210111 R 1990YA Yoy Diabetic

nmusenauil 3.5 dreeg193UnImaesyaimn1Uniainyadeya Diabetic Retinopathy

Retinopathy Detection

Dataset
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NIMYUsENOUT 3.6 FHI08193UNIMI0YsEaIMNINAN 192U IMINTUNI9INYATeYa Diabetic

Retinopathy Dataset

Tpansuuedaugunndmsu Train uay Test wuudnaeslun1sideiiozuisoeniu
FpUszammUnid 11,447 5Unn waraUseama1nidaniziuImiulum 12,063 sUam
AUV 23,510 suan Tagwug Train 18,808 sUn I way Test 4,702 gUAIN EREY

UAZDYARININUTENDUN 3.7

Train | Test ekl

Uszammauni 9,158 | 2,289 | 11,447

20UTEAMANTTA UL AN 9,650 | 2,413 | 12,063

523 18,808 | 4,702 | 23,510

NMYUsgnaui] 3.7 T1gazidenvesyaveya

3.1.1 msudasruiagunin (Resize Image)

& LA o v =
NILUaIUIAFUNIMTUNITENIDVEIEFUNNAINTUIANNINUA LazYAUDLaN
gnunIn e sideifvuinvesgunmiivg wazliwindu neidedndudosi
nswlasrunavesgunnlinseiuauden1svetuudngaed CNN Nuviinsmaaes Lite
[ = % ° v A 2 v o
Junsanszezianlunisiseusvewuuingsd anvuinvesmsldnuilunisiiuteya wagyi
Tvuavessunnlugadeyanmunegluvuinieiu tnslunsidedlainisisusdas
sunnliregluvunn 299 x 299 Pixels siingua mduwuy JPEG edragaguninaauszam

ANNVIINITIUALULUAIUUINILLARIRINTNUSENOUN 3.8
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4752 pixels

299 pixels

A
v

resize

syexid g91¢
syexid 662

NMYsEnauT] 3.8 A10e19nIsIAEULYAIYLIATUA TN

3.1.2 Mmeiuduyateyamenaia Data Augmentation

¥

lun193delladenldimaiia Data Augmentation TunsfinTIwILYDIYATDYR

Y

4

AMTUNITSEUTVRIMUUTIADY LD IVHTINIY YUNDY WAzdlR YBIFUMMALLINTY BNIaNTs
T udeyadniunsseuiTIwIuIINIY dwaliuseansanlunsduundszinnues
° =~ v a X Y] & a A a . yal
LUUTIa03dANgNABeINgaTu wiownaunsandnidesnisiinleymn Overfitting ladn
e laglun1s3deilidenldmailn Data Augmentation 3 JUwuu wazlunisienldain

ImageDataGenerator Fadulausn3ves Keras lnganunsausuiasugunnldnunisnsei

(%
v A vVa v

Aldauimue wazlunsideliidelmihnsimuselaeiiseazidendialuil

6

1) JUuUY Rotation Jumsuyugunwuuvgulumussmitimun Tnglun1side
ifinstmusesalunsmyufuwuuduiifiafou 0 - 90 aam lelisunmiilidadeuly
Mnsuatumniumudniu §eg19vesnsi Rotation azuansfanmusznoudl 3.9 lng
‘1'71"31] (n) Wugunmsiuatu (1) uaz (A) Lﬁugﬂmwﬁﬁmsﬁw Rotation 91ngun maadszam

AN

(n) (v) (A)

NMUsEnaudl 3.9 §39879773 Rotation 9INFUNINIDYSEF199)
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2) 3Uuuu Flip Wunswinusedadouguninwuugy awnsauusesnidu nsdy
NFUATUKUULLINBY (Horizontal Flip) kag nsgundunukuukuIng (Vertical Flip) log
#10819u84n15¥ Flip azuanaianindsenauil 3.10 lnefigy (n) Wuguamsiuadu (v) 1Wu

sUnmATN1591 Horizontal Flip ke (A) 1uguniniisinissia Vertical Flip 91n3Un1mae

(n) (V) (A)

NUsEnaud 3.10 §299e19013 Flip 3In3UNINRUIET M)

Usgannen

3) 3UlUU Zoom umsvensuisdnlugunmaumuediiivun Taglunisidedl
vinstmunveualunisveesuamdunuuduitfidndaud o - 0.2 iieliguniwlal
avdeulvannduatuuinifunudndu laedieg19909n115 Zoom FUNIMNILUARIAT
AmUsEneudl 3.11 Imﬁg‘d (n) Wugunmsduadu () uay (a) Lﬁugﬂmwﬁﬁms Zoom 97

U waeUszaInnn

(n) (@) (@)

nNMYUsgnaui] 3.11 #20879%09715 Zoom 9INFUNINIDYTYAINM]

3.2 M13E3uUUTIaRsE s UM TTIRUNUsEIN UATWRa USRI MAN

Az IneYeInI e lfonsAnyIUTsuisulsEAniamlunssuunUssnnues
wuudaes CNN fusnsraify Tnglunsideidldidonldaninenssy CNN $1uau 5 Uuuy
laun ResNet50, ResNet50V2, Xception, IncetionV3 war DenseNet121 @ usunisiseus

Wiaddgunmaedseavan Fenseurunistunmsaianuuinaeaviiseasidennwelull

Y
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3.2.1 YsuAlaweswisndiwes (Fine-tuning Hyperparameter)

Fine-tuning Hyperparameter dusulasstngdsvaimiisunauligduiuasyinli
WaAdugnaoskiugaidnluni1sTruunyUsgnn na19Aon159 Fine-tuning
Hyperparameter TnunzaudnsuLsazLuuT1a99gaN1saAUsEaNS AMn1TvIUly
NsTMUNUTENVVBILUUTIARIRaNIN nasanddlun1sideiilavinn1susu Optimization uae
Learning Rate lawilsisazidunnsnaluil

1) Fine-tuning Hyperparameter Optimization

Tunsidedilsidenlddanasiiu Optimization 913U 5 JULUY Fsil
1.1) Stochastic Gradient Descent (SGD)
oY) ac ay Yo A o v o 1 =
SGD udanesfiuiliausalddnnisnseduundeyanivunlngjuasd
AUWUTUTINYRIUBYAEY (Sparse Data) fadudanesiuiidunungdmiunisiseuiyateya
YUIALAN
1.2) Adaptive Moment Estimation (Adam)
oY) A o - ] ) a e
Adam LUUANeITNNTIVTINANAINNTOVISOALAUVBITANDTTINFULUY
A9 9 W limedu wSeunsdanuiiuazandyminisuniwesaimisifinesidwans Loss
Function Tun1siieuivesuuudtassnnitdanesiiugiuuududneiie dddudagiudu
Y ax dad
dane3NuNAgn
1.3) Adagrad
Adagrad 1Judanesiiuilangdmsudeyasuinlg waztoyaniaiy

] = = < o ) = Y
LLmﬂquW§@LLU5U33UQQ LUBNYIAN Adagrad mmmammmLi’J‘W‘JEJ@JVNSUUWEJUSLUM‘JL%JHEVIIM

o & a < a vo o Ao & - a Yo & % a %
OR[AYAY) LLaszmmmLi’JsLuﬂ’liLi‘EJU’iﬂU‘UWIEJUW\]’ILﬂuwiagmﬁﬂﬂiﬁwaaﬂiﬁ a\TNaELLWﬂ'ﬁLifJuE

Y

1
=

YDIMUUTIADAIINTINGINNEITY
1.4) Adadelta
Adadelta \Uudanasiuilanmuiunain Adagrad Fefigaauiinisldau
1 A [ (% ac o (4 a . . A = o
Neilosnnludanaifiunlifeddinig Fine-tuning Hyperparameter Lii9431n3N15AUIY
e nuamNIzaN At uLUUTa 0
1.5) Adamax
Adamax tudana3fiunlawauiuiain Adam lnedinisgauduiiie

v a Yo v oA v Aa 19 = &
LLﬂ{jQJJ‘Vi']ﬂ']iLﬁfJujﬂUGU@?J@;JUaGUuqﬂI%iyJﬁﬁ@sqﬂﬂ@NﬂamuﬂjqﬂLLﬂii?uﬁﬂaﬂmai‘ﬂa?ﬂQ FUUUNT

Y 9
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nanunNansalumsiansteyafifinnuuUsUsInves RMSProp 1i1fuANLaNsaly
A3 Sparse Gradients 199 Adagrad #sanansniFeuiuazdansyadoyadananléfuingsty
2) Fine-tuning Hyperparameter Learning Rate
A1 Learning Rate LﬂuéhLLUiﬁnﬁ'ﬁgLﬁ'mﬁ’mwzL’Ja'ﬂ,umiL%ui?uauwmi’ﬂam Ineun1ninIg
U3uAn Leaming Rate fimazdwalvilviLuudiassaunsaiousyndoyaldegnaiiussaniam
idesannazifunisiFousluededn q wagmnvinn1susuen Leaming Rate g 9zvilv
wuuaeadeusliimidinunnsesiunnuanden fufu Jududesdintmaassiion
AilmngaudmiuLuuTiamnuuuy IneAwes Leaming Rate fildlunismnassazey
3%11179 0.1 - 0.0001

3.2.2 ¥@euiaAum3ULUL Data Augmentation Misngay

W0¥11n13 Fine-tuning Hyperparameter waglaa1mnsnfinesiiiungauainsuus
avluUdIaeILa) JIdeldinisnaassiieduriUkuuved Data Augmentation Tilvangay
ANSULABEBLUUINRDUIUAEINUTUNBUNISUSUMIAINISITWDS 1D991nN1S AU

° = 9 P aa aa A a ° 19 ° a
wuudaesssuiyadeyanisunmluifvseyuueiere 1 linaven sTwun Ui

a < o & v Y i . . = & a
nsranaLAzeu 33 nTudesiinsAun1in Rotation, Flip war Zoom galusuuuulumaila
Data Augmentation 9¥a11150LNUsEENTAINIUNNTTIMUNUTEANVRILUUTIABIVUYA
ToyagunmasUszamanlauiniige

3.2.3 IAae95IUAUWMATNA Ensemble CNN wag iada Fusion CNN

miAdeidyngomneiiefnyiuasiamuuudiass NN iielildiuusiansdid
UsgAndninlunissinundseinnastszamniiidnagiumaudun waedideldiins
naasdlagiiornuantAn1sTuunUTzIANYes CNN naneguuuusadsody elwls
wudaesiivszaninminnntuiosmnduuuudaesiifiquautinisduunvomn
CNN Fazannsaneinsalldgniosusiugunnndi Single CNN uaglunsideillffinamnaes

A519hUUTIAR9 CNN s2unUmAta Ensemble wag Fusion nelisieazLdensdil

1) wAlA Ensemble CNN
N1SNAABIASIILUUINABITAIUAUMALA Ensemble CNN %138 Ensemble
. I o [ a 1 [y av Yo . 1 [y a
Learning {un1sudikuudnaesiuananeiu 2 sUiuy Aldsunis Train sauiuineila Data
Augmentation 11%1n1swensal (Prediction) fuyadayadniy Test LitalilaA1AuuIe

Ju (Probability) wazilU Vote WierAdsANLnazuYeIfney J938nnNTEUIUATT
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1191 Average Voting lagazuianisarulneantdu Unweighted Average uay Weighted

Average Wislwlanasnsanaosudugunnig

Y 9

2) wiatia Fusion CNN
nsnAaedasaLuUTIaesINfumaila Fusion CNN agian1dnenssa CNN
fupndnsiu 2 sUnuY asamdrudmiunssuunyssamdifiefunaginisairady
wuuSrassguuuulmidaasdnuandilunssuunnudnvasamersonsuunUssnnyed
73 CNN 91 2 sUuuy antuaziill Train Saufumaiia Data Augmentation 971471 100
Epoch tialilduuudiassfifiuszansamuazanugnieaiuglunissuungunmae

US2ammMaNLN1ILUINITUIURN

[
o

791 91N9UILNLIVBINUNISITRUUIIEY CNN saufdumALla Fusion CNN LAy

WARA Ensemble CNN wuUIa@unsasiiuUse@ns nnlunissnwunusenningaiunsalinons)

va o

Augndetlunstwuniinuniu Jadumnbigidelid 2 wmalladenanuviinimeass

Y

WialiNUsEanEA M luns3IuA I MUNUTEANTUNINABUSEA AN U IUTUAT

3.3 msUsziliudseanianveaiuunges
TunsideiifieulmnefenisusuifisuUssansamnsmaurenuusians CNN

ﬁ’ww%’umﬁwLLuﬂ‘gﬂmwaaﬂﬁzmwmﬁﬁmwmem%um Falunismmassvzidenin

UszAnSamlagnisldarnlnugnees (Accuracy) Fl1NMINAEOUNITIILUNUSEAVIVBILA

¥

° A a v A o o o & A
AZLLUUIAN UUGQG]GU@NaWLG]iUNVL']LW@VI']ﬂ'TiVl@ﬁ@U (Test) LazUINAANINIDAN Accuracy

U

wwihnswieumguiuienitwuudtaesdalian Accuracy lun1sdunussinnguninae

Uszamalni I uTUINgean
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NAN1SAN®

[

NANSANYITD9N1TITE 1309 NsTuungUnmaedsramaniiin g manuiunn
A8nN1558usgean gidelaldaniUnenssy CNN saufuwalla Fine-tuning
Hyperparameter, Data Augmentation, Ensemble CNN & & Fusion CNN Wioadis
mei’ﬂaaﬂa"m%’umsaﬂ’muﬂﬂﬁsmgﬂmwaaﬂszmmmﬁﬁﬂnmmmm%um niouiuin
Usganinmmsvihauveswuudiaedaenisidrmanugnees (Accuracy) Inesgasidunves
uiazdulunidoasuanssall

1.1 \dosilenazdeyaililunsveaes

4.2 F/N1INNaDI

4.3 maé’ws‘mﬁhLLuﬂgﬂmw%Uwammﬁﬁmammmmﬁumé’wmiﬁaui@aﬁﬂ
AIBLUUTIAD CNN

4.4 ‘UszuﬁuuazL‘LJ'%EJ‘ULﬂauﬂssﬁw%mwmsaﬁwLLuﬂUssmwgﬂmwaaﬂssmwmﬁﬁ

ANMZUMINUTUANUDIUUUT1889 CNN

4.1 w3esfiouazdoyaililunisnnans
4.1.1 ponfiumeiildlunsneaes
n15MARBINITLNIUNMRBYsTamAT Az LTud e siFousids
Anannsaudanieielunsinwnazimmuinuusiass CNN sandudiuveanissius
wiouiuulagatoua wazduveaINsasineNiuUseliuUseansn niuuiiass
ludiuresnisTiusinnazuuyatayad miunismaaed §I33evin1ssiudeya
sUnmasUszamamieniuilsulusunsuiieutsyadeyadmsudlindu (Training Set) wazap
Toyadmiumsmaasy (Test Set) vulA3asnaufinesfiinIsyUsztanana IntelR)
Core(TM) i5-5200U CPU @ 2.20GHz A%118A314919U19 12 GB vussuuU{uans
Windows 10 wuu 64-bit
di1uveenisadiauazyssiliudsednininazgnvian1snaassuuy Google
Colaboratory (Google Colab) Fufuu3nns Software as a Service Avn1sAndandous
mMuuaA1lusTULAAMA Lazdniiguszananaiunsmiin (Graphics Processing Unit: GPU)

NANNNTOVILANTLHLIAN B LUNITAS LA NAFDULUUI1AD
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4.1.2 m3Feulsunsuildlunsmaas
madeulusunsuilflummeassnisduungunmasyssanmadifinngiumny
JundensFeusiedn ideldidenldnie Python TunmsAnuvuasimuiuuusiass CNN
Tngludmusngidevinnsiasuassvessunmiililunsveasdiioglurunaiidmus
Tneldlaus 3 Pillow (Python Imaging Library) %aiumﬁ%’aﬁiﬁﬁmummmaag‘dmwL*‘ﬁJu
299x299 Pixel wazfidelidenld Keras Fadulausiives Tensorflow Tumsisieuyndeya
mMsimuad s divesieaiisuuuiians Usuusdlesaisunsduveuuudians sauluds
NsnageUUTEANSANUBILUUIIARY
4.1.3 Joyailflummeaes
Yoyaildlunsmeasududeyasunimsstszamarangruteyaasisasi
welnsuuAuled Kaggle 97u7u 3 Y0 oA APTOS 2019 Blindness Detection, Diabetic
Retinopathy Detection &g Diabetic Retinopathy Dataset %ﬂL‘ﬁuEUmWLLUU RGB wilm
suawiduuuy JPEG Aiusznevlufie 2 Uszuam léiud 9euszamanund@ (No DR) 11,447
sUnm Tnsuvalugadeyadinsu Train 91u9u 9,185 JUN W wazyndoyad miu Test
IUIU 2,289 JUam LLamaﬂazammﬁﬁmwmeméﬁum (DR) 12,063 3Un Tng
wunlugadayadniu Training §1uau 9,650 JUA M uazyadoyadmsu Test §1uau 2,413
SUAM TIVAY 23,510 JUNTW B9n15UUS Training Set waw Test Set Aniludosay 80 wa
20 maﬁwmmaﬁaaﬂaﬁgﬂmmmma"wéﬁ’u lngm1seasladfnisuuadeyadmiunisveasiay
LARFIANT197 4.1

M1319% 4.1 affin1sulateyadmiunsnaaed

yadoya Uszinndaya UYMW fadaunsudsdaya (%)
Training Set No DR 9,185 -
DR 9,650 -
3 18,808 80
Test Set No DR 2,289 -
DR 2,413 -
33U 4,702 20
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4.2 J/N1MAaeY

nsnAABINIILuNgUN NI UsEAmATTn Nz U umEsn T Seusian14d
N1% Training LU UU21a8337UAU tmAllA Fine-tuning Hyperparameter, Data
Augmentation, Ensemble CNN wag Fusion CNN ieai1suvudnasslunisduunuszian
sUnmapdszammBsgnuszananauy GPU Taefineandeadwiolud

4.2.1 @519uuudnass CNN sauAuwmaila Fine-tuning Hyperparameter

151 Fine-tuning Hyperparameter LJunaaeufiofuniAInisfivnesd

manzaudmsuuAazuuuiasdadunsruiunswiousieunoutluviinisisous (Train)
iiegddeyayn Training Set TngldFuauseunsizoud (Epoch) $1uau 100 58U wazsinig
NAaoUUTEANSA NV UUTIABIR I8N TIAAIANNABY (Accuracy) Tunsduunuan
seUszammuugadoyadmiy Test Fslunismnaostfiduldmnualy NN yngUuuud

AMNII3LABS Optimization tag Learning Rate #9m15797 4.2

a ! a s o Q) . .
199N 4.2 ATNITIURBIEINIUNITNAABY Fine-tuning Hyper-Parameter

Optimization Learning Rate

SGD

Adam

CNN
Adadelta 0.1 0.01 0.001 0.0001

Adagrad

Adamax

4.2.2 @379uUUINaes CNN Tauiumala Data Augmentation

[

n1583519uuUTIaessanfduwmaila Data Augmentation Wunisuigadeya

=D 22

Training Set Wluvn1sdnudansedailousuamsieinaila Data Augmentation 713l

SULU wagmaruunAdans1edl 4.3 Welild Training Set Aflymuowmainuansanndsty
Mnduasiliidinszuaunsfoudveauuusians fadenldemaiiwe ifuungauainnis
npaead 4.2.1 Inelddrmiuseunisieud (Epoch) 9119y 100 58 tleads uazyinnig
NAADUUITEANSAINUBILUUTIABIAIENITIAAIAIINGNABY (Accuracy) Tunsduununn
voUsEAMANUUYATeyad MU Test Inafog1awosgunimasUszamanfiinigii Data

Augmentation FzuanIfINNUTZNIUN 4.1
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M13197 4.3 3UlUY Data Augmentation #lglunisvaaes

Augmentation Range
Horizontal Flip -
Vertical Flip -
CNN Horizontal + Vertical -
Rotation 90
Zoom 0.2
Rotation + Zoom 90, 0.2

AMmMYsenaudl 4.1 71991 Data Augmentation 97 Training Set

4.2.3 @579uUUINa8s CNN Taudumaila Ensemble CNN

nMsadawuusiasssiuiumaila Ensemble iunisiuuusiassiiunnsneiu 5
sUuuy laeilA1 Accuracy 98n1NNITNABDIATIUUUTIABIAIEINATA Data
Augmentation 111911015 Prediction fugadeyadmsu Test lnogIdeazuiuuuingsy 2
sULuy lUvinnsg Prediction islilsiAn Probability vesusazuuusiassiievlumuamm
ﬁWLQ?ﬂI‘EJM’]JJﬂWSL‘i‘]‘uLﬁ@lﬁlﬁﬁwaUﬁQﬂﬁmﬁé’j@%QL%HﬂﬂiSU’mmiﬁ/’j’] Average Voting 1ag
azuuan1sAuImeanidu Unweighted Average way Weighted Average el AsAUAY
WUU Weighted Average dn5afnuATIweAmInve AT LU U aaslEd LA 0 - 1
wiflosauAnhndnuesis 2 wuusiaswdadesdidiliiu 1 fuiu lunisveaesiaslaiing

AMNUAANLN AN AN ULUUINAD9 LAY AL ARS8 ALLDEARINI1S1NN 4.4



A1519% 4.4 AUMUNANSUNITASI9UUINad CNN sufumAla Ensemble CNN

37

CNN Weighted Parameter CNN Weighted Parameter
CNN -1 0.1 CNN -2 0.9
0.2 0.8
0.3 0.7
0.4 0.6

4.2.4 @3519UU91899 CNN S2unumAla Fusion CNN

NTA$1MUUTIa9TAUMATlA Fusion CNN Wun1suiweiandnenssy CNN 7

fgns1ANUgNApdasanlun1saaesaitiuuiaassuiumaila Data Augmentation €1vi

n1sUuUsiiuAY lned3deiiia Dense Layer uag Dropout Layer LiveLiinuszdnSainves

wuudnaeskarderiannisiintdynn Overfitting lasndie lnelddnuiuseunisiseus

(Epoch) 971721 100 50U Wod319 Lazyinn151adeuUTz@NSn MU ILUUINa9MIENITInAT

ANYNFDY (Accuracy) Tun1sdwunsuninaedszamatvuyateyadmiu Test lng

$1882198ANT5FIA Dense Layer wag Dropout Layer UAAIAIANTINN 4.5

A15199 4.5 AINNSITRESANMSTUNITNAABY Fusion CNN

Dense Dense Dropout Parameter
Layer Parameter
1024
1 2048 - 0.1 0.2 0.3 0.4
4096
1024
2 2048 - 0.1 0.2 0.3 0.4
4096
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4.3 nadwsn1suungUAmIBUsTEMAfiiinsu I uluadaenisGeusideindae
wuud1aas CNN

deviimsairsuvudians CNN dmdumsdiuungunmasyszamandiinnziuimiu
G?Tum J2uAUMALA Fine-tuning Hyperparameter, Data Augmentation, Ensemble CNN
uag Fusion CNN fgdayayn Training Set WagnaaauUseansn1mnIsvinuvesuuinges

L ¥

fuyntoya Test Set lngnaansvesnmaaelisivasidennsialil
4.3.1 Haansn1sduun U maeUsEamaniaiziumvnuluaimeuuudiass CNN
swnuwmAilla Fine-tuning Hyperparameter

IINAITNAABIASIILUUDNAD I ResNet50, ResNet50V2, InceptionV3,
DenseNet121 @y Xception S74AULN AL A Fine-tuning Hyperparameter LN O %A
ANNISITLADSTAUNLAUA NS UBAAL L UUINABIAgTIN15USE I UUSEANS A NA28015IAAN

Accuracy 1PYALUAAINANITNAABIAINITIN 4.6 — 4.10

M13799 4.6 NAANTNITAT UV UTIa0 ResNet50 sauduwmalla Fine-tuning Hyper-

Parameter
Learning Test

Time
CNN Optimization Rate Accuracy Loss

(Min:s)

(%)
SGD 0.1 39:22 80.05 0.42
0.01 38:50 80.22 0.44
0.001 39:20 78.48 0.45
0.0001 39:46 71.65 0.51
Adam 0.1 40:43 62.76 0.63
0.01 40:15 60.06 0.64
ResNet50

0.001 38:44 79.77 0.43
0.0001 38:57 80.73 0.41
Adadelta 0.1 38:20 71.05 0.57
0.01 38:06 72.50 0.56
0.001 38:21 80.03 0.44
0.0001 38:22 52.51 0.69
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Adagrad 0.1 38:42 68.42 0.57
0.01 38:50 70.88 0.55
0.001 38:25 80.56 0.42
0.0001 38:20 73.84 0.47
Adamax 0.1 37:51 52.51 0.69
0.01 37:50 79.77 0.43
0.001 50:37 80.63 0.4
0.0001 37:32 64.48 0.65

A19197 4.7 HAANEN1TAT1UUUII809 ResNet50V2 saudumalla Fine-tuning Hyper-

Parameter
Learning Test
Time
CNN Optimization Rate Accuracy Loss
(Min:s)
(%)

SGD 0.1 50:08 81.56 0.4

0.01 39:07 79.01 0.42

0.001 44:30 79.73 0.46

0.0001 51:16 78.37 0.45

Adam 0.1 39:47 51.30 0.69

0.01 40:11 51.32 0.69

0.001 39:35 75.44 0.47

ResNet50V2

0.0001 38:37 78.48 0.44

Adadelta 0.1 38:17 78.52 0.46

0.01 40:08 76.18 0.48

0.001 38:12 79.84 0.43

0.0001 39:44 72.56 0.56

Adagrad 0.1 36:59 78.90 0.44

0.01 36:15 80.63 0.41
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0.001 36:41 80.14 0.41
0.0001 37:37 76.22 0.5
Adamax 0.1 38:07 51.32 0.69
0.01 38:05 64.29 0.6
0.001 37:25 82.35 0.38
0.0001 38:14 78.05 0.43

A1519% 4.8 HAANEN1TA51UUUTI80Y InceptionV3 saudumnAlla Fine-tuning Hyper-

Parameter
Learning Test
Time
CNN Optimization Rate Accuracy Loss
(Min:s)
(%)

SGD 0.1 53:21 82.16 0.39

0.01 38:35 77.56 0.44

0.001 44:12 78.77 0.45

0.0001 40:40 77.71 0.5

Adam 0.1 42:01 51.32 0.69

0.01 38:07 50.81 0.69

0.001 38:08 83.20 0.38

0.0001 3744 82.03 0.39

InceptionV3

Adadelta 0.1 37:53 81.56 0.42

0.01 37:50 81.86 0.41

0.001 45:08 80.31 0.45

0.0001 48:32 75.65 0.52

Adagrad 0.1 43:11 82.03 0.39

0.01 42:43 81.56 0.39

0.001 42:43 80.63 0.41

0.0001 43:20 79.16 0.46




41

Adamax 0.1 33:05 48.98 1.45
0.01 33:19 57.04 0.69
0.001 32:48 81.88 0.39
0.0001 32:42 79.77 0.56

A19199 4.9 WadNSN1TAT1IUUUIIa0Y DenseNet121 saufumAaila Fine-tuning Hyper-

Parameter
Learning Test
Time
CNN Optimization Rate Accuracy Loss
(Min:s)
(%)

SGD 0.1 33:54 63.82% 0.63

0.01 32:49 74.95% 0.47

0.001 32:46 81.26% 0.42

0.0001 32:47 80.50% 0.42

Adam 0.1 36:17 57.42% 0.66

0.01 36:32 69.08% 0.57

0.001 35:46 80.80% 0.42

0.0001 36:12 76.82% 0.46

Adadelta 0.1 33:05 82.56% 0.39

DenseNet121

0.01 33:01 75.44% 0.51

0.001 34:33 81.65% 0.4

0.0001 32:38 49.62% 0.77

Adagrad 0.1 28:21 61.78% 0.61

0.01 35:46 79.48% 0.45

0.001 35:41 81.79% 0.39

0.0001 36:32 81.77% 0.39

Adamax 0.1 34:57 64.44% 0.63

0.01 33:28 77.52% 0.46




a2

0.001

33:12

82.05%

0.44

0.0001

33:25

80.35%

0.42

M135799 4.10 HAANTNITAILUUTIABY Xception SAuAUWMALA Fine-tuning Hyper-

Parameter
Learning Test
Time
CNN Optimization Rate Accuracy Loss
(Min:s)
(%)

SGD 0.1 53:37 82.62 0.38

0.01 56:35 82.84 0.38

0.001 56:38 82.26 0.4

0.0001 57:55 76.07 0.57

Adam 0.1 56:48 48.68 0.69

0.01 55:08 80.94 0.42

0.001 55:01 83.86 0.38

0.0001 56:56 79.67 0.41

Adadelta 0.1 54:52 81.52 0.43

0.01 55:08 82.52 0.38

Xception

0.001 56:43 80.28 0.48

0.0001 58:55 67.63 0.63

Adagrad 0.1 56:36 80.82 0.4

0.01 56:48 78.09 0.43

0.001 56:44 82.09 0.4

0.0001 57:32 79.03 0.49

Adamax 0.1 58:04 56.21 0.68

0.01 57.49 79.14 0.43

0.001 57:59 84.05 0.38

0.0001 50:12 80.09 0.46
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mﬂmaé’wa‘mimmaaaﬂ’ﬁa%’]muuﬁwaaaLﬁ@ﬁi’wLLuﬂUizLﬂmgﬂmwaaﬂizamm
MEKUUTIARY CNN S3uiumalla Fine-tuning Hyperparameter Uuyataya Test Set Wuin
LUUIIA D Xception, InceptionV3, DenseNet121, ResNet50V2 way ResNet50 L‘fjagﬂ
fvuadsimesliminzauaransnlisnianugniesganiiiesay 84.07, 83.30,
82.77, 82.20 uay 80.73 MuARU lneseandunvasAfinrandnsuusaruuuiiass g

WAAIAINITIN 4.11

A197997 4.11 aJUNAFNEN1TNABINITATIUUUTI0Y CNN saufumatla Fine-tuning

Hyperparameter
Learning Test
Time
CNN Optimization Rate Accuracy Loss
(Min: s)
(%)
Xception Adamax 0.001 57:59 84.07 0.38
InceptionV3 Adam 0.001 38:08 83.30 0.38
DenseNet121 Adadelta 0.1 33:05 82.77 0.40
ResNet50V2 Adamax 0.001 37:25 82.20 0.38
ResNet50 Adam 0.0001 38:57 80.73 0.41

I1INAITNATUNATNEN1INAGBINITATIUUTIa0I CNN Saufunalla Fine-
tuning Hyperparameter Wuduuudnaes Xception @11150310UNUTEANIUNMRBUTEA M
alddian Taglun1s Train wuudiaesdiuau 100 5o arunsalidns Accuracy 183013
Train geandifesas 97.95 uay Loss san#l 0.07

Fe310a2188a8031 Accuracy Tun1s Train WUUTIABY Xeption FEUARIHT
AmUszneudl 4.2 uag 4.3 Tasutseantdudns Accuracy lunsiieud uazdnsn Loss Tu

N3SEUT AUENY



aq

— Train_Acc

0.95 1 Valid_Acc

090 1

085 1

080 4

Values

075 1

070 1

065 1

el 4

Epoch

NIMYUsgnaui 4.2 8957 Accuracy YaInITiEUIUUUTIARY Xception FIuAUIMATLA Fine-

tuning Hyperparameter

14 4 = Tain_Loss
Valid_Loss
12 1
(- |
. ;: |ﬂ ||| W mﬂ I|'||'r||l
r W LY
s 06 | m\ﬂlllilw Lb\J ‘ v vl "4 '\." H'lw
04
02
S 2 P & o 10
Epoch

NMUsENoUT] 4.3 9n7) Loss YaunT5ieusuuueIaay Xception saudumaila Fine-tuning

Hyperparameter
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Confusion matrix

2000
1800
dass_0 1600

1400

- 1200

Actual Label

- 1000
- 80O

dass_1
- 600

- 400

dass 0
dass 1

Predicted Label

MWUsenoud] 4.4 Confusion Matrix YoIUUYTIADY Xception NaTNTIUAUIYATA Fine-

tuning Hyperparameter

PMNAMNUTENBUN 4.4 ZUAAINITIAUTEENTAINVBILUUINGDY Xception 1ag
n1514 Confusion Matrix a.un1suanisieazidennisdnuunlszsinnunInseningge
UszamanUszamauni (Class 0) kazasuszamannin1igumauduen (Class 1) uuyn

foya Test Set Inedns1 Accuracy vosn1sswunUszinnunmezdndusesas 84.07

4.3.2 maé’ws‘mif&wLLuﬂg‘Umwa}aﬂizmmmﬁﬁmwmemsﬁum@w’wLL‘U‘URT']@EN CNN
swfuwmAlla Data Augmentation
INNITVRaeEsUUsIans CNN saufuwaila Data Augmentation 7il8 1wy
59UNM3I38US (Epoch) 100 58 tlem1gURUUAANTALiLUTEANEA1WATYIaUT S
LUUTIaelagan Imaﬁgﬂuuuﬁqmswﬁ 4.3 LagN13N19A1%UA Hyperparameter
Optimization Wa¥ Learning Rate a11A15147 4.11 Sudunadnsainnisnaaesadng
LUUTIa89 CNN $aufuimnafla Fine-tuning Hyperparameter wialviléidn Hyperparameter
ﬁmmxauﬁqm IAUHARNSKALII8AIBEAYRINITNARBINITT I UNUTEANTUNNADUSEA™
ANRILBUUINAD ResNet50, ResNet50V2, InceptionV3, DenseNet121 iLay Xception

swAuwmata Data Augmentation 9¥UAAIAINITIN 4.12 — 4.16 AUEIRU



A157197 4.12 NadNWSN13@19ULUUT 189 ResNet50 sauiumaila Data Augmentation

46

Test
CNN Augmentation Time (Min:s)

Accuracy (%) Loss
Horizontal Flip 39:50 81.67% 0.48
Vertical Flip 39:59 83.79% 0.46
Rotation 32:58 82.86% 0.4

ResNet50

Zoom 35:53 81.43% 0.52
Horizontal + Vertical 24:41 83.45% 0.4
Rotation + Zoom 26:24 83.20% 0.42

A157197 4.13 NAANSN13AT1ULUUTIaY ResNet50V2 saudumaila Data Augmentation

Test
CNN Augmentation Time (Min:s)

Accuracy (%) Loss
Horizontal Flip 10:44 81.62 0.46
Vertical Flip 10:20 81.45 0.43
ResNet50 Rotation 25:26 82.18 0.39
V2 Zoom 25:47 80.94 0.43
Horizontal + Vertical 21:40 83.28 0.39
Rotation + Zoom 26:39 81.28 0.43




a7

A15197 4.14 NadNSN13a@319LUUTIae DenseNet1215quAuInAlA Data Augmentation

Test
CNN Augmentation Time (Min:s)

Accuracy (%) Loss
Horizontal Flip 10:02 83.33 0.55
Vertical Flip 10:13 82.92 0.42
Rotation 26:45 83.94 0.35

DenseNet121

Zoom 26:31 83.33 0.46
Horizontal + Vertical 10:53 83.86 0.45
Rotation + Zoom 26:07 83.88 0.38

A15199 4.15 HAAWSNTES1IUUUTIaDY InceptionV3sauiumaiia Data Augmentation

Test
CNN Augmentation Time (Min:s)

Accuracy (%) Loss
Horizontal Flip 11:10 83.88 0.37
Vertical Flip 11:09 84.54 0.36
Inception Rotation 39:29 82.69 0.41
V3 Zoom 38:29 85.05 0.37
Horizontal + Vertical 13:29 83.50 0.43
Rotation + Zoom 38:34 77.58 0.46
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A9199 4.16 HASWSNITATILUUTIARY Xception sauAumAlla Data Augmentation

Test
CNN Augmentation Time (Min:s)

Accuracy (%) Loss
Horizontal Flip 26:41 83.96 0.5
Vertical Flip 25:29 81.20 0.42
Rotation 44:14 85.37 0.34

Xception

Zoom 40:56 83.67 0.57
Horizontal + Vertical 11:37 84.94 0.35
Rotation + Zoom 38:19 84.23 0.48

NHAFNTVBINITNAGDINTIUUNUTEIANFUAMADUTEAMAWIEUUUTIAY
CNN s3ufiuwmAila Data Augmentation §ULUU Horizontal Flip, Vertical Flip, Rotation
Lay Zoom UuYATeya Test Set wuin tevin1siarguamdiiiunsruiunng
Augmentation fm:msaLﬁmﬂizﬁmﬁmwiumﬁi’muﬂﬂismmgﬂmwaaﬂismmmsuaw;ﬂ
WUUI1a03 IABLUUINa0Y Xception Viﬁwmmf%auﬁi'wﬁu Rotation @111501#omns1AU
gnéioaluni1sdiuungean uwazsetasunlu InceptionV3, DenseNet121, ResNet50 waw
ResNet50 V2 auandy Tagnsaguamadns uaggUluy Data Augmentation Miimnga

ANMSULAAZLUUINADY IZWEAIFIANSIN 4.17

M13199 4.17 agunaansnveass CNN s3ufiumadia Data Augmentation

Test
CNN Augmentation Time (Min: s)

Accuracy (%) Loss
Xception Rotation a4:14 85.50 0.34
InceptionV3 Zoom 38:29 84.69 0.37
DenseNet121 Rotation 26:45 84.01 0.35
ResNet50 Horizontal + Vertical 39:59 83.26 0.41
ResNet50V2 Horizontal + Vertical 21:40 83.18 0.39
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NA1TATURaENEN1INARRINITaTIsLUUTIaee CNN studumaila Data
Augmentation WUIUUT1ABY Xception fivnsi3eusiiieddigunmasuszammuuys
YoyadiiiunszuIunns Augmentation ULUU Rotation a11150914uUsEIANTUAINT®
Uszamalédgn Inelunis Train wuusiaeadiuau 100 sou anunsalidns Accuracy
UBINTT Train qaqmﬁ%aaaz 86.33 lay Loss 915'1?191‘17{ 0.33 %ﬁ’mamﬁamﬁmﬂ Accuracy Tu

15 Train LUUT1809 Xeption 2xUaAIRININUTENaUN 4.5 wag 4.6 lnsuusoonidudns

Accuracy Tunsiieus uagdnsn Loss Tunsiseus anudny
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I
| 1
0.80 WV A N VM |\ I
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nNMUsENaUT 4.5 8957 Accuracy Y¥e9nIsiSEUUUUTIABY Xception SauAuwmAlA Data

Augmentation
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Confusion matrix

2000
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1400
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dass 1 - - 800
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dass 0
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nwdsenaun 4.7 Confusion Matrix Y9I YUTIA DY Xception §3uAUNALA Data

Augmentation

INAMUTENOUT 4.7 2zuanin1sinUseanSnnuesuuusiass Xception i3
Souisrufumaiia Data Augmentation Tnn1514 Confusion Matrix @s1dunisuans
T18azRgANIIIRUNUTEIANFUAMSENIIReUTEamMAUSEamMAIUNGR (Class_0) ULazas
Uszameniiinmziumauiuni (Class 1) vuyadeya Test Set Tnedis Accuracy 83ns

PuunlsznnunnasAnduiosay 85.50

433 maé’ws‘mif&wLLuﬂg‘Umwa}aﬂizmmmﬁﬁmwmem%uméfamwmﬁaaa CNN

JAUMALNA Ensemble CNN
A1NNITNAADIASIIUUUIIA09 CNN F2udUmALla Ensemble CNN 1Tun1510

WUUT1a099tA1nNTsAS I UUTIaeY CNN Saufuwmailia Data Augmentation 11911015
a ¢ v a r A 1 a 1 < o | [
AATIERAEATA Average Voting lieniAedsauuiagiduvesinausiniy Inglunns
naapstluuieanidu Unweighted Average uag Weighted Average #4ii518as188nnan1519
714.18 - 4.21



A19199 4.18 HASWSNITASIIUUUTIABY Xception Hag InceptionV3 sauiumAila

Ensemble
Unweight Weight Accuracy Weight Accuracy
Accuracy (%) Parameter (%) Parameter (%)
85.92 0.1,0.9 85.01 0.9, 0.1 85.69
0.2,0.8 85.45 0.8, 0.2 85.73
0.3,0.7 85.75 0.7,0.3 86.07
0.4, 0.6 85.92 0.6, 0.4 86.11

A15199 4.19 NAANSNTAS 1L UUTI1AD9 ResNet50 hag DenseNet121 saufumaila

Ensemble
Unweight Weight Accuracy Weight Accuracy
Accuracy (%) Parameter (%) Parameter (%)
84.30 0.1,0.9 84.20 0.9, 0.1 82.05
0.2,0.8 83.73 0.8, 0.2 82.11
0.3, 0.7 84.81 0.7,0.3 82.54
0.4, 0.6 84.32 0.6, 0.4 82.92

A15199 4.20 NAGNSNITAS1IWUUINEDY ResNet50V2 hay DenseNet121 saufiuwmaila

Ensemble
Unweight Weight Accuracy Weight Accuracy
Accuracy (%) Parameter (%) Parameter (%)
84.22 0.1, 0.9 84.16 0.9, 0.1 83.48
0.2,0.8 84.41 0.8, 0.2 83.77
0.3, 0.7 84.39 0.7, 0.3 84.09
0.4, 0.6 84.28 0.6,0.4 84.01
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AN5199 4.21 NAANSN1TASIMUUINEDY ResNet50 wag ResNet50V2 sruiumaila

Ensemble
Unweight Weight Accuracy Weight Accuracy
Accuracy (%) Parameter (%) Parameter (%)
83.65 0.1,0.9 83.35 0.9, 0.1 80.90
0.2,0.8 83.33 0.8, 0.2 81.05
0.3, 0.7 83.73 0.7,0.3 81.48
0.4, 0.6 82.69 0.6, 0.4 81.82
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ANNNAGNENITATIBUUDIADY CNN SAUAUNATLA Ensemble CNN @195UN15

FuungunImIpUsEamanianziumuIualagnsiiAneunses Probability M1ld

971A15 Prediction Uaausag CNN 1171A15ATUIMSINAUAIENTEUIUAT Average Voting

WemeAadsvesrnauieliladneuiigndesunnian wasnwuinde CNN lalinsinsen

mAmeusmiuluaInsalignsAugneeslagnd Single CNN yngULUL lnslaneiile

FIAMBUVBMUUIIABY Xception ke InceptionV3 1i1peiuausalignsiaugnaes

lnaegniiefegar 86.11 lngn1519@sunaansnsasiskuuInaasmenailn Ensemble A

LAARIAISINN 4.22 way 4.23

A1319% 4.22 asunadnsnisasiawuuinassiemalin Ensemble - Unweighted Average

CNNs Accuracy (%)
Xception InceptionV3 85.92
ResNet50 DenseNet121 84.30
ResNet50V2 | DenseNet121 84.22
ResNet50 ResNet50V2 83.65

A1319% 4.23 aunadnsnisasIuuItasImemalln Ensemble - Weighted Average

CNNs Weighted Parameters Accuracy (%)
Xception InceptionV3 0.6 0.4 86.11
ResNet50 DenseNet121 0.3 0.7 84.81
ResNet50V2 | DenseNet121 0.3 0.7 84.39
ResNet50 ResNet50V2 0.3 0.7 83.73
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Tnglunsdnaniinsgiiienid Probability 18an1591uunUszLnngUnmae
Usgamafiin1ziuminuiuadaenisidmaiin Average Voting 5UKUU Unweighted
Average annsaliidnsanugniosgeanifosar 85.92 InsifunisAuiaAineusiuiy
3ENIN WUUT1a89 Xception Wag InceptionV3 LLagmiai"]LLuﬂUszmmgﬂmwaaUwammﬁ
fnngwwmutuailaenisldsunuy Weighted Average Gsfinnsimunanmidnlunis
furnnievAadnes Probability vasdneuiigniesiiaalaglunistmunedmdniy
egpadiniuiuliiu 1 wazluguwuu Weighted Average nadnsanadsanuunzilures
ARoUTldaINnN1sMUINTINA LYY WUUSIABY Xception Wag InceptionV3 Airuuaan
diinlid 0.6 wag 0.4 InsannsalidnaanugniedunissuunUssnngegaiiesas
86.11 SaduefigsanlunisduuntssansunmaeUszamamiiiinngumiutuiagld

WALA Ensemble CNN

4.3.4 maé’ws‘miﬁﬁLLuﬂg‘UmWﬁ]aﬂizammﬁﬁmazmem?ﬁumé’amwmﬁaaa CNN
swAumata Fusion CNN
1NN15NARBIASILUUTIa0Y CNN S2ufumaiia Fusion CNN dadunissau
AauURluN1sIUnUsEIANURIan1Unenssu Xception uazan Unenssy CNN jULUUsNg
9 e Tunisnaasssiufumein Fine-tuning Hyperparameter La¥N1INAADITIUAY
wiAllA Data Augmentation @aiinenssu Xception 1469351 Accuracy Tun1sdiunuszLay
JUNWARUTEEIMAE AR
Snvaiinnsuiin Dense Layer uaz Dropout Layer wiaufuusuauiilaiinun
Wannadt 4.5 ielilduvudaesiianinsoduunisziamguamasyszamlsgnaesusiue
undign TaeldsrmiuseunisiSoud (Epoch) 100 59U Fawadns wazs1vazidonvainis
NARINTITTMUNUTEANFUNINABUSEAMAIMIBLUUTIAEY CNN S3uiumatla Fusion CNN

ALUARITIANTT 4.20 — 4.47



A151991 4.24 HAANWSNITES19ULUUTNABY Xception Way InceptionV3 saufumAlia Fusion

CNN
Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)

1 1024 53:06 85.77 0.35
2048 53:59 85.24 0.36
4096 53:52 84.69 0.38
2 1024 53:47 85.09 0.34
2048 54:16 85.24 0.35
4096 54:50 85.30 0.39

A15199 4.25 NAENSN1TE519LUUTNARY Xception Way InceptionV3 saufumalia Fusion

CNN i Dropout 0.1

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 53:21 85.60 0.49
2048 53:32 84.11 0.54
4096 53:09 85.58 0.36
0.1

2 1024 52:57 85.09 0.36
2048 53:55 80.41 0.42
4096 53:43 79.12 0.40
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A151991 4.26 HAANSNITAS19LUUTIABY Xception kay InceptionV3 saufumAlia Fusion

CNN i Dropout 0.2

Test

Dense Dense Dropout Time
Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 53:39 81.01 0.87
2048 52:58 85.11 0.34
4096 53:05 85.28 0.37
0.2

2 1024 53:35 85.92 0.34
2048 54:18 84.96 0.4
4096 54:10 85.11 0.34

A15199 4.27 HAANSNITAS1LUUIIADY Xception kay InceptionV3 saudumalla Fusion

CNN i Dropout 0.3

Test
Dense Dense Dropout Time
Accuracy Loss
Layer Parameter Parameter (Min:s)
(%)
1 1024 53:32 85.69 0.34
2048 53:13 83.13 0.4
4096 53:06 84.39 0.37
0.3
2 1024 53:31 85.69 0.4
2048 53:27 84.73 0.35
4096 53:44 83.79 0.37
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A151991 4.28 HASNSNITES19LUUTIABY Xception kay InceptionV3 saufumAlia Fusion

CNN i Dropout 0.4

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 53:36 84.86 0.35
2048 53:37 82.54 0.37
4096 53:54 85.16 0.41
0.4

2 1024 53:13 86.30 0.33
2048 53:46 84.96 0.38
4096 53:25 83.82 0.44

A19797 4.29 aJUHARNEN15ATIMUUTIA0Y Xception kag InceptionV3 saufuwmaila

Fusion CNN
Test
Dense Dense Dropout
Accuracy
Layer Parameter Parameter Loss
(%)

1024 2 0.4 86.30 0.33
1024 2 0.1 85.92 0.34
1024 2 0.2 85.92 0.34
1024 1 - 85.77 0.35
1024 1 0.3 85.69 0.34
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A157197 4.30 HARNENITAS1LUUTNABY Xception Way DenseNet121 saudunaila Fusion

CNN
Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)

1 1024 26:20 83.48 0.37
2048 26:55 83.71 0.36
4096 26:38 83.24 0.38
2 1024 26:28 84.13 0.37
2048 27:09 83.67 0.38
4096 27:28 83.01 0.44

A197197 4.31 NAANSNITASILUUTNABY Xception Way DenseNet121 squduwnaiia Fusion

CNN i Dropout 0.1

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 26:57 81.86 0.40
2048 26:47 83.86 0.40
4096 27:10 84.22 0.40
0.1

2 1024 28:10 84.79 0.35
2048 27:13 83.92 0.36
4096 27:58 83.52 0.43
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A15197 4.32 NAANENITAS1LUUTNABY Xception Way DenseNet121 sauduwmaila Fusion

CNN i Dropout 0.2

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 33:19 82.01 0.36
2048 33:27 81.97 0.43
4096 33:24 84.22 0.38
0.2

2 1024 33:18 84.01 0.39
2048 33:58 85.45 0.34
4096 34:25 83.33 0.45

A19199 4.33 NAANSNITATILUUTNIABY Xception Wag DenseNet121 squfumaila Fusion

CNN iy Dropout 0.3

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 33:17 84.16 0.37
2048 33:02 83.67 0.46
4096 32:35 84.24 0.36
0.3

2 1024 34:30 84.47 0.36
2048 33:54 84.64 0.36
4096 33:47 84.09 0.37
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A157197 4.34 NAANSNITES1LUUTNABY Xception Way DenseNet121 sauduwnaila Fusion

CNN i Dropout 0.4

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 33:33 84.05 0.37
2048 33:37 83.22 0.36
4096 33:02 84.43 0.47
0.4

2 1024 34:.47 85.37 0.35
2048 33:46 83.56 0.38
4096 34:08 83.77 0.37

A15199 4.35 a3UNadnsn15ad1auUTIay Xception uag

DenseNet121 S3uAUMALA

Fusion CNN
Test
Dense Dense Dropout
Accuracy
Layer Parameter Parameter Loss
(%)

2048 2 0.2 85.45 0.34
2048 2 0.4 85.37 0.35
1024 2 0.1 84.79 0.35
2048 2 0.3 84.64 0.36
1024 2 - 84.13 0.37
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A13197 4.36 HadNSN15a519LUUTIa09 Xception way ResNet50 SaufuLnAia Fusion
CNN
Test
Dense Dense Dropout Time
Accuracy Loss
Layer Parameter Parameter (Min:s)
(%)
1 1024 31:52 78.80 0.58
2048 33:25 83.60 0.38
4096 32:42 82.45 0.40
2 1024 32:55 80.71 0.42
2048 33:26 83.50 0.38
4096 32:18 84.11 0.37
A1519% 4.37 nadnsn1sadauusiany Xception way ResNet50 SaufunAia Fusion
CNN i Dropout 0.1
Test
Dense Dense Dropout Time
Accuracy Loss
Layer Parameter Parameter (Min:s)
(%)
1 1024 32:14 85.07 0.4
2048 32:42 84.33 0.41
4096 32:23 84.05 0.44
0.1
2 1024 32:47 81.20 0.42
2048 32:48 83.35 0.42
4096 32:14 79.99 1.64
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A15199 4.38 HANEN1TAS1ILUUINADY Xception kag ResNet50 saufiuimaiia Fusion

CNN i Dropout 0.2

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 32:49 84.41 0.37
2048 33:05 81.33 0.42
4096 31:47 83.48 0.39
0.2

2 1024 32:50 80.69 0.55
2048 33:58 84.60 0.39
4096 33:09 83.88 0.38

A19199 4.39 HAANWSNITATILUUTIARY Xception tag ResNet50 saufiumaila Fusion

CNN i Dropout 0.3

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 32:20 83.45 0.42
2048 33:49 83.84 0.38
4096 32:00 84.33 0.37
0.3

2 1024 33:32 81.77 0.49
2048 33:28 80.46 2.17
4096 31:41 85.01 0.37
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A15199 4.40 HARNSN1TASIILUUINADY Xception kag ResNet50 saufiuimaiia Fusion

CNN i Dropout 0.4

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 32:02 83.11 0.38
2048 31:54 84.24 0.38
4096 31:40 84.41 0.44
0.4

2 1024 31:53 84.73 0.39
2048 31:53 84.71 0.36
4096 32:52 83.22 0.44

A151991 4.41 agURadnsN15aI 1L UUTIA0Y Xception wag ResNet50 Saufuinalia Fusion

CNN
Test
Dense Dense Dropout
Accuracy
Layer Parameter Parameter Loss
(%)

1024 1 0.1 85.07 0.40
4096 2 0.3 85.01 0.37
1024 2 0.4 84.73 0.39
2048 2 0.2 84.60 0.39
4096 2 - 84.11 0.37
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A15199 4.42 HAANSN1TAS19LUUTIABY Xception kay ResNet50V2 saufumalia Fusion

CNN
Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)

1 1024 30:21 85.03 0.35
2048 29:14 82.73 0.39
4096 30:18 85.11 0.36
2 1024 30:34 84.79 0.36
2048 29:59 79.73 0.48
4096 30:22 79.86 0.44

A9199 4.43 HAdNWSNITATIMUUTIADY Xception tag ResNet50V2 saufumaila Fusion

CNN iy Dropout 0.1

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 30:56 83.24 0.57
2048 30:17 84.73 0.36
4096 30:44 79.90 1.17
0.1

2 1024 31:04 83.77 0.37
2048 30:29 84.73 0.40
4096 29:51 83.99 0.45
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A151991 4.44 NAANWSNTE519UUUTNABY Xception way ResNet50V2 saufumalia Fusion

CNN i Dropout 0.2

Test
Dense Dense Dropout Time
Accuracy Loss
Layer Parameter Parameter (Min:s)
(%)
1 1024 30:16 83.45 0.45
2048 30:31 84.13 0.94
4096 30:32 83.92 0.47
0.2
2 1024 30:58 84.01 0.5
2048 29:10 82.48 1.87
4096 29:55 83.99 0.45

A151991 4.45 HAANSNITAS19ULUUIIADY Xception way ResNet50V2 saufumaila Fusion

CNN i Dropout 0.3

Test

Dense Dense Dropout Time
Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 31:41 85.09 0.36
2048 31:59 84.41 0.36
4096 31:52 83.79 0.38
0.3

2 1024 32:25 83.94 0.39
2048 31:02 84.45 0.38
4096 31:56 81.62 1.66
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A151991 4.46 NASNWSNITES19LUUTNABY Xception way ResNet50V2 saufumalia Fusion

CNN i Dropout 0.4

Test
Dense Dense Dropout Time

Accuracy Loss

Layer Parameter Parameter (Min:s)

(%)
1 1024 31:36 81.39 1.46
2048 32:23 84.77 0.36
4096 32:10 78.56 1.04
0.4

2 1024 32:03 83.50 0.36
2048 31:59 84.16 0.42
4096 32:52 84.75 0.36

M13199 4.47 a3UNaansNIas1LUUIIRY Xception Way ResNet50V2 Saufiuinailn

Fusion CNN
Test
Dense Dense Dropout
Accuracy
Layer Parameter Parameter Loss
(%)

4096 1 = 85.11 0.36
1024 1 0.3 85.09 0.36
2048 1 0.1 84.73 0.36
2048 1 0.4 84.77 0.36
2048 1 0.2 84.13 0.94
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NHATNEUINITNAGDINTTIMUNUTEANTUNINABUTEAMAPIELUUTIAS
CNN saufiuwmatia Fusion CNN &slun1snaaesilfideliiuuudnass Xception s3udniu
LUUT1889 InceptionV3, DenseNet121, ResNet50V2 ag ResNet50 i oa5191d u

IS U

wuuaesgUuulel ifiauautivesis 2 wuudians uandevinismeaeuussansninns
yhauvesluuSaesuuYadeya Test Set nuinsMssamLuuiaesdvhefuann sy
Uiz?m%nmiumsaﬁ’mmgﬂmwaaﬂazmwmlﬁmn@lqﬁu laguuudnass Xception way
InceptionV3 amsalisniAnugniesgeanetfisesas 86.30 Insnisasuamadns uas

UAZLDYANITAIAN AU AU NS ULARLUUINADIVLLANIAINNGIN 4.48

M19197 4.48 AUNaANSNTATIUUTIEY Xception SaufumAllA Fusion CNN

Test
Dense Dense Dropout
CNN Accuracy
Layer | Parameter | Parameter Loss
(%)
InceptionV3 2 1024 0.4 86.30 0.33
DenseNet121 2 2048 0.2 85.45 0.34
Xception

ResNet50V2 1 4096 - 85.11 0.36
ResNet50 1 1024 0.1 85.07 0.4

INAITNATUNATNEN1TNABDINITATIUUUTIA09 CNN Saufumaila Fusion
CNN WUdWLﬁaiau@mamﬂ’ammLL‘U‘UﬁTWam Xception lag InceptionV3 Wndneiulneiiniss
A1 Dense Layer 7i 1024 §7u2u 2 Layer wazfaan Dropout Parameter 71 0.4 @11158
FuunUszanguamasyszamaldafian Inglunis Train wuusraesduiu 100 sou By
aansal¥ieng Accuracy geandifesas 90.33 uay Loss sanil 0.23 das1eazidennsibeus
YBILUUINaDY Xception Way InceptionV3 squfutnAila Fusion CNN 22 LaAI6 9
AmUszneudl 4.8 uaz 4.9 Tasutseanidudns Accuracy lumsidoud uazdnsn Loss Tu

N5SeU3 AudERu
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Confusion matrix

2000

1750
dass 0

1500

1250

- 1000

Actual Label

- 750
dass_1

- 500

- 250

dass [ -
dass 1

Predicted Label

MwUsenaud] 4.10 Confusion Matrix Ye9llUUTIa8Y Xception Wag InceptionV3 $uAY
tmALA Fusion CNN

NNNUTENOUN 4.10 AUanINsInUsEanS A mveluUIIaes Xception Uag
InceptionV3 Mfinsi3euisandumalia Fusion CNN Inenisld Confusion Matrix 3a.8un1s
LAAITIEaEAEANTIMUNUTEANFUNNTENINRRUTEaMAUTEamaUnG (Class_0) wag

9UTEAMMNLNILUIMIUTUAT (Class_1) vuyadeya Test Set lngdnsn Accuracy ved

maaﬁ”]LLuﬂ‘UizLﬂwgﬂmwwﬁmﬁﬁaaaz 86.30
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4.4 YssdiuuasiUSeuiieulseansnmnisdnuunussianguninasyseamaniniag
WIMNUTUANYRIUUUTIABY CNN

nuadndnIsmaasuyszaniamnisdiuunyssiangunmasUssamaniiinng
wulunuugadoua Test Set vaauuUTIans CNN fifinnsadnasaufuimada Fine-
tuning Hyperparameter, Data Augmentation, Ensemble CNN tag Fusion CNN WU 11
WUUS1aBY Xception wag InceptionV3 fiadssufumaia Fusion CNN 19n5IANNABY
fi¥ouaz 86.30 S?fw'flwhmwgﬂﬁaaqqq@ sesasundunuudians Xception ey
InceptionV3 fla¥1asaniuinadia Ensemble CNN Fafldnsnanmgniesiifosas 86.11 uas
LUUIIaDe Xception ‘1'7i d51997unduwmAila Data Augmentation a g Fine-tuning
Hyperparameter iﬁé’mﬂmmgﬂﬁaqﬁ%asaz 85.50, 84.07 Aua1AU lnus1uazdunns
L‘U%EJ‘ULﬁ&lU‘UiS?W%ﬂ’]WlUﬂ’ﬁﬁ’]LLuﬂ‘UizLﬂ%gﬂﬂﬂwf\]@ﬂ’iza’]ﬂﬁﬂﬁﬁﬂ’]’wLU’]WJ’]H%‘WI’]‘UEN

WUUTIADIAINATIAGY 9§ AZLAAIRIAITINN 4.49

A13199 4.49 WIsuiiguUseansanlunisduundseiangvainaedssamanidandy

WIMUTURYBILUUTIED9 CNN azmAtiagig o

CNNs Techniques Accuracy (%)
Xception InceptionV3 | Fusion CNN 86.30
Xception InceptionV3 | Ensemble CNN [0.6, 0.4] 86.11

Xception Data Augmentation 85.50
Xception Fine-tuning Hyperparameter 84.07
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5.1 asunansivey

5.2 9AUTENa

5.3 dalauauuy wazuumemsideluswan
5.1 d@5UNanN15IY

nuAfvatiuilvhnsinwuasiuieudisulssans nmmssiuunsunmaeUssamanii
ALV UAIF I UUTIAD CNN AUsznauludae ResNet50, ResNet50v2,
DenseNet121, InceptionV3 uaz Xception Inglunisnaaestiuiinisadrauuusiasssauiu
WALARIS 9 LaLA Fine-tuning Hyperparameter, Data Augmentation, Ensemble CNN
waz Fusion CNN tieiiindszansamlunisswunussinvveasuudians ddluauiseils
\&onld Google Colaboratory (Google Colab) vinlwausauszaianalauumnuigUszuiana
#1un5IFN (Graphics Processing Unit: GPU) 10 uta3esilelun1sifous uagnnasy
wuusiaes Tasuuusiassisungnaiiaduainnaidsudsiuiu 100 Epoch Sudunisisn

U 9

toyaguninveuszamadmiunisitous (Training Set) 911U 18,808 5UNW wazgn
nageUUIEANEN N UNYATayadmSuNTMAdeU (Test Set) 913U 4,702 JUA W
mﬂwams‘vmaaawuiﬂLﬁaa%"}ﬂLLazﬁauiLLUUf\i’ﬂaaai’mﬁ’mwﬂﬁﬂ Data Augmentation
ansaiudneugndedunisiuundstinnveyssamenlsifunauuudiass wazain
LUUSIa0d CNN aufuimadia Ensemble CNN wag Fusion CNN fuanunsalfsngiaaia
gndeslauinnin Single CNN losanidunisihiorquand@lunissuunyssianvesnang
wuusanssanddefuiailifussdnsamgindt ddunmasesiunuiuileviauaut
Y84 Xception kag InceptionV3 s3utd1aieiuaslinadnsansianugnaadlunisdiun
UszlamaeUsvamangsan wazannnansviaassnsisanansaazulsinuuudaesiifinigs
AaNURAves CNN §ULUU Xception Wag InceptionV3 sgwaila Fusion CNN iisngdmsu

i lUldieduunUssnn un1meuseamaI il e uInudEn 1lesaniignsiniiy

gnaadlun1sdwunUssinmasiian
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5.2 aausiena

nuAtsatuildinsususunnlugadoyalivndouun 299x299 Pixel iilosarnuun
suam’rW'i]’1ﬂé]’uaﬁwaﬁazﬂaﬁuﬁmmmﬁiﬁawaaﬁ’u wazgunmgnuUseendudadiu 80:20
el duyndoyadviunisiouivesuvuiiass uaziugadeyadmiunismaasy
UszAnsnmeasuuinassudniu Inemmualildeiaugnses (Accuracy) Tunsuseidiy
Usyansnmaesnuuinaes

ANANITNARBINTTAT LU UTIRBIEMIUNITTUUNTUAMABUTTAMANTIT A
mem%umﬁaa CNN Faufunaiia Fine-tuning Hyperparameter, Data Augmentation,
Ensemble CNN uag Fusion CNN uansliifiuinilonvudiassusazguuuuldiumsizous
SrufunsEUIUNMSTIINgaNIzannsafsUsEavSamlumsduunUssiangunmesnunls
4989 lAUIINNATNENITNAABIATIILUUTIa0Y CNN SaufumAlla Fine-tuning
Hyperparameter ‘WUﬂ’]LﬁlaLLﬁazLLUUﬁﬁaaﬂléjgﬂﬂ%@ WH4 Hyperparameter Optimization
uaz Learning Rate Tiimanzay azanunsalidnsnnimgniesliganindndu q deasiiuléin
WUUIIaY Xception Lﬁ@gﬂﬂ%ﬂ‘m% Optimization t8u Adamax # Learning Rate 0.001
annsalsnanugndedunisduungunmastszamaligsganiesay 84.07 usied]
Msieuduuudiass CNN yngULuusImAumAalla Data Augmentation WUINANTaLTY
Snsmnugndedunissuungunmasyszammiidansumutunligadu desnyn
Poyadiarumainnatouinludiu S1uau i uasyuues inundetu Tnsuuudias
Xception Mi3Bu33aAugULUY Rotation anansalsisnsiaugniesgsaniesas 85.50

fiafl N1sa¥1auuTIans CNN Saufumadia Ensemble CNN wag Fusion CNN wuin
a11150119MI1A1UNABIFINTIN1TTUUNMBULUUTIABY CNN LUULAEY (Single CNN)
1ilea91nmadla Ensemble uag Fusion ﬁ?uL*ﬁlumsﬁ"]Lmamamﬁmumsﬁi"]LLuﬂamé’ﬂwmz
fawwomanguutasssandimeiu uaniluimsussnanaitoswundseinniagly
suawaaly Taslun1sa¥iauuusiass CNN faufumadia Ensemble Yuiduni9iien
wuudassildsunisiieuiandeyayaiieafiuunsiinig Prediction wielsildan Probability
vosudazuuuTIaes uagiAfildainits 2 wuudians lUyhnag Vote iewiAiadsues
ﬁmauﬁgmﬁaqﬁ'qm Faennszuaunisiin Average Voting lneazutsooniu Unweighted
Average wag Weighted Average Inglun1s Weighted tiusis 2 wuusiass axfinnaiadedn
hntinlaefismfuudaeiialifu 1 wwsanuanmesswanddiifiuindotuuuiians

Xception ag Inception 11%1n15 Prediction wag Average Voting LitanAinauiignaes



72

flandae3uuuy Weighted Average Tasfinisiinuadrtmindu 0.6 uas 0.4 nuddy
annsalidnsanugniedunsiuundsuanguamasyssamanidanizium e
geaaidenar 86.11 lasilusnitmmgniesiisesasnainmsairsuvuiassimdiumaia
Fusion Milunsiserqaani@lunisduungudnuafieyosudazandnenssy CNN 11
ey uazvhnsaaduuuudassguuutiminfauaunsalunsduunyssan
vaeingluguninvesnn CNN Inglunisnaaeslddinisuiuusaiiu Dense Layer uaz
Dropout Layer Lﬁaammstﬁﬂﬂmm Overfitting LAZIINNITNABOIMUI NN Xception
L8y Inception sud28u wieuviafia Dense Layer 71 1024 $1u7u 2 Layer uazidi
Dropout Layer 1 0.4 mmmiﬁﬁmﬂumﬁﬂLLUﬂU53Lﬂwg‘dmwaaﬂiza’mmﬁﬁmw
wvulungeiviosay 86.30 udusnaaugniesgeaelun1ided uasdafunadsly

Y
N3UUNUTZANIDYTEAMANTN1ILUIMINUTUM AT TN TIAINYNABIFININNWITY [30]

1Ay Hattiya azauy

5.3 UYDLEAUBLUY hAZBUINIINITIYIUBUIARN

MnuieatuifiteldfnwuasnIeuiisvandnonssy CNN vundnnisiFeudidedn
éfm%"umsf\i"lLLurwgiJmWﬁJanzmmmﬁﬁmammmmsﬁum Tnglafinnsldimaiiang q e
finUszansammsosnsiaugndeslunissuundssianguamasyszamaiuni uay
'gﬂﬂwwaaﬂizammﬁﬁﬂnummmﬁum Tusifendadnluaziinsadrauuusiass CNN
dmMTUMITMUNUTEANFUNNABYSEANAT 5 UTeinn 1agasuianIuseAunuIuLseves
15a leun

1) 99UszamaUng

2) AT LRRUsTAMATULLN (Mild Non-Proliferative Diabetic Retinopathy)

3) N2V IMIUTUAUTTAIMTUUIUNA1e (Moderate Non-Proliferative Diabetic
Retinopathy)

4) A1 LUINIY %u IpUsrdINA ﬁ‘inju #1n (Severe Non-Proliferative Diabetic
Retinopathy)

5) A19gumIUi19eUsramafiliduidonsenlny (Proliferative Diabetic

Retinopathy)
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ABSTRACT. In this paper, we have demonsirated the effectiveness of the fusion convo-
lutional neural network (CNN) and ensemble CNN architectures for diabetic retinopathy
classification. Due to the fusion and ensemble CNN architectures, we proposed to use
five CNN architectures consisting of Inception V3, ResNet50, ResNet50V2, Xeeption, and
DenseNet121 to find the best CNN model. Two of the best CNN models were then se-
lected for creating the fusion and ensemble CNN architectures. We also performed dota
augmentation techniques while training the CNN models. We found that the data augmen-
tation technique can increase the accuracy of the CNNs. However, the data augmentation
technique should not distort the retinal image. For the fusion CNNs, Xception and In-
ception V8 were combined and then attached with two dense layers with the size of 1,024
units for each dense layer. Hence, we selected the optimel dropout value with 0.4. For
the ensemble CNNs, the output probabilities that were calculated from the Xception and
Inception V3 models, were sent to the ensemble learning method. Using ensemble learn-
ing methods, we also compared the weighted and unweighted average methods. The resulls
showed that the weighted average method outperformed the unweighted average method in
all ensemble CNNs. From our experiments, we found that the fusion CNN architecture
slightly outperformed ensemble CNN architecture.

Keywords: Convolutional neural network, Fusion CNNs, Ensemble CNNs, Diabetic
retinopathy classification, Data augmentation technique

1. Introduction. The World Health Organization (WHO) has listed diabetic retinopa-
thy as one of the leading causes of blindness worldwide [1]. The main issue of diabetic
retinopathy arises from consuming a main meal that contains much sugar. There are many
foods that are commonly sold in convenience stores that have a high level of sweetness,
such as beverages, sweets and coffee. If we receive more sweetness than what we need, the
excess will be harmful to the human body, especially to the eyes. However, if the blood
vessels in the retina begin to become inflamed and aneurysm develops, there will be lym-
phatic distribution throughout the retina. If untreated, this causes retinal ischemia and
this leads to the cells that are used for vision being destroyed continuously. It eventually
leads to decreased ability to see and maybe loss of vision.

Due to the increasing number of morbidities associated with diabetic retinopathy, there
may be an insufficient number of ophthalmologists to treat patients. Here we report the
development of a system that helps to detect and classify diabetic retinopathy from retinal
images using deep learning methods. There are two types of diabetic retinopathy that we
can classify from the retinal images: diabetic retinopathy and non-diabetic retinopathy.
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Consequently, we can deeply classify diabetic retinopathy into five levels; these are normal,
mild non-proliferative diabetic retinopathy (NPDR), moderate NPDR, severe NPDR, and
praliferative DR [2,3].

In this research, we proposed a convolutional neural network (CNN) framework for
diabetic retinopathy classification. First, we aimed to find the best CNN architectures:
InceptionV3, ResNet50, ResNetb0V2, Xception, and DenseNet121. Then we selected the
two best CNN models to create the new CNN frameworks, called fusion CNNs and en-
semble CNNs. Finally, we then compared the performance of these two CNN frameworks
to classify the retinal images of diabetic retinopathy. In addition, the ensemble CNNs
combine the weighted parameters from multiple CNN models that are classified using
the softmax function, while the fusion CNNs combine the feature maps from multiple
CNN models before sending to classify using the softmax function. The advantage of the
fusion and ensemble CNN architectures reduced the generalization error and increased
prediction performance [4].

2. Related Work. In this section, we survey deep learning techniques that have been
proposed for recognition of diabetic retinopathy (DR) from retinal images. Yazhini and
Loganathan [5] proposed a framework called integrated fusion that combined GLCM
and VGG19 architecture to extract the feature vector from the retinal images. In the
integrated fusion framework, the feature vector extracted by GLCM and VGG-19 was
first concatenated and then sent to classify using the softmax function. The integrated
fusion framework predicted the output of the DR as five levels. This integrated fusion
method provided an accuracy of 71.30% and sensitivity of 50.43%.

Hattiya et al. [6] proposed to use seven CNN architectures consisting of AlexNet,
ResNet50, DenseNet201, InceptionV3, MobileNet, MnasNet, and NASNetMobile for dia-
betic retinopathy recognition. The dataset used in the experiment was downloaded from
the Kaggle website. It included 23,513 retinal images with two classes: diabetic retinopa-
thy and non-diabetic retinopathy. They first evaluated the CNN architecture with five
different color spaces: RGB, grayscale, HSV, L*a*b, and YCbCr. The result showed that
training the CNN model with RGB color space gave the highest recognition accuracy.
They then trained seven CNN architectures with the RGB color space. The AlexNet
architecture achieved a high accuracy of 81.42%.

Vives-Boix and Ruiz-Ferndndez [7] proposed CNN architectures that updated the
weighted parameters in the convolutional layer using the synaptic metaplasticity method.
In their experiments, InceptionV3 with synaptic metaplasticity achieved an accuracy of
95.56% on a public small diabetic retinopathy dataset.

The CNN architectures can be combined to create a new framework, called ensemble
CNNs that include the ensemble learning method in the last layer. It learns from the
output probabilities of each CNN that is included in the ensemble CNNs. Chompookham
and Surinta [8] proposed ensemble learning methods that were created from three and
five deep CNN models. Further, the output probabilities that calculated from each CNN
model were then transferred to the ensemble learning layer. The CNN model was trained
using data augmentation techniques: height shift, vertical flip, and fill mode. In the
experiment, the ensemble CNNg with the weighted average method were evaluated on
plant leaf disease datasets. High accuracies above 99% were obtained from the ensemble
CNN architecture. Also, an accuracy of 94.7% was obtained on a mulberry leaf dataset.

Noppitak and Surinta [9] proposed ensemble CNN architecture to enhance the efficiency
of land use classification. First, they discovered the best CNN model from eight CNN
architectures: InceptionResNetV2, MobileNetV2, DenseNet201, Xception, ResNet152V2,
NASNetLarge, VGG16, and VGG19. Second, the data augmentation techniques, includ-
ing rotation, width shift, and height shift were used while training the CNN models. Third,
the ensemble CNN architecture was then generated with the 3 CNN models that were
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found in the first step. For the ensemble learning method, the weighted average method
was proposed. Hence, the grid-search method was proposed fo optimize the weighted pa-
rameters. The experimental results showed that the ensemble CNN architecture achieved
an accuracy of 92.80%.

Deepa et al. [10] proposed a multi-stage deep CNN to learn to distinguish the diabetic
retinopathy image from the whole image and random patches as the input images. First,
the input images were sent to the CNN architectures: InceptionV3 and Xception. Second,
the probability vectors from the CNN architectures were then classified using artificial
neural networks (ANNs). Third, in the ensemble classifier process, the outputs of the
ANNSs were classified using a support vector machine classifier. As a result, their proposed
method showed an accuracy of 96.2%.

3. Methodology. This paper reports on the objective to improve the efficacy of CNN
frameworks by applying various optimization algorithms to reducing training losses. More-
over, the comparative study methods are presented based on two CNN frameworks: 1)
fusion CNNs and 2) ensemble CNNs.

3.1. Convolutional neural network architectures.

InceptionV3. InceptionV3 was proposed by Szegedy et al. [11] in 2016. Inception-
V3 was modified from the previous inception architecture and focused on providing less
computational cost. In the InceptionV3 architecture, first, the factorized convolutional
layers and the small convolutional layers were proposed to reduce the number of parame-
ters involved in a network and also reduce the computation cost. Second, the symmetric
convolutions were replaced by asymmetric convolutions. Next, an auxiliary classifier was
proposed as the regularizer. Finally, to avoid a representational hottleneck, the grid size
reduction of the feature maps was proposed.

ResNet50 and ResNet50V2. ResNet and ResNetV2 were proposed by He et al. [12,
13] in 2016. In very deep networks, the numbers of stacked layers were increased. The
deep networks showed the high accuracy results on the challenging ImageNet dataset.
ResNet50 and ResNet50V2 include 50 parameter layers. In ResNet architecture, residual
learning was proposed to allow the stacked network to jump over one or more building
blocks, called shortcut connections. In ResNetV2, a new residual unit was proposed. It
was shown that the new residual unit decreased the error while training around 2%.

Xception. Chollet invented an extreme version of Inception architecture, called Xcep-
tion [14] in 2017. It focused on modifying the depthwise separable convolution layer,
namely a depthwise convolution. In the modified depthwise convolution, the order of
the depthwise convolution was pointwise convolution and then followed by a depthwise
convolution. So, the number of connections is fewer and the model is lighter. As a result,
the Xception architecture showed improvement in accuracy performance when compared
with the InceptionV3.

DenseNet121. In 2017, Huang et al. [15] proposed densely connected convolutional
networks, called DenseNet. DenseNet is like the feed-forward architecture where each
dense block layer connects to all other dense block layers. For example, the first dense
block layer is connected to the 2nd, 3rd, and so on until the last dense block layer. The
second dense block layer is also connected to the 3rd block and so on until the last layer.
If considered, the connection of the 2nd layer, the feature maps of the 1st layer and the
feature maps of the 2nd layer were combined and used as inputs into the 3rd layer.

3.2. Fusion CNNs. The proposed fusion CNNs comprise two parts. The two best CNN
architectures, that were selected from Section 3.1, are chosen to create temporal features,
called feature maps. We then concatenated feature maps before sending them to another
layer. These feature maps were first transferred to the batch normalization layer (BN).
Second, the rectified linear unit (ReLU) was proposed as a nonlinear function followed
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BN
ReLU
Dropout  Fully Connected

FiGUre 1. Illustration of the fusion CNN architecture

by the dropout layer to avoid overfitting. Finally, two fully connected layers and softmax
activation function were attached to the network. The architecture of fusion CNNs is
illustrated in Figure 1.

3.3. Ensemble CNNs. The ensemble CNN architecture consists of two parts. In the
first part, we trained and evaluated five CNN architectures, including InceptionV3, Res-
Net50, ResNetb0V2, Xception, and DenseNet121. After that, we chose only two CNN
architectures to create the ensemble CNN framework. In the second part, the cutput
probabilities (w) from each CNN were then calculated using ensemble learning methods
[8,9]. Figure 2 illustrates the proposed ensemble CNN architecture. The ensemble learning
methods are described as follows.

Ensemble Method

Output
W,
<A

-1l

Softmax

FiGure 2. Tlustration of the ensemble CNN architecture

Weighted average method. In the weighted average method, the different weight
parameters are calculated with the output probabilities. We decided to calculate the
higher weight with the output probabilities of the CNN model that achieved a higher
classification rate. Note that the sum of all weight parameters is equal to one. The equation
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of the weighted average method is given by 4 = % > o of, where o is the weight value
that multiplies with the vector of output probabilities () and » is the number of ensemble
CNN models.

Unweighted average method. In this learning method, the output probabilities of
each CNN model are computed by average of the probability values. Then, the maximum
value of the probabilities is selected as an output of the ensemble learning. The unweight-
ed average method is calculated by § = %ZLI?I, where 4/ is the vector of the output
probabilities of each CNN maodel and n is the number of ensemble CNN models. We then
used the argmax function to select the highest probability value of §.

4. Experimental Setup and Results. All experiments were evaluated in the same
environment. We used the TensorFlow v2.5.0 as the deep learning framework that runs
on Google Colab platform.

4.1. Diabetic retinopathy dataset. We collected retinal images from various DR data-
sets that were available on the Kaggle website, including APTOS 2019 blindness detection,
diabetic retinopathy detection, and diabetic retinopathy. These datasets were collected
by a collaboration between the Aravind Eye Hospital and Kaggle website. The hospital
screened for diabetic retinopathy of the patient from the retinal images and then created
a label for each image [2,3].

The retinal images used in this study were stored in RGDB color space with a JPEG
format. The DR dataset included 2 classes and contained 23,510 images. The number of
diabetic retinopathy and non-diabetic retinopathy images was 12,063 and 11,447 images,
respectively. We then divided the DR dataset into a training set (18,808 images) and test
set (4,702 images). Some examples of the DR dataset are shown in Figure 3.

Fiqure 3. Illustration of the retinal images from the diabetic retinopathy
dataset: (a) Non-diabetic retinopathy class and (b) diabetic retinopathy
class

4.2. Experiments with CNNs and data augmentation techniques. In this study,
data augmentation techniques [16] were proposed. The data augmentation techniques
used in the experiments were flip (horizontal and vertical flips), rotation (randomly with
value between 0-80°), and zoom (randomly with value between [1—0.2, 140.2]) techniques.
We proposed these data augmentation techniques because they did not distort the retinal
images. Examples of the data augmentation techniques are shown in Figure 4.

We evaluated the performance of the CNN architectures using several factors as fol-
lows: five CNN architectures (InceptionV3, ResNet50, ResNet50V2, Xception, and Dense-
Net121), five optimization algorithms (SGD, Adam, Adadelta, Adagrad and Adamax),
and learning rates (0.1, 0.01, 0.001, and 0.0001). In addition, our experiments evalu-
ated several optimization algorithms because the fittest optimizer assures more reliable
accuracy performance [8].

We show the results obtained with the CNN architecture with the best optimal param-
eters on the DR dataset in Table 1. It can be seen that Xception was the best CNN archi-
tecture in our experiments. The Xception architecture achieved an accuracy of 84.07%. It
slightly outperformed InceptionV3 by about 0.6%. However, it spent more computation
time on the training,.
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(b)

FIGURE 4. Ilustration of the data augmentation techniques, including (a)
original image, (b) horizontal flip, (¢) vertical flip, (d) rotation, and (e)
z00m

TABLE 1. The best optimizers and the accuracy (%) of each CNN model

Image - Learning Training Test
CNNs size Optimizers rate time  Accuracy (%) Loss
Xception 299%x299 Adamax 0.001 57 min 84.07 0.38
InceptionV3 299x299 Adam 0.001 38 min 83.30 0.38
DenseNet121 224x224  Adadelta 0.1 33 min 82.77 04
ResNetb0V2 224x224  Adamax 0.001 37 min 82.20 0.38
ResNet50  224x224 Adam 0.0001 38 min 81.28 0.41

The experimental results of the data augmentation techniques are shown in Table 2. Tt
is important to emphasize that the data augmentation techniques can improve the perfor-
mance of the classification of diabetic retinopathy. Xception combined with the rotation
technique still outperformed all CNN architectures. It achieved 85.50% and was slightly
better than training without data augmentation technique. It is quite surprising that it
requires less computation time when compared with training without data augmentation
techniques.

TABLE 2. The optimal data augmentation techniques of each CNN model

CNNs Data augmentation  Training Test
techniques time Accuracy (%) Loss
Xception Rotation 44 min 85.50 0.34
InceptionV3 Zoom 38 min 84.69 0.37
DenseNet121 Rotation 26 min 84.01 0.35
ResNeth0 Flip 40 min 83.26 0.41
ResNet50V2 Flip 21 min 83.18 0.39

To summarize the results, the Xception architecture without data augmentation ob-
tained the accuracy of 84.07%, outperforming all CNN architectures, except only the
InceptionV3 with zoom technique that achieved the accuracy of 84.69%.

4.3. Experiments with fusion CNN architecture. In the experiment of fusion CNNs,
we combined the Xception architecture with other CNNs, because we found in previous
experiments that the Xception architecture provided the highest accuracy with lower loss
value. The compared results of each fusion CNN are shown in Table 3.

From Table 3, our results show that the fusion CNNs between Xception+InceptionV3
obtained 86.30% accuracy with the loss value of 0.33. This fusion CNNs also required to
be fully connected with two dense layers with only 1024 units of each dense layer. We
can emphasize that the Xception architecture when combined with the other CNNs, still
obtained an accuracy above 85%.
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TaBLE 3. Performance evaluation of the fusion CNNs

. Dense No. of Training Test
Fusion CNNs sizes dense layers Dropout time Accuracy (%) Loss
Xception+InceptionV3 1024 2 0.4 53 min 86.30 0.33
Xception+DenseNet121 2048 2 0.2 33 min 85.45 0.34
Xception4+ResNetb0vV2 4096 1 No 30 min 85.11 0.36
Xception+ResNet50 1024 1 0.1 32 min 85.07 0.4

4.4. Experiments with ensemble CNN architecture. For the ensemble CNNs ex-
periments, the accuracy results of the ensemble CNNs are shown in Table 4. The perfor-
mance of the ensemble CNNs was greater than the single CNN architecture. However,
only ensemble CNNs between ResNet50 and ResNet50V2 (83.73%) performed with lower
accuracy than the Xception architecture (84.07%). As a result, the ensemble CNNs be-
tween Xception and InceptionV3 provided an accuracy of 86.11%. When we compared the
ensemble CNNs and the fusion CNNs, the fusion CNN architecture slightly outperformed
the ensemble CNNs.

TABLE 4. Performance evaluation of the ensemble CNNg

Accuracy (%) of ensemble learning methods

Ensemble CNNs Unweighted Weighted Weight
average method average method parameters

Xception+InceptionV3 85.92 86.11 0.6, 0.4

ResNet50+DenseNet121 84.30 84.81 0.3, 0.7

ResNet50V2+DenseNet121 84.22 84.39 0.3, 0.7

ResNeth0+ResNeth(0V2 83.65 83.73 0.3, 0.7

5. Conclusions. In this paper, we evaluated two convolutional neural network (CNN)
frameworks: fusion CNN and ensemble CNN architectures, for diabetic retinopathy classi-
fication. We discover the best CNN architecture from five CNN architectures: Inception-
V3, ResNet50, ResNetb0V?2, Xception, and DenseNet121. To optimize the parameters, we
considered five optimization algorithms: SGD, Adam, Adadelta, Adagrad and Adamax.
The various learning rates between 0.1 and 0.0001 were also evaluated. In the course
of the training policy, the data augmentation techniques were also performed during the
training, including flip, rotation, and zoom techniques. The result showed that the Xcep-
tion architecture with the Adamax optimizer and a learning rate of 0.001 achieved the
best accuracy performance. Interestingly, the data augmentation techniques can increase
the accuracy of every CNN architecture. The fusion and the ensemble CNN architectures
were compared. We also found that the combination between Xception and InceptionV3
architectures performed very well on both architectures. From the experimental results,
we conclude that the performance of the fusion CNN architecture was slightly better than
the ensemble CNN architecture.

In future work, to improve the performance of diabetic retinopathy classification, we will
concentrate on experiments with the other CNN frameworks, such as snapshot ensemble
CNN [17], Siamese network [18], and Hybrid CNN [19].
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