NINTIIMLaEILUNTLlIATRINNENDLSEUsRsnL@u COVID-19

lagldnatianisiseusigedn

DETECTION AND CLASSIFICATION OF COVID-19 CHEST X-RAY
BY DEEP LEARNING TECHNIQUE

25500A1 ASD15
WANNIKA SONARRA

4 1
1 =

InenlnusihdudiunteinsfinynuvangasImNssuaansUudie
A1VIVIAINTIUYINTUNNE
ANNEIAINTTUAENS
antumalulagnszaaunandnnunmsaIanseUs

Un1sAnw 2566



DETECTION AND CLASSIFICATION OF COVID-19 CHEST X-RAY
BY DEEP LEARNING TECHNIQUE

WANNIKA SONARRA

THE THESIS SUBMITTED IN PARTIAL FULFILLMENT
OF THE REQUIREMENT FOR THE DEGREE OF
MASTER OF ENGINEERING IN BIOMEDICAL ENGINEERING
SCHOOL OF ENGINEERING
KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG
2023



KMITL-2023-EN-D- 317-038
COPYRIGHT 2023

SCHOOL OF ENGINEERING
KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG

dy I dl Y o U 14 dl = 1 gj 1 Y o ¥ € Y ¥
wnanstluenasianulidmsunisldnuienisfinwivingu ldeygnlriluldusslevisunisen

I = O L a Oy agve & Y Y a = v & A ° P
lmﬁqﬂiﬂﬂ,@q NIdU @ﬂV]QWWN@ﬂﬁﬂ@LLUaQLu@WW LLa%@@QEJ']\TENﬂQL"ﬂ'TGUENL@ﬂﬁ']i“l/‘]ﬂﬂiﬂmllﬂ']ﬁuqlﬂisﬁ



a3 nadnus A3ATILBLILUNTBELTAVDINTINLB NS TUDAD NLEU

COVID-19 lngldmatian1siseusigedn

Unfnw UNAINITINNT AT

saUsEIN 63601061

Usuaun IFINTTUAENTUMU NN

GULTaELIY) AINTINTINIUNNE

U W.fl. 2566

91915gfiUInuAnenfinus 37.03.43UNS TAgAVEINIA
UNANED

Jagdunisunsszuevesdatondniaulalsiilifanialsalain COVID-19 fadutlymguuss
A a X v oo® a [ = 3 vYa 4 4 a & I
MAndululsenalneuazdalutymingaluseiulan Wenduugfadeniiusndun 9 Ju &
danaviilsaneruiansiadansesldnde Julueg1ea19n feIsenansi1neIuIuLaEN1SUIALARY
UARINIAUANINN 9 I1iatun1sauasny Lesnndednianing1s Aamuis1delaideniendingle
JEUUSANDS NN Y8 UinTU 8ane3TUNITYINUIENADIILYILANAINUATEALUTEUUNITALS

£ = J R ad = A '
qunnalen1sTEylsa Fansuwunamidudsuieniaulalunisuszananin lassigyssam
\Wisuwuuaeuligdu (Convolutional Neural Network; CNN) Wudane3fiuvigniauiidagiaunsnany
drmsunisvawunnin nsuennmenesilenaind Uieiidulaia (COVID-19) panaingUiefiniie
Yandniaumluuazathevasnund e usaidiudseAnsnmnisnnn1saiveswuudnass Aaukaugl
AZUUY Fl-score N1SL3ENAN AUC lagasiuuAlugnaed agdunsladikuudiaenisiuienlasy
nsEnrwAgIiunan1snsRausatanlelunsyihunegnisiaielaina (COVID-19) fiuselevidmsu
wnngduaziinaunanisunndduntlunisdadiduaiud Anreminginsed g NABILAZAAN1T
s 3 l 4 a & - DX a0 =
97 MsEunLAnd urate 9 Jeu tieniseslsaludealuyUieidduiuainuazdaig

A ! I v & v A yo =3 = ! 3 ]

WasuuUasedesiaiiivesseslsa deuluanAdeilovanlunatuiiodigunnduas ianunianig
winglunisnmvaeunan1snlewiulasdiaunsatnlddmiunisdnwinisinunenieadinle
a 1%
anme
[ o % o [l a [ 6 a
ALY : mimLLuﬂmw,IﬂiamwizmwWIEJ;JLLUU%uhq%u (CNN), nMenatsduantadn (CXR)

lsAUpndnRaeUNay COVID-19



Thesis Detection and Classification of COVID-19 Chest X-ray
by Deep Learning Technique

Student Miss Wannika Sonarra

Student ID 63601061

Degree Master of Engineering

Program Biomedical Engineering

Year 2023

Thesis Advisor Assoc.Prof.Dr. Sarinporn Visitsattapongse
Abstract

The Coronavirus disease (COVID-19) infection has become a pandemic, and this is the
most critical problem that has occurred in Thailand and also expanded all over the world. As
such, it is not astonishing to know that this virus has had a direct effect on hospitals with the
delayed screening of patients because of the increasing number of daily cases and the shortage
of medical personnel and restricted treatment space. Due to such restrictions, in this study, we
used a clinical decision-making system with predictive algorithms. Predictive algorithms could
potentially ease the strain on healthcare systems by identifying the diseases. Moreover, image
classification is one interesting aspect of image processing. Convolutional neural network (CNN)
is a widely used algorithm for image classification by separating the images of the COVID-19
disease, images with a lung infection, and normal images. To evaluate the predictive
performance of our models, precision, Fl-score, recall, receiver operating characteristic (ROC)
curve (area under the ROC curve), and accuracy scores were used. It was observed that the
predictive models trained on the laboratory findings could be used to predict the COVID-19
infection as well and could be helpful for medical experts to appropriately prioritize the
resources. This could be employed to assist medical experts in validating their initial laboratory

findings and could also be used for clinical prediction studies.

Keywords: Convolutional neural network (CNN), image of COVID-19, coronavirus,

deep learning
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LAsRAeNsLsd a819lsAnIunsITsEendlunisatenmenatsgUan(CXR) dudunilsluiunau
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113937295 9NBRUFIUNUTTINSHaTelandne4,5] Inslumnuidellimitemaialung
lassguszamiieuiuunauligiun1siseusiBedn (CNN: Deep leaming)[3] $3uM15310UN
AmenLsdguan (CXR) Yadfa wawiudszansninlunisdndulalunissnuliduwnndway

Ya o

anszezatunsulanadiluseslsaveniaunsadsundadliegesnsa Inevail]ide
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manTainnuIdeilinagiivselevidmsuunmduazuaainsniinanuinesguagUiesiuiegds
Y o ¢ o Aag v oa ¢ A Y a & A Aa v v
AosdnassAnInensniliiausslevlagaiiotivandnsnisindouasmadeingUele

Wusenem

1.2 AU NBUazIngUIEEIAYaINI AN

1.2.1 tWefnwiFouiiasimulunanisisousiBadn (CNN; Deep-leaming) d1miu
msAnnenseslsavesfihevonunfdudensniauialuuazensniauiiinainalmgnisan
Wemadumelalaia (COVID-19) Tngldantiinenssulasstieliaatuguiuusing

1.2.2 ieUsziiAargiinaziUTouiisulszansnmanugadostunainisinneg
vaslunaannsieuiidsindimiunisiinseitadsiifinasoussansammsiauves
L

1.2.3 lunanduiudmasiinaanndinuuauinsglisuyaainsmanisunng v

| = a o Y ~ | Al a % a &
JIUYIYANAITUAILAIYR ‘LJiS“VIEJ(ﬂ‘V]‘J‘WEﬂﬂiLLasmmmmnaﬂUmEJQ‘U’JEJEJTJ N VL@;J']ﬂEJ\WJu

1.3 ngufvsouuinnudaililunisinide

1.3.1 navgluilagtuiiielsrguilvallada (COVID-19) dustd 2019 ¥ilAdels
MnsfnvnAaInsinnsasseslsaresentniiusneanainUendnauimluuazUeon
Snaviidndelaia (ovID-19) Tngldnmdeyanimannisienasdeniialy (CXR) Sy
wiatalasstngUszamiiion (CNN: Deep learning) Tnevaassldanitnanssuiuu 6 lua
Usenaulusme InceptionV3,  ResNet50,  VGG16,  VGG19,  MobileNetv2 — uay
InceptionResNet V2

a =

1.4 duyAgIUYaINITANEI
\WewnensAnwseslsaiifenfiulenfnidelsaszuinveilanladn(COVID-19) &ns
Jusesidendisziuasfnmuaniualnisunsszuin aedunisrawengUasdeauni(CXR)

gannlsavandniauniluuaztendniaulain(COVID-19) Timaiuasgnees Inenisldnm



eNLIE(CXR) 261/ funisneaeuiulinalassieUssanniieun1sisousidadn (CNN) Wenis

AnwensaelsALAINUTIEILNTNYINUNENAYIN N bR AkaltaN ln R g LN s AL

1.5 YaULYANISANS

MmAFgvensldanilnenssuluwanisiiousidadn (CNN: Deep leaming) 6 luaa
1AuA Inception V3, ResNet 50, VGG16, VGG19, Mobilenet V2uazinceptionResNet V2fiu
Yatoyanimenatsduanasisagly Kaggle.com 1u3un31 6,000 7w WWeulusunsuly
Taus1a TensorFlow keras wagldnisuszananauy CPU dmsumsfauennin 3 Ussinnie
UJoaunf (Normal images) n1ndansgniaui 2lu (Pneumonia images)wazninlonlada
(COVID-19 images) vl o1U3 sufisudszdns nnusnaslunalaowns aeflodinszinadns

Accuracy, Precision, Recall, F1-Score, Confusion Matrix, AUC RUC curve

1.6 Laun1sANIUIU

1. UmuassainssuAuse e e wasfnuifinsfiuieafulusunsusia

2. Suruardniutoyan nenasdlen (CXR) 2nunasdoyaans o

3. A3 sagedayanmenistifion1sveadeuuas A nynaianSLUSELAWLUY
manual inATla

4. Boudnadiulsunsunie python AlfmanufifimAuuazimadeasing 4 o
Waudanesyindmsunisusuaeulusunsunazlunasig o

5. insaeuluing neasslunalugduuusie 9 Mdenld iunaainnismaassn
AN LasUTEdiung aguNanIInnaes

! a

6. BBYULSINAIUNIIVINITAADIRAUN

(Y]

7. v dnus
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1. Anwmunasdoya Anwenuazlnannimuiull

2. AnwInseuwin Yuneunisudsdmdeann

3. MANUSANLAE AN NI INTLUIUNNT

LUSAIULUS Manual

4. AnwgUuuun1siseusiaean lanwr - Python

Y A a = Na av  oa
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=

5. AnweanwuudanaInunasleluauIdenas

wAteyn Error #9 9 AARTUAUIAATILIE
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NReRlnaRs e Usuly
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o [ = 1 o
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WANNISHASNEA N8IV

2.1 aMwenasiUan (Chest X-ray Imaging)
! 3 [ aa o v aa ) [ A
nsngAeNELIEUsn (CXR) LUUNTITATINIUIGNNNEINIIFULUUNRUL 1anN13AD
5 & o A LY a d' ] A a | v oA 4 ! (Y
LASOUDNLITANEAAINTNGIUANNDES AseMIATUAY MSenTediend (X-ray) kuluds
dusnamihenuazUen (Lung) weliaslunfesldlulsaneuialsaseuwnmddagdu fe
110 kVp 200-250 mA Wufiyingrseluniifie {Uhe ANATENUULLKHUTANVEaLHUTUN LY
Ameaniauaualun1sTuwas Mmeruantina usansgrealmuingdns o lavesssdiond

wahlinmianudivesmismgariuingiinaiuaglunnnssnuuukrusunlviaudy

e

Y v A (% ~

Jusgaudian 913 7 61 lnendsednuingnianuvuiuiuen Ssdanunsonggreatlan

q

a

'
a I

i 81na azdeuiuludn lunsnauiudidudianumuitu Ssdnsarulisntunad s
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) < N A v P a a a a X A a a &

DYUU %mummmmagﬂwmadm LNAANURAUNFAUT LI LD UDANTDNDIN1SUDARALYD
Wi LAnlandnauinialansniaulain (COVID-19) annvedilavanaziudeulunieiladl

[y a X [ Y @ = a & Ao ! a a & ! = a
NSONEUNATYE YINMITAUUS AR TeNEv NN NUeAUNR 8719 ARTUUNEIUNSBUSLION
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C

vhisuanldtuiu werdemmuszmstisadesuuuluninaiiuiivenfitudsuludlfumme
Iedelsaldmnendnnmsmimsunmdlasnsiouiisusenisamwndifiegfunimenese
Uaniiinidelain (COVID-19) Faegraguil 2.1 (n) nwanaisduanidieledin (COVID-19) 3U
(1) nwenwisuanierly (Preumonia) waengsl (Negative) fio mwanwisuaniilsifinide

Aaregneu(n) il



-

-
(n) YenRnweladn COVID-19 (1) Uandndavily (m) Yonund

UM 2.1 uanasiagegunimenasgven CXR 1NgIudeys

2.2 sduuuvestayaildlunisideuazsaslsaninaates
PINMsAnutoyavasidenuidulglsmenuiaiitunauninsiamlsanienisly
fvegoumeiemiunagnuazdn  (RT-PCR), Swap  Aumsnmienaisdvanviliiu

TJuppunsAnueniUlgiiasmuiensiamseslsnvansniauladn  (COVID-19)  Joyanini

Y

danlduusnadunin 2D @esdif au1n 400400 pixel wadanisaievsendnesnieuld
TudagtululssssunnmdmelniodenyisdfinealiaiUssanas 110 kvp 200-250 mA
doyanmansgMsnthuniaeazUsznaumeylinvessealsn 2 feg1a MNANTmMUA

o
v

3 F9g19 WgunuA NS UBAUNG 91l
1. mwenosguandn® (Normal)
2. Jandnaunild (Pneumonia)

3. Yansniauainnsanitelain (COVID-19)

2.2.1 Tsptandniguanidelaialaia (COVID-19)

Jonsniauanmisanidolaiaty awmilurnidonafismelaeiaressenmafi
delsauinluluton ddluenmmiuiidenosUsuusgmnunesudiada uwueiide Wos et
lsavfeidiolendu 1 AdsiFinuazannsnassagluomdldssesnamis  fendlaeily

6 ] 1%

] ~ o v o & & ] v
5'Nﬂ']EJ‘U@QlIH‘UU"U%@Jﬂa‘lﬂﬂ’ﬁﬂqﬂﬂaﬂLLUaﬂ‘Ua@N‘Vﬁ@L%@Iiﬂ@@ﬂ"ﬂqﬂiqﬂﬂqEJIG]E)EJLL@')I@EJ

Y
sysuyATuegiunliduiuvesasyaraiiudsineiy  Tunsalingifuiuldd  aliduiuunnses
veRTillsaUszddngItulen Wi Lsageauldanes (Pulmonary Emphysema Disease)
< < ¥ Vo a ,&1 Y 1 [J 4’1’ a
uzi5eUen (Cancer of Lung) lWusu n1slasuusunaldieldnssnigdnnuannnetazideiiniig
13 A ! ! 1 ::’1’ 13 = v o v [
wlausdlun1ensinegaukesIMetRaasAudeLasinluiegauludenla

ilisnmeinufnsedemuiuedwihiiinnisdniaureson
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wyanIMURIINsUensniE@uINNTRRieMaluAuN1sRaelifalain  (COVID-19)
Hueavzdunmeinisiareudiendnuies  luuvissgeInisisukne1avsliwansneiuiu
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M15199 2.1 LanID1N1I5EINensAnaUandntdulain (COVID-19) kazn1saniauanansauy

Wl (Pneumonia)

faalarsni@ulaan COVID-19 frwalansntauiiiy

il dgaiin 37.5 0461 Ansie 48 . 1ildge udenisagAsy AUy
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2.2.3 Tspuanasniauannialadaladn (COVID-19)



Yondnuauiitinainnisaniiiolisalain (COVID-19) d@wlugisiniAnainnissniau

nmelulieven dawalaenswionisuanildsuingeandiau Inglugiusngteagliuans

2 msla 9 gmeusnmiieuunlifionnisle q wandiiunudauivzinnsdnavegnielu
Janisundn “Silent Hypoxemia” a1n1ssisugUagaziioinisveuwmiiesmeladiuin Tuuns

= & v o & v v A : -~ o a P

TwengulsititunImeladumauaziludeddinsashismelavisenislvieandiau e
s1umesuldeladn (COVID-19) iluanuaunsalunisregiviielsnveusazAuazuansig
i danaliiloniaiin Mafiavandniay Lalnen1suanImuuLsIMaaInNNIsAneusas

audliviiutueg fugliduiuvesusasynna

q 9

2.2.4 fyananieuvesenisinlge
1. fldfgamndetu 48 dalug

2. lousis 9 uaziiuawn

3. flauny

1. 91afioimaveuniley

5. sanmelasadldusann

o a

6. yAnsUTEITuNUNR Moy uanauivnezlstianlswilesninuninaeidu

2.2.5 nguidssUandniausuussanidieladalaia (COVID-19)

amenguiiidvnlasuidelaia (COVID-19) Sanudssiivansniausuuse Liosn
uiAsdenvhaiulsifivssaviamegid uazenadwalrnsideTialsglailasunssoui
anAad baun

1. faeeny Wesanengiunueisizniglusismeazisudenaninawmiuluaieih

e

Tinfiduiuliuwdanss

o =X oA

2. gaivsgiRdulsaneaiulen (Lung) 13051 Jsflegimeiuvanelse i lsngeay

Y

1Uswe9 (Pulmonary Emphysema Disease), #oU#n (Asthma), WsouziSeen

(CA Lung) {usu
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3. §inMglsngu viseumtniAuNININTEIUN ATEAUAYINIANIY (Body mass
index) ¥38 BMI Alsust 25 July

4. fPilsAUTEIEISeSe MuANUEsaUandNLEU 1Y bsasu (Cirrhosis), AN

&

Ladinga (HT), TsalaneiEess (CKD), 15wy (OM), Tsavilanne (STEMI) uag

112159 (CA) 1Hudu

2.2.6 wuamemsineandniaulugUaelada (COVID-19)

1. amelendnaulisuuss wumunssnwlaswnndaglvieniulauasiiansan
Thedunssniaussne lumefiflenudusvesesndiauluidens

2. amzlendniausunsy wnmdnnsaniierdiuldawaseisunisdniaulaeiive
vstlumsldfe danigdaslnaenfaudsnslvaseniaugs 1fiadosemela
warlugthsennisuiinusigendndudediiniesenginsinnuvesila
wagUan (ECMO) Laausinsel

3. windazfiansan vmenmiiafefugaussanimleniiosmsensniaud
JuaziAsulunasnviaginnudusuuiitasuen (OPD) mnisuudaussuas

6

anansaguasiedlawnmgnasinsanlvnduluauasetositny
2.3 wannsvinaunazduUsznauaIeensdvannaly

Uagtunsosonasdinluliusslevinnauautfivessidondidunugudmsunisld
NUNNAUTIEINGINRNITUNIE NTSNYIATIE MTITBLAzNITHAILIAN ¢ Tnendn ¢ Lo
o ! 1% « ! £ v a ' 5 & & =t
Taguszasalunsaenmlumuduy 9 e auinidmnssesing 9 wsesenasdidunisly

3 ¢ A by a wa A aa o a &
gunsalnenswimgnnuanniiaslslulsmenuianasiosu fUAnsivediadenisinide s
a 1% 9 o ] v & A = J & ad o g v ¢
AnmueInIsuazAuIAISWANinvese evvessimelailuetad Feludunadiiviliunme
anunsnddadelsalaie wiug Lasansaundy

Sedonddussdudmaniniiiogluyaninud 30 EHz-30 Phz 9asaueniniuesisd
endagsening 0.01 uluunsis 10 wiluwes Tuaunasuudmanininsidiendmiegsening

[ v a v -1 ! < v v 6 1
wasdansibilalauasSedunuan  SedendanunsaudseeniluaesUssnnlare  Svdlendeou

v a f @ 1 a v a ¢ @ [ . Au 4
LagSIEeNgUTe ANY89ANEIARLYRIS N TLTUAY 100 picometers TurneNSsdiond

gouilnuemdunAoutsdun ST 10 ulues SedendgnAunulul 1895 lae
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Wilhelm Conrad Réentgen A@ns121589 Wairzburg University Tuussineieosuil Ssdiond
nanneluvemaenensisdnisaedadiuluddimestislunnnssnunuiusunam
[10,11] flegy 2.2

s
waamaﬂcmséf NINLBNBLTEY

JU# 2.2 uansanuaieiauatengaiuiigulglunnnssnuuuwkusuan (Detector)

(fin: https://bacsi247.org/blog/di-chup-x-quang-co-phai-coi-quan-ao-khong)

2.3.1 d9UUTZNUNUFIUVBUATBRBNUEN LY

5 o a w4 ¢ & £% o s ! 3

winstutinssdienddugunsainldlumsasnduasendssuunssenmens.se
X-ray Usgnaumsunasniinsidlonduioniesnnialiil (neon X-ray) kagszsuunsiadu
amvisienasd (lalenagainiags) vaulaeniswasdanaseuandulerivamuualned
SouludamsiuRantauinussauluiiasgendidnaseu @) Wuidmuneiendt yalnia 9
Inmau X -Ray Widazgnilunniiavie Ssdendifnduainurudanidivaneiiyuainuas
Uastfuluil collimator dmsuanunutavenIsguInUuls1ls Photomultipliers nwlasuuay

T dad A = a e = & A 5 o &

AUULHUEEA AT UL U MazlnuulaukandinIsziloldoauasi wiuraiugIuYed

VIROALNYLTTLANIDEATUA
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EH.T vacuum

futedidnnTou usiuidh (Tewewiln)

(electron beam) Heavy metal target

walum (Moaunq)

copper anode

fMuraend

X ray beam

5UN 2.3 uansdiuusznaulaginluvasmaentengse (X-ray Tube)
2.4 315AU33 (Hardware)

2.4.1 CPU: (Central Processing Unit) [22] #iapUszanananad wisulaiouanes
NATDUATBIABUNIADS Lae e TutRAIETILUMIEANT) RAM Ndn1sdstoyaynAdaunain
Hard Disk Storage Device gunsaldwsudniLiiudaya uaz Peripheral Device gunsaifonis
A9 9 13U Mouse, Keyboard, Printer, USB Drive tJugu

2.4.2 GPU: (Graphics Processing Unit) [22] niawUszaiananiwnsiiln deuiien
[ s < cala o w o [ a & a = o v 1
Audninveluyegunsalnlinnuddgd miuasuiawmesyianils imminussananads

v [

Toyadyanunmlsituntine Monitor Tuguuuunmils uaz nwndeulw lidialess 4

- CPU lvdnnsUsvuianakuy Linear UssuianalasuaninaaniinIumuafy
YosyAmAITiTIN

- GPU TEvdnn1sUssinanauuy Parallel anunsniudoyagamdsnldiomnuas

waARINARNS NN NSBUNUTLRE L ALaY

2.5 ganawl3 (Software)
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2.5.1 7a1w1 Python

lausn3he gavedlannldussdsiniauiaiusaldlulusinsunien Python Wianin
a a v £ " g N a v Y] Py ) a aa
Ao 19 lsulAndulnunanuanuA NS uAuLa? Python azunnsaudulausnsuinsgiund
Wenduiirnavunlaludlauinuiesuenainideiilausid Python 11nn31137,000 S19019

° [ Y = [ @ a 52
ﬁ’]‘lﬂiUﬂ’]’iU’i%EJﬂﬁ]KI“UWN ) mmmmiwmmmmmmmammauﬂauas (ML)

2.5.2 Pandas

Pandas 11191n#141 Panel Data (Yndeyanaieilf) dyainuaiun1siinsizideya
(Data Analysis) Tlassasndoyaiiusulinnzauuazfangu auansaliifiodnnisyadeya
nauardeyafidlnsaing wu mesuaze13lsd Megratu Auamnsaly Pandas iiesu
Weu NN 1309 Uazdangutayala viargauddlddmsununuineimansdoyanis

AATzvideua way ML

2.5.3 NumPy

NumPy(Numeric Python) v ulugadautasuaas Python 7 e LA Bafunig
AdineanswaynIsFLIang 4 uldendulavsiventendidniauildiieadiwazdanis
91358 FamIguTate assnzuazaniunisAuIaiyrdingadulaegisienelng NumPy

FOITUNITYINNUTWAUAIWIAG 9 1NN 18U C wag C++

2.5.4 OpenCV-Python

OpenCV-Python td ulausn3d unasmunldlunsuszuranagunndmiunis
UszynaldiBsnasfiamesavias Adiaddusnninedmivanulssinamamn Wy mIsuuas
Weu JUAMNNTaNIY N1gas9anInLIngeu 3 1610 2 16 wagn1stuiinnmuaziAses

aa
ANANNIALD

2.5.5 Keras
Keras 10ulausn3 Neural Network 1#98n284 Python f5095Un15Uszulanadoya
v o = Y = )
n1sLanININYeyauardu q 8nuinunelaeg1eeenid e Keras 5995U Neural Network

pr o e v a | a . . Y Y]
HIAUY sﬁqmiﬂﬁqaiqﬁLL‘U‘UINQ@‘V]I‘VTﬂTuJEJ@“EJ‘USLUﬂ']iLGUEJu Appllcatlon AMUUINNTIIU
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2.6 BUAVDINN

2.6.1 DICOM file image [23] Digital Imaging and Communications in
Medicine (DICOM) Lid]ummg’mﬁﬁwudm National ~ Electrical ~ Manufacturers
Association (NEMA) Imﬂﬁﬁmﬂizaﬂﬁtﬁaﬂ’lﬂmaLL‘Wi' AMNNNTUWNG 1@u CT scans, MRIs,
CR, %139 US Lag ANNISNISUANE u 9

sUn MRz UsEnoulUmenduInBenusiazgaidn - “pixels”  Faduau

Y 9
¥

pixels TATusgAusiinyea Digital medical image 757114 19U duduves CT scan azidy
512x512 pixels vauzivas MRl 9zt 256x256 pixels Ingituilunsdniuuay Resolution
194 Digital image #144 HulUmmms1el

2.6.2 JPEG Joint Photographic Experts Group (JPEG) Lid]ugﬂmwa%ﬁaﬁ'ﬁﬂﬂ%ﬁuﬂaa
fgnmadenvils lumsaeuazdaiugunin d JPEG avsiunszuiumstusn ileanuina
vodluldgUnimwasodiann Jstesemsdaiusaginanuuniiniu TesUnin JPEG tuannin
(udlegegaiia 16 aud

2.6.3 PNG Portable Network Graphics (PNG) fulwafiansnsadusnlduazsessudle
16 dwAduienty JPEG. Tnelidussianisinaslddmsunsfinuuio Tald wwugd was

v

awusznevannnifieslddmsunmdisnanings - leanlidussinnilldiunnudeya

(%
1Y

1NN JPEG Benilaning PNG Sl JPEG LififReauaiunsalunissosuns initinumas
TUsdla

AUBANAITENINATIN JPEG Was PNG
wiasfidnwaglnafesiunasdunieuniioutuualng JPEG uaz PNG  AlAw
W i ~ & i N e a1 oA o % = Ay B
wanAsiuegINIg Llesnnsgiinssuiumstudniliwilouny twd JPEG Fudideyates
111 PNG fatiu g JPEG Juindvwniaannin visll Wé PNG tdusessuiiundawuulusda 3
Duiilewdmsuniseanuuunsiiin. Liwmeudulwd JPEG nsfudauuugadedeyaiiouiu
wuuldgandedeya Wedesinnsaninvgldlnaussinm JPEG w3a PNG @ Audawinnudila

3

@enounlnausazussianldnszuiunmsiudanaenulid  JPEG  Tasuniseenuuusiiiie
[ < 1 aa o A g i a a o I a a a 3 r-g
Jaiunmanefdvianmnnasiiulumeneasdunuasdduegaivsed@nsam  Trdussanil
srfudagunmanninglidulwdvunadnninduunn FseunsowssuazdUlvanludalan

saulaulAng1irene
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Jaiduvaslna JPEG

a  JPEG  Tdnssuunsludauwuugaidedeya  Famneanuinteyauisetiaves
sunmazgnaulusgnsansfleiliflvusdnas Feo1vdmasianmnnvetndluszaze
a & A o e I Y 4 o X | & a
Weannynessnnauiluwasduiinlig  auavagydetoyaunniuy muwnil ¥enmileandn
yraeafeuldlid RAW Alsnunistiusnuinnintunianaunu Wd PNG Tgusslevuainnisg
Tudauuulilanydetoya dadulug PNG agligadedeyala 9 Wedudagunm amninay
o ~ ~ ' o e fd O & o \ | o a X ¢
fapamilowdn lddnazunlasasduiinlianasainiyg suandsnanagliaevseinieuy TnE
PNG Fumngdmiulalnviaudauazunuginisniavinauinn msdudawuugadetoyasia
danalinauninanad usilnld JPEG Aanuisadesgunmewalugifivuafidnnisladiedu d
suulsglarilunsdinaddfiiundanuluadlildaunnine e lilwanndwiule

¢ X a v
FINLITVUDNANIY

taidevasineg PNG
Aonsludanuullgandedeua  Fweinlilng PNG  fluwwlugindy  Llesnnlia
Ussomilinudeyaliwezninnn tneunfudslndusziaviazdvunalvainid JPEG uaz GIF 713

deldnuniudoyaninndy wavermiibintiivneuauesinasla

GRRHTNE
se11319ld JPEG fiu PNG Raaruanansalunissessuanulusdlalusunmila JPEG
Liseadunumdauulusila lalnuasnsilnildledmdsuiuinwasddannudiuauunntuiein
Liwmanegiuguwuulnal wenanil suaw JPEG Seiilymlusaavesnmsvilvinaunauluiu
v & daxd o aa v Y ¢ < o ' 8 & oa
vl uvdmmnvaned@dndelunienduiu nd PNG dusessunnulusda dnnsdad
AnulUsdlavaneseiulvidenlddneag Aauguain PNG asnanuiniudiumassing o veq

L4 =3 Y 1 vV < 1 L 1
niulaRnIaztanImunIzeuladenI



16

A5199 2.2 WERIAIDYNIVDITUALALIUIATDININAINDA

Sizes of image produced by digital imaging modalities

Modalities Pixel matrix Total pixels Size of images
Nuclear medicine 128 x 128 16,384 0.16 MP
MRI 256 x 256 65,536 0.06 MP
UsG 512 x 512 262,144 0.25 MP
DSA 512 x 512 262,144 0.25 MP

CT scan 512 x 512 262,144 0.25 MP
CR/DR 2048 x 2048 4,194,304 4 MP
Digital mammography 4000 x 5000 20,000,000 81 MP
Digital cameras User defined User defined 3-20 MP

2.7 Tassanaussammsiien (ANN)

lpsstheuseamifign (Artificial neural networks: ANN) i3 U1enudsyamiiigy
(Connectionist ~ systems) figszuuARNIABIIINLUAANNATINAEAASINEI1ADIN1TYINNTY
lasshgdszamdinmnegluauewesdni[26] nannshe Wekldeulusunsudeuddoyait
lussuurpuiinwesSeusToyawuudnlulinavinsuseaianadnsoany - lAssinglssam
\Wignussnaumeduailiunisvan 3 9u leun udeyaunidn (nput layer) Tunsuseaiana
dou (hidden layer) uazduuansmaans (output layer) lnglututoyaiudrillvunsurdaya
-d' o ) ' & P oo ¢
MgyhnsUssnanatunisussinanageuiuUsenauluignssewnveanaigunsounany
s ! g = [ :.’I v o ¥ = (% s
wesiwunseulasusiazsiazideuiuynivualututeyainduaziveuiuyninesiwunseuly
FunsUszanagdeutuinlulaglulasseuseaniietasivunisuseaianadouanetula
‘;’ [ % gj .Y s I gj % 1 I IS
Juegiuanussansussianatunadnsazidutugamevedassieussamiien  laed

Puauluamuglsuuresdymindeamsussuiana  Insudaglrunasdouiunnlunluty

| 1y = ] 1 = o A
ﬂ’]iﬂigmjamasﬁ@uqquEJLLE‘WNﬂqiLGUE)lIWamaﬂiﬂiﬂsﬂqﬂﬂigaqwL‘V]EJ@J@IQﬂ'TWV] 2.4
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Hidden
Input
Output

U7 2.4 uandlasstieuszamiiios (Artificial Neural Networks: ANN)

(fian; https://th.wikipedia.org/wiki/lasatneUssamiies)

letumsUssinanageu(Hidden Layen eagfivians 9 dunniuFonin Taseng
Usganileunauligiunie (Convolution Neural Networks) ulassungysyaviiiensdin
vilanfinsiiiunsussinanamsadinmansfiFendt asulagdu (Conv) nszurumsdiuun
Amvatian1EeusilEn (CNN: Deep-leaming) azusvendldlassdieussamiieuvany o

U WeAUIANENYMELATNTIT AN 9 TaUIUnTEalianwaslnINgNRegnlunTs

Fuunvzuanatrsgnaeslumaninasdu (Probability) wu WiethamenisdUandng

Y

NS¥UIUNTIMUNVBIMATA (Deep-learning) wadwsazlaluaiamuasduroinisduwun
sunmmenasdveninluzunimenasdvosifngelaiavsaidunmienasdnsenvogily

Antiolada (COVID-19) nszulumsinaila CNN (Deep-learning) WandAsufl 2 fisngavidun

[
v

PNU

Normal images

4
Pneumonia
> disease
Covid 19

Output
Layer

Input
Layer Hidden Hidden

Layer Layer

3UN 2.5 uandlasetneussannieunuunauligdu CNN
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2.8 waslwunsaunsaiiiseu
s I | & = N
wostgUatou  (perceptron) tUUMIENITUTENIANAVIENGATDINITLILUFLVIANUTD
PeUszaniisniuufnnsinueseiugasUsamanewoiysd  Usenaumediusy
Foyaridn (input) dudansdmidn (weights) dusiunanmuverItadatliduazA1a
wmtn (weighted sum) dauAndeauu (bias) wagdufleaidunseiu (activation function)

LAAIAININ 2.6

y = weights
/ put "
dendrltes
B X1 Wl :
p ) 3+ Activation
nucleus / . Function
X2 w2 y
- -
\_f s % - .
\ < X3 ¢ Wi - Wm
g‘(_, L L3
/\/ CeLl body ; )S 3 ©
vl X/ ‘
X . R

axon terminals

output = activation_function( sum[inputs * weights]+ bias )

JUN 2.6 uanINsvinauveeaaUsEaInuasdniiu ANN System (perceptron)

2.8.1 Angedaitin

| { H Y B < 1 a ca & 1 1 =

A0WUINUN  (weight) WUAINITINWBIMUUEIUUTZNDUUDIWD ILTUATOUTIAZYN
JFudeurnilalinisseuivedunalaeaddmtnasgnasiniuaiteyadmiuudag
migveoyaiiieulanisyaiuANUd A YeIRMEN YA BNAYL TN UNILNTINLAE

1 1 [ L !
deiuilandunsedusdeluanaunis

output = activation_function( sum[inputs * weights]+ bias )
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2.8.2 Avlsaiuy

oA . I i a saa v o = Iy A o a %

ALbeauY (bias) WWuArmsiiwesiil 1 61 Nansagnusudeumloiiiedinisieus
vaalunalaganleaunazgnIuiiuNaTIvamanuseninsmdiminfuAdayaiid
Hauaningiwesiwunsou anuddgvesdlssuulddmsuvvenanuddguaanatiay

asaululAsINeNUTENBUMENBSIIUATOUNANUM

2.8.3 Wendunseeu

ilafdunszeu(activation function) udumiswesnesiwunseuimiiduga
Mvuan1sduAteyaludunesigunsowdu q meflsidunimdinenansyislinisdasing
AayaiunIsAiunInAlinmanselAa sl mtnuazAlsuulugunesiuunsou
dll @ a v 1 & o Y °o w [ ¢
aulilugaduuagluseninmsasulunailidunsehuiivnumddnlunsuunsivisy
AaaudRvasiliitunssAuninanl madaldnuiuiliduiindiluluesetiaussam
=~ A - I % Ao v o - = =~ 9 o ¥ I3
WigaiedislaTetieissussuuuunduteuludeya WewSeusuiulunanldivas

Uszanniegluauesvausilsidunisaldanuegninduannsindulainasgnidudusad
Uszamdaly tuAe dwmilsidunisidaldnuriluiengeuunu Tdludyyionaifnmnain
& 1 2 < a o < a % Y gj o a
LszjaaﬂawmLLazLuJaquJumag‘UwammmmmLﬂuauwmlﬂmwaamlﬂ FUANUUNITUBS
Handunsedu Tunuinaleuyssanisiuresdyaaseyinsunoutiuastuanly n1s
gj 6 di'é/ (- & a n‘z-:l' } %4 o 1 LY)
mupuvestuilndutivusgiuiitumsadinansngldaumivun wu fedu RelLU
dusutunisUsslanagou Heantu softmax dmsutugamevedasaneiioiuigay
I =4 [ & & U
WL UYBINAaNS LUUAU
1119095 U8 lIRANUTUNDUAUAIIAIT
1. §udeya Input ignarsintin (Weighted Input) i1anlulyiug
2. 11 Weighted Input 9n 9 §uxn53uiu (Sum of Weighted Input)
3. handbeannissiuiululsuaneuntn iU lmue Activation Function
a

wariunA17Nanu19n Activation Function @adnlugaluunsaly

WU Sigmoid Tnsaiiunsnepdineans naansannsatdunisvesiengull

A15ENIN 0 B9 1 Tedrrinvesilandu Sigmoid AeseRuautuvesilaituloy dwmalvinisgidn

£

U
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#andu Tanh fnsanliunisnuadinenans waawsannsaiunisvesileiduilen
[ = ) 1Al | v . . . g.Jl o U do AY o o a [

581719 -1 89 1 A1enaeegl 0 dewalyinis optimization dwhladeusndadivedniniisenu
ANuturesilandutoy

#andu Rectified linear unit: (ReLU) Hn15andunismiendindans #adnsainnig
o a fo a1 [ 1 s A IS U & 1 4 1Y a 1
Atunsvesilenduiienringu [0,00) yawiuvasilandupe dszduanududamalinisgiininiy
Weldssuiisunuilendu Sigmoid wag Tanh dedninae loldmanizsunisussaianaiiuedly
Wi (Hidden layer) liaunsaldlutudoyavieenganeveddumald fsindudeoddileidu
SoftMax lutugavheunuiefuanuuiandy wesdn 1 Jodriavesilaidu RelU Ao
annsavibiindagmnsaeveswaauszamla mniiadeyagslnasiu ReLU naiilinig
framiingnusuusann dwalviwasuseavmgainudieliyadeyalyulvaiiu

ity Softrax {uilardundinisadiunisnadaamans lnenadnsogluguwuy
Az feidu softmax asgnldlutugaedioldilsidu ReLU dmsunisuwilam

NP LuUNUsTanvadteya

2.9 nsviharulagdu Convolution Layer/Filter (CONV)

nsmeulaatu (Conv)1Juduusn 9 vedluna CNN finiiivenainnndnumziiuved

ANEN 9 DORINAL Wi tduveuvasTngans 9 Wudu Ingldudnmsainmsvirnuvesiauas
¢ eaa ' =~ = 9 A a a
915158738071 kemel TaginsiluinadzanunsauenanvaizroinInegiluseansnmuag
wiiugnleiiud kernel azsipagniidnluldiu Input Aiusisisduesiaes Fandt tensor &9
T¥5UnuuMIAn element-wise AU Filter matrix 5¥13N kermel Wag tensor  usiagA U
Y89 tensor smIeiuelulanaduseanulugee1sisy Sundn HIRaEnwue (Feature
&4 o § = = |

map) NszvILnsiagideurhgluses 4 Ineivaieguiuy anvnunan kemel uiashuuas
o o = i = 4 a sa o = vy
nuienauanuziunnaniveenly lagillawesmilwesiviuldeulafe wunauas

T4 kernel, stride and padding tHudu
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Kerne
v Feature map
-

Input tensor =

U 2.7 uansnsienuwed Convolutional layer
(Fisn: https://www.researchgate.net/figure/An-example-of-an-unpadded-convolution-

operation-with-a-kernel-of-size-3x3-and-a-stride fig2 337940311)

[

YDNNLRIINANUAANYARINUNTININANANIDINBUATN TNl UN15S N8

[

YaA1vINadNSIINAUsEaIgnINabimUadninmutonruavesdsiilinnudey

o

\WeannnisUeudeyaaduilsidunistinldauno Wx + B lagn W fip dwtnvaseaduag x

a0 o A

A a gj a » d‘ QI v ! &j M Yo o 1
P BUNALLATATNUUITY (Bias) B visWuLu13 Adimnldladninesndnainiiuiusuanunsaly

Y
IolusgivgaunnlpgiamzegwgdunsainiinsevisUssamanunniinnsiiwesiuaiu - Fail
axihlgtayvnismunauiiegiatu dlndunsdaldnuuiegis (W SoftMax) Ngenan

wnzdmsuAwansaiuvesdunm (0 vise 1)

v A

waa o 5o a £ P~ - @ a
AaUUANdAngaluisidumaUaldny - Aernuaunsalunisiiuauliduds

o

duasluAsatiedseam

2.10 nsvianudugady (ReLU)

fio lerituidunssiignuiuud Rectified lalldfugusn s wilou 2 flsdduneunth ReLU
HuilsituiliFeudiendtyn Activation Function fiknusnusimsswdailaaann &1 Input luuan
Slope gy 1 pasania vl Gradient livne (laitAa Vanishing Gradient) danaliils)

wsulsialdidatuann
0,if x<0
f(x)_{l,ifxzo @)
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a = | oA A o=k @ | =
auuAILIMARINNEUNINYEINANEE Bt o ueTa W UlUTENIaNITHNBUTH CNN 92
LiSsuihilidunssegigmnlifuazAeuinsduauiisuaninnvesdviasudnsalunend
ansadesiunsdlivanillalagnisiiuagesniseennanduaduandnenssuves

w3evreietesiuldldingg overfitting unniAuly
RelU

| R(z) =max(0,

24

ol
-0 o8

g‘U‘ﬁ 2.8 @3 RelLU Activation Function

2.11 SoftMax
\uguuwuuimluves sigmoid 1t Sugnldlutymmsduundsznnianedundne

fiu Sigmoid uazadnaalugag 0-1 fsliudddiluawesaarmelugluuunsiuunussny

2.12 mMssimads (POOL)
Dudures - ONN iivhmhfivsuanuuevasgunimlasnspaaneaizvaaninliiie

Usglowllunisainnaanwavvesgunnlvaseunquananwaesuieglugunmliunniu

Max pooling
19" 35
12 =18{ |0 9 a1 92
3 10: 1 35 + 12
22 34 44 0 Average pooling
41 3 4 92 11 14
25 35

5UN 2.9 uanin1sviveanads (Pooling layer)
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2.13 Dropout
Duduimihwihigaeantdywiin Overfit lnun1sansidoya wuuni13duien Node aan

lusgnhanmsmsuielilunatudieduuazitoananududourasioyand

Classafication Classification

Dropout on

Hidden layer hidden layer

Input layer Input layer

Without Dropout With Dropout

;J‘U“?i 2.10 uanen1slkiil Dropout Wagil Dropout
(Fian: https://wenkangwei.github.io/2020/11/13/DL-DropOut/)

2.14 Global Average Pooling
Wunsanauiumsfiwesnamunaduiuuiiass danwaaansafeany maxing

. A 9y aay a X 4 a ¢ aa 1 I3 . s ~

pooling layer Lwaf[,%am:umaqﬂameummmmﬂ% 3 316 9819l50MIW maxing pooling layer din15an
& A a eaa o I . .

YUANINTULASANATATNLIUIN h x w x d AzanruInadluuuin 1 x 1 x d Wil maxing pooling

layer azanvUIALNUTILAEAIaABINEIIWILLA U laalEARREYBIAIIALATBS h W AININT

h=6 ~
0000009,
@ 0OPODPN o

S
Il
>

g‘i.lﬁ 2.11 Global average pooling layer for object localization

(ﬁm: https://alexisbcook.github.io/2017/global-average-pooling-layers-for-object-localization/)
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2.15 Mswansaiuvausaziaaslaeauysal (Full Connection (FC))

Huduivinihiidenlosdu coNv wagdu POOL WeliAnUsEAVBA NS IUNgUA AN
wafla (CNN: Deep-learning) anansalddu CONV uag POOL fifintnfiatanmdnumzves
sunnlauinnin 1 F1u Up sampling layer 1dud un1ssndunisaonsialneldisnns
Deconvolution tfievensmteyanadwsannnssiiuns convolution Wilvuiawiiurue
At ausnuagldtu soft max activation function Tuduaatieveslasseiiiovue
anuazidureudazfinanudiurunaiania channel fifosn13 Batch normalization
layer {uduiiinsdudiunsmneadamaniifiovhnsusudeyalmdunesgulasnsivae

n1sshwiAwaie Teyavieenliidlng 0 wazAndssvuiimsgiudeyavieentidilng 1

v Y

Tneluseninenisaoudu batch normalization azUsudeyavioonbiiduuinsgiu lnald
Amdguardnulonuunnsgiuvesyadeayadndndagiu Merging layers iuduiaiiunis

HATUHAR NS T81I19TUALTUN AT UNT 1NN TR e Y L Sudayadndnluguuy

aa

S189N15UDT tensor NHTUS1T MU aUAY WaldAunadnsidu A1 tensor A My

3
Y
N1SNEUNUYRITYaT
& k4

Concatenate layer \wgunisieudayatindlusdiuusionisues tensor, Add layer \u

gniidunauiuaan Wneledsnisaniunisvesdusing 9 wu

s n1ssadoyatndiluzunuusenisves tensor, Multiply layer tutdunisgas (element-

wise) Toyaundnluguuuusenisves tensor sy

t . >
Pooling nvolution Softmax
Convolution Layer Pooling

Chest X-Ray Layer Layer Layer Layer

;s‘U‘ﬁ 2.12 miﬁ/‘hﬂaui’sqﬁffu (Convolutional Neural Network: CNN)
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2.16 N13138u31898n (Deep learning)

n3seuiidadndudiunilavnesisnisnisiseusiasosuuiiuguedaseieysyay
Wiy Fuduwvnamiavasmansiudyaivszivg (A) Tu ML gnasrsdulagldvdnnisuuafe
MdunuuwadUszamanewasywdduinnussuiiluguiuudnluifdeudeaduiuli-an

Youaaldulu 1000 auwed dwabiuywdiinsseuidviunisfanginssunisuanseaniil

[ [y

ANUFutoumEndnnNIsuAntiiedslagnitaueenwuuwasUssyndldidiiunisussaiana

Y

a s A g w a ) > - v o v
YosnpuIaes Welineuiiunaituamnsaussinanadnyadeyandewdilulugutoyala
< v Y v a s ! v = aal v
Dulugduvuvestuarlagldnannisnimssneadamans Wy Jeganin (e Jdle domiy
Jusiu InedeyamalasgnAnmanaudnvasianzveeyalaednlulf Weoisunisineu
vaeiiUszaranalaglidineserdensnmuatauluaingd ldvaindunisvinanuvesss

Usguiaradzilugdnisvinungnanavds 1aRad wsa1nnsvinunegasg nuiluniAAy

)4 o

AapLpReuiuAIAINNas Ty Fadanueaiaadounlagnianldusulsssalssuiana ns

Y

Uszinananiduvesnisiunaudnuvaenaletuligndabilugluuuveinisisousidadn

o
v a

Huealne Deep Learning zdidufizenda hidden layer wane 9 duiidufiuwenqudnvuey

95U

Y

Input layer

g‘l.lﬁ 2.13 miﬁ'suﬁv‘?}ﬂﬁﬂ (Deep Learning architecture)

(‘17‘@’1: https://www.researchgate.net/figure/The-structure-of-a-Deep-Neural-Network-

with-three-hidden-layers fig2 352996743)
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d’ 1 = Y o = (Y3 U 6 b‘allf-:l

Felulasevnguszamiiisuaidenannisiiednuiuiead Ussamuesuywd nidnng
a 1 19 [~ a [ wa '3 =1 val o 1 &
Weulpssanulusssuviiuazdnludfanyssaunisaluagnisiseusndudounsenaaunse
FIHUNANUBANA1LA AL ABUN RSz USEINaNa el dNaN 19 AEAFIERS UTSUIaRALUY
YUUazUsTINaNalea18A5 1A I UIUNINYIN LA DA NS OWERINASNS I UN1SPn AUl kA

vas X 4 = = [ &
ﬂ’]ﬂﬂ"liﬂﬁ,ﬂﬂﬂﬂsﬂuﬁﬂLUiEJ‘ULaNBUﬂqiaiq\iaﬁyﬁyﬁlmﬁU@qﬂ'ﬁlla\‘]lﬂ/iu

2.17 danasnuuiuusauszansnn

danesiiuysuususzandnm(Optimization algorithms) WududAsydnsu
a o I a ° v Ao o o ! )~ a ol
nsseuvedlasegUssaniisnimiidmiunsusud e nlieadnsiseusn
WMUZEL 8RAUARIAMABUVSENSINA LY ILiveRana1nioeign siudatuneu
o U a [ ) Lx 1 U a = L a a éj =)
N5USUAMNTEMsUILATIUY FRBE19YeIanas iU ulTaUsEavEn iU Y Ao
. Ao aa Y] a=x 4 o 9 Y] |
gradient descents UBNAMNULIUBNNANYBANDINUNNNIUATIYAY LYYW Adagrad
optimizer, Momentum optimizer, Adam optimizer, Ftrl optimizer RMSProp

optimizer WDusi

2.18 ‘Vli,]‘lsiami Transfer Learning

= " ~ = v = & |y

\We997n Deep  learning agiilamisaslyszoziialunistinaeulunadsianuauau
ADUTIUNULaE AN UTOUIAILUS  (weight)  dnumindslunisisusuinluwa DL
Fudauruatinawinu (Weight initialization @ed1 random) dugedldsleya dataset
v lnguaglindinisusznanaummasnisdedlina uunang iy aueIaisuIUKanY
o ¢ 1 A a a v & v 4 = A A
dUaininazlalinaniiusyansnm fMadunsly Transfer learning Juwnalinfigisaniian

= . 1% ° ! e = Y Y o a9 v oA

nsinluea Deep learning mgnistiusduveslunaiilngauisusoslalnunuilnaiaes

fusnldudiuntaveduinaln

ImageNet dataset N1 15,000,000 mwmmam%mqﬁ&ﬁﬁ’lmu 22,000 classes @31
ILSVRC (The ImageNet large scale visual recognition challenge) n1sutstuiidnlag U3ew
soogle Tavlidaya subset ¥os ImageNet Tagawiiuszinnusanin 1,000 classes dsluusiaz

classes wilguniwegUszana 1,000 1w vilidl dataset ¥4 ILSVRC 53uUsea184 1,000,000
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Y

awdieluldnstintuea Taeluaafivhuldlunuddeifie InceptionV3, ResNet50, VGG16,

VGG19, Mobilenet V2 &g InceptionResNet V2

2.19 amifagnssunuusrassninanlfimemingl i
2.19.1 Tuea Inception V3

Inception V3 usuuuunsiBeudesnsdindauuiiugurenedetneusyaim (CNN) &g
T mSunIsIUANI Inception V3 Lﬁuiuﬁmﬁaﬂiwm Model Basic Inception V1 &3
Ie¥umsuuzthlsddniu Google Net Tutl 2014 sudeuusaiindiuldFunmsiannlneiivay
7i Google Tutaa Inception V3 Usznausie 42 %u%@qjmdﬁu V1 uag V2 Inception Aauniii
iantos uisrAvinmuasquiituinn  Tnensanlassadrenelusendu 5 Step Ao
Inception Module A 373U 5 Module (1), Grid Size of Reduction Stepl 31U 1
Module(2), Inception Module B 371 4 Module(3), Grid Size of Reduction Step2
97U 1 Module(d), Inception Module C 31u3u 2 Module(5) waz Head (8x8x2048)

anunsalen output ba 1,000 classes ﬁﬂgﬂﬁ 2.13

Grid Size Reduction " )
(with some modifications) Grid Size Reduction

Input: 299x299x3, Output:8x8x2048
|

2x Inception Module C

5% Inception Module A 4x Inception Module B

L.

€ TN
Dl
&2/

Convolution Input: y Output
AvgPool 299%299x3 Bx8x2048
MaxPool e Final part:8x8x2048 -> 1001
Concat - - o pe
Dropout N Auxiliary Classifier
Fully connected

& Softmax M

;s‘U‘ﬁ 2.14 uanilassasnsluiea Inception V3 Architecture

Wunly Inception-v3 3 parameter anasniAy wadipsusEaENNglaens

UFuU§a convolutions LA 5x5 a4ae 3x3 pixels waz maxpooling ANHl 3x3 AuNED 2x2
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pixels FingUsvasAveINseaniuy 1x1 convolution #8an st shape outputs 1

panuu tensor Wwumuua (N, F, H, W) &3 N @8 batch size, F @8 3712189 convolution

a o

filters @ HW Ao spatial Y04iiA mgﬂﬁ 2.14

Filter Concat

5x5 in
GoogleNet
(Inception-v1)

1x1 1x1 Pool 1x1
Inception Module A /
Base

5UN 2.15 uanalas9analuing Inception V3 Usenaumed Conv kag Maxpooling

lngnglures inception module nsal input Yeyawinandl 3 &#fe RGB Tudtthsn
awnsalFouiioulsifunsi feature map  fegUiuthe FeauRdnsdosnisaadns
feature map i 1 ﬁ?ﬁugﬂﬁﬂiﬁiﬂﬂﬁ conv 4R 1x1 pixels Aidn5vEufi 1 stride gy
7 215 Togen weight figaluusiazdures RGB tuasdedlaivinfudmalimilaly uay

a [ o =1 A @ [
NNLIA K69N15911 feature map WAzl UuanyugRNe

/
7
Z

Z

NN

SUl 2.16 9 Feature map ves#a0e9 RGB Tnglld 1x1 Fu Conv
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2.19.2 Tama ResNet50

ResNet gau1ainiasevtendsnazidulssinnianizasaniadneusean (CNN) 7
wugdluuneul 20154n15Seunmaesgdndmsun1sandnnm” Tagin Kaiming, Zhang
Xiangyu, Ren Shaogjing kag Sun Jian CNNs sinldlun1sldarunenndiad un1sueaiiiu
AOUNILADS

=4 1 =1 U Aa = gj .

ResNet50 tulassngUszammineunuudsinunnis (CNN) fiiaa1uadn 50 9u Residual
Neural Network (ResNet) \ulasenaussamifisuiinnsudeniimaeiiuiuiioasaniadie
1n8n19911 residual mapping oLATMTUNNINTUIIN 9| AYIIALAR vanishing/exploding
gradients

\Wesannusudsnit ResNet50 o lalugaliuniuvilvanunsalnlassie CNN

A ~ v o a Y] s ) & o a
wuundguaninn ¢ lalasasnsadiiawesiavalssesnsenatsiuaosiazilunandned
UsgBnsnminlaseasng ResNet50 Usenaulumetu convl fu kemel vuin 7 x 7 64
kernel NunnarsAutuazideulaglden stride windu 2 Tudullaziinanun 1 layer Lazazdinig
FUANINNFN (max pooling) Inedaulaglden stride tviniu 2 Tutu convax 3¢ kernel

YUIA-1 x 1 64 kernel #1131A78 kernel Yu1A 3 x 3 64 kernel kag kernel @nvi18uuIn

'
=

1 x 1 256 kernel 34319 3 taLeasiavinisvingviann 3 ade 5 slewenan 9 1awes Tudy
conv3.x Azl kernel U1 1 x 1 128 kernel 111078 kernel 9u1n 3 x 3 128 kernel wag
kernel @vneauIn 1 x 1 512 kernel 3wt 3 iawwesiaziimsvhevionun 4 afs Seldvanun
12 18803 ludu convax 958 kemnel wun 1 x 1 256 kernel muansae kernel w1 3 x 3
256 kernel wag kernel @avinevwn 1 x 1 1024 kemel Favta 3 iewwosiaedinsvhdianua
6 a%a 3eldiavun 18 1awwes lutu convb.x 9zl kernel 1ua 1x 1512 kernel A111LnA 28
kernel Yu19 3 x 3 512 kernel uag kemel @nvingvuin 1 x 12048 kernel Favis 3 Lawesil
wfinisviaianun 3 ase Feldvianun 9 awes ndsntduiiaiees 1 Jugavinearldnig
average pooling LﬁaamﬁummﬁaauLawﬁﬁé%’ju fully connected layer fisznaulusiag 1000
nodes WU activation function A® softmax function Lﬁ@lﬁlﬁwaﬁwﬁ’hLﬁuﬂmaiﬂimaaqﬂ

v A R v ] .
LLaﬂLN@ﬁﬁﬁJﬂ]umﬂﬂﬂJ@‘ﬂg‘lﬂ 50 YUV Deep leammg
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| 7x7 convl, 64,

'

3x3, max pool,
'

conv2-1
conv2-2

9

3

—
—J

—
)

conv2-3

3-1
conv3-2
convi-3
conv3-4

[ { comdt |
conv4-2
convd
conv4-4
conv3-S

b

—
b

I{

=

i

a\-emie pool

| 2-d fo. softmax |
v

Lake  ~ Reservoir v

U 2.17 uanalassaialiing ResNet50 Architecture
2.19.3 Tauaa VGG16

wsevieUszamiisnduiiiniulute Conv Net dnduniovneussamiiensianils
iwseTieUszamuuy CNN fiawasdunmaesiondnmuazialesidousting 4 VGG16 1y
Uszamues CNN (p3etneuszam Conv) fitedndunidluguneuiinnesnfiigalulagiu

¥ YV

FasrlumaiivsuiuesetisuaziiuanudningldanUnenssundfmnsesnisaiuauinan
1N (3 x 3) FuwaasbiiudinsusuuaiidAglunsimvuasinewnt wanwikanauEn
Ifuguivgn 16-19 Guvilviussanamsidwesiansnsarnausule 138 wisilnes VGG16

Wuantnenssulasesneuszamiisunuudainuin1s(CNN) Mssudswazldiuag1ansvane
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Felddmsu ImageNet Fadulassnsgrudeyanmunalngildlunsidevendnanisia
A aanUnenssu VGGL6 lasun1swaiuilag Karen Simonyan Wag Andrew Zisserman 10
University of Oxford Tud 2014 HLUNAMULEDS "Very Deep Convolutional Networks for
Large-Scale Image Recognition” 'VGG' \Judieeves Visual Geometry Group ‘%deJumju
1N33821n University of Oxford faunantnenssul way '16' Ysveniraninenssuia
arudn 16 4u Tneluwa VGG16 Td¥ummmuiuglunisnagou 5 Sufugean 92.7% Tu
ImageNet aduyndoyaninnin 14 dunmiteglu 1,000 aana unildulunanideidesd

d3lUg9 ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

1A59a519 VGG16 Useneauludie 13 conv layer wag 3 Fully connected layer R
Conv layer agvinthiinanndnuneamoann (Extract feature) Tngu conv 1-2 9¢d 64 §7
n389 $44 conv 3-4 9581 128 §INT89 1 conv 5-7 2l 256 Fhnsos wardu conv 8-13 il 512
Fnsesuunafinseafilalundastufo 3x3 41 conv 2, conv &, conv 7, conv 10 kag conv13
%ﬁmii’mmmmﬁq@ (Max Pooling Layer) fimua 2x2 Way 2in13v11 Batch Normalize
deftagaeifineusilumasusvedlunaliundstulinnsld Activation function 4y
LLGiaz%uﬁa Relu function smﬁfuﬂ[,u%gu FC 3 flazl4 Activation function 1u Softmax function
Lﬁaﬁaﬂﬂu%uqmﬁwsum fully connected layer Gt fAvuneamenassuonindu

UnAvsauialsalanvsel

1 x1x4096 1x1x1000

._.I
_I

r_T convolution+ Re LU

max pooling

fully connected+RelLU

-
(.

| softmax

sUT 2.18 uanslana VGG16 Architecture
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2.19.4 Tuwa VGG19

VGG19 tdugufiuansinganiu VGG Salpsgousznausie 19 wawes @9y conv 16

(% o
[ [

dU, 3 ¥U Fully, 5 Sf’fu Maxpool wag 1 %”’u SoftMax) AMAUANTN RGB YRR (224 * 224)

o [

JudunpdwiunSotnell Fanunennuinwnindiisusne (224,224,3) 14 kermels w1 (3 x 3)

—

Aa . a o § v & e v . . A o

N stride 1 WNLYa wﬂwaﬂmiam@mqwmmmmmw% 14 spatial padding lesnwiAIw
azdenanunveInm 14 max pooling vwn 2 * 2 finwa stride 2 muneeldileidu
(ReLu) wovhlvlmadaussnnlanvunazUsuusnalunsAnaiiosnnlunanount
oy ¢ v =l . . = a Y a1 & v = v cal A '
Ullaidy tanh vi3e sigmoid Feiigasladdnimauinngavinefe ldawesiiveuse
fully connected vleuum 3 U lngdestuusniuwin 4096 vod Funauyiil 1,000 Yol

d1m5Un1391uun ILSVRC uaztuanvinefe Mendu Softmax

VGG 19 Model Architecture

Input 224 x 224 RGB

%% ) gg o) 8888 o gﬁﬁg o) OOV o)
B 1 Sl IS Q| nuuny A =
22| Xl 92 B 99SS| 5| 2e9T| Bl o9oR| 3
55 8| Z2¢ ©| c£ccc S| ccgg S| g£ccc ©
SE =| 6o S| 6060606 0060 =| 66060 | =
oU OO0V OOLU lele]v)
e e e e 1
|
|
|
|
|
|
|
| © VO = 5
i O o g_
L__,| ©6S £
5 < — o =
UOU S =
IL ICIC A @)

UMl 2.19 uanslana VGG19 Architecture



A5199 2.3 uansannenssulung VGG16, VGG19

ConvNet Configuration
A A-LRN B g D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 conv3-04 conv3-o4 conv3-04 conv3-o4 conv3-o4
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-226 | conv3-200 | conv3-200 | conv3-200 | conv3-200 | conv3-206
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-212 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-312 | conv3-512
conv3-512

maxpool
conv3-212 | conv3-o012 | conv3-012 | conv3-012 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

2.19.5 Tama MobileNet V2

MobileNet Aalananivuindn msviaumednanm (atency) i Tdndanulu
nmsuszanamsifiwestes  Wulumudesiinvemsneinsues Mobilenet ns@lnsldau
annvany Wi n1sduunvesteya (Classification) mMsuendeya (Detection) M1sidEa

Joya (Embedding) M3uusdiuvasdeya (Segmentation)



conv 1x1, Relub

f

Dwise 3x3,
stride=s, Relu6

L

MobileNetV1

{ conv 1x1, Linear

Dwise 3x3, Relué

1

Conv 1x1, Relu6

f

( input

Stride=1 block

{ conv 1x1, Linear ‘
p——

f

Dwise 3x3,
stride=2, Relué

Conv 1x1, Relué

L

C input

[
|
|
|

Stride=2 block

MobileNetV2
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g‘lh?i 2.20 wanaluwma MobileNet v2 Architecture

B MobileNetV2 fludanassussnnuasnuie Asudanilindadsdl stride 1 dnudean

<

-’-ﬁ A
‘WLJ\‘]ﬂE)‘UaE]ﬂVIlI stride 2 dusun1sanvIuIn

(%
1Y [y

3 Yud ’]‘VTiU‘Uﬁ@ﬂ“VIQﬁE]\‘]‘UiuLﬂVI

|
pmd)}

Qe

B gu5nAe 1x1 convolution way Rel U6

Qe

" uiides Ae depth wise convolution
B Quiany Ao Conv 1 x 1 wakdflanulali@ady 10159199190k RelU 9n@sa
& o e N v ) a v | A& ¢
iwsetngsERUanAzindweskenUssmgaduludninliduaudvedamy

L@IFNALVINTIY
2.19.6 luna InceptionResNet V2

[ A = A vo = ! ~ v %
JueTetnguszamiisaiuy conv lasunisindulnnimilssuninaingiuteya
ImageNet LASavneilanudn 164 Lawesuazanunsadwunntmdy 1,000 NN MY
a ¢ sa o ¢ Y A mvya % ) i
wluiaml wndfuaawazdnisng q unnung mewniln3eviedalaseusnisuant audn v

o U d' 1 U A 1 = a

nanvagdmsuANIaIAvAeUnY AseIBivINBUNANIN 299-299  uag
N AeAiauhazsilureswazaaalaeyszanalinagninuntuainnnssiuiuves
1A59a3514 Inception Wag Residual connection Tuuéen Inception-Resnet  #1n389 Conv

Y} ~ oA A % 4' N | A A
WdWEJGUu’IGH]z‘J’JSJﬂUﬂWiLGUEmmJVlL‘Viaamﬂﬁzjﬂﬁ LSUEJNGIE]V]LVTGQ"LNLWHQLL@MaﬂLaUQﬂQJ’Vﬂﬂ’ﬁ
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= A a Y A = & S | P a v
La@llaﬂ']wmLﬂﬂﬁ]’]ﬂiﬂiqaiqﬂmagaﬂLV]’]UULLWEN GU']EJEW]L'Ja’]ﬂ']sﬂslﬂanﬂJ@ﬂﬂjﬂgﬂLL?WN

anUnenIsuinIadneiiugIuYes InceptionResnetv2 [28]

Softmax Output: 1000

I

Dropout (keep 0.8)

T

Average Pooling

I

5 x Inception-resnet-C

T

Reduction-B

T

10 x
Inception-resnet-B

I

Reduction-A

I

5 x Inception-resnet-A

I

Stem Output: 35x35x256

I

Input (299x299x3)

Output: 1792
Output: 1792
Output: 8x8x1792
Output: 8x8x1792

Output: 17x17x896

Output: 17x17x896

Output: 35x35x256

299x299x3

gﬂﬁ 2.21 uansluiaa InceptionResNet V2 Architecture

2.20 nqumsiSuuns
luiitlaguenantinisldsiegnsnis Transfer learning 1neld model Inception-v3 s

ausaluanlaain https:/keras.io/api/applications/inceptionv3/ Fawdu base
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model inception v3 Wunlgdeudail nsaliudsu head model Tsuasu include top a0
true NUUIWINISIAL layers AL519DINTUALIINATRALUU fix weight Wag bias Tudiuves
base model LagyinsasivaeumANULiugvaslunaiiiy head layers W lulnewmnsuy

VIaviunres network tumaguil 2.18

) . . Input: 299x299x3, Output:8x8x2048
Base model (Fix weight, bias) | Custom head

------ RN

=

Convolution Input: Output:
AvgPool 299x299x3 8x8x2048
MaxPool
Concat
Dropout

Final part:8x8x2048 -> 1001

Fully connected
Softmax

5UN 2.22 uanalasaasne networks vaaliaa Inception V3 #13n15 custom head

A5199 2.4 LEAASTI9ALLDUALAATYDILULAD

Model Size Top-1 Accuracy | Top-5 Accuracy | Parameters | Depth
VGG16 528 MB 0.715 0.901 138,357,544 | 23
VGG19 549 MB 0.727 0.910 143,667,240 | 26
ResNet50 99 MB 0.759 0.929 25,636,712 | 168
InceptionV3 92 MB 0.788 0.944 23,851,784 | 159
IncepResNetV2 215 MB 0.804 0.953 55,873,736 | 572
MobileNet 17 MB 0.665 0.871 4,253,864 | 88

2.21 Hgnummagaudszaninmuaznisuszlinmaluanuide
2.21.1 NMINAFBUNTIIUVRSLALAS
lunsmeaeusldmyianiussansnimnisinasuliea :nnsindinugnaes

(Accuracy) wazauKtugn (Precision) Fadumanuiiavilulneanduasosay (%) 7l
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NNINAFDY tiMAINeINTalALgNFABIvaslayalny Confusion matrix 3x3 HanIn1s
AN
M13199 2.5 1w Confusion matrix 3x3 TERTANTLIIITeLaTLAAIFIDE19NITVA

Confusion Matrix WUUAZLYA

Predicted Class

A B C
A ™ FN FN
w
(7]
=
O B FP ™ FN
(3}
~
[
C FP FN TN
Predicted
- »
A B e
~ ~ Y N » TP
A i AA L AB AC} »EN
o — —
= ~
5 B BA BB BC
=<r -»TN
+ s | CA i L\CB CCj > FP
AND3UNY
TP — Ture Positive TN— Ture Negative
FP — False Positive FN — False Negative
Ture Positive (A) = AA Ture Negative (A) = BB+BC+CB+CC
Ture Positive (B) = BB Ture Negative (B) = AA+AC+CA+CC
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Ture Positive (C) = CC Ture Negative (C) = AA+AB+BA+BB
False Positive (A) = BA+CA False Negative (A) = AB+AC
False Positive (B) = AB+CB False Negative (B) = BA+BC
False Positive (C) = AC+BC False Negative (C) = CA+CB

Accuracy (Acc) = AA+BB+CC/N

Precision(A) = TP/ATP+FP) = AA/(AA+(BA+CA))

Precision(B) = TP/(TP+FP) = BB/(BB+(AB+CB))

Precision(C) = TP/(TP+FP) = CC/(CC+(AC+BQ))

Recall/Sensitivity = TPR(A) = TP/ATP+FN) = AA/(AA+(AB+AQ))

Recall/Sensitivity = TPR(B) = TP/(TP+FN) = BB/(BB+(BA+BQ))

Recall/Sensitivity = TPR(C) = TP/ATP+FN) = CC/(CC+(CA+CB))

Specificity = TNR(A) TNATN+FP) = (BB+BC+CB+CC)/((BB+BC+CB+CC) +(BA+CA))
Specificity = TNR(B) TNATN+FP) = (AA+AC+CA+CCO)/((AA+AC+CA+CC) +(AB+CB))
Specificity = TNR(C) TN/(TN+FP) = (AA+AB+BA+BB)/((AA+AB+BA+BB) +(AC+BC))

o/

2.21.2 Aa3an15UseiuNG

a d‘ a a a d‘ 1 Y % d‘d a o
nsUsziliunaieUszdulssdvsnmasslumaiiuansenuiulyndassnuidolay
. . = | < a A o @ z-:lyo./ a [ 6 o A
Confusion Matrix fi97110utA3 ol od1Aeylun158 Tan15Use T UNad WS U9 IN1SVITUIENI 0
(Prediction) Tutaa?i @5 197 uly ML TaalgnnsTaa g a7 LuaayinuIgnud 99 LA nd was il
(% 1 < [l [ a v é’ 1 4 1 1 o .. |
dadruduagals walun1s3dedl AIMNYNADI(Accuracy), AMINULLUE(Precision), AINIT
\SenAu(Recall/Sensitivity), A% 3AF1 (F-1 score) WagAudbng(Specificity) gniutglu
MsUszliunansUURveIkuUIaeuu Classification
A v Y] a a Aa A A vy a P Y o~
dialinsinUsednsnmnauaziwenelaveyanazldlunisiineusuluwmassiesiini
aunaANULugIgnAINLAEN1IIINAATE Positive (TP) Uag TRUE 133au (TN) AIuviasemns
¥ a 1 a I < < [
AIUNITTINVRIARIAUINIITIATAUITIAIVINGIAD (FP) Lazaanaiivay (FN) Aauandlugns
RVRANGD)

2.21.2.1 AAUQAABS (Accuracy)
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1
o [

Aanugnaenluidianisussdunlddmsunsiauszansnmuainisdiwun
UszLvvisedanesiiu anugnieseraluimiinuszavsnmindulymselidileiade
Tdlunmsussidiunuuiaesnlasunisiinlunesiuteyanliauna dmsuimrinnisusediui

A 9 v o a a o A A vyy - =2 Yy A
elinsinUsgansaminsuazivetieladeyanagldlunisineusuliaaszdodianuauna
Anusiug A UIMlagNITINAMEUINITS (TP) wagAad True Negative (TN) 13M8n3

a ' a ' < S a 3 [ 1% {
FIUVDIAAIAUINATIANAUITIANUINND (FP) hagrubsgusviaau (FN) Aauandlu gaInuad

True Positive +True Negative

Accuracy = "y — ; )
True Positive +False Positive +False Negative +True Negative
2.21.2.2 Araduusiugn (Precision Metric)
fhmmLL:u'uﬁﬂﬁﬁwuamﬁmwﬁ’auszm’mﬂiiﬁﬁgﬂéfmﬁmmmsaﬂ’j'}ud]umﬂmmdwﬁ
manselliiaaadunsdiuan enuusiugidelienmenaiuanansalunsdummnnsdii
Aeatestugndeya laestnanuuiusinfodesdnenssiumuniivrunelyguansinfn

< a A Y oa '
LUUL%QU?ﬂVILLV}ﬁ]i\‘]Q\‘]ﬂT}

True Positive

Precision = . .
True Positive +False Positive

2.21.2.3 ANsesEnAu (Recall Matric)
a & ° Y ) ! aa D 1 & i =~
nsUssliulazmuinensdiuseniinsaingnaesinanisaidnduuinannniing
VINIuazMsSanAusannuansalunmsfumnnnsdinnesdedugadeyawintu (Ju

U d’jﬁl dﬂl dl vV U 1 a
AT INULNYIVDINUATIAUNR L UTEANT

True Positive

Sensitivity/Recall = — -
True Positive +False Negative

2.21.2.4 A02%99 F1 (F1-Score Metric)

MsUszliumzbuu F1 19lun1sinussansnnuaaiiankunlangn1ssiusiainnissen
& a 1 o < z-:" Y} Q’lju a [ a a a a
AULLAZN1TUTELUUAIULN UL T UNUIAIBINNISUTLLHUNANFINUSEEANTNNLAYY N1TUTELNU
F1-Score AMUIMlANIIAMHANAMUNITDIANULILILAEMITNAUIAY 2 LaEMIMENATIN

YDINITLIYNAULATNITUTZLHUAULLUEN
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precision X recall

F1-Score = 2 x —
precision+recall

2.21.2.5 AIAMNINWIE (Specificity)
anudnzduaussanmvesnsnageulunisasiamafilidinneiu 9 assfiansen
fagnnmnageunnauldveasiAmIuTzsssnIadgeunfe dadiuvesnInyana

UndAnilifilsadazvaaeulinaau Jsanunsaliouduaunis Al

True Negative

Specificity =
P Y False Positive + True Negative

1% ° ~ aa o 1 & &
nslaauInNMImegeuTmnzgeiivsylevilumitladeindunmindulse

' /BRI 1% a < A o
LW?W%’J’]ﬂ’]i‘VIﬂﬁE]UUhJﬂE]EJIVFN@‘U’JﬂIUQ’IWﬂUUﬂG] WBNANAADULUUUINNITNAABUNI N

100% wane31 Nevuadunngiaelaglidauung

2.22 ANNIRNIZLAZAIDYNUS

o/

AnvilanzuazAYNUS

[

Positive (P) e nsdannaratduuan Negative (N) Az nsdananaifuau

A " a

True Positive (TP) fig AnINTalgnAadeuIn | True Negative (TN) Ao AN INIaIgNADNTIAY

False Positive (FP) Aia A17ing1nsalinfodauin | False Negative (FN) fin Afine nsalindoaidsau

Accuracy 9 dndiuvednuINANUIETILATIgNAeY

Precision A9 &d1UY8InNTHUINTLANTUASIHDNTMATUUINITIL

Sensitivity or Recall fig dndiurainslluInNiiinUuasedessylnogiegnaed

Specificity A dndiuraenIaldsauinvuasssyldognsgnied

2.23 Wuitldidulds ROC (AUC - ROC)
ROC (Receiver Operation Characteristic) Junswaennsmsewing sensitivity Wag
1- specificity Toed 1- specificity WuAfe false positive rate LLay sensitivity WuAAe True

Positive rate 09 AMU3UT 3.12 1Wusee1a ROC curve
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Sensitivity

1 - Specificity
SUT 3.12 uans ROC Curve

2.24 Pideiigada

leFnwmdeyaiisfnuazyinanudilafentuniddesig 4 mehumsldimada
CNN (Deep learning), liina LagnaansudlaazIuideY Feuszneulude

31398999 Rachna Jain, Meenu Gupta, Soham Taneja ia¢ D.Jude Hemanth wag
naultyatoyanguteyamsisuzionageuiiu 3 lauma Ao Inception V3, Xception Net
ct ResNext asunalsinluinafilsiannnugniesgsiign Ao Xception Tasvhazuuugada
97.97%[6]

33804 Joaquim de Moura, Jorge Novo uagMarcos Ortega Lausuuss
Uszavisnmnssiuungunmeng ONN Tagldyateyanimainansisas asuinadndileiugl
Usyavnmanansatisifiuanuazanliiuuwmdgideimgl7)

NUATeUe Khandaker Foysal wag Ahmed Abdelgawad 1ol 3 luwna A ResNet
50, VGG-16, VGG-19 fugateya 2 4a agunanismaaeuiiiuszavsnmimanugniios
98.3% AL 96.72% Anftuilldngn (ROC) 0.983 way Fl-score (FAIuusiug T*An
A3BenAu2/Mmanuuiug+AnsBenay) vesedeyad 2 fllsuauamannndt Belv
foyafiiusslovilunslidmivitelneamzodnsbensussnananmiioduunlein
(COVID-19)(8]

PNNsAEnEATeTRsdastsiunuiasath (CNN: Deep learning) w4y

AsIUNANLENYLSEiaITde sAlAdA (COVID-19) Tadune4m
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YURDULLALITANUUNIFTIVY

3.1 anwauzANURaUnRvaIn nengLsdUananaulaln (COVID-19)
INNISANYITNYBLLDUAVDINUIVLANBULVDININLDNALSTUBATLANIINN 1S A A LT ©
115 COVID-19 wunlunmenaisglan (CXR) AIENSIIUINNS A DN LA LAY lidv89nINg
WANF19AUE N LUAIUNENNITANNTLNUVBINE19UBLEARS Ul UL LS UNIN FatiuazLiiy
1 el:d‘ 1 v 1 ei I~ 1 < 1 ::9{ s:l' [ = a
PEAMUAAIUUUHUTUA N 19U 71917 Wuduveensean 1 Wudiuvesiaidauaymfe Usion
MPudniivnnarm3auns 1wy Yon awaunsatsuanienadn vz umuuuyee Tz
v Al s:’lj a 1 U 1% U U 1 = 1 o v 6 aa Y
SeElUannsEnuiuRiwana1eiunig Jadeninaindsnevinliwnndaunsainadetaswlanag
faanuuanaszrienivnfnasuenanudulsaldmenudnvaziina1iveanineneisd
U QIQ a 1 U Q:’ > U dlﬁ 4’1 a o Y o1 4
WHN1SATRENANIRAUNFBEINMUBRd NtauT iU uUand niauNfntialadInyin laAaud 981
dl' 6 d'a dgl’ I~ a = (9] 5 [ o.'l ai
LH9991NANLB NI AL RAAININUB AN AT LT udv i auiuaUans ntaunliwazUoni
a & a 0§ v P a A v | = & v v °
Anweladn vilvisesldmalindusindieg 1wy n15ns3a ATK msaynvseun 1udu Jeuusdn
A WmMEiemgasvdeuiiadunisaianudulawassznaunisiiansannssnw

AaegeMmenesdanuni JUit 3.1

Bone(Spine)

Upper Lobe Trachea

Right Primary

Aortic arch
Bronchus

Middle Lobe Bronchial tree

Heart

Lower Lobe

Right Lobe Left Lobe

gﬂ‘ﬁ 3.1 uansnenatsduasaun@ (Normal) tag Anatomy veasUan (Lung)
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dnuwaiznnUanladn COVID-19 nAnanewenatsduan (CXR) AwansaNuRaUnRa

Aa o

dhldifunmegdendniauainlsaladn COVID-19 Nfidnwanlurune 4 wie sUsnaunszay

UTNAUBAT 2 919 AagUT 3.2

y
JUN 3.2 uananmenasgvansniauiifnigaladn (COVID-19)

dnwagUann nUandni@unily (Pneumonia) NkansanuRnun@Nn1zlandnaun

IS

nwasdueun o Yu 9 nszaneiiaden fegu 3.3

5UN 3.3 uansnmenasgvansniauiialy (Pneumonia)

3.2 Malseuyndaya
NATAMAUN VBT TN enesgUan 2 95 valnd PNG way JPEG vu1n
400x400 pixel wazidudaganimionuisdaisisazuuu (PALAP) ngldimatinlaseyie

Uszarmieuuuunouligdu (CNN: Deep-leaming) Tun1sAnnsoads Uief it alain
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CoVID-19 1 ldTuwunyatoyanineenidu 3 ngu dwmsuilnasulueade (Training)

n33vaauluea (Validation) wagnguaninedmsunaasuluing (Testing) Usenausienagy

Negative fianmnguienaisdvanuni 1 nquuas Positive 2 ngu Aenmenasdlanfifnie

1a3a (COVID-19) uagngunmienaisdlaniaenuansniaunily audiu Ineiazudyn

Faganinnisnaasnduaesu Aogunsnuy160:20:20 lafl Augmentation waziuilaas

80:10:10 Ll Augmentation fa3Ufi 3.4

Phase |

Train dataset 60%:

o Normal - 1,400

o Covid1-19 - 1,400
o Pneumonia- 1,400

Phase |

Train dataset 80%:

o Normal - 1,600

o Covid1-19-1,600
o Pneumonia —1,600

—

=

Phase Il

| Validation dataset 20%

|

‘ Test dataset 20%

Phase Il

‘ Validation dataset 10%

’ Test dataset 10%

|

—

=

SaN =
=
=h.
5=

Total 6,554 images

2

SaN =
=
=).

Total 6,000 images

5UN 3.4 uand Flow Chart uansdumaunskuudoyan nguil luag2

3.3 A5e9dla+aUNABUNINBSN LT TUN1SIRY

® 1ausns Keras 1o5%u 2.4.3

® Tensorflow L’J’e}‘fsﬁl'u 2.3.0

® 71w Python 1asdu 3.8.11

® ygUszanananans (Central Processing Unit; CPU) 184 Intel (R) Core (TM)

i5-1035G1 CPU @ 1.00 GHz 1.19 GHz #us8audman (Random Access

Memory; RAM) w119 8GB szuuUfUANNS (Operating System; OS)

® Windows 11 uaguieUszulanan1unsdin (Graphics Processing Unit; GPU)

\Ju NVIDIA GeForce MX350

® Computer laptop Ju LENOVO U 2020
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3.4 N1599NLUVDANDINUVBINUTHNTY

Tudruvesnisusratananinidy ts1lalgdlausi3ann Tensorflow & sldWaiu1 ML
(Feumelusunsy Python) Aaundmizuwuulag Google Fellnnudaveunariusednsamn
Tun1susesananalasaasa azadnrenisidnudusgrsnnisuauainnisina alusunsy

Anaconda 3nAuladludsimauimasnviinisasuluwanayly CPU Tunissuluswnsy

e : JWsUNsUAW python wagisnisadlausIegluniamuan n.

o/

3.4.1 watanslaninsaaulaeiinudsiunisaauluma aell

- learning rate = 0.0001

- Train batch size =32

- Epochs =50

- Optimizer = Adam (Adaptive Moment Estimation)

3.4.2 Tunaiildlusise
® |nception V3
® Resnet 50
® VGG16
® VGG19
® Mobilenet v2

® |nception Resnet V2



3.5 VUABUKAZNTZUIUNITLHIYNINUIY

[
(Y

fnFanels Anaconda.Navigator aslulAsasABNRILADS

P
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anulvanlvauazinanesiazslusunsumig q Nazvinisdoulunaadluiaio

P

Anulvanlunafidesni1sain Tensorflow Keras Application

P

MnsuUanmeanidy 3 Y train 80% validation 10% test 10% WwuU Manual

.

¥
v U ¥ 4

AaAIdLUT danediuuazlanfie o Adesnisiglunisaeu

P

SumsaeunnlumanIunIITmesNaIALT

Y
Vl1cﬁ1ﬂﬁﬂﬁ]1ﬂiﬂﬂﬁll.f2lmlall

.

[
(%

wily Error MARTUAUNNSIENRSUAEANUTNLLAY

P

NSUARIHAENEURILULAA LU SYIIUIENATBINITABUYNTUNDY

o

[

aFNsYINeRaTNSLarANgNARLEUTULAZlNS

.

TUNNNAALLUEUIILIIUNITNAR DY

5UN 3.5 uand Flow Chart Tusaunisaeuluinauide
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3.6 UABUNTZTUIUNSEINEDU

=2 o a v dy :.J; | (% ~ v ‘:9‘;
AL UIUNNTHNFDUKLUUINRDIVDIUIVYULFAIVUADUAT 4 (ﬂ\‘ig‘lh/l 3.13 U

Dataset of
» Generated
Image

Dataset

Training
Generator

Output

it Images

[fipt

d. o v YV =X
5UN 3.6 uansnszuIunsideyanmidtnasu
a v d' z-:yljf-:lu I3 d' = o a S (% QIJ
ReseuliingUsvasiiefnuinisduunseslse 2 vlin Aenndensniauniliuas
AMNUan NLdULlATAIINATINUBAUNA LASIAS19LAS DU 18USEa 1NLTI83 CNNs Laglie
a a ° ' I ° aa Y A Y a
WU un1syinaueeasazliea ngagidunisiiduslunaninisiendunanlaen19d
3ULUUN13TN 6 LUiAa A8 Inception V3, ResNet 50, VGG16, VGG19, Mobilenet V2uag
InceptionResNet V2 @sasnsalnanlaainhttps:keras.io/api/applications/Inceptionv3 uag
¥ I3 I3
Yntoyaassauzanivled Kaggle.com
3.6.1 ANWINITVINUYBILUUINEDIAUNITIWUNNINUBATIS 3 B1A
3.6.2 anwuUlATIEIIASEUEUTEAMIEN CNNs USUUTILUUNNANNLUUT a0

6 WUU

= = Ya o Ao v . ] ia v a v v

nsenluean1sSeusIdsanidudeu (transfer learning) AsusiTuAU (N5L5UAUMY
Wmtinmeaigy) sesliviadeyansineusy vwnlnguasnaslunsiuine faiunisldnig
= 1% | = o a av v a = | o
Seuiuuuinevendulumelianlasuanu duanlieeinasyiganiailunisin lumavuin
Tninunsinudrunsduiuauiaaeiy Wudunileedunalmi nadnsveslunainlasu
"3 pre-trained agnldiiefnnaudfriu faudstmluuuieuyniaees (fully dense) Ay
Qﬂﬁﬂ latent feature (@313lagluLaa transfer leaning #1115 load weight 971 imagenet)

AaaudRmvallidudunmdmsulama machine learning Tutiu fully connected

51 YAteRanINIIUNTY 6,000 AN AW 2 TR Usziamn JPEGUAZPNG lasaasng
iseTieUszamiisn CNNs tngasidunisiiauelumaniuiuussunsdilned1adegunuuin

Anlunans 6 Tuiitlazaenanenislemiegsnis Transfer learning lagly model



48

Inception-v3 @saansalnanlaan https://keras.io/api/applications/inceptionv3/ @ag
Usznausme 2 @1ume base model wag head model Tnwiladnlalunislnan base model
inception v3 [unldaunsiinsaliudeu head model Tsiuasu include top a0 true

:’/ =€ o a a 4 [ =% . . . !
NUUIWIINITLAY layers TILTIRBINITUAZYINNITHNLUL fix weight tag bias Tudiuves

base model LagyinisnsivaeuAInNliug1velunaiiiiiy head layers W lulnemnsuy

YI9RUAYBY network

ImageNet CNN

;
; TRER sviEE Pre-trained weights
i

[PREp T e i
: E% 1000-Output |

& e B e

e ek &
I g T
AT S A

B I Transfer Learning

! X-Ray Chest images

T
il

i

PNEUMONIA |

COVID-19
Normal

3-Output

4

Transfer Learning techniques used in the development of X-ray Chest tesk.

JUN 3.7 uananszuiunsihdeyanmditlinaeulagldlima CNNs network



uni 4

N1INAABILLASHEANIINAADN

4.1 szuuUfiinsnuiseuazaunitlilunmmeseddunuide

nATeNsaSMUUINaeslasIgUsEa ey (CNN: Deep learning) 151lald
Computer Ju LENOVO © 2020 finds Software lausafiusenaude keras 1iosiu 2.4.3
Tensorflow 18U 230 funszuiumsinaeuseluman 6 laaade InceptionV3,
ResNet50, VGG16, VGG19, Mobilenet V2uaginceptionResNet V2 910 keras application
was Tensorflow \ulaus3finamunsaenien Python fiduszansnmlunssuiunisilnaswdie
Suungunm SegnldlumAferounthiuazniw Python nesu 3811 Aeufiuposild
whegUsyanananas (Central Processing Unit; CPU) Wu Intel (R) Core (TM) i5-1035G1 CPU
@ 1.00 GHz 1.19 GHz WAL Man (Random Access Memory; RAM) u1n 8GB
J¥UUUURMS (Operating System; OS) 18U Windows 11 waznuisUszauianasiunsiin
(Graphics Processing Unit; GPU) \Ju NVIDIA GeForce MX350

4.2 yadayaitlilunmessuazisuidayariiaaauluina
yndayaililunisinuideignamiivanainiiiugndeyaasisas Kaggle.com 1
Jayausn (CXR: Images Pneumonia (Mnansniauiily), mwlensnaulain COVID-19
waznmdenun@ (Normal) amenetsenitdiuiy 6,000 am Tuguwuy JPEG wag PNG
UszneushanmeneistilaniidneionsisdannduniinAP) uassnuvdslumin(PA) vesfle
Tnganunsadannandamaker Ruasl dnludoyanmazannsouenduvmiednevesiie
Tunmild@slilunmeasaiudeyanimenusdlenangrutouamssaranseslsaleia
COVID-19 N1 913y 2,000 aw (eeldvihnisisuudeyaud) yndeyagnuuseenduay
g1 AENSHNOUTU(Training) N1sMsId@eu(Validation) uagnsnageu(Testing) nsmaaedi
wistoganin 2 adilaeldyadeyaiferiuusiuiaiudnduiiunndeiufio 60:20:20 Tuguil 1
wag 80:10:10 Iuﬁuﬁ 2 wiazdulesunsuusdesduanuranade AanaUn@Normal), Yan
FnaulaIn(CoVID-19) wazlsavamsniau(Pneumonia) nmenwisduan 6,554 A wu
JoyansinausU(Training)  AmeneisdUan 4,200 1w & mSUNIIATINEOUAIINNADS
(Validation) 1,182 Amuaz A Wd1miunN1snagau(Testing) Tneft 1,172 nm Wulsavensniau
wlU(Pneumonia) 2,250 nw uveanUnANormal) 2,180 aw wazUansniaulada (COVID-

19) 2,124 2w TunsmaaeaguLsn
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YaiapuisdayanmininendisduanlaIn(COVID-19) endisdlaniniuazlsnien

gnEuIUIIUIUAAI@aE 2,000 AN INANINIIUA 6,000 AN Lﬁu%’asgami?]ﬂamu

(Training) Awiendisduonmdu 4,800 A dnsumInsIvaeuaUgnsad(Validation) 600

A uaznwdmiunisnageu(Testing) 600 A SwawldunvedeyanInileglunisei

1,2,3 wagiingnauanininendisglananntaia(COVID-19) lsavensniauniliuazUanund

r-:l' a v | ¥ & [ f-:’ll
QBLLﬂﬂQWEU 4.1 3’1863LE)EJWEJEN“UE]&I“aLLW@B;@WE‘U@%@L‘UU@NH

A15199 4.1 LARITUNBUNITLUIN AL YTAYRININ JUT 1

YUAVDINN Train Data Validation Data Test Data | Total of images
Normal 1,400 360 460 2,180
COVID-19 1,400 362 362 2,124
Pneumonia 1,400 460 390 2,250
AT 4,200 1,182 1,172 6,554

A15199 4.2 LAAITUNBUNITLUINTNLAEYTAYRININ JUT 2

YUAVDINN Train Data Validation Data Test Data | Total of images
Normal 1,600 200 200 2,000
COVID-19 1,600 200 200 2,000
Pneumonia 1,600 200 200 2,000
mwﬂgwm 4,800 600 600 6,000

M131991 4.3 $18a8L8YAUDINIMBNTLIENTHBNUENAUTIUTELA

wigstoya | Swaunmenasd | Swunmenasd | Svaunmenssd Ty | aansa
(Uni) (udondniaunly) | Yeadniau COVID-19)

“q&]ﬁ 1973 2,180 2,250 2,124 6,554

“q&]ﬁ 2 73 2,000 2,000 2,000 6,000
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4.3 mamssnyndeyauaslunanltlunisnaass

WevamInmaedasaneUsvamidieuCNN: Deep leaming) Freanilnenssuia 6
WUUAB Inception V3, ResNet50, VGG16, VGG19, Mobilenet V2ilaginceptionResNet V2
finsesuuyadeyanield Data augmentation Wazn1s resampling Faeludiitenisiia
Sruunmliaunatisantlam Overfitting vestoyauastioifindszdvsnmnisianuluina
Tt

iuqm"?%’ﬂﬁwﬂﬂ%’mﬂmiwmam%’agamwwﬂ%LiéﬂammﬁﬁmzmﬂL%U Kaggle.com
Iﬂ&J%LLﬂﬁagaaaﬂL{Ju 3 ‘g@ﬁa Training dataset, Validation dataset W&y Testing dataset
wuseenduyadeyadmiunsaeuy  (Training dataset)  dwiun1snsivasyu  (Validation
dataset) uazdoyadmunismaaeu (Test dataset) LUUTIABIYANTA 60:20:20, YTl 2 LT
80:10:10 Tngldassruiutoyanwiamaientu WenSsuifisunisvausessasluaad

IimAugneBs (Accuracy) karAUUlUEN (Precision) NATan

A9 4.4 Lansdnegnan wenasdUanuni YansnaunilluwazUandniauladn COVID-19

Normal

COVID-19

Pneumonia
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4.4 3315 UUNITNAABY

o a a o dy [ 1 | 13 A
ﬂ'ﬁ@l’]LUUﬂ’]iVmﬁENIUQ’]UJ?\]EJu"U%LL‘U\‘1L‘U‘Ll 2 99 legrisusnidunisvnassivem

luwanangatunsiweranuaneauiuyatetanmenasguan (CXR: Chest X-ray) nlu

WHazanUnUNISUALIANANANUNINWLANANNAULARLLINE  L51FIRDINAADUNINLBNDLSEUDA

= & ° & 1 | ~ 9 ! = o A
FAUUFVIT A1 L LﬂuajﬂwyLLazfumﬂ“ﬁmm’m%aﬂmﬂiﬂugu’lLWEJ%’JEJG@‘JZEJ%L’J@’]IU

a Y ] ° Auya v ° & & Aa PV .
ﬂ']iLiEJugGUENLW]azLLUUQqa@QI@IEJIUQ']u'JQEJI@La@ﬂIGULL‘U‘U"U']a@QGUQLUUV]UEJN"L@LLFI |ﬂC€pt|Oﬂ\/3,

ResNet50, VGG16, VGG19, MobileNetV2uaginceptionResNetV2 Lﬁam%amﬁaua’jﬂuma

Tanagmunzaniign dvunounwaluil

©® N o ok

10.
11.

12.

maweuyndeyanmsidefiilsavansniauily amiendisduenund uaznmsniaulen
kAR (COVID-19) NUIN1NYeIn1MlUNISHNUTUNMINTIVAOULALYANATD UMY
wAtla manual lagwua 60:20:20

Uszanaranmdunnalmihldyntayanmeuuiausy

n5l4TA59a579 CNN: Deep learning fiadnstudmsumssuniondnaveduiag
Wvsne/Aagldnmendisdnthenvedlsavansniauiialy Yeauni uazUsnsniauiuns
finudelein COVID-19

NNSAUINARIALD AN
Wivuitsuiendnaiiagtiuiuaanaiifoinisuasmsdmnailsitunsgayde
T¥iladdunsgapdenazdanedfiumsiinousniieUiuminosves CNN

msliduneud 3-6 dmsugadoyaiamauassaufadun epochs Hamun

T lannaildFunstina/duat (Guusn) dddfunsinduseyndeyaiusyanana
amihsddsavensniau nwleaunfuaznmlendniauainiaia COVID-19 1u
ami‘]mﬂﬂiimLLUUﬁﬂaaaﬁugmﬁm%’umﬂsﬁmuquﬁﬂamﬁaamqmﬂﬁﬂmiﬁsuifﬂﬁ
snelou

USudoyanmuazimseuyedayanisideain 60:20:20 10u 80:10:10 saufensuuann
unsiineusunsnniadeuwazyanagoy
MsUsznaranmiunRsthsufmsUiusaamnsisdeyauaznsqudeyalisl
THlassads ONN fiasrsdudmiunsiunaednmesueaitmaneAngldnmendiss
Yaawaalain COVID-19, lsavansniaunazUsnuni

l9ane3fiunsinausudmsunIsoumanIsimes CNN waslina pretrained
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13. Tdumoun 10-12 dvsuynadayanavanuazdnuIuYes epochs MIaMun
14. dnalunathmnadudunisdndulavesaaiinenssuiuudiassiinimuainnm
wnasdiduradlada COVID-19, Uandniau (Pneumonia) Wsanwlaaunfgunniinsdl

Unh

Foudnasld LOSS
algorithm A function
v

yadoya 1 uua 60:20:20 S

v

Normal (CXR) Output
A1sUsENlana > Asaau >
Pneumonia ﬂnuua‘szqﬁ . classes

COVID-19 1
1 |
 w . - . Output
datoyauasnisiiimes
L —P| Three
wdsnnsasulung
T classes
| 1
iDyA 2 WUY 80:10:10 *
YAUBYA 2 WU 80:10:1 3 we
v Turailasu
Normal (CXR) J— Output
»  N1sUsSEINANE >
Pneumonia v classes
AnuAsen 2
COVID-19
r
Feouinisly Loss
algorithm | function

JUN 4.1 uananszuaumsinasulanagui 1 lUdssun 2

4.5 Yumaunislaudiedaya

ax ] v ° 9 ° av & v a = v

Fnsargleudeyagniunldlunisiawiuuiasduniddel wlasumilinasulagld
gadeyareaiufe Juusnlasunisinaeulaeuisndoyadunmuenund amlsaveniliuay
Uansniaulada (COVID-19) 8ns1dau 60:20:20 Ingliifing  augmentation Juiiaedldsuusn
@ 1 & = > vl o v a I3 ! = v =
Juguiugiwee  MdanuinSeuiuesmsiiwesanuusnlumsilnaeuluinaluyadeyalagd
wWasunsuuseganmdudnsdin  80:10:10  wansbiiiudenisieuinisaisloulunisaing

wuuaestugavnenisateleunsteusituisnisiiguuuunsseuiveaaseanduinldlnl
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S D= =9 Y v ° A o v o ! =
Faneumhillasunsilnaeusmeteyainuinnlunuameiieiinaeusiduunlvdvesaui
AdgiuvTeunnAeiulagNsUTudnduveayatarNMsiinsIRgULUUTDITBANIN 1YY
N3 augmentation N3 Cropping MIMYU N5 YengvuALazMIUTULAITBIgUANLNG
= =2 Y o - ' v = v
UanfansEUINMINITHNUTHLTIRILanslugUnd.5 msaneloudeyanisseuiadelunis
Anaeulassingyszamuuy Conv: CNN meyateyaniinisuuilasulnivaemsisouinisene
lougUuuunassumeglunaiiinunisiinaesusieyntoyavunalvaive livitnulafan
AnandRNug i mualasunsSeuiialugduuuilasunsaeunds anfinesddlunsingeu
Hutesnilaglifeddisnsiseuinsagleumisnuduasning nsnisAuinazanadiile

Wieuiunsiinasundsuiudanesiunlasumsasuninineg Milnasumeyadayaruinlg

=

Wy YadeyaimageNet[25] Fallnmuinndl 15 aunmainUssana 22,000 sy

! 1%
a=

1Y Y =9 A 1 VY & ad a v ! 1 <
danasuilasunisindumatudungagldilupuluisnsteuinisaiglen egelsfn

(%
Il [

Turudetinuuinaemldumnlilasumsiinaeumeyadeyaendisdvan(lsaveansniay) way

€

A

Uenfidnideladn (COVID-19) fegu

oA
un 1 Tourp | Labels
yadoym Wi 60:20:20 m'mix’l"ﬂﬂ Tumarlasy | 3-classes .
Normal CXR | [—— e JUi 2
Pneumonia Andbundaiti2 | yedoya uus 80:10:10
COovID-19 Normal CXR
Pneumonia
COVID-19

JUN 4.2 uananszurumsloudetoyaludazui 2

4.6 muﬁu%’aga (Data Augmentation)

a v & a =t = !
nszvIunInsiiudeyalunsimalianilavainsiinaeulunalulasaingUssam
=~ A v o v o & v a da 1+ oA a a a
\Wigy (CNN) ieas1edayanisiinasuliiiidnuiuunniuaindeyaifuniet) 1iveiiuuszansam
luyadaya (Training set) 80% UuiiuAAmMIUAmaLuUsEaNEAnveIyatayarinlag
14 Tensorflow import keras Ky #9i4u image data generator Fadun159i real-time
augmentation waziunsiindeyaunspananiduuteyatesnsldmatinnisuszuana

AMEE 9 LU NSAREIUNINALIABINTERN AMSTTUAIN ASER-VEIBAN NITHANNAULIE-
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971 MsUSUasud tnewala manual warn15USUAIe code tagann1sy Ram a9 1AT84

SZWINNT augmentation FINMNUAALAZLEAIFIBE1ININAST

® in13U5U Rotation range

® yin13UTU Width shift range

® yiIn15USUHeightshiftrange

® 4NnN13UTU Brightness range

® 4nN13U5U Shear range

® yi1n15U5U Horizontal flip

® yi1n15USu Vertical flip

= 40 degree
= 20%

= 20%

= 20-40%

= 20%

= True

= True

A1999 4.5 LAAIFIBEY Cropping NSTEUATN N1SY-VEIBAIN ATTNENNAULIY-911 A5

JSuasud

Pneumonia

viyuu 90°

FEONN

Pneumonia

Pneumonia

&y

K
NITVIIINTIN

viyuun 180°

"

N5 Cropping

Pneumonia

U g
NITVIUNNVU

Pneumonia

UsuaIieana

COVID-19

COVID-19

COVID-19

Normal

Normal

4.7 Yumoums Training luaanaz Code

Wvievianve9an el

ABNISWAILILUUTIADNENNN 5O TIRENITUTINGFvRITRE

Tsaladn (COVID-19) usneenanlsavandensniauiily (Pneumonia) uazUanunfguaing
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(Normal) TagldUayaninonaisd vl 2 {5 Uszian PNG wag JPEG 19040 400x400
pixel $717U 6,000 nM FunewIsnizFeuimateleuteyagmildlunsiauuuudans
TnglummAdeudanisaeulunasenduasssuieiu ldveadansuiudnudeyaninvousas
yalviuansneiu Buanguusnimuayadeyadngidin 60:20:20 Tinmenund lsadensniay
y1lU (Pneumonia) wazUandniaudniauladn (COVID-19) juilaedlilumausnidunuudians
fugiu Aolfivadensdeufinnniussnaldnsiindeusazmnageunuusiaesiuiides
\asilafldlunssdiiiuns 1y Keras uag TensorFlow Framework Tunmwinsideulusunsy
291 Python Ussananalagld CPU

1As9a5199899u3ldwALian1g Transfer learning Model 6 Tulnafe Inception V3,
ResNet 50, VGG16, VGG19, Mobilenet V2uazinceptionResNet V2 gy Global Average
Pooling tieanuuinnis mappine wavdssaluiaiwas Dense Wae 4 $u usastusiianses
(Filters) vu1m (512, 128, 64, 3) n15%11 Batch Normalize LﬁmhmﬁmmmL%ﬂumif%augﬂmaa
Tawpalsinndstu Dropout ilevililainayhaléissansamanniulaemeluduasddu
Welanisvhanudansiluvaenns Training Twa n1sv1 Activation function 14luusas
Hufte Relu function EJﬂLfquIu%'UEj@ﬁ’lEJﬁﬁ]ﬂ% Activation function tu Softmax function Lile
Pieradnsamienasdoniniuniviadusnauilunievensniaulein  Taanads
AmTieesing Ao SaTN9Feus (Leaming rate) 0.0001 Wway Saneddiu Optimizer A4

A9 Adam wag batch size = 32 Aun13in 50 epochs

4.8 Custom head

Astnlamans 6 lunane Inception V3, ResNet50, VGG16, VGG19, Mobilenet V2
wazinceptionResNet V2 919 unaw pre-trained Iasld weight 10 ImageNet 11971113
custom head wagynnns flatten I@EJLﬁﬂJ%u Dense 512, 128 gy 64 Ineld activation = relu
uazrmunduaninedu dense 3 iaruun output Tneld activation softmax Lited1uun
Amuendu 3 vila vin1s validation split = 10% way compile model lagld optimizer =
adam wag batch size = 32 Laziin15l4 loss LUU sparse catageorical crossentropy \ielv
A1 output LJu onehot encoding TAUsEaNS nnszninansilnurazseulaegld metrics =

accuracy wag learning rate 91 0.0001 wagyi1N1SHN 50 epochs kagMuuAFUaANITHNLAY
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14 earlyStopping lngg a1ne loss 1w validation set laianadlu 3 sougavingveanisin

(patience = 3) G’Tﬂgﬂﬁ 4.3

~vo| Transfer Learning -
DENNS Models
S

Global Average Pooling

Data Preprocessing -

Activation
Function

Images 400x400 pixel |- -

Dense (512)

o o l Batch Normallzatlon ]1 Dropout(0.6)
R, AREERRSR Dense(128)

| - Dense (64)

| Batch Normallzatlon ]l[ Dropout(0.4) |

BEESENR R Dense (3)

= 2 Optimizer = Adam Softhtax
R e Learning rate = 0.0001 Activation Function
RN Batch size = 32

| Batch Normalization ]l[ Dropout(0.3) |

Evaluation
Accuracy
Precision
Recall
Fl-score
Confusion Matrix
AUC (Area under the
curve)-ROC (Receiver
Operating Characteristic)
curve

Classification
PNEUMONIA
= COVID-19
= Normal

R
S R Epoch =50
| Test set 10%

JUN 4.3 uandlaseainen1snnaessiniunssuIunsing 4 Aldluniside

e : JWsuNsUNW python waglsnisaslaussegluniamuan n.

na il 4.4 Wunshslugauaznissenidlavsinidulusenunlunisiinasulima




import numpy as np

from sklearn.metrics import accuracy score, f1_score, precision_score,
confusion_matrix

from sklearn.model_selection import StratifiedKFold

from PIL import Image

import random

import tensorflow as tf

from tensorflow import keras

from tensorflow.keras import layers

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

from keras.preprocessing.image import ImageDataGenerator
from tensorflow.keras.layers import Dropout

from tensorflow.keras.layers import Flatten

from tensorflow.keras.layers import Conv2D

from tensorflow.keras.layers import MaxPooling2D

from tensorflow.compat.vl import ConfigProto

from tensorflow.compat.vl import InteractiveSession
import warnings

import os

import shutil

from PIL import ImageFile

warnings.simplefilter(‘error', Image.DecompressionBombWarning)
ImageFile.LOAD TRUNCATED IMAGES = True

from PIL import Image

Image.MAX_IMAGE_PIXELS = 1000000000

config = ConfigProto()

config.gpu_options.allow growth = True

session = InteractiveSession(config=config)

A 4.4 uanansisluganisndudeddesnunlumsilnaeulung
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- 137399 psanURas @R TAUNTIN Train Tu Model lalagldinanlunis Train wsiaz
Epoch ladunniin undamsdiuse@nsamda uenaniin1susu Batch Size Allnareusyansnin
983 Model 1y weaglilinaansnfnan lun1sneaesdemsiinisususuin Batch Size

¥
A8

Width = 180
Batch size 32

A 4.5 YardsSuendradmtiniaiu 180 wagn1susuvue Batch size 32

datasetFolderName='C:/chest 80 10 10%/"
MODEL_FILENAME="model 200 _InceptionResNetV2 0.0001.h5"
sourceFiles=[]

classLabels=['NORMAL','PNEUMONIA',PNEUMONIA COVID 19']

img_rows, img_cols = 150, 150 # input image dimensions
train_path=datasetFolderName+/train_80%/"

validation_path=datasetFolderName+'/validation/'

test_path=datasetFolderName+'/test/"

Al 4.6 Yardarannanlnnesidilusunsulaziuanisuuanmdu 3 Aanafe
mudanund nmdeadniaunazUandniaulain COVID-19 lngfimunvuInyes

NN Input = 150,150,3

def prepareNameWithLabels(folderName):
sourceFiles=os.listdir(datasetFolderName+/train/'+folderName)
for val in sourceFiles:
X.append(val)

for i in range(len(classLabels)):

iflfolderName==classLabels[i]): Y.append(i)

5] o ° ~ 1 o v ¢
ATNN 4.7 “g@mﬁ&m%m%umﬁa%ax‘iLLmazﬂa’la"Ua\‘i Input WNNEaU
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def transferBetweenFolders (source, dest, splitRate):
global sourceFiles
sourceFiles=os.listdir(source)
if(len(sourceFiles)!=0):
transferFileNumbers=int(len(sourceFiles)*splitRate)
transferlndex=random.sample(range(0, len(sourceFiles)),
transferFileNumbers)
for eachindex in transferindex:
shutil.move(source+str(sourceFiles[eachindex]),
dest+str(sourceFiles[eachindex]))
else:

print("No file moved. Source empty!")

def transferAllClassBetweenFolders(source, dest, splitRate):
for label in classLabels:
transferBetweenFolders(datasetFolderName+'/'+source+'/'+label+'/,
datasetFolderName+'/'+dest+'/'+label+/,

splitRate)

n

A 4.8 yaddanisdetoyanimdiluly Folder

- training_datagen dwsugulndnin wdwi Scaling uagyih Image Augmentation Lile
Y8189UIA Dataset kazifilANLUMaINaNsvesnIn ensinam (Shear) uwuudsilaiAu 20
93A7 VBB (Zoom) wuudulaiiiu 20% uasnanainwuaueu (Horizontal Flip) $e-4
WUUE

- val_test datagen @msusnuludnin La1wi Scaling Ineliiin1svin Image Augmentation
desnduganmdmiuns Validate wag Test

- test_DIR M3990Bdan1MINg WToLaNmmvue fauans Code ATUAMN



TRAINING DIR = 'C:/chest 80 10 10%/train_80%/"
training_datagen = ImageDataGenerator(
rescale = 1./255,
rotation_range=40,
width_shift range=0.2,
height_shift range=0.2,
shear range=0.2,
zoom_range=0.2,
horizontal flip=True,
fill_mode="nearest
VALIDATION DIR = "C:/chest 80 10 10%/Validation 10%/"
validation datagen = ImageDataGenerator(rescale = 1./255)
train_generator = training_datagen.flow from_directory(
TRAINING DIR,
target_size=(width,width),
class_mode="categorical’)
validation _generator = validation datagen.flow from_directory(
VALIDATION_DIR,
target_size=(width,width),
class_mode="categorical’)
test DIR = "C:/chest 80_10 10%/Test 10%/"
test _datagen = ImageDataGenerator(rescale=1./255)
test_generator = test _datagen.flow from_directory(
test DIR,
target_size=(width,width),
class_mode='categorical,,

shuffle=False)

5] o ] ¢ = v o |
AINN 4.9 ﬁ@ﬂﬁﬁﬂmimui‘l/\laﬂﬁ‘w ﬂﬁi@ﬂ“ﬂ@@uaﬂﬂwLLazﬂ’]iUiUﬂ”IWI‘ug‘ULLUUG]N 6]

61



62

from keras. applications import ResNet50

Inception _base _model = Inceptionv3(input_shape= (180,180,3),

include_top=False, weights='imagenet)

Al 4.10 ﬂ;mﬁﬂﬁqmiﬁﬂmmamﬂ keras applications wazU3U Input 71 180,180,3

Inception_base _model. summary ()

A 4.11 mdsialassielueaanlglulusinsy wu luea Inception

import keras
from keras.models import Sequential
from keras.layers import Conv2D, MaxPooling2D, Dropout, Flatten, Dense,
Activation, BatchNormalization
from keras.layers import Dense, GlobalAveragePooling2D
resnet_model = tf.keras.Sequential([
resnet_base_model,
GlobalAveragePooling2D(),
Dense(512, activation="relu"),
BatchNormalization(),
Dropout(0.6),
Dense(128, activation="relu"),
BatchNormalization(),
Dropout(0.4),
Dense(64,activation="relu"),
BatchNormalization(),
Dropout(0.3),
Dense(3,activation="softmax")
),
opt = tf.keras.optimizers.Adam(learning_rate=0.0001)
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METRICS = [
‘acc,
tf.keras.metrics.Precision(name="precision’),
tf.keras.metrics.Recall(name="recall’)
]

resnet_model.compile(optimizer=opt,loss='categorical_crossentropy',metrics=METRI

CS)

5] o o = o a v v 9 Yo ! ~ Aa
ATNN 4.12 Gq@ﬂ']ﬁ\‘iﬂ']iﬂqaaﬂ@awuLGU'uJ']UTUFL%ﬂCUIlILﬂaiﬂiﬂm']ﬂﬂi3a']ml;mﬂllﬂll@g

history = Inception_model.fit_generator(train_generator, epochs=50, validation data =
validation generator, verbose = 1)

Inception_model.save("rps.h5")

Epoch 45/50

150/150 [ ] - 3607s 24s/step - loss: 0.1502 - acc: ©.9492 - precision: ©0.9520 - recall: 0.9452 - v
al_loss: 0.1073 - val_acc: ©.9583 - val_precision: ©.9583 - val_recall: 0.9567

Epoch 46/50

150/150 [ ] - 5845s 39s/step - loss: ©.1366 - acc: ©.9565 - precision: ©.9592 - recall: ©.9548 - v
al_loss: 0.0705 - val_acc: 0.9700 - val_precision: ©.9716 - val_recall: 0.9683

Epoch 47/50

150/150 [ ] - 2393s 16s/step - loss: ©.1316 - acc: ©0.9583 - precision: ©.9608 - recall: ©.9556 - v
al_loss: 0.0484 - val_acc: 0.9900 - val_precision: ©.9900 - val_recall: 0.9883

~Epoch _48/350

150/150 [ ] - 5467s 36s/step - loss: ©.1192 - acc: 0.9625 - precision: ©.9648 - recall: 0.9606 - v
al_loss: 0.0721 - val_acc: ©.9783 - val_precision: ©.9799 - val_recall: 0.9767

Epoch 49/50

150/150 [ ] - 2557s 17s/step - loss: ©.1233 - acc: ©0.9625 - precision: ©.9651 - recall: 0.9613 - v
al_loss: 0.0953 - val_acc: 0.9567 - val_precision: ©.9615 - val_recall: 0.9567

Epoch 50/50

150/150 [ ] - 1251s 8s/step - loss: ©.1185 - acc: ©0.9629 - precision: ©0.9646 - recall: 0.9596 - va
1_loss: ©.0655 - val_acc: ©.9750 - val_precision: 0.975@ - val_recall: 0.9733

AN 4.13 gaAdenisaeuluwanmunivuen1sinasudiuiu 50 epochs
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def my metrics (y_trued, y pred):
accuracy=accuracy_score(y trued, y pred)
precision=precision_score(y trued, y pred,average='weighted’)
f1Score=f1 score(y trued, y pred, average='weighted)
print("Accuracy : {}".format(accuracy))
print("Precision : {}".format(precision))
print("f1Score : {}".format(f1Score))
cm=confusion_matrix(y_trued, y pred)
print(cm)

return accuracy, precision, f1Score

predictions = resnet_model.predict(test_generator, verbose=1)
yPredictions = np.argmax(predictions, axis=1)

true_classes = test_generator.classes

testAcc,testPrec, testFScore = my metrics(true_classes, yPredictions)

resnet_model.save(MODEL FILENAME)

AN 4.14 UARINTYINUNENE Testing ¥89A1ANENABY Lalugag F1-Score
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import matplotlib.pyplot as plt

acc = history.history['acc]

val_acc = history.history['val acc’]

loss = history.history['loss']

val_loss = history.history['val loss]

epochs = range(len(acc))

plt.plot(epochs, acc, 'r', label="Training accuracy')
plt.plot(epochs, val_acc, 'b', label="Validation accuracy’)
plt.title("Training and validation accuracy’)
plt.legend(loc=0)

plt.figure()

plt.show()

MW 4.15 YaAdeasnanTvlaniauduiussendng accuracy fiu 91U epochs

Loss = history.history['loss']

val_loss = history.history['val loss]

loss = history.history['loss']

val_loss = history.history['val loss]

epochs = range(len(loss))

plt.plot(epochs, loss, 'r', label="Training loss')
plt.plot(epochs, val _loss, 'b', label="Validation loss)
plt.title(Training and validation loss')
plt.legend(loc=1)

plt.figure()

plt.show()

5] o o 14 (% v 6 1 U o
NINN 4.16 quiﬂﬂ’]aflai']ﬂﬂﬁﬁWLLﬁ@ﬂﬂ')’maNWUﬁi%ﬁ')’N loss AU ATUIU epochs

def cm_plot_test(cm _test, labels):

x = labels




y = labels
z_text = [[str(y) for y in x] for x in cm_test]
fig = ff.create_annotated heatmap(cm, x=x, y=y, annotation_text=z text,
colorscale='oranges')
fig.update_layout(title text='Confusion Matrix’)
fig.add_annotation(dict(font=dict(color="black", size=13),
x=0.5,
y=-0.15,
showarrow=False,
text="Predicted Value",
xref="paper",
yref="paper"
)
fig.add_annotation(dict(font=dict(color="black", size=13),
x=-0.20,
y=0.5,
showarrow=False,
text="Real Value",
textangle=-90,
xref="paper",
yref="paper"
)
fig.update layout(margin=dict(t=50, =200))
fig['layout'l['yaxis'l['autorange'] = "reversed"
fig['data'l[0]['showscale'l = True
fig.show()

A 4.17 f73 cm_plot Function
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cm_plot_test(cm _test, classLabels)

AW 4.18 FAdauans Plot Confusion Matrix

C test = Counter(y true test)
C test

AN 4.19 MPADINUINUIUNINYBG Test Dataset Tuwpay Class

Cm_test = confusion_matrix(y_true_test, predicted classes test)

Cm_test

AN 4.20 LansA1LINAT Confusion Matrix

hovertemplate = 'False Positive Rate = %{x:4f}<br>True Positive
Rate=%f{y:.4f}<br>Threshold=%{text:.4f}
fig = go.Figure()
fig.add shape(type='line', line = dict(dash='dash’), x0=0, x1=1, y0=0, y1=1)
for i in range(predicted_score.shape[1]):
y real =y val[;, ]
y_score = predicted scorel[;, i]
fpr, tpr, threshold = roc_curvely real, y score)
auc_score = auc(fpr, tpr)
name = f'{classLabels[i]}, AUC={auc_score:.4f}"
fig.add_trace(go.Scatter(x=fpr, y=tpr, name=name, mode='lines', text=threshold,
hovertemplate=hovertemplate))
fig.update layout(
title = 'ROC Curve and AUC,
xaxis_title = 'False Positive Rate’,

yaxis_title = True Positive Rate'))

fig.show()

AWA 4.21 fdauans Confusion matrix 984 AUC asdusiussewing (TP)Ru (FP)
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4.9 wan1svuneiildainnismases

anmsiinaeusuusiasdiagldinada (CNN: Deep-leaming) e uunninienaise
Uandmsuitadslsalain COVIDI9 anaudseilald 6 luma o Inception V3, ResNet50,
VGG16, VGG19, Mobilenet V2, InceptionResNet V2 w89 CNN lasmuualineuiines
Zeouslutuneunisiinaeuduan 50 epochs Usavsnmnisiindeu (Training) luusazvadia
PosluAan1InTIIdaUNa (Validation) wazn1sneaeu (Testing) waazlulna LABLARINITHA

N1590aINlAsEIINNHNADUIAATIABITY AINITIAIUERY

A1519% 4.6 wansviinvaslunalazal Training 31NNSHNEBY JUi 1

Training Result 1

Architecture

loss | accuracy | precision | recall | Fl-score
Inception V3 0.0291 | 0.9921 0.9921 | 0.9919 0.9919
ResNet 50 0.0863 | 0.9714 0.9723 | 0.9707 0.9715
VGG16 0.1112 | 0.9660 0.9680 | 0.9638 0.9630
VGG19 0.2593 | 0.9164 0.9213 10.9110 0.9161
Mobilenet V2 0.2462 | 0.9080 0.8901 | 0.8910 0.8905
InceptionResnet V2 | 0.0560 | 0.9833 0.9833 | 0.9831 0.9832

A1319% 4.7 uansviiaveslunanazal Training 31NNSHNARY JUil 2

Training Result 2

Architecture

loss | accuracy | precision | recall | Fl-score
Inception V3 0.0820 | 0.9764 0.9754 | 0.9737 0.9745
ResNet 50 0.1185| 0.9629 0.9646 | 0.9596 0.9620
VGG16 0.1432 | 0.9517 0.9528 | 0.9496 0.9512
VGG19 0.2593 | 0.9164 0.9213 109110 0.9161
Mobilenet V2 0.2462 | 0.9080 0.8901 | 0.8910 0.8905
InceptionResnet V2 | 0.0503 | 0.9835 0.9837 | 0.9835 0.9836




A1319% 4.8 uansviinvaslunanazal Validation 31nn1senaeusum 1

69

Architecture

Validation Result 1

Val_loss | Val_acc | Val Precision | Val_recall | Val Fl-score
Inception V3 0.3006 | 0.9078 0.9094 0.9078 0.9086
ResNet 50 0.4871 | 0.8299 0.8340 0.8249 0.8295
VGG16 0.4440 | 0.8452 0.8465 0.8443 0.8440
VGG19 0.5159 | 0.8249 0.8275 0.8240 0.8220
Mobilenet V2 1.1916 | 0.6590 0.6492 0.6511 0.6502
InceptionResnet V2 1.4389 | 0.7346 0.7359 0.7346 0.7353

A13199 4.9 uansviiavaslunanazal Validation 31nnsinaeuium 2

Architecture

Validation Result 2

Val_loss | Val_acc | Val Precision | Val_recall | Val Fl-score
Inception V3 0.0560 | 0.9817 0.9817 0.9817 0.9817
ResNet 50 0.0655 | 0.9750 0.9750 0.9733 0.9742
VGG16 0.1824 | 0.9233 0.9247 0.9217 0.9232
VGG19 0.5159 | 0.8249 0.8275 0.8240 0.8258
Mobilenet V2 1.1916 | 0.6590 0.6492 0.6511 0.6502
InceptionResnet V2 0.0164 | 0.9967 0.9967 0.9967 0.9967




A1579% 4.10 wanstinvadliinauazen Testing Result 91nNsaeUTUN 1

Architecture

Testing Result 1

Test_acc | Test_Precision | Test_Fl-score
Inception V3 0.9095 0.9155 0.9089
ResNet 50 0.8003 0.8601 0.7884
VGG16 0.8626 0.8658 0.8635
VGG19 0.8217 0.8265 0.8237
Mobilenet V2 0.6328 0.6490 0.5525
InceptionResnet V2 0.7749 0.8549 0.7431

A1579% 4.11 wansyiinvaddiinauazen Testing Result 91nN15aBUTUN 2

Architecture

Testing Result 2

Test_acc | Test_Precision | Test_Fl-score
Inception V3 0.9516 0.9521 0.9516
ResNet 50 0.9333 0.9428 0.9326
VGG16 0.8850 0.8843 0.8840
VGG19 0.8217 0.8265 0.8237
Mobilenet V2 0.6328 0.6490 0.5525
InceptionResnet V2 0.9550 0.9558 0.9594

70
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A1519% 4.12 wanaiinvadliinan Testing Result wag A1 AUC 2nn1saeulinagud 1

Architecture

Testing Result 1

AUC (Area under the curve)

Normal Pneumonia Pneumonia Covid 19
Inception V3 0.9523 0.9357 0.9923
ResNet 50 0.9516 0.9446 0.9999
VGG16 0.9487 0.9308 0.9983
VGG19 0.9288 0.8778 0.9787
Mobilenet V2 0.8004 0.8632 0.9767
InceptionResnet V2 0.9376 0.9030 0.9998

A1319% 4.13 wansriinvadliinas Testing Result uag A1 AUC 9nn1saeuliinasui 2

Architecture

Testing Result 2

AUC (Area under the curve)

Normal Pneumonia Pneumonia Covid 19
Inception V3 0.9979 0.9979 1.0000
ResNet 50 0.9992 0.9989 1.0000
VGG16 0.9832 0.9848 0.9997
VGG19 0.9963 0.9956 1.0000
Mobilenet V2 0.9326 0.9426 0.9951
InceptionResnet V2 0.9997 0.9999 1.0000




A1519% 4.14 wanalSeuiieuUseanSan Transfer leaming 6 models/ Ul 1

Models Accuracy Precision Epochs
Inception V3 0.9078 0.9094
ResNet 50 0.8299 0.8340
VGG16 0.8452 0.8465 50
VGG19 0.8249 0.8275
Mobilenet V2 0.6590 0.6492
InceptionResNet V2 0.9078 0.9094

A1379% 4.15 wanaSeuiieudseanSan Transfer learing 6 models/ Juf 2

Models Accuracy Precision Epochs
Inception V3 0.9516 0.9521
ResNet 50 0.9333 0.9528
VGG16 0.8850 0.8843 50
VGG19 0.8217 0.8265
Mobilenet V2 0.6328 0.6490
InceptionResNet V2 0.9550 0.9558
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4.10 M3AasEnaNudunusaIndeyandsitnisinaauluaaiui 1

INNTNAFDINUI

Inception V3

Accuracy Val (Auwsiugn = 0.9078), Loss val (A1AURANaIa = 0.3006) éﬁ'ﬂgﬂﬁl 4.23
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Training and validation loss
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—— Validation loss
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JUN 4.22 n51vluansnuduiussendng accuracy, loss U 9143 epochs

VGG19

Accuracy Val (Auwsiugn = 0.8249), Loss val (A1AURANAIA = 0.5159) éﬁ'ﬂgﬂﬁl 4.24

Training and validation accuracy

Accuracy
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JUN 4.23 n51vluansnuduiussendng accuracy, loss U 9143 epochs

VGG16

Accuracy Val (Auwsiugn = 0.8452), Loss val (A1AURANaA = 0.4440) éﬁ'ﬂgﬂﬁl 4.25

Training and validation accuracy
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Accuracy
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—— Taining accuracy
— Validation accuracy
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Training and validation loss
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JUN 4.24 n51vluansnuduiussendng accuracy, loss U 9143 epochs




ResNet 50
Accuracy val (AUKIUEN = 0.8299, Loss val (ANAMURANAIR = 0.4871) é’ﬁgﬂﬁ 4.26

Training and validation accuracy Training and validation loss

8 —— Training loss
09 4 —— Validation loss

o
@

Accuracy
(=]
]

03 = Taining accuracy
= Validation accuracy

0 10 20 30 20 50 0 10 20 0 20 50

JUN 4.25 n51vluansnuduiussendng accuracy, loss U 914U epochs

MobileNet V2
Accuracy Val (A31usiugn = 0.6590), Loss_val (A1AuRanain = 1.1916) sagun 4.27
Training and validation accuracy Training and validation loss
—1 = ek
o8 2 Validation |
9
© 06 15
- )
3 g
04 10
g —
02 5
= Taining accuracy
= Validation accuracy
0
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JUN 4.26 n51MluansnudNiussendng accuracy, loss U 143U epochs

InceptionResNet V2

Accuracy Val (Auwsiugn = 0.7346), Loss val (A1AURANaIn = 1.4389) éﬁ'ﬂgﬂﬁl 4.28

Training and validation accuracy Training and validation loss
101 30 —— Taining loss
—— Validation loss
0.9 25
> 20
O )
G 08
[%)
— wn 15
o o}
O o7
g g —10
0.6 1 - 05
- Training accuracy
— Validation accuracy 0.0
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o4

JUN 4.27 n51vluansnuduiussendng accuracy, loss U 9143 epochs
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Fredome Vrhe

(2) Confusion matrlxof Inception V3 (b) Confusion matrix of VGG 19

radzic Vel

(c) Confusion matrix of VGG 16

Fodictas valse

(d) Confusion matrix of InceptionResNet V2 (e) Confusion matrix MobileNet V2

R -

(f) Confusion matrix of Resnet 50

JUT 4.28 Luvisnd Validation waninduduiusseninusennuesseslsnn1svinunenavedns 6
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TuwadmsunsinseiaieynteyansnsiadeunNgnaes: (a) Inceptionv3, (b) VGG19,
(c) VGG16, (d) InceptionResnet V2, (e) MoblieNet V2 uag (f) Resnet 50 Tage1989890W
neLsgvaeEUay COVID-19 Uni anadeu
15 ROC Curveway AUC wamsaudunusasusya@nsninnisiinauvesunay
Tumafinadnsosnuuansdlunnsfiwesifiontu sanesiiufoatu Sainsuanwarvun

A £

aud lnedlene Yeyanmuendniauladn COVID-19, dunsfe Joyanmlendniauiinly
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= v I a o0 Aa 14 a
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ROC Curve and AUC
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ROC Curve and AUC
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MobileNet V2

Accuracy Val (A1uiuen = 0.6590), Loss val (A1AURANaIn = 1.1916) é’fﬂgﬂ‘ﬁ' 4.41
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ROC Curve and AUC
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ROC Curve and AUC
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Abstract—The Coronavirus disease (COVID-19)
infection has become a pandemic, and this is the most
critical problem that has occurred in Thailand and also
expanded all over the world. As such, it is not astonishing
to know that this virus has had a direct effect on hospitals
with the delayed screening of patients because of the
increasing number of daily cases and the shortage of
medical personnel and restricted treatment space. Due to
such restrictions, in this study, we used a clinical
decision-making system with predictive algorithms.
Predictive algorithms could potentially ease the strain on
healthcare systems by identifying the diseases. Moreover,
image classification is one interesting aspect of image
processing. Convolutional neural network (CNN) is a
widely used algorithm for image classification by
separating the images of the COVID-19 disease, images
with a lung infection, and normal images. To evaluate the
predictive performance of our models, precision, F1-
score, recall, receiver operating characteristic (ROC)
curve (area under the ROC curve), and accuracy scores
were used. It was observed that the predictive models
trained on the laboratory findings could be used to
predict the COVID-19 infection as well and could be
helpful for medical experts to appropriately prioritize
the resources. This could be employed to assist medical
experts in validating their initial laboratory findings and
could also be used for clinical prediction studies.

Keywords—Convolutional neural network (CNN),
image of COVID-19, coronavirus, deep learning

I. Introduction

At present, the super spreading and infection of
Coronavirus disease 2019 or COVID-19 is a major
problem in Thailand and other countries throughout
the world. [1, 2] Therefore, surveillance is essential
for monitoring the infection situation closely and
preventing further infection as this virus mutates and
outbreaks become airborne and spread more quickly.
Moreover, spreading the infection, such as coughing,
sneezing, and talking without wearing a mask [3]
would exacerbate the situation of this pandemic and
affect Thai society in all aspects, such as
economic,social, health, etc. However, the primary
first is health; thus, a lot of people have been infected,

and the numbers are increasing everyday, as infection
from human to human is very easy and quick;
consequently, this has seen a rising, mortality rate. To
directly initiate the treatment provided, medical and
public health agencies must increase their workforce
to help care for the infected people in the hospitals.
Hence, the methods of screening the general patients
for infection has been divided into two types:
Molecular sampling secretions and serum test kit or
antigen test kit through the patient's nose and mouth or
reverse transcription polymerase chain reaction (RT-
PCR). The swap from these samples is thus able to
detect the specific genetic code of the virus that causes
COVID-19, e.g., Coronavirus, severe acute respiratory
syndrome or SARS-CoV-2. Therefore, this has caused
delays with patients receiving incomplete and/or
inaccessible good quality treatment because of the lack
of specialist medical personnel. As a result, some
patients have died. On the other hand, the test by serum
versus the blood sample of the infected patients for
detection of any antibodies or immunity has
demonstrated the disadvantage of this technique,
which is a complex self-examination procedure and
requires several hours of waiting for the results. As a
consequence, it would be necessary to train new
medical staff amid the pandemic. Hence, an alternative
technique that could increase the screening for
COVID-19 is a chest X-ray. Furthermore, medical
experts would have increased confidence with this
method of detection. However, the principle of an
essential check-up for detecting a patient’s disease
used the chest X-ray method for screening. [4, 5] In
this study, we used convolutional neural network
(CNN; deep learning) model techniques to classify
chest X-ray images.[3] The advantage was increasing
the efficiency of the decisions for the medical experts
and decreasing the time for repeating the results
because the virus could change quickly just like, their
bodies. Additionally, this would help reduce the rate of
infection and number of deaths as well.
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IL. Theories and Related research
Convolutional Neural Networks (CNN)

A CNN was developed from the neural networks,
as the method could be used for image processing [6]
and be able to simulate human vision by extracting
features of the images brought into the training process
by the CNN technique. The image featured the
extraction and analysis, so to define the image
properties (input) and then classify the image type a
category, such as a chest X-ray image. The learning
process was divided into three categories consisting of
two positive groups, infected with COVID-19, (Fig. 1
a) and chest X-ray of non-COVID-19 infection (Fig. 1
b), and a negative group with a normal chest X-ray

(Fig. 1 ¢).

VW

(a) Infected with Covid-19 (b) Non-Covid-19 infected (c) Normal of chest x-ray

Fig. 1. Data set of the chest X-ray images.

FC OUTPUT
INPUT CONV  pooL _CONV POOL CcoviD-19

M 4% F “F r‘ii%i'ﬂﬁ

Fig. 2. Convolutional neural networks (CNN)

The CNN technique of the image classification process
was applied to the network. Multiple neural layers were
examined for the attributes and iterations until finding
the appearance. The most accurate classification was
expressed as a probability value. For example, when a
chest X-ray image was placed into the CNN
classification process, the result had the probability of
classifying a chest X-ray image appropriately. This
would be shown as a chest X-ray with a COVID-19
infection or being uninfected with COVID-19. The
CNN technique process is as follows: (Fig. 2)

(1) Convolution Layer (CONV) is a layer that is
responsible for extracting the outstanding features of an
image.

(2) Pooling Layer (POOL) is a layer that acts to reduce
the size of an image for the benefit of the extraction of
the image’s feature to cover more features contained in
the image.

(3) Dropout is a layer that reduces the overfit issue by
the random data and removes the nodes during training
to make the model easier and also to reduce the
complexity of the data.

(4) Full Connection (FC) is a layer that connects the
CONV layer and the POOL layer to achieve the
efficiency of the image’s classification. The CNN

technique can also use the CONV and POOL layers that
are responsible for extracting the characteristics of the
image beneath more than one layer.

IIl.Literature review

The literature to be included in this review was obtained
as follows: We learned and found the knowledge of
various related other research studies from PubMed that
had used the CNN techniques, conducted models, and
recorded the results.

Jain et al. [7] used a data set from the general
public for training and testing three models: Inception
V3, Xception Net, and ResNeXt. Xception displayed
the highest accuracy, and the result showed that the
approach had a high score of 97.97%.

De Moura et al. [8] improved the efficiency of
the CNN technique followed by classifying the images
by using publicly available image data sets. The results
proved that this could effectively help with the
convenience and increase the rapidity of the analysis of
the images for medical professionals.

Foysal and Abdelgawad [9] used three models
(ResNet 50, VGG-16 and VGG-19) and two data sets to
classify the images. The summary of the available test
results showed that the efficiency had 98.39% accuracy,
96.72% accuracy, receiver operating characteristic
(ROC) curve 0.983, Fl-score (accuracy value) and
recall value ("2/precision value + recall value). More
images of the second data set useful information that
could be used in specific research, especially for the
image processing to classify COVID-19. According to
the above-related research studies, the technique of the
CNN model could classify the X-ray images for the
diagnosis of COVID-19 quite effectively.

IV.Material and Method

Data set

In this study, we established a public database of chest
X-ray images of patients with lung disease. As we had
obtained the chest X-ray images from public resources
so not to violate the patient’s confidentiality, we then
classified them with the confirmed results from special
or medical radiology in the respective category by
using, a 2D image, or a PNG file as the image data, in
particular the chest X-rays of COVID-19 patients. The
positions of the chest X-ray were the posteroanterior
(PA) and anteroposterior (AP) by using CNN network
techniques for screening patients infected with COVID-
19. We divided the image data set into three categories:
1,400 images each for the model training, 360 images
each for validation, and the last group comprised 400
images for the testing model. The images consisted of
the three categories of patient: The negative group with
a normal chest x-ray, one positive group infected with



COVID-19 and the other positive group of non-
COVID-19 infection, respectively.

Instrument
In this study, we used an online library consisting of
Keras version 2.4.3 with Tensorflow version 2.3.0 to
train the model, such as Inception V3, ResNet 50, VGG-
16, VGG-19, MobileNet 50, and InceptionResNet V2.
Both Keras and Tensorflow are libraries developed in
the Python programs, which are efficient in the training
process to classify images. We used it in a previous
study and in Python version 3.9.0 put the details of the
installation of both Keras and Tensorfolw on a
computer that used an Intel (R) Central Processing Unit
(CPU). Core (TM) i5-1035G1 CPU @ 1.00 GHz 1.19
GHz 8GB RAM, 8GB Operating System (OS) and a
Graphics Processing Unit GPU, and NVIDIA GeForce
MX350.
Evaluation Criteria of the Equations

The measurement of the effectiveness of coaching in
this study was to measure the accuracy, which was a
percentage of the probability (%) obtained from the test
to find the forecast accuracy of the data set with the
formula for calculating. the evaluation of the
classification, such as the accuracy, precision,
recall/sensitivity, and F1-score is found in equations (1-
4):

TP+TN
Accuracy - (IpHTN) (N
(TP+TN+FP+FN)
e TP
Recall/Sensitivity = 2)
(TP+FP)
.. TP
Precision = 3)
(TP+FN)
2*(Precision x Recall
Fi — Z(frea: %)
(Precision + Recall)
Experiment
I N N e A
Dataset Dataset of Training
il
Generator » Generated » Output
Image
. J A\ . J

Fig. 3. The training model.
A data set of the generated images of the three groups
was taken, which consisted of two positive groups with
the classification between the chest X-rays of COVID-
19 and chest X-rays of non-COVID-19 patients. The
negative group was a chest X-ray image of a group of
patients not infected with COVID-19 was placed into
the system. The system took the original X-ray image to
create an artificial image in the data set generator in each
technique with 1,400 images per group. We also used
the Keras and Tensorflow libraries and wrote in Python.
Then, we set the ratio of the coaching model 80:10:10
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that was divided into training 80%, validation 10%, and
testing 10, which was the artificial visualization in each
technique. The experiments were conducted on six
models: InceptionV3, ResNet50, VGG-16, VGG-19,
MobileNet 50, and InceptionResNet V2 of CNN, with
the computer learning in 50 epochs of training,
Optimizer Adam algorithm, a learning rate of 0.00001,
and the last epoch for predicting each training,
validation, and test data.

V.Results

In this study, the results obtained from the CNN
experiments, the measurement of the experiments, and
the transfer learning of data is presented as follows:

Results of the Experiments

As mentioned above, from the experiments using
the CNN technique to classify the chest X-ray images
for the diagnosis of the COVID-19 primary in this
study, the six models were used:
InceptionV3, ResNet50, VGG-16, VGG-19, MobileNet
50 and InceptionResNet V2 by requiring the computer
to learn in the training process of the 50 epochs, training
efficiency in each technique of each model, validation,
and testing, as shown in Table 1-5, respectively.

TABLE 1. MODEL AND TRAINING PROCESS.

Architecture Epoches Optimizer Learning Rate
Inception V3
ResNet 50
VGG-16
VGG-19 50 adam 0.00001
MobileNet 50
InceptionResNet V2
TABLE 2. MODEL AND TRAINING PROCESS.
Training Result
Architec- loss acc precision recall FI-

ture score
Inception 0.0291 0.9921 0.9921 0.9919 0.9919
V3
ResNet 50 0.0863 0.9714 | 0.9723 0.9707 0.9715
VGG-16 0.1112 0.9660 | 0.9680 0.9638 0.9630
VGG-19 0.2593 09164 | 0.9213 0.9110 | 09161
MobileNet 0.2462 0.9080 | 0.8901 0.8910 | 0.8905
50
Inception 0.0560 | 0.9833 0.9833 0.9831 0.9832
Resnet V2

TABLE 3. MODEL AND TESTING PROCESS.



TABLE 4. MODEL AND TESTING PROCESS.

In this study, the accuracy and F1-score defined how
close the generated result was to the actual value,
whereas the precision measured the percentage (%) of
the pertinent results. The recall/sensitivity was an
essential factor for evaluating the CNN model. It was
defined by the percentage (%) of the total pertinent
results that the model could correctly classify. The F1-
score combined both the precision and recall, and it was
designated as the weighted average of these two factors.
Equations (1-4) represented the accuracy, precision,
recall, and F1-score, respectively.

The InceptionV3 model from this experiment had
the highest accuracy of 90.95%, contrarily,
MobileNet50 performed with the lowest accuracy of
63.28%. The accuracy of the proposed model was
90.95% with the precision and recall value of 91.55%
and 97.44% for the parameters, respectively. The
overall performance including the accuracy and F1-
score could be improved further by training the model
with a larger data set. (Figs. 4-9).

ROC curve and AUC

To further examine the efficacy of the proposed
approach, we evaluated the overall comparison between
the models for all the threshold values. In this study,
receiver operating characteristics (ROC) curves were
used to demonstrate the diagnostic potential of the
classifier system when the threshold for distinction was
varied. They provided the true positive rate (TPR) as a
function of the false positive rate (FPR) and plotted a
graph between the two. Additionally, classification was
used on the six models of the CNN technique that

Validation Result
Testing Result Architec- Val_ Val_ Val_ Val_ Val_
Architecture Test_ Test_ Test_ Sensitivity/re ture loss acc Precision recall Fl-
acc Precision FlI- call - score
score I\?;:eptlon 0.3006 | 09078 | 09094 | 0.9078 | 0.9086
Inception V3 0.9095 0.9155 0.9089 0.9744 ResNet 50 0.4871 0.8299 0.8340 0.8249 0.8295
ResNet 50 0.8003 0.8601 0.7884 1.0000 VGG-16 0.4440 0.8452 0.8465 0.8443 0.8440
VGG-16 0.8626 0.8658 0.8635 0.9250 VGG-19 0.5159 0.8249 0.8275 0.8240 0.8220
VGG-19 0.8217 0.8265 0.8237 0.9410 MobileNet 1.0000 0.6590 0.6492 0.6511 0.6555
MobileNet 50 0.6328 0.6490 0.5525 0.8956 50
Inception 0.7749 0.8549 0.7431 1.0000 Inception 0.9888 0.7346 0.7359 0.7346 0.7353
Resnet V2 Resnet V2
consisted of InceptionV3, VGG-19, VGG-16,
TABLE 5. MODEL AND TESTING PROCESS. InceptionResNet V2, MoblieNet 50, and ResNet 50
(Fig. 11-16).
Testing Result
Architecture AUC aining and vaidetion accurscy Training and validation loss
Normal Pneumonia Pneumonia -
Covid 19 5 o
Inception V3 0.9523 0.9357 0.9923 g
ResNet 50 0.9516 0.9446 0.9999 g o
VGG-16 0.9487 0.9308 0.9983 o
VGG-19 0.9288 0.8778 0.9787 o
MobileNet 50 0.8004 0.8632 0.9767 _ ke ese
InceptionResnet V2 0.9376 0.9030 0.9998 Fig. 4. Training and validation of the Inception V3 model.
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Fig.5. Training and validation of the VGG-19 model.
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Fig.6. Training and validation of the VGG-16 model.
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Fig.8. Training and validation of the MobileNet 50 model.
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Fig.9. Training and validation of the InceptionResnet V2

» model.

(a) Confusion matrix of Inception V3 {b) Confusion matrix of VGG 19

(c) Confusion matrix of VGG 16

(d) Confusion matrix of InceptionResNet V2 () Confusion matrix of MoblieNet 50

(f) Confusion matrix of Resnet 50
Fig.10. Confusion matrices of all six models for analysis with the
validation data set: (a) InceptionV3, (b) VGG-19, (c) VGG-16, (d)
InceptionResNet V2, (e) MoblieNet 50, and (f) ResNet 50 with

reference to the normal, pneumonia and COVID-19 patient’s X-ray
images, respectively.

VI.Conclusions and future scope

In this study, we collected chest X-ray images from an
available public data set and through improving by
expert radiology, enabled further refinements to the
systems employing them. The highest test accuracy was
90.95% with, precision of 91.55%, and the sensitivity
and F1- scores were 97.44% and 90.89%, respectively.
Furthermore, this could reduce the workload on strained
health workers, and provide better healthcare entrance
to underequipped areas. Nevertheless, the first issue for
consideration was the most accurate methods of
diagnosing COVID-19. The evaluation of the infection
proved to be very effective, which was a basic
indication that could be as simple as a physical
examination. In addition, artificial intelligence
technology could be used to create intelligent computer
systems to help radiography to analyze and evaluate the
results from chest X-ray imaging, as well as with speed.
However, this chest X-ray examination was not a
substitute for chemotherapy. Therefore, it was
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recommended to conduct a check with a normal test kit
or antigen test kit. Moreover, conducting an
examination by this method is recommended, as more
images could be conducted by the specialist or
radiology expert. As such lesions in the lungs that would
be large and rapidly changing would be examined in a
future study. Furthermore, CNN model coaching results
would be developed with other logarithms, such as
Lenet to determine the most appropriate logarithm for
the training of a model with CNN to classify the chest
X-ray images for the diagnosis of COVID-19.
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