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ABSTRACT

Covid 19 disease causes more than one million deaths worldwide each year. Covid 19 diseases are some
of the most common medical conditions in the world. Current clinical technologies produce thousands of
images, making it impossible for a physician to accurately evaluate them all. A new coronavirus disease
(COVID-19) has been causing major lung damage and respiratory problems since December 2019. On
the other hand, pneumonia, a type of lung disease, can be caused by the causative COVID-19 virus or
another viral or bacterial infection. The prevention, control and treatment of these diseases, as well as the
promotion of respiratory health, should be a high priority in global health decision-making. Also, human
interpretation of medical images tends to be inaccurate and fails to reveal all data and imaging
information. The primary aim of this thesis is to apply deep learning techniques to automatic screening
for Covid 19 disease from digital chest X-ray images. The framework for machine learning-based
methods mostly consists of the following steps: preprocessing, segmentation, feature extraction and
classification. Chest X-ray images are preprocessed and segmented to suppress unwanted distortions and
enhance certain image features that are important for downstream processing. Then, using deep learning,
relevant features used to classify chest X-ray images are extracted. Finally, the performance of the
classifiers has been measured and compared. In this research, we performed a thorough examination of
two critical datasets, Covid19-dataset and Chest X-ray (Covid-19 & Pneumonia) dataset, in order to
construct machine learning models for COVID-19 identification. Our findings show that dataset quality
and complexity have a considerable impact on model performance. Our investigations showed that
DenseNet achieved the greatest testing accuracy of 98.04% for Covid19-dataset. This dataset provides a
difficult environment for model building, underlining the importance of robust and adaptive algorithms
in real-world healthcare applications. Chest X-ray (Covid-19 & Pneumonia) dataset, on the other hand,
was built with a simpler scenario and demonstrated flawless training accuracy across all models, with
DenseNet obtaining testing accuracy of 95.80%. Results of Chest X-ray (Covid-19 & Pneumonia) dataset
have the potential for good accuracy but its simplicity may not adequately represent the complexities of
real-world clinical settings. Deep learning algorithms used for Covid 19 disease prediction are supervised
learning with high prediction rate. In this thesis, a new Approach is applied for Covid 19 disease
prediction using DenseNet and MobileNet based Chest X-Ray Images. The research done in this thesis
will enable incredibly rapid diagnosis of clinical scans that radiologists and physicians can use in routine
clinical practice. However, estimating spondylolisthesis from X-ray images is more difficult due to the
different modalities in the image dataset. This thesis outlines three models that can actually be helpful in
detecting Covid 19 disease in the worker. The input image is subjected to several convolution layers.
ReLU activation function is used in all convolutional layers. Experiments were made by changing the
hyper parameters of the proposed CNN architecture and the proposed models MobileNet and DenseNet
performed well with very good accuracy and precision.
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OZET

Covid 19 hastalig1 diinya genelinde her yil bir milyondan fazla 6liime neden oluyor. Covid 19
hastaliklar1 diinyadaki en yaygin tibbi durumlardan bazilaridir. Mevcut klinik teknolojiler binlerce
goriintii iireterek bir hekimin hepsini dogru bir sekilde degerlendirmesini imkansiz hale
getirmektedir. Yeni bir koronaviriis hastaligi (COVID -19), Aralik 2019 'dan bu yana biiyiik akciger
hasarna ve solunum sorunlarma neden olmaktadir. Ote yandan, bir tiir akciger hastaligi olan
pnomoniye neden olan COVID -19 viriisii veya bagka bir viral veya bakteriyel enfeksiyon neden
olabilir. Bu hastaliklarin 6nlenmesi, kontrolii ve tedavisinin yani sira solunum sagligimin tesvik
edilmesi, kiiresel saglik karar vermede yiiksek oncelikli olmalidir. Ayrica, tibbi goriintiilerin insan
tarafindan yorumlanmasi yanlis olma egilimindedir ve tiim verileri ve goriintiileme bilgilerini ortaya
cikarmaz. Bu tezin birincil amaci, dijital gégiis rontgeni goriintiilerinden Covid 19 hastaligi igin
otomatik taramaya derin 6grenme tekniklerini uygulamaktir. Makine 6grenimi tabanli yontemler i¢in
cerceve cogunlukla su adimlardan olusur: 6n isleme, segmentasyon, Oznitelik ¢ikarma ve
siniflandirma. Gogiis rontgeni goriintiileri, istenmeyen bozulmalar: bastirmak ve asagi akis isleme
icin 6nemli olan belirli goriintli 6zelliklerini gelistirmek i¢in 6nceden islenir ve boliimlere ayrilir.
Daha sonra, derin 6grenme kullanilarak, gogiis rontgeni goriintiilerini siniflandirmak i¢in kullanilan
ilgili 6zellikler ¢ikarilir. Son olarak, siiflandiricilarin performansi 6lgiilmiis ve karsilagtirilmigtir.
Bu arastirmada, COVID -19 tanmimlamasi i¢in makine 6grenimi modelleri olusturmak amaciyla
Covid19 veri kiimesi ve Gogiis X - 151n1 (Covid -19 ve Pnémoni) veri kiimesi olmak tizere iki kritik
veri kiimesinin kapsamli bir incelemesini ger¢eklestirdik. Bulgularimiz, veri kiimesi kalitesinin ve
karmagikliginin model performansi lizerinde 6nemli bir etkiye sahip oldugunu gostermektedir [1].

1. Giris

Arastirmalarimiz, DenseNet'in Covid19 veri kiimesi i¢in % 98,04 'liik en yiiksek test dogrulugunu
elde ettigini gosterdi. Bu veri kiimesi, gergek diinyadaki saglik uygulamalarinda saglam ve
uyarlanabilir algoritmalarin 6nemini vurgulayarak model olusturma igin zor bir ortam saglar. Gogiis
rontgeni (Covid -19 & Pneumonia) veri seti ise daha basit bir senaryo ile olusturulmus ve
DenseNet'in % 95,80 test dogrulugu elde etmesiyle tim modellerde kusursuz egitim dogrulugu
gostermistir. Gogiis rontgeni (Covid -19 ve Pnomoni) veri setinin sonuglari iyi bir dogruluk
potansiyeline sahiptir, ancak basitligi ger¢ek diinyadaki klinik ortamlarin karmasikligini yeterince
temsil etmeyebilir. Covid 19 hastalig1 tahmini i¢in kullanilan derin 6grenme algoritmalari, yliksek
tahmin oranina sahip denetimli 6grenmedir [2]. Bu tezde DenseNet ve MobileNet tabanli Gogiis
Rontgeni  Goriintiileri  kullanilarak Covid 19 hastalik tahmini i¢in yeni bir Yaklasim
uygulanmaktadir. Bu tezde yapilan arastirmalar, radyologlarin ve hekimlerin rutin klinik
uygulamalarda kullanabilecekleri klinik taramalarin inanilmaz derecede hizli bir sekilde teshis
edilmesini saglayacaktir. Bununla birlikte, goriintii veri kiimesindeki farkli modaliteler nedeniyle X
- 1511 goriintlilerinden spondilolistezi tahmin etmek daha zordur. Bu tez, ¢alisanda Kovid 19
hastaligini tespit etmede gercekten yardimci olabilecek {i¢ modeli 6zetlemektedir. Giris gorilintiisii
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birka¢ evrigim katmanmna tabi tutulur. ReLU aktivasyon fonksiyonu tiim evrigimli katmanlarda
kullanilir. Onerilen CNN mimarisinin hiper parametreleri degistirilerek deneyler yapildi ve 6nerilen
modeller MobileNet ve DenseNet ¢ok iyi dogruluk ve hassasiyetle iyi performans gosterdi.

Bir insanin akcigerleri ve solunum sistemi ¢evredeki havadan oksijen alir ve karbondioksit verir.
Akcigerler, bazilar1 kalitsal olabilen c¢ok g¢esitli kosullara karsi hassastir, bazilar1 ise kotii
aliskanliklardan, sagliksiz bir diyetten ve hatta enfeksiyonlardan kaynaklanabilir. Ancak COVID -
19 nispeten yeni bir hastaliktir ve arastirmacilar bir kisinin akcigerleri {izerindeki etkileri hakkinda
her zaman yeni bilgiler edinmektedir. Arastirmacilar, insan viicudu iizerindeki etkilerin diger iki
koronaviriis enfeksiyonu olan siddetli akut solunum sendromu (SARS) ve Orta Dogu Solunum
Sendromu'nun (MERS) neden oldugu etkilere benzer olduguna inanmyor. Radyoloji, insan akciger
hastaliginin teshisi siirecinde tutulumun modelini, yerini ve cografi dagilimini belirlemekten sorumlu
uzmanlik dalidir. Klinisyenler Covid 19 hastaligini teshis ederken akcigerlerin oksijen ve
karbondioksiti tutma, tagima ve degis tokus etme yeteneklerini degerlendirebilirler. Solunum
fonksiyon testleri akciger hastaliginin tipini ve siddetini belirler. Gogiis goriintiileme, bronkoskopi
ve torakoskopi doktorlarin akciger hastaliklarini teshis etmelerine yardime olur.

Tiim diinyada ¢ok sayida insan Covid -19 hastaliginin ¢esitli tiirlerinden etkilendi. Ozellikle viriisiin
neden oldugu akciger hastaliklari, akcigerleri daha fazla fiziksel zorluklara ve hava kirliliginin
olumsuz etkilerine kars1 daha savunmasiz hale getirmektedir. Covid -19 'un bulasic1 dogas1 goz
online alindiginda, bu, en etkili ilaci sunmak i¢in dogru taninin 6nemini vurgulayarak akciger
fonksiyonunu azaltir. Radyologlar, cesitli akciger bozukluklarimi kesfetmek ve teshis etmek icin
gbgiis rontgenlerini birincil tani araci olarak kullanarak bu tani prosediiriinde 6nemli bir rol
oynamaktadir. Bu uzman kisiler, Covid -19 'un yani sira bronsit, infiltrasyonlar, atelektazi, perikardit,
kiriklar ve ¢cok daha fazlas1 gibi ¢ok g¢esitli hastaliklar tespit edebilirler. Sasirtict bir sekilde, her yil
2 milyondan fazla gogiis radyografisi tedavisi yapilmakta ve bu da onu diinyada en yaygin kullanilan
hastalik muayenesi haline getirmektedir. Kovid -19 'un zatiirre ve akciger opakligi gibi diger viral
enfeksiyonlarla ortiisen semptomlari géz oniine alindiginda, bireysel hastaliklar1 glivenilir bir sekilde
ayirmak kritik hale geldi. Sonug olarak COVID, Pnémoni, Akciger opasitesi, Normal gibi gruplara
ayrildi. Kovid -19 hastalik tablolarinin karmasikligi, rontgen filmlerinde hastalik 6zelliklerinin tespit
edilmesini ve tanimlanmasini zorlastirtyor. Daha 6nce, bu goriintiilerin karmasikligi ve rontgen
goriintiilerinde durumlar1 ve bozukluk hastaliklarini analiz etmenin zorlugu nedeniyle etkili gelisme
engelleniyordu.

Derin 6grenme algoritmalari, bu zorluklara yanit olarak akciger bozukluklarini teshis etmek igin
umut verici araglar olarak gelismistir. Cesitli derin 6grenme algoritmalar1 kullanarak Kovid -19
hastalik tahminini aragtirmak igin gesitli ¢alismalar yapilmigtir. Bu gelismeler, giiniimiizde kanser
tanisi i¢in sinir aglarina dahil edilen tiiberkiiloz (TB), kronik obstriiktif akciger hastaligi (KOAH) ve
pnomoni gibi diger akciger rahatsizliklarinin tanimlanmasina yol agmistir [3]. Bu baglamda derin
O0grenme uygulamasi, akciger goriintiilemede hastalik tanisinin dogrulugunu ve etkinligini artirmaya
yonelik biiylik bir adim saglamaktadir. Hastanin gogiis rontgeni genellikle doktor bir hasta
hastaliginin Gykiisiinii topladiktan ve fiziksel muayeneyi yaptiktan sonra kontrol edilir. Hastanin tibbi
oykiistinden, fiziksel kontroliinden ve gdgiis rontgeninden elde edilen bulgular, semptomlarin kok
nedenini belirlemek i¢in baska hangi tani prosediirlerinin gerekli olabilecegine dair ipuglar
saglayabilir. GOglis rontgeninde kalp, akcigerler, kan arterleri ve hava yollarinin yani sira gogiis ve
omurgadaki kemiklerin gorlntiileri goriilebilir. Gogiis rontgenleri, insan akcigerlerinde veya
cevresinde s1vinin yani sira bir akcigerin etrafindaki havanin varligini da ortaya ¢ikarabilir [4-5].

Hastalar1 tibbi yardim almaya ve acil servislere gitmeye sevk eden en yaygin semptom gogiis
agrisidir. Daha yaygin olarak gogiis rontgeni (veya kisaca CXR) olarak adlandirilan gogiis
radyografisi, toraksi etkileyen bozukluklarin tanimlanmasinda kullanilan en popiiler radyoloji
muayenelerinden biridir [6-7]. Bununla birlikte, radyografi belirsizlik durumlarinda karar vermeyi
gerektirir ve sonug olarak, tamamen kusursuz yorumlar veya raporlar sunmak her zaman miimkiin
degildir. Bu amagcla, radyologlarin daha kisa siirede tanisal miikkemmellige ulagmalarina yardimci
olmak ve hastalar i¢in saglik hizmetlerinin kalitesini artirmak i¢in Cad olarak da bilinen Bilgisayar
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Destekli Tani olusturuldu [8]. Cad sistemlerinin amaci, tip uzmanlartyla rekabet etmek veya onlarin
yerini almak degildir; daha ziyade, radyologlarin ¢alismalarini destekleyen "ikinci bir goriis" olarak
hizmet etmeleri amaclanmistir. Radyografiler, BT taramalari, MRG'ler, niikleer tip, PET taramalari,
fiizyon goriintilleme, ultrason ve diger tibbi goriintiileme tekniklerinin tiimii, yaralanmalar1 ve
hastaliklar1 tespit etmek ve tedavi etmek amaciyla tibbi goriintiileme ¢alismasi ve uygulamasi olan
gorlintiilemenin bir parcasidir. Radyolog, radyoloji olarak bilinen tip dalinda goriintiilemeye
odaklanan bir uzmandir. Bu goriintiileme yontemlerinden bazilar radyasyon kullandigindan ve
kendinizi radyasyondan nasil koruyacaginizi anlamak igin egitime ihtiyaciniz oldugundan, bu
prosediirlerin bir kismi da radyasyon giivenligi konusunda bilgi sahibi olmaniz1 gerektirir. Yapay
Zeka (Al) ve Bilgisayarli Gorlisii (CV) kullanan teknikler, son on yilda 6nemli miktarda ilgi ve odak
noktas1 kazanmistir ve bu egilimin devam edecegi Ongoriilmektedir [9]. Tibbi goriintiilerin
siniflandirilmasi, tipik gérevin yani sira temel zorluklardan biridir. Kategorizasyon isleminin amaci,
bir tibbi gdriintiiye goriintiiniin icerigine gore tek bir tanisal sonucun mu yoksa birkag tanisal sonucun
mu atanmas1 gerektigini belirlemektir. Bu baglamda, kategorizasyonun dogrulugunu artirmak i¢in
daha karmasik siiflandirma yaklagimlar1 ve metodolojilerinin gelistirilmesi i¢in dnemli miktarda
calisma yapilmistir. Baslangicta, resim siniflandirma sorununu ¢ozmek i¢in iki asamali bir siire¢
kullanilmistir. ilk asamanin amaci, 6zellik tammlayicilarini kullanarak bir goriintiiden dzellikleri
manuel olarak ¢ikarmaktir, ikinci asamanin amaci ise manuel olarak ¢ikarilan 6zellikleri egitilebilir
bir siniflandiriciya beslemektir. Bununla birlikte, ilk adimda 6znitelik ¢ikarimi i¢in kullanilan
teknoloji, bu teknigin ne kadar dogru oldugu iizerinde 6nemli bir etkiye sahiptir. Derin 6grenme,
verileri birkag dogrusal olmayan isleme katmani aracilifiyla modelleyerek otomatik Oznitelik
cikarma ve siniflandirma sagladigindan, resim siniflandirma amacina ulasmanin bir yolu olarak
incelenmistir.

Gilinlimiizde klinik goriintiileme, biri yapay zeka olan ¢ok gesitli testlerden giderek daha fazla unsur
icermektedir. Bu bilesenler, derin 6grenme, bulanik kiimeler, kaba kiimeler, siipheli analiz, ¢ok
hedefli ilerleme, siirli bilgi gelistirme ve makine 6grenmesi dahil olmak {izere bir¢ok ¢alismada
yaygin olarak kullanilmaktadir. Hastalar, referans noktasi olarak gecikmis test sonuglari kullanilarak
klinik gruplarina gore ankete tabi tutulur. Yapay zeka modelleriyle kisisellestirilmis enfeksiyon
degerlendirme araclari, ¢cok sayida klinik resim kullanarak klinik fotograflarda oriintiileri ve
baglantilar1 bulma yeteneklerini kullanarak bilgisayar tabanli zeka odakli diizenlemelerin baska bir
testinde gelistirilmistir. Bu, klinik tablolarin kullanimiyla gergeklestirilir. Evrimsel sinir aglar
tarafindan siklikla kullanilir. Radyologlar ve doktorlar, bircok disiplinden uzmanlarin birlesik
caligmalar1 sayesinde yakinda yeni araglara sahip olacaklar. Radyoloji ve tibbi goriintii isleme, en
etkili ag1 belirlemek amaciyla gesitli yapay zeka algoritmalarinin kapsamli testlerine tabi tutulmustur.
Evrisimsel Sinir Aglar1 (CNN), segmentasyon, lokalizasyon ve simiflandirma gibi gorevler i¢in tibbi
goriintii islemede biiylik potansiyel gostermistir. Bu nedenle, gogiis rontgeni goriintiilerini ve derin
o0grenme yapay zeka teknolojilerini kullanarak COVID -19 hastalik tahmini i¢in ¢igir agan bir
yontem lizerinde calisiyoruz.

Akcigerlerdeki anormallikler 6liimle sonuglanabilir; bu nedenle erken teshis ve zamaninda tedavi
hayat kurtarabilir ve can kaybini dnleyebilir. Akciger sorunlari olan hastalar 6nemli bir halk sagligi
sorunu olarak kategorize edilebilir. Akciger bozukluklari i¢in tipik tani prosediirleri i¢in bir dizi
manuel muayene gereklidir. Bu insan miidahalesi ¢ok zaman alir, son derece hataya agiktir ve
kullanilan prosediirler her zaman yiiksek diizeyde dogruluk garanti etmez. Bu nedenle, oftalmoloji
alanindaki gerg¢ek uygulamalar igin otomatik yontemler son derece Onemlidir. Bu otomatik
teknolojilerin ¢ogu, hastaliklar teshis etmek igin dijital goriintii analizine dayanmaktadir. Goriintii
siniflandirma yontemi tanida 6nemlidir. Bu siiregte, ¢esitli benzerlik 6l¢timlerine dayali olarak ¢esitli
anormal goriintiiler bir dizi kategoride diizenlenir.

Buradaki zorluk, bu otomatik kategorizasyon sistemlerinin kisa siirede yliksek dogruluk iiretmesi
gerektigidir. Ek olarak, otomatik taramalar, hastaliklar1 dogrularken bir etkiye sahip olmak i¢in en
az iki potansiyel son nokta gerektirir. Standart agiklamali referanslar1 toplama siireci olduk¢a zaman
alicidir. Algoritmalar igin basvurulabilir veri havuzlar1 olusturmak, goriintiilerin toplanmasi, gerekli
ek aciklamalarin saglanmast ve verilerin genis kullanim i¢in hazirlanmasiyla ilgili
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komplikasyonlarin bir sonucu olarak zorlasan bir diger konudur. Goriintiileme cihazlarinin eskimesi,
bir veri kiimesinin émriinii kisaltir, bu da eski referanslarin en son ekipman veya ¢oziiniirliiklerle
uyumlu olmast icin revizyon gerektirmesi nedeniyle bir zorluk teskil eder. Akcigerlerin
gorilintiilerinin 6nceden iglenmesi gerekir, ¢linkii i¢lerinde giiriiltii olabilir. Birkag gdriintii iceren
egitim veri setleri, 6nemli miktarda zaman alir ve digerlerine kiyasla yavastir. Gégiis rontgeni
goriintii islemede en zorlu islerden biri, 6nemsiz olmayan igerik iceren goriintiilerde ihtiya¢ duyulan
boliimlerin boliimlere ayrilmasidir. Ayrica, segmentasyonun kesinliginin nihayetinde bilgisayarl
analiz tekniklerinin akciger hastaligini belirlemede basarili olup olmadigini belirledigi gercegini de
dikkatimize sunarlar. Bu nedenle, etkili segmentasyon sorunlu hale gelebilir.

Diinyanin degisim yasama hizi o kadar hizli ki, insanlarin sagligina giderek daha fazla baski yapiyor.
Iklim, gevre ve insanlarin yasam tarzindaki olumsuz degisimlerin tiimii, insanlar arasinda hastalik
insidansinin artmasina katkida bulunur. Olumsuz etkilenen organlardan biri de akcigerdir. COVID -
19 'un neden oldugu 6liim oranim azaltmak i¢in uygulamali zekadan yararlanan etkili bir temassiz
tan1 ve karar destek sistemi gelistirmek. Bu, korona viriisii ile enfekte olmus kisilerin siddet
seviyelerinin yan1 sira erken teshisin dogrulugunu artirarak gerceklestirilebilir. Hastaligin ilerlemesi
hakkinda daha iyi bilgi edinmek i¢in, COVID -19 resimlerinin goriintii 6n isleme, segmentasyon ve
siniflandirilmasinda énemli tibbi ve teknolojik ilerlemeler hala gereklidir. Kiiresel 6lgekte baslica
6lim nedenlerinden biri olan zatiirre, insan yasamu i¢in ciddi bir tehdit olusturmaktadir. Diinya
capinda tahminen 1,4 milyon ¢ocuk her yil zatiirreye yenik diigmekte ve bu savunmasiz niifus
tizerindeki yikici etkinin altin1 ¢izmektedir. Sasirtict bir sekilde, bu endise verici rakamin % 18 'i bes
yasindan kiiciik ¢cocuklara atfedilmektedir. Arastirmacilar, solunum hastaliginin kapsamini daha iyi
anlamak i¢in Davranigsal Risk Faktorii Siirveyans Sistemi (BRFSS) 2020 anketinden elde edilen
verileri analiz etti. Yirmi dokuz eyalette ve DC'de, anket, yetiskinlerin % 9,2 'sinin ve ¢ocuklarin %
7,5' inin verilen anket doneminde astim oldugunu gostermistir. Buna ek olarak, kronik akciger
bozukluklar1 34,8 milyon Amerikaliy1 veya niifusun % 13,7 'sini etkilemistir.

Yetiskinler arasinda astim ve kronik COVID -19 hastaliginin belirli bir alanda ne kadar yaygin
oldugunu 6grenmek i¢in ¢aligmak gerekir. Bunu, 2020 BRFSS durum yayginlik oranlarimi yas
grubuna gdre Kronik Hastalik Onleme ve Saghigi Gelistirme web sitesinin ilge diizeyindeki yasa dzgii
yerlesik popiilasyonlari ile karsilagtirarak basariyoruz. Bu yontem, yerel bolgedeki yetigskin astim ve
kronik Covid -19 hastaligi prevalansinin kapsamli bir degerlendirmesini sunarak saglik manzarasina
iligkin yararli bilgiler saglar. Bu nedenle, bu pandemi durumu ve mevcut senaryo goz Oniine
alindiginda, bilgisayarlarin giici ve su anda halka sunulan 6nemli miktarda veri géz Oniine
alimdiginda, yukarida bahsedilen sorunun ¢oziimiine katkida bulunmak ig¢in iyi bir zaman. Amag,
tibbi maliyetleri diisiirmek ve derin 6grenme yontemlerini kullanarak gerekli tibbi bakim i¢in 6deme
yapamayan kigilere yardim saglamak amaciyla akciger hastaligini tahmin etmek i¢in giivenilir bir
yontem olusturarak topluma daha biiylik bir katki saglamaktir.

Daha once, COVID -19 'un diger viral hastaliklarla benzerlikleri nedeniyle tanimlanmasi zordu.
Bununla birlikte, arastirmacilar X - 1511 goriintiilerine dayanarak akciger hastaliklarin1 dogru bir
sekilde siniflandirabilen derin 6grenme modelleri gelistirmede 6nemli ilerlemeler kaydetmistir.
Tiiberkiilloz (TB), kronik obstriiktif akciger hastaligt (KOAH) ve pndmoni gibi akciger
bozukluklarini tahmin etmek i¢in evrigimli sinir aglar1 (CNN'ler) gibi gesitli derin 6grenme teknikleri
kullanilmistir.  Bu  modeller, makine &grenimi yaklagimlarini  kullanarak  goriintiilerin
smiflandirilmasinda yiiksek etkinlik ve performans gostermistir.

2. Alanyazin Taramasi

Babukarthik, R. G., ve digerleri. [10] and other researchers gave limelight to COVID - 19 Disease
as the cases of this disease wer exponentially rising day by day, therefore the need of faster and more
economical solution for the medication of COVID -19 was raised, and the prediction by viewing
CXR images samples of lung was an urgent issue. Coziim, etkinligini hesaplayarak ve VGG16,
Squeeze Net, resenet50, Densenet -121 ve resenetl18 gibi diger modellerle karsilastirarak genetik
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Derin Ogrenme CNN iizerinde ¢alismakti. Diger yontemlerle karsilastirma yapildiktan sonra, analiz
performansinin sonuglari tatmin edici olmustur.

Minaee, Shervin ve digerleri [11] COVID 19 ve diinyanin farkli bolgelerindeki etkilerinden
bahsetmistir. COVID -19 'u tespit etmek, COVID 19 i¢in ilag bulmanin énemli adimlarindan biridir.
Teshis ne kadar hizli olursa, ila¢ uygulamasi da o kadar hizli olur ve daha az Kovid 19 vakasi tespit
edilir. 5000 'den fazla Gogiis RONTGENI Gériintiisiinii igeren veri setini topladilar ve Squeeze Net,
DenseNet -12, resNet50 ve resNet18 gibi farkli derin 6grenme modelleriyle test ettiler. Sonug elde
etmek icin veri kiimesi, yaklasik 2000 ila 3000 gogiis RONTGENI gériintiisiinden olusan test ve tren
veri kiimesine ayrilmustir. Ozgiilliik oram % 90, duyarlilik orani ise % 98 civarinda ¢ikmustir.
Sonuglar elde etmek i¢in deneyin ayrintili bir analizi yapildi. Agirlikli olarak aktarilan 6grenme
yaklagimini takip etmislerdir. Cogunlukla sinirli 6rneklerimiz oldugunda kullanilir. Bu genellikle
farkl1 6zelliklerin ¢ikarilmasi icin yapilir. Veri seti sinirli oldugundan, tiim 6zelligi ¢cikarmak ve daha
dogru sonuglar elde etmek icin Konvoliisyonel Sinir Agmin son katmanini ayarladilar. Spesifite,
Sensitivite, AUC ve ROC olmak {izere 4 farkli parametreye sahip modelleri kontrol etmislerdir. Tiim
modellerin 6zgiilliigl ve duyarliligi % 90 civarinda oldugu i¢in bu karsilagtirma oldukg¢a basarili oldu
ve gelecekte daha dogru sonuglar elde etmek i¢in daha biiyiik veri kiimeleri tizerinde ¢alisacaklar.

Cohen, Joseph Paul ve digerleri ve diger arastirmacilar, [12] erken asamalarda COVID Tespiti
tizerinde ¢alismaya karar verdiler ¢iink{i o zamanlar her lilkedeki SICAK NOKTALAR fistel oranda
artiyordu. O zaman higbir agilama yapilmadi, bu yiizden bunu tespit etmek ve bu hastaligin ilaci
iizerinde ¢alismak icin biiyilik bir ihtiyac ortaya ¢ikti. Bu, esas olarak farkli iilkelerdeki doktorlarin
COVID'i erken asamalarda tespit etmelerine yardimci olmak icin yapildi, bdylece sicak noktalar
azaltildi. Arastirma icin veri setlerini olusturmak igin 26 'dan fazla iilkeden gogiis RONTGENI
GORUNTULERINI topladilar. Veri kiimesi ¢ok biiyiik oldugu igin onlerinde farkli dnyargilar ve
sorunlar vardi, bu yiizden bir kitay1 veya bir iilkeyi terk etme teknigini uyguladilar. Test ve egitim
veri seti i¢in dogru sonuglar1 elde etmek igin farkli iilke veya kita gruplarini ¢ikardilar. Esas olarak
COVID — 19 'un siddetini tahmin etmislerdir. Kullanilan teknik Lojistik Regresyon ve Lineer
Regresyon idi. Ardindan, 20 'den fazla sonug igeren Gogiis RONTGENI gériintiilerinin ilk veri
kiimesini olusturdular.

Panwar, Harsh ve digerleri ve diger arastirmacilar, [13] tahmin igin makine 6greniminde mevcut
olan diger tekniklerle en basarili oldugu igin cesitli Derin Ogrenme Teknikleri kullanarak COVID -
19 'un Erken Saptanmasi iizerinde caligmiglardir. Esas olarak Renk Gorsellestirme olan ana
yaklasima odaklandilar. COVID — 19 tamimalarini, COVID — 19 Hastaliginin G&giis Rontgeni
Goriintiileri, COV -2 BT taramasi ve pnomoninin gogiis rontgeni gorintiileri adli 3 veri kiimesi
izlemistir. Ayrica her iki hastaligin semptomlari olduk¢a benzer oldugu i¢in Pnémoni ve COVID —
19 'daki paternleri de tahmin etmislerdir. Ayrica, renk Gorsellestirme icin Grad CAM tabanli renk
gorsellestirme teknigine odaklanmiglardir.

Heidari, Morteza ve digerleri ve diger arastirmacilar, [14] bulasict bir hastalik tiirii oldugu igin
COVID -19 Hastaligina odaklanmislardir, bu nedenle bunun tespiti erken asamalarda ¢ok 6nemlidir.
Ayrica bu hastaligin yayilmasin1 miimkiin olan en verimli ve etkili sekilde kontrol etmeye yardimci
olacaktir. Burada da GOGUS RONTGENIT veri seti tahmin i¢in kullanilir. Bu ¢alismada Yeni Cad
(Bilgisayar Destekli Teshis) semasini test ettiler. Diistindiikleri ana siniflar Pnémoni (Non - COVID),
Pnémoni (COVID) ve Normaldir (Non - COVID ve NO Pndmoni). Bu sema modele uygulandiktan
sonra, dogruluk yaklasik % 98 6zgiilliik ve hassasiyet ile % 94,5 olarak ortaya ¢ikmaktadir.

Alazab, Moutaz ve digerleri ve diger arastirmalar, [15] COVID'e odaklanmustir ¢iinkii bu hastalik
bulasici bir hastaliktir. O donemde hizla yayiliyordu. Daha dogru sonuglar elde etmek icin 1000
gercek GOglis X - Rat Gortintiisti elde ederler. Esas olarak otoregresif entegre hareketli ortalama
modeli, peygamber algoritmasi ve uzun kisa siireli bellek sinir ag1 olarak Derin Ogrenme Teknigi ve
tirlerine odaklanmislardir. Bundan sonraki 7 gilin i¢inde oOliimlerin, iyilesmelerin ve teyitlerin
sayisini tahmin ettiler. Tiim Gogiis RONTGENI Gériintiilerinin tahmini, Avustralya ve Urdiin gibi
kiyr digt alanlarda yapildi. Ayrica, bu modelin daha fazla sayida bulagicinin oldugu yerlerde



kullanilabilecegini de bildirmislerdir. Oliim tahmini, iyilesen ve dogrulanan vakalar Hindistan,
Avustralya ve Urdiin icin grafik seklinde yapildi.

Tahia Tazin ve digerleri, [16] rontgen gorintiilerinden beyin kanserlerini tanimlamak i¢cin CNN
olarak da bilinen evrisimli bir sinir ag1 kullanilarak yapilan arastirmay1 sunuyor. Bu alanda yapilan
kapsamli arastirmalarin bir sonucu olarak, sunulan model, bir transfer 6grenme teknigini kullanirken
dogrulugu artirmaya vurgu yapmaktadir. Performans, siniflandirmalarin ne kadar dogru yapildigina
gore degerlendirilmistir. MobileNetV2 ile % 92 dogruluk, InceptionV3 ile % 91 dogruluk ve VGG19
ile % 88 dogruluk elde edilmistir. Diger ¢esitli aglarla karsilastirildiginda, MobileNetV2 en yiiksek
dogruluk seviyesini saglamistir. Bu dogruluklar, tiimédrlerin erken tespit edilmesine yardimet olarak,
tedavinin fel¢ veya diger bozukluklar gibi herhangi bir zararh fiziksel etkinin baglamasindan 6nce
baslamasina izin verir.

Abdelbaki Souid ve arkadaglari, [17] MobileNet V2 modelinin degistirilmis bir versiyonunu
kullanarak frontal torasik rdntgen goriintiilerine dayanarak akcigerlerde kategorizasyon ve
hastaliklarin tanimlanmasi i¢in bir yontem sunmustur. Transfer 6grenimini meta veri kullanimiyla
birlikte incelediler ve NIH veritabanini kullandilar. AUC 6l¢iimleri birincil karsilastirma araci olarak
kullanilmig ve analiz siniflandiricilar arasindaki farkliliklara odaklanmustir. Yazarlar, AUC'yi
ortalama 0.81 ve dogrulugun % 90 "1 olarak bulmaktadir. Veri kiimesinin yeniden 6rneklenmesinin
modelin performansinda énemli bir iyilesme sagladigi sonucuna varmiglardir.

Daha once de belirtildigi gibi, basta gengler olmak {izere ¢ok sayida insan covid veya zatiirre gibi
akciger hastaliklarindan etkileniyor. Bu hastaliklar, uygun tibbi tesislerin bulunmamasi ile
birlestirilir. Hastaliktan tam bir iyilesme saglamak i¢in bu akciger hastaliginin hizli bir sekilde teshis
edilmesi esastir. En yaygin tan1 yontemi X - 1s1n1 taramalarinin incelenmesidir; ancak, bu yontemin
dogrulugu radyologun yorumlayici becerilerine baghidir ve radyologlar arasinda siklikla
tartismalidir.

Bildigimiz kadartyla, ilgili calismada daha 6nce bahsedilen yontemlerin ¢ogu, akciger hastaliginin
smiflandirilmasi i¢in bir genetik algoritma, CNN modeli veya derin Ogrenme algoritmasi
gelistirmeye odaklanmigtir. Bununla birlikte, sunulan ¢alismanin amaci, diisiik gii¢lii cihazlar igin
egitilebilir bir model olusturmak; akciger hastaliginin saglam tahmini problemini ¢ézmek; ve
kaybolan gradyanlar problemini ¢ézmekti ve bu nedenle bu calisma uygulandi. Ozellikle akciger
hastaligi siniflandirmasi igin tibbi goriintii islemede derin 6grenme modellerinin kullanilmasi umut
verici sonuglar gostermistir. Evrisimsel Sinir Aglart (CNN), tibbi goriintiilerde goriintii
siniflandirma, lokalizasyon ve segmentasyon gibi gorevlerde basarili olmustur. Akciger hastaliklar
s0z konusu oldugunda, arastirmacilar gogiis rontgeni goriintiilerine dayanarak hastaliklart
siiflandirmak ve tahmin etmek icin MobileNet ve DenseNet gibi CNN modellerini kullanmiglardir.
Bu modeller, binlerce gogilis rontgeni goriintiisiinden olusan biiylik veri kiimeleri iizerinde
egitilmistir.

3. Materyal ve Yontem

CNN'in goriintiileri gesitli senaryolarda kategorilere ayirma yetenegi yadsinamaz. Belirli bir veri
kiimesinin o6zelliklerine gore performansi artirmak igin gelistirilmis ¢cok sayida CNN versiyonu
vardir. Ayrica, CNN'ler, siniflandirma i¢in girdileri hazirlamak i¢in gereken resim hazirlama ¢abasini
otomatiklestirmeyi amaglamaktadir. Ilk olarak, ¢alismamizda gdgiis rontgeni kategorizasyonu igin
CNN tabanli siniflandirma algoritmalarini benimsiyoruz. Makine 6grenimi algoritmalari son yillarda
biiyiik 6l¢iide ilerlemis olsa da, su anda kamuya acik birkag tibbi goriintii veri kiimesi bulunmaktadir.
CNN'lerin ugtan uca O0grenme mimarisi, kategorizasyon ve Oznitelik ¢ikarimindan sorumludur.
CNN'ler havuz olusturan, tamamen baglantili ve evrisimli katmanlara sahiptir. A§ mimarisinin
olusturulmasi ve smiflandirma igin yiiksek derecede ayirt edilebilir 6zellik setinin olusturulmast,
havuzlama ve evrisim katmanlarinin ardisik bir sirayla kullanilmasiyla gergeklestirilir. Tam
baglantili katmanlar, kendisinden 6nce gelen katmanlardan elde edilen 6zellik setinden yararlanan
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bir kategorizasyon performanst gerektirir. CNN model egitiminde, geleneksel geri yayilim
algoritmasi modelin parametrelerinin 6nemli bir kismini degistirmektedir.

Konvoliisyon islemi ile iiretilen 6zellik haritasina dogrusal olmayan bir aktivasyon fonksiyonu
eklemek i¢in ReLU teknigini kullaniyoruz. Maksimum havuzlama katmaninin amaci, altindaki
katmandan getirilen anlamsal olarak uygun Ozellikleri eslenik hale getirmektir. Maksimum
havuzlama katmani, dnce altindaki katman1 dikdortgen havuzlama bolgelerine bdlerek ve ardindan
bu bolgelerin her birinin maksimumunu temsil eden degeri belirleyerek asagi drnekleme islemini
gerceklestirmekten sorumludur [18].

CNN'lerin son seviyesi, tamamen baglantili bir katmanin yani sira bir softmax smiflandiricisi igerir.
Onceki katman ile smiflandirma katmani arasinda yer alan tamamen baglantili katman iletimden
sorumludur. Ozetle, tamamen bagli katmanlar ii¢ asamaya ayrilabilir. Prosediiriin ilk asamasinda,
konvoliisyon ve havuzlama katmani sonuglar1 diizlestirilir ve bir siitun vektoriine doniistiiriiliir. Bu
siitun vektori, ikinci asamanin giris katmani olarak kullanilacaktir. Bir 6nceki asamanin sonuglari,
ikinci asamada Ozellik analizi igin girdi olarak kullanilir ve gergek etiketleri tahmin etmek igin
agirliklar eklenir. Son adim, sonunda her bir sinif etiketine uygulanacak tahmin puanlarim segmektir.
Arastirmacilar akciger hastaliklarin1 dngérmede ¢esitli derin 6grenme modellerinin performansini
karsilastirmiglardir. MobileNet, DenseNet, SqueezeNet, VGG16 ve ResNet gibi modeller, 6zgiilliik,
hassasiyet, dogruluk ve alic1 ¢alisma karakteristigi (ROC) egrisi altindaki alan gibi metriklere gore
degerlendirilmistir. Bu modeller % 88 ile % 98 arasinda degisen yiiksek dogruluk oranlarina
ulagmustir [19].

MobileNet ve DenseNet gibi derin 6grenme modellerinin uygulanmasinin, rontgen goriintiilerinden
akciger hastaliklarini dogru bir sekilde tahmin etmede basarili oldugu kanitlanmistir. Bu modeller,
COVID -19, pnémoni ve akciger opaklig1 dahil olmak {izere hastaliklarin erken teshisinde ve
teshisinde radyologlara ve hekimlere yardimci olma potansiyeline sahiptir. Tibbi goriintii islemede
derin 6grenme tekniklerinin kullanilmasi, radyoloji alaninda devrim yaratma ve hasta bakimini
iyilestirme potansiyeline sahiptir [20].

4. Sonuclar ve Tartisma

The prediction results was calculated on the based on numerous variables as Area under ROC (AUC),
F1 - score, accuracy, precision, and recall. ROC altindaki alan, tahmin modelinin performansini
hesaplamak i¢gin kullanilir. Is akisimizi gz éniinde bulundurursak, CNN, MobileNet i¢in elde edilen
performans matrisi sonucunu ve bu kriterler i¢in Onerilen yaklagimi Tablo 1 'de gérmekteyiz.
Kesinlik, gergek pozitif degisken gruplari olan tiim dogru pozitif siniflandirmalarin, gergekten pozitif
olmasi beklenen tiim vakalara oranini dikkate alir. Dogru pozitif tuple sayisinin, dogru pozitif olan
toplam vaka sayist i¢indeki orani. Hassasiyet ve geri ¢cagirma, F1 olarak belirlenen fonksiyona

dahildir.

Elde edilen bu sonucun dogrulugunun karsilastiritlmasi ve egitim ve test veri kiimesi icin grafiksel
gosterimi. Onerilen yaklasimim % 96 ile daha yiiksek test dogruluk orani ve 0.93 ile ROC AUC puani
elde ettik. Dogrulukta, tiim vakalardan tiim gergek pozitifleri ve tiim gergek negatifleri i¢eren tiim
dogru smiflandirmalarin orani. Genellikle O ile 1 arasinda degismektedir. Tahminler 1 'e yakinsa,
daha fazla tahmin dogrudur.

Kullanilan veri seti igin Egitim ve Dogrulama Dogruluk ve kayip Grafigi sekil 5 'te gosterilmistir.
Sekilden, sinir aginin her doneminde egitim ve test kaybinin azaldig1 agiktir. Egitim siiresi boyunca,
dogruluk ve model kaybini hesaplamak i¢in toplam 20 dénem calistirilmistir. Cikarim asamasinda
egitilmis model agirliklarinin kullanilacagi dénemi agiklar.

Test performansinin analizi, alic1 ¢alisma karakteristigi (ROC) araciligiyla olusturulmustur. Dogal
CNN yontemi i¢in bu ROC egrisi, gdgiis rontgeni veri seti goriintiilerinden Covid i¢in alanin toplam
% 100 'tinii, normal igin % 86' sin1 ve viral pndmoni i¢in % 92 'sini saglar.
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. MobileNet'in bu sonucu, gogiis rontgeni veri setinde oldugu gibi Covid i¢in % 100 bodlge, normal
icin % 90 bolge ve viral pndmoni i¢in % 92 bélge sunmaktadir. ROC egrisi, duyarlilik ve 6zgiilliik
arasinda yapilmasi gereken uzlagsmay1 gostermektedir. Sol {ist koseye daha yakin olan egriler {ireten
siniflandiricilar daha yiiksek bir performans seviyesi gosterir.

ROC egrisi, 6nerilen ydntemin ROC'sini gdsterir. Onerilen bu yéntem ROC egrisi, kullanilan x -
1511 veri setinden Covid i¢in % 100 bolgeyi, normal vaka i¢in % 89 bdlgeyi ve viral pndmoni igin
% 93 bolgeyi gostermektedir. Onerilen yontem, rontgen goriintiisiiniin 3 kategorisi arasinda Covid
ve viral pndmoni vakasini gostermek icin yiiksek ROC saglar.

Buna ek olarak, sonug¢, DenseNet ve MobileNet yontemine dayanan onerilen yaklasimimiz ile
akciger hastaligini tanimlamak ve kategorilere ayirmak igin bilimsel literatiirde son zamanlarda
arastirilan diger dort son teknoloji model arasindaki benzerlikleri ve farkliliklart analiz etmektedir.
Bu aragtirmada kullanilan veri seti ve metodoloji tabloda gdsterilmistir. Farkli test teknikleri
nedeniyle, bu arastirmalarin dogrulugu dogrudan karsilastirilamaz, ancak sunulan istatistikler,
Onerilen modelimizin dogrulandigini ve diger modellerle oldukca karsilastirilabilir siniflandirma
sonugclari iirettigini agik¢a ortaya koymaktadir. Bu durum, bu ¢aligmalarin bildirilen dogrulugunun
dogrudan karsilastirilmasinin miimkiin olmamasina ragmen gecerlidir.

MobileNet ve DenseNet'in akciger hastaligini tahmin etme madencilik yeteneginden yararlanan ve
daha yiiksek test dogruluk orani ile sonuglanan derin yapist. Sunulan yontem esas olarak Normal,
COVID -19 ve Viral Pndmoni olmak iizere ii¢ enfeksiyon kategorisinin gogiis rontgeni
siniflandirmasina dayanan Evrisim sinir agim kullanir. Onerilen yaklasim, MobileNet ve DenseNet
yaklagimiin hibrit bir yontemini kullanarak bu konvoliisyon sinir aginda gogiis rontgeni
gorilintiilerine 8 katman kullandi. Gogiis rontgeni goriintiilerinin analizinde test dogrulugu, F1 -
skoru, kesinlik, hatirlama ve ROC AUC egrisi kullanilir. Karsilagtirma arastirmamizda, onerilen
yontem, akciger hastaliginin bilgisayar destekli teshisi i¢in klinik ortamlarda uygulama potansiyelini
destekleyen iyi bir siniflandirma performansi gostermistir.

Covid19 - dataset, Chest X - ray (Covid -19 & Pneumonia) ve mevcut arastirma ¢alismalarinin test
dogruluk bulgularini detayli olarak karsilastirdik. Ozellikle, Covid19 veri setini kullanan &nerilen
DenseNet teknigi, % 98,04 'lik en yiiksek test dogrulugunu elde etti. Bu, Covid19 veri kiimesi
tizerinde egitilen DenseNet modelinin, gogiis rontgeni resimlerinden COVID -19 o6rneklerini
belirlemede mevcut arastirma yaklagimlarindan daha iyi performans gosterdigini gostermektedir.

Akciger grafisi (Covid -19 & Pnémoni) ile 6nerilen DenseNet teknigi ile karsilastirildiginda % 95,80
gibi biraz daha diisiik bir test dogrulugu elde edilmistir. Bu hala saygin bir dogruluk puani olsa da,
Covid19 veri setinin dogrulugundan daha diisiiktiir. Bu dogruluk esitsizligi, iki veri kiimesi
arasindaki veri kalitesi, miktar1 veya gesitliligindeki farkliliklarla ilgili olabilir. Covid19 veri kiimesi,
modelin daha iyi genelleme yapmasina olanak taniyan daha cesitli ve bilgilendirici goriintiiler
icerebilir.

Onceki arastirma calismalariyla karsilastirildiginda, Covidl9 veri kiimesini kullanan onerilen
DenseNet metodolojisi, COVID -19 tespit dogrulugunu artirmada yeni veri kiimesinin ve stratejinin
Onemini gostererek digerlerini geride birakmaktadir. Mevcut caligmalar arasinda CT - Scan
resimlerine uygulanan Panwar ve ark .' nin Grad CAM yaklasimi % 95.61 ile en yiiksek test
dogrulugunu elde ederken, bunu % 94.50 dogrulukla Heidari ve ark .' nin VGG16 modeli yakindan
takip etmistir. Gergek diinyadaki COVID -19 hasta veri setlerinde, Alazab ve ark. bir CNN
kullanarak % 94,80 'lik bir dogruluk elde etmistir. Abdelbaki Souid ve arkadagslari, MobileNet V2
kullanarak gogiis rontgeni goriintiilerinde % 90 lik bir test dogrulugu elde etmislerdir.

Sonug olarak, Covid19 veri kiimesi ve oOnerilen DenseNet metodolojisi, COVID -19 tespit
dogrulugunda oOnceki yontemlerden daha iyi performans gostererek umut verici sonuglar
vermektedir. Veri Kiimeleri A ve B arasindaki performans esitsizlikleri, makine 6grenimi
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gorevlerinde veri kiimesi se¢iminin ve kalitesinin dnemini vurgulamaktadir. Bu bulgular, gogiis
rontgeni goriintiilemesini kullanarak COVID -19 tanimlamasini iyilestirmek icin devam eden
cabalari ilerletmeye yardimci olmaktadir.

Tezin sonuglari, daha fazla arastirma i¢in potansiyel yonelimlerin tartisilmasiyla birlikte bu bélimde
kisaca aciklanmistir. Bu tezin temel amaci, dijital gégiis rontgeni goriintiilerinde Covid 19 hastaligini
otomatik olarak tespit etmek i¢in makine 6grenimi ve derin 6grenme tekniklerini kullanmaktir.

Gelistirilmis test dogrulugu, Mobile Net ve Dense Net'in COVID -19 hastalik tahmini igin
madencilik yeteneklerinden yararlanan derin yapisinin dogrudan bir sonucudur. G6giis rontgenlerini
tic farkli enfeksiyon tiiriine (Normal, COVID -19 ve Viral Pnomoni) siniflandirmak ig¢in mevcut
algoritma biiyiik 6l¢iide evrisimli sinir aglarina dayanmaktadir. Yogun Ag yontemi, gdgsiin rontgen
gorilintiilerine sekiz katmanli bir evrisimli sinir ag1 uyguladi. Go6glis rontgeni resimlerini test
dogrulugu, F1 - skoru, hatirlama, hassasiyet ve ROC AUC egrisini kullanarak analiz ediyoruz.
Onerilen yontem, karsilastirma ¢alismamizda umut verici bir simiflandirma performansi gosterdi ve
bilgisayar destekli bir akciger hastalig1 tan1 araci olarak klinik ortamlarda kullanim i¢in fizibilitesine
giiven verdi.

Makine 6grenmesi modelleri kullanilarak COVID -19 tespiti amaciyla, Covid19 veri kiimesi ve
Gogiis Rontgeni (Covid -19 ve Pnémoni) olmak iizere iki ayr1 veri kiimesine odaklandik. Bu veri
kiimelerinin karsilagtirilmasi, etki alaninin sorunlari ve beklentileri hakkinda yararli bilgiler saglar.

Covid19 veri kiimesi, % 100 egitim dogrulugu elde eden tiim modellerin belirttigi gibi daha temel
bir senaryoyu tasvir etmistir. Bu veri kiimesi, Dense Net'in % 98,04 'liik bir test dogruluguyla ortaya
cikmasiyla COVID -19 tespitinde yiiksek dogruluk olasiligini gostermistir. Bununla birlikte,
Covidl9 wveri setinin gercek diinyadaki klinik ortamlarin inceliklerini yeterince temsil
edemeyebilecegini hatirlamak 6nemlidir.

Gogiis rontgeni resimlerinden olusan gdgiis rontgeni (Covid -19 & Pndmoni) veri seti, klinik
ortamlarda goriilen zorluklara yakindan benzemektedir. Goriintii kalitesindeki ve diger 6zelliklerdeki
dogal dalgalanmalar nedeniyle, bu veri kiimesi derin 6grenme modelleri i¢in daha zor bir sorun
sunmugstur. Testlerimize gore DenseNet, Gogiis Rontgeni (Covid -19 ve Pndmoni) veri setinde
siirekli olarak saglam bir performans sergiledi ve bu da bu sorunlar karsisinda dayanikliligini
gosteriyor. Ote yandan, gogiis rontgeni (Covid -19 ve Pndmoni) veri kiimesi, gergek COVID -19
tanimlamasinin karmasikligini gostererek, modeller arasinda daha diisiik genel test dogruluklariyla
sonuglandi.

Her iki veri kiimesi arasindaki sayisal bulgularin karsilastirilmasi, makine 6grenimi modellerinin
etkinligini sekillendirmede veri kalitesinin ve ¢esitliliginin kritik 6nemini vurgulamaktadir. Covid19
veri kiimesi gibi gergek diinya veri kiimeleri, pratik saglik uygulamalarinda iyi performans
gosterebilecek modeller olusturmak igin kritik &neme sahiptir. Ote yandan, Gogiis Rontgeni (Covid
-19 ve Pnomoni) veri kiimesi gibi basitlik veri kiimeleri, model yeteneklerini degerlendirmek igin
yararh 6lgiitler olarak hizmet edebilir.

Calisgmada COVID -19 i¢in hatirlama degeri 0.96, viral pndmoni i¢in kesinlik degeri 1 ve normal
vaka degeri 0.80 olarak bulunmustur. Normal F1 - Skoru 0.89, COVID -19 F1 - Skoru 0.98 ve viral
pnémoni F1 - Skoru 0.89 'dur. Dens net yontemi ile 0.94 ROC AUC degeri ve % 98.04 dogruluk
elde edilmistir. Dogruluk 6l¢iisii, hem gergek pozitifleri hem de gercek negatifleri kapsayan dogru
siniflandirmalarin toplam vaka sayisina boliinmesidir. Elde edilen sonuglar, Dense Net yaklagiminin
tan1 dogrulugu ve gogiis rontgeni resim smiflandirmasi agisindan native CNN ve Mobile Net
yontemlerinden daha iyi performans gosterdigini ve Ustlin tanima oranlarina sahip oldugunu
kanitlamaktadir. Yiiksek Precision ve F1 skoru sayesinde daha az yanlis negatif tretir. COVID
negatif olarak yanlis teshis edilen COVID pozitif bir hastanin diger hastalar1 6nemli 6l¢iide enfekte
edebilecegi goz oniine alindiginda, bu enfeksiyonun dnlenmesi i¢in ¢ok onemlidir. Egitilebilir bir
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modelin gelistirilmesi ve diisiik giiclii cihaz 6zelliklerinin iyilestirilmesi bu calismanin diger
hedefleriydi.

Bu tezde, en 6nemli gégiis hastaliklarindan {igliniin (normal (saglikli), pnémoni ve Covid -19)
otomatik hastalik tanimlamasi ve teshisi dikkate alinmistir. Bununla birlikte, gelecekte, bu calisma
potansiyel olarak kronik obstriiktif akciger hastaligi (genellikle KOAH olarak bilinir), astim, 6dem,
kistik fibroz ve akciger kanseri gibi diger birkac gogiis rahatsizligina genisletilebilir. Ek olarak,
cesitli Ozellikler ve smiflandiricilar  kullamilabilir ve bunlarin ilgili etkinlik seviyeleri
degerlendirilebilir. Onerilen sistemi gercek zamanli ortamlarda konuslandirilabilir hale getirmek
icin, gercek zamanli gogiis rontgeni resimlerinin otomatik tahmini i¢in tek agamali derin 6grenme
yaklagimlarinin, yani YOLO ve SSD'nin etkinligini arastirmak i¢in daha fazla arastirma yapilabilir.
Giriltili goriintiilerdeki hastaliklart daha iyi teshis etmek igin, gelecekteki arastirmalar diger model
yapilarina ve yeni etiket bagimliligi mimarilerine bakabilir.
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1. INTRODUCTION

The lungs and respiratory system of a human being take in oxygen from the surrounding air
and exhale carbon dioxide. The lungs are susceptible to a broad variety of conditions, some
of which can be inherited, while others can be caused by poor habits, an unhealthy diet, or
even infections. But COVID-19 is a relatively new illness [1], and researchers are always
gaining new information regarding the effects it might have on a person’s lungs. They believe
the effects on the human body are akin to those caused by two other coronavirus infections,
severe acute respiratory syndrome (SARS) and Middle East Respiratory Syndrome (MERS)
[2]. Radiology is the specialty that is responsible for determining the pattern, location, and
geographical distribution of involvement in the process of diagnosing human lung illness
[3]. When diagnosing Covid 19 disease, clinicians may assess the lungs' ability to hold,
transport, and exchange oxygen and carbon dioxide. Pulmonary function tests determine the
type and severity of lung disease. Chest imaging, bronchoscopy, and thoracoscopy help

doctors diagnose lung illnesses [4].

Numerous people have been impacted by various kinds of the Covid-19 sickness all around
the world. Notably, lung diseases caused by the virus make the lungs more vulnerable to
further physical difficulties and the negative effects of air pollution [5]. Given the infectious
nature of Covid-19, this reduces lung function, emphasizing the significance of accurate
diagnosis in order to offer the most effective medication. Radiologists play an important part
in this diagnostic procedure, using chest X-rays as the primary diagnostic tool to discover
and diagnose various lung disorders. Aside from Covid-19, these expert individuals may
detect a wide range of illnesses, such as bronchitis, infiltrations, atelectasis, pericarditis,
fractures, and many more [6]. Surprisingly, over 2 million chest radiography treatments are
performed each year, making it the most extensively used disease examination in the globe.

Given the overlapping symptoms of Covid-19 with other viral infections such as pneumonia
and lung opacity, it became critical to reliably separate individual diseases. As a result, they
were divided into groups such as COVID, Pneumonia, Lung opacity, and Normal [7]. The
intricacy of Covid-19 disease pictures makes detecting and identifying disease features in
X-rays difficult [8]. Previously, effective development was hampered by the complexity of
these images, as well as the difficulty in analyzing situations and disorder illnesses in X-ray

images [9].



Deep learning algorithms have evolved as promising tools for diagnosing lung disorders in
response to these challenges. Several studies have been conducted to investigate Covid-19
illness prediction using various deep learning algorithms. These advances have led to the
identification of other lung ailments such as tuberculosis (TB), chronic obstructive
pulmonary disease (COPD), and pneumonia, which are now being included into neural
networks for cancer diagnosis [10]. Deep learning application in this context provides a big

step toward improving the accuracy and efficiency of illness diagnosis in lung imaging.

A chest x-ray of the patient is often checked after the doctor has finished gathering the
history of a patient disease and performing the physical checkup. The findings from the
patient's medical history, physical checkup, and chest x-ray can frequently provide clues as
to what other diagnostic procedures may be required in order to establish the root cause of
the symptoms. Images of heart, lungs, blood arteries, and airways, as well as the bones in
chest and spine, can be seen on an X-ray of chest. X-rays of the chest can also reveal the

presence of fluid in or around human lungs as well as air around a lung [11].

The most common symptom that prompts patients to seek medical attention and attend
emergency rooms is chest pain. Chest radiography, which is more commonly referred to as
a chest X-ray (or CXR for short), is one of the most popular forms of radiology examinations
used for the identification of disorders affecting the thorax. Nevertheless, radiography entails
making decisions under situations of uncertainty, and as a result, it is not always possible to
provide interpretations or reports that are completely foolproof [12]. Computer-Aided
Diagnosis, also known as CAD, was created for this purpose, to help radiologists achieve
diagnostic excellence in less time and to improve the quality of healthcare for patients. The
goal of CAD systems is not to compete with or replace medical experts; rather, they are

meant to serve as a "second opinion™ that supplements radiologists' work [13].

Radiographs, CT scans, MRIs, nuclear medicine, PET scans, fusion imaging, ultrasound,
and other medical imaging techniques are all part of imaging, which is the study and practice
of medical imaging for the purpose of detecting and treating injuries and illnesses. A
radiologist is an expert in the branch of medicine known as radiology, which focuses on
imaging [14]. A number of these procedures also need you to be aware about radiation safety
since some of these imaging modalities employ radiation and you need training to

understand how to protect yourself from radiation [15]. Techniques that utilize Artificial



Intelligence (Al) and Computer Vision (CV) have garnered a significant amount of interest
and focus over the last decade, and it is anticipated that this trend will carry on. Classification
of medical images is one of the fundamental challenges as well as the typical duty [16]. The
purpose of the categorization procedure is to determine whether a medical image should be
assigned a single or several diagnostic outcomes based on the content of the image. In this
regard, a significant amount of work has been put into the development of more complex
classification approaches and methodologies in order to enhance the accuracy of

categorization.

Initially, a two-step process was used to resolve the picture classification issue. The first
stage's objective is to manually extract features from an image using feature descriptors,
whereas the second stage's objective is to feed the manually extracted features into a
trainable classifier [17]. However, the technology employed for feature extraction in the first
step has a significant impact on how accurate this technique is. Since deep learning provides
automatic feature extraction and classification by modeling data through several non-linear

processing layers, it was examined as a means of achieving the aim of picture classification.

These days, clinical imaging incorporates more and more elements from a wide range of
tests, one of which is artificial intelligence [18]. These components are commonly used in
many studies, including deep learning, fuzzy sets, rough sets, dubious analysis, multi-target
advancement, swarm knowledge improvement, and machine learning [19]. Patients are
surveyed according to their clinical groups using the delayed test results as a point of
reference. Tools for personalized infection evaluation with Al models are improved in
another test of computer-based intelligence-driven arrangements by utilizing their ability to
find patterns and connections in clinical photos using large numbers of clinical pictures. This
is accomplished with the use of clinical pictures [20]. Frequently employed by convolutional

neural networks.

Radiologists and doctors will soon have new tools thanks to the combined work of specialists
from many disciplines. Radiology and medical image processing have seen extensive testing
of various Al algorithms in an effort to identify the best effective network. Convolutional
Neural Networks (CNN) have demonstrated great potential in medical image processing for

tasks such as segmentation, localization, and classification. Because of this, we are working



on a ground-breaking method for COVID-19 illness prediction using chest x-ray images and
deep learning Al technologies. [21].

Problem statement

Abnormalities of the lungs can result in death; hence, early detection and treatment in a
timely manner can save lives and prevent loss of life. Patients who suffer from lung problems
can be categorized as a significant public health issue. A number of manual examinations
are required for the typical diagnostic procedures for lung disorders. This human interception
takes a lot of time, is extremely error prone, and the procedures used do not always guarantee
a high level of accuracy. Therefore, automated methods are of the utmost importance for
actual applications in the field of ophthalmology. The majority of these automated
technologies rely on digital image analysis to diagnose diseases. The method of image
classification is important in diagnosis. In this process, a variety of aberrant images are

organized into a number of categories based on various similarity measurements.

A challenge lies in the fact that these automated categorization systems need to produce high
accuracy in a short amount of time. In addition, automatic screenings require a minimum of
two potential end points in order to have an impact while validating diseases. The process
of collecting standard annotated references is rather time consuming. Creating referable
repositories for algorithms is another issue that has grown challenging as a result of the
complications involved in gathering images, providing the requisite annotations, and
preparing the data for broad usage. The obsolescence of imaging devices shortens the
lifespan of a dataset, which presents a challenge because the outdated references require
revision in order to be compatible with the most recent equipment or resolutions. Images of

the lungs need to be preprocessed because there may be noise in them.

Training data sets [22], that contain several images take up a significant amount of time and
are slow when compared to others. One of the most challenging jobs in chest x-ray image
processing is the segmentation of needed sections in images that contain non-trivial content.
They also bring to our attention the fact that the precision of the segmentation ultimately
determines whether or not the computerized analysis techniques are successful for
determining the lung disease. Because of this, effective segmentation might become

problematic.



Motivation and importance of the study

The rate at which the world is experiencing change is so rapid that it is putting an increasing
amount of stress on people's health. Unfavorable shifts in climate, the environment, and the
way people live their lives all contribute to an increase in the incidence of disease among
humans. One of the organs that are adversely impacted is the lung. Develop an efficient
contactless diagnosis and decision support system that makes use of applied intelligence in
order to cut down on the mortality rate that is caused by COVID-19. This can be
accomplished by improving the accuracy of early detection as well as the severity levels of
people infected with the corona virus. To acquire a better knowledge of illness progression,
significant medical and technological advancement in image preprocessing, segmentation,

and classification of COVID-19 pictures is still required.

One of the main causes of death on a global scale, pneumonia poses a serious threat to human
life. An estimated 1.4 million children worldwide succumb to pneumonia annually,
highlighting the devastating impact on this vulnerable population. Surprisingly, 18% of this
concerning figure is attributed to youngsters younger than five years old. To better
understand the scope of respiratory sickness, researchers analyzed data from the Behavioral
Risk Factor Surveillance System (BRFSS) 2020 survey. In twenty-nine states plus DC, the
poll indicated that 9.2% of adults and 7.5% of children had asthma in the given survey
period. In addition, chronic lung disorders affected 34.8 million Americans, or 13.7% of the

population.

It takes work to learn how common asthma and chronic COVID-19 illness are in a given
area among adults. We achieve this by comparing the 2020 BRFSS state prevalence rates by
age group with the Chronic Disease Prevention and Health Promotion website's age-specific
resident populations at the county level [22]. This method yields a thorough assessment of
adult asthma and chronic Covid-19 illness prevalence in the local area, providing useful
insights into the health landscape. So, considering this pandemic situation and current
scenario, it is a good time to contribute to the solution of above mention problem given the
power of computers as well as the substantial amount of data that is currently being made
available to the general public. The objective is to provide a greater contribution to the

community by creating a reliable method for predicting lung disease, with the goal of



lowering medical costs and providing assistance to people who are unable to pay for
necessary medical care using deep learning methods.

Obijective of research

The objective of the research work is to develop “A Deep Learning based Prediction model
for Covid 19 disease by using Chest X-ray Images on DenseNet and MobileNet”. To identify
the presence of as Covid, normal and viral Pneumonia in Chest X-rays pictures employing

the image padding technique with deep learning approach.

The research's specific aims include as follows:

e To introduce and give the differences between different deep learning techniques used
for Covid 19 disease detection.

e To compare the various deep learning methods for better accuracy

o To implement a dynamic feature propagation recommended for improving the
performance of native CNN models for Covid 19 illness classification using the Mobile
Net and Dense Net.

o Tocompute a performance matrix based on five assessment metrics: accuracy, precision,
recall, f1-score, and AUC.

o Use the best architecture to detect Covid 19 disease in three categories: Covid, normal,
and viral Pneumonia.

o The results of the suggested model were contrasted with those of a Mobile Net approach
and a native CNN methodology. The results showed that the suggested model
outperformed the native methods, suggesting that the strategy can be applied in real-

world scenarios.

Research methodology

The present research aims at doing and implementing a Novel Approach for Prediction of
Covid 19 disease Using Chest X-ray Images based on Dense Net and Mobile Net system to
critically evaluate any abnormality in the lung region. The proposed research will contribute
to medical science and deep learning area in a significant manner. The system is

implemented using a specific set of deep learning technologies.



Python programming, with Anaconda Spyder development tool for debugging, is used to
construct the proposed framework. Chest X-ray (Covid-19 & Pneumonia dataset) is the
source of the data set that is being considered from the Kaggle public repository. It is made
up of pictures that were gathered from several websites' data repositories, including GitHub,
Kaggle, Radiohelia, and the Italian Society of Radiology (SIRM) and Fig share is also
included. The dataset is arranged in two directories named "train" and "test,” and each of
these two folders contains three subfolders (COVID19, PNEUMONIA, and NORMAL) [22,
109]. The During the experiment, a total of 6,939 samples were utilized, with each group

utilizing 2,313 each class. Some examples of images used are presented in Figure 1.1.
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Figure 1.1. Samples from the dataset: Normal (healthy), pneumonia and COVID-19

Scope of the thesis

As part of this investigation, a classification strategy that makes use of neural networks is
offered as a potential method for determining the presence of Covid 19 disease i.e., Normal



(healthy), pneumonia and COVID-19 based on chest X-ray images. Using a use case Mobile
Net and Dense net model of neural network, this research study was carried out to evaluate
the chest X-ray images. The chest X-ray images dataset can be used to categories and

forecast lung ailments using the method that has been proposed.



2. LITERATURE REVIEW

Deep learning approaches have proven to be incredibly effective, with many machine
learning techniques demonstrating remarkable performance in image categorization.
Notably, similar methods are now being used to automate the detection of a variety of
disorders [23, 24]. The phrase "machine learning" refers to models that can learn and make
intelligent decisions based on large datasets. Speech recognition, translation, and visual
perception are just a few examples of the kinds of jobs that deep learning can do with
computations and predictions [25, 26]. To better assist doctors and radiologists in their work,
researchers are combining their resources. Finding the best network for medical image
processing and radiography has involved looking into a number of Al methods [27]. When
it comes to medical image processing, CNN have really stood out, particularly for their

exceptional performance in picture segmentation, localization, and classification [28].

The primary goal of this chapter is to provide a comprehensive review of the literature,
providing a general overview of chest X-ray examinations and the wide range of deep
learning and machine learning approaches used in this study for the automatic screening and
diagnosis of Covid-19 disease in chest X-rays. Researchers, like Babukarthik et al. [29],
have drawn attention to the growing number of COVID-19 cases, underlining the critical
need for speedier and more cost-effective treatment options. Their research focuses on
predicting whether a person has COVID-19 by studying chest X-ray pictures. They test its
fitness and compare it to other models such as VGG16, SqueezeNet, ResNet50, DenseNet-
121, and ResNet18 using Genetic Deep Learning CNN. Based on their analytical findings,

their model emerged as a top performer after a thorough comparison.

Minaee, Shervin, et al. [30] investigated the global impact of COVID-19 and emphasized
the vital role of early identification in its effective treatment. Recognizing the importance of
early detection, which leads to faster treatment and fewer cases, the team selected a dataset
of over 5000 Chest X-ray pictures. SqueezeNet, DenseNet-12, ResNet50, and ResNet18

deep learning models were subjected to extensive testing.

To optimize results, the dataset was rigorously separated into test and train sets, each
including around 2000 and 3000 chest X-ray pictures. Their methods produced an
impressive specificity rate of roughly 90% and a sensitivity rate of around 98%. Using a
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rigorous study, the researchers primarily used a transferred learning strategy, which is very
useful when working with small samples. Given the dataset limits, they fine-tuned the
Convolutional Neural Network's final layer for feature extraction, improving result
accuracy. Model evaluation included four essential parameters—Specificity, Sensitivity,
AUC, and ROC—and all models indicated a remarkable specificity and sensitivity of
approximately 90%, laying the groundwork for future efforts on larger datasets.

Cohen, Joseph Paul, et al. [31] and colleagues embarked on early-stage COVID detection,
recognizing the world's rising hotspots. In the absence of immunizations, the need to detect
and address illness progression became critical. To create a complete research dataset, chest
X-ray pictures were obtained from over 26 countries, necessitating the use of methods such
as leaving out entire continents or countries to reduce biases. To predict the severity of
COVID-19, Logistic Regression and Linear Regression approaches were used, resulting in

the production of a robust dataset with over 20 outcomes.

Using a number of well-known deep learning techniques with strong predictive capabilities,
Panwar, et al. [32] and their study cohort focused on COVID-19 early detection. Color
visualization was their main forte, and they utilized three crucial datasets for it: COVID-19
chest X-ray images, COV-2 CT-scan, and pneumonia chest X-ray images. Researchers
painstakingly studied patterns in pneumonia and COVID-19 since the diseases' symptoms
are so same. A color visualization tool based on Grad CAM was utilized to enhance the data’

interpretability.

Heidari, Morteza, and colleagues [33] focused their attention on COVID-19 disease, noting
its infectious nature and the vital need of early identification. The emphasis on early
detection not only aids in efficient therapy but also plays a critical role in illness control.
They used a chest X-ray dataset to forecast cases of pneumonia, COVID, and normal, and
they developed a new computer-aided diagnosis (CAD) system to sort images into these
three categories. With sensitivity and specificity close to 98%, the system attained an

impressive 94.5% accuracy.

Alazab, Moutaz, and colleagues [34] focused their efforts on the quick propagation of
COVID, employing 1000 actual Chest X-RAY Images for more precise results. Predictions
were made using Deep Learning Techniques such the prophet algorithm, long short-term
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memory neural network, and autoregressive integrated moving average model. Their main
focus was on estimating the casualties, cases of recovery, and confirmations for the
following seven days, with a special emphasis on non-coastal regions like Jordan and
Australia. The model was helpful in regions with high infection rates; it showed visual

predictions for India, and Australia.

Tahia Tazin et al. [35] revealed findings from a study that used a convolutional neural
network (CNN) to detect brain cancers from X-ray pictures. The study focused on improving
accuracy through the use of a transfer learning technique. MobileNetV2 had the highest
accuracy (92%), InceptionV3 had 91%, and VGG19 had 88%. These exact classifications
aid in early cancer detection, allowing for timely treatment and avoiding negative physical

consequences.

Using an adjusted version of the MobileNetV2 model, Abdelbaki Souid et al. [36] developed
a method for categorizing and diagnosing illnesses in the lungs based on frontal thoracic X-
ray images. The NIH database was used to investigate transfer learning and metadata
leveraging. The study produced an average AUC of 0.81 and a 90% accuracy, highlighting
the importance of dataset resampling in improving model performance. Given the prevalence
of COVID-19 and related respiratory diseases, a precise and timely diagnosis is critical. X-
ray scans are a prominent diagnostic technique; nevertheless, their accuracy is dependent on

radiologists' interpretation skills, which can be a source of controversy among them.

The suggested work took a different approach than previous methods in the field, which
mostly used genetic algorithms, convolutional neural network (CNN) models, or deep
learning algorithms to classify COVID-19 illnesses. The goals of the project were to solve
the issues of robust lung disease prediction and fading gradients, as well as to construct a
trainable model for low-power devices. You can find a summary of the latest relevant work,

the approaches used, and the corresponding accuracy in Table 2.1.
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Table 2.1. Recent related work of Chest X-ray

Study

Approach

Dataset

Results

[37]

Convolutional Neural
Network

NIH Chest X-ray Dataset

Accuracy: 88.2%

Precision: 89.6%, Recall:
84.4%

F1-score: 0.90

Area Under ROC Curve
(AUC): 0.92

(38]

Transfer Learning

CheXpert Dataset

Accuracy: 93.2%

Precision: 93.2%, Recall:
90.4%

F1-score: 0.95

Area Under ROC Curve
(AUC): 0.92

[39]

Generative Adversarial
Networks

Kaggle Chest X-ray Dataset

Accuracy: 89%

Precision: 85.6%, Recall:
82.4%

F1-score: 0.86

Area Under ROC Curve
(AUC): 0.89

[40]

Attention Mechanism

ChestX-ray14 Dataset

Accuracy: 92.5%

Precision: 90%, Recall: 94%
F1-score: 0.95

Area Under ROC Curve
(AUC): 0.94

[41]

Ensemble Methods

RSNA  Pneumonia
Challenge Dataset

Detection

Accuracy: 88.6%

Precision: 86.6%,

Recall: 84.4%

F1-score: 0.85

Area Under ROC Curve
(AUC): 0.92

[42]

Convolutional Neural
Network

MIMIC-CXR Dataset

Accuracy: 90%
Precision: 87%,
Recall: 92%,
F1-Score: 89%
Curve (AUC): 0.90

[43]

Transfer Learning

ChestX-ray14 Dataset

Accuracy: 94.5%

Precision: 93%, Recall: 94%
F1-score: 0.96

Accuracy: 92%

Precision: 91%, Recall: 93%
F1-score: 0.94

AUC: 0.93

[44]

Convolutional Neural
Network

Shenzhen Hospital Dataset

Accuracy: 94.1%

Precision: 95%, Recall: 96%
F1-score: 0.93

AUC: 0.91

[45]

Transfer Learning

ChestX-ray8 Dataset

Accuracy: 90%

Precision: 94%, Recall: 91%
F1-score: 0.93

AUC: 0.935
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2.1. Chest X-Ray as a Diagnostic Image

Chest X-ray imaging is a cornerstone in medical diagnostics, serving an important role in
the detection and monitoring of a variety of lung disorders. This imaging technique uses X-
ray radiation to produce comprehensive images of the chest, providing essential insight into
the structures and any anomalies within the thoracic cavity [46].

A chest X-ray process involves the patient standing or sitting in front of an X-ray machine.
The photons from the X-ray are subsequently directed through the body, interacting with the
tissues they come into contact with. The X-ray machine consists of an X-ray tube that emits
a precisely controlled number of X-rays and a detector that collects the radiation transmitted
through the body. The X-ray beam is focused into the patient's chest, and the image is created
as X-ray photons undergo differential attenuation, which is impacted by the variable density

and composition of encountered tissues.

This method of diagnosis is especially useful in analyzing illnesses such as pneumonia, lung
cancer, tuberculosis, and other pulmonary ailments. Chest X-ray imaging assists healthcare
personnel in identifying anomalies, determining the extent of injury or infection, and guiding
treatment options by allowing them to examine internal structures. Its broad use extends to
emergency situations where rapid assessments of respiratory problems are crucial, and it is

commonly incorporated into standard medical examinations.

While chest X-ray imaging provides quick, non-invasive results, it is critical to recognize
ionizing radiation exposure. Despite the low doses, healthcare providers follow established
safety standards to reduce radiation exposure while prioritizing patient well-being. The
advantages of this imaging technology, such as its efficiency and non-invasiveness,

frequently exceed the hazards, particularly in urgent diagnostic situations.

Through the incorporation of digital radiography, technological improvements have further
refined chest X-ray imaging. This advancement allows for faster image acquisition, higher
image quality, and more convenient digital image storage and retrieval. The move to digital
platforms improves diagnostic interpretation and seamless exchange among healthcare
providers. The detector records the transmitted X-ray photons, producing a grayscale image

that represents the variations in X-ray intensity [47]. The resulting chest X-ray image
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provides visual information about the bones, lungs, heart, and other thoracic structures.
These images are typically viewed and interpreted by radiologists or other medical
professionals to identify signs of abnormalities or diseases. The interpretation of chest X-
ray images requires expertise and knowledge of anatomical structures and pathological
patterns. Radiologists examine the pictures for Covid 19 disease signs such as lung opacities,
consolidations, nodules, pleural effusion, and other abnormalities. They assess the size,
location, shape, and characteristics of the observed structures to arrive at a diagnosis or

recommend further investigations [48].

Despite the widespread use of chest X-ray imaging, it is important to recognize its
limitations. Chest X-rays provide a two-dimensional projection of the thoracic cavity, which
can sometimes result in overlapping structures and reduced spatial resolution. Additionally,
certain conditions or abnormalities may be subtle or difficult to detect on a chest X-ray,
necessitating further imaging modalities like computed tomography (CT) or magnetic

resonance imaging (MRI) for a more detailed evaluation.
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Figure 2.1. Steps of detection the chest X-ray condition [49]
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2.1.1. Interpretation of chest x-rays

Interpretation of chest X-rays plays a crucial role in diagnosing Covid 19 disease and
assessing thoracic abnormalities. Radiologists and medical professionals carefully analyze
chest X-ray images to identify and interpret various anatomical structures and signs of
potential diseases. Understanding the key features and abnormalities observed in chest X-
rays is essential for accurate diagnosis and appropriate patient management [50]. Chest X-
ray images provide valuable information about the lungs, heart, bones, and other thoracic
structures. Radiologists examine these images to evaluate the overall quality, positioning,
and technical factors affecting image clarity. They look for specific anatomical landmarks
and structures, such as the ribs, clavicles, scapulae, and spine, which provide reference points
for orientation and localization of abnormalities. Radiologists focus on identifying
abnormalities or signs of diseases in chest X-ray images [51]. These abnormalities can
include lung opacities, pleural effusion, nodules, consolidations, pneumothorax, and
cardiomegaly, among others. Understanding the appearance and characteristics of these
findings helps in formulating a diagnosis. For instance, lung opacities refer to areas of
increased density or haziness in the lung fields. They can indicate various conditions such
as pneumonia, lung infiltrates, or tumors. Radiologists assess the size, distribution, shape,
and density of these opacities to differentiate between different pathologies. Pleural effusion,
on the other hand, refers to an abnormal collection of fluid in the pleural space surrounding
the lungs. It appears as a blunting or haziness of the costophrenic angles or as a meniscus-
shaped density on the X-ray image [52]. Radiologists evaluate the amount, location, and
characteristics of the effusion to determine its etiology, such as infection, malignancy, or
heart failure. Nodules, which are small rounded opacities in the lung fields, can be benign
or malignant. Radiologists assess the size, shape, margins, and calcification patterns of
nodules to determine their likelihood of being cancerous. The location and presence of
associated features, such as lymphadenopathy or metastases, are also important
considerations in the interpretation. To interpret chest X-rays accurately, radiologists rely on
their expertise, experience, and knowledge of specific disease patterns. They compare the
observed findings with normal anatomy and pathological manifestations to arrive at a
diagnosis or recommend further investigations, such as additional imaging tests or

interventions [53].
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It is important to note that the interpretation of chest X-rays can be challenging and
subjective, and it requires ongoing education and training to maintain proficiency.
Radiologists often collaborate with other specialists, such as pulmonologists or thoracic

surgeons, to ensure comprehensive and accurate diagnoses.

2.1.2. Role of chest x-ray in covid 19 disease diagnosis

When it comes to diagnosing and evaluating different types of COVID-19 disease, chest X-
ray imaging is crucial. In addition to revealing important details about the lungs, it aids in
the detection of anomalies that might point to pulmonary diseases [54]. For efficient patient
management and treatment, it is crucial to understand the role of chest X-ray in COVID-19
illness diagnosis. Because of their widespread availability, low cost, and capacity to offer a
bird's-eye perspective of the chest, chest X-rays are frequently utilized as the principal
imaging modality for assessing COVID-19 disease. Infections, tumors, inflammations, and
structural abnormalities are just few of the many lung diseases that they can help detect and
evaluate. It is common practice to begin imaging with chest X-rays for diagnosing lung
ilinesses like pneumonia. They have the ability to show where the lung parenchyma has
consolidated, which shows up as localized opacities. In order to establish the degree and
severity of the infection, radiologists evaluate the size, position, and distribution of these

opacities [55].

Additionally, chest X-rays can help differentiate between bacterial, viral, and fungal
pneumonias based on certain radiographic patterns. Chest X-rays also play a critical role in
the detection and evaluation of lung tumors. They can reveal suspicious nodules or masses,
indicating the presence of lung cancer or metastatic lesions. Radiologists analyze the size,
shape, margins, and location of these abnormalities to determine the likelihood of
malignancy. Furthermore, chest X-rays may show signs of advanced lung cancer, such as
lung collapse, pleural effusion, or lymphadenopathy, aiding in staging and treatment
planning. In addition to infections and tumors, chest X-rays assist in diagnosing other Covid
19 disease. For instance, they can reveal signs of chronic obstructive pulmonary disease
(COPD), such as hyperinflation, flattened diaphragms, and bullae. They can also show
characteristic findings of interstitial Covid 19 disease, including reticular or nodular
opacities, honeycombing, or ground-glass opacities. It is important to note that while chest

X-rays provide valuable information, they have limitations. The two-dimensional nature of
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chest X-rays can result in overlapping structures and reduced sensitivity in detecting subtle
abnormalities. In cases where further evaluation is required or when detailed anatomical
information is needed, additional imaging modalities like computed tomography (CT) or

magnetic resonance imaging (MRI) may be necessary [56].
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Figure 2.2. Steps of an Al tool to classify chest X-rays [56].
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2.1.3. Chest x-ray image datasets

Chest X-ray image datasets play a crucial role in the development and evaluation of deep
learning models for Covid 19 disease diagnosis. These datasets are used to train and test the
models to achieve accurate predictions. Some of the most commonly used chest X-ray image
datasets for deep learning-based Covid 19 disease diagnosis are discussed below:

1. ChestX-rayl4: This is one of the most extensively used datasets for deep learning-based
chest X-ray image interpretation. It includes 112,120 frontal-view chest X-ray scans of
30,805 different individuals, as well as 14 illness designations for each image. Wang et
al. [57] initially presented the dataset in 2017.

2. Pad Chest: This dataset was introduced in 2018 by Bustos et al. [58]. It contains a total
of 160,868 chest X-ray images with 174 different radiological findings, including
various Covid 19 disease. The dataset also includes metadata such as patient
demographics, acquisition parameters, and radiological reports.

3. Montgomery County X-ray Set: This dataset contains a total of 138 posterior-anterior
chest X-ray images of patients with active tuberculosis and 80 normal chest X-ray
images. The dataset was introduced in 1999 by Jaeger et al. [59] and is commonly used
for tuberculosis diagnosis.

4. Shenzhen Hospital X-ray Set: This dataset contains a total of 662 frontal-view chest X-
ray images, including 326 normal images and 336 images with tuberculosis. The dataset
was introduced in 2018 by Jaeger et al. [60].

5. CheXpert: This dataset contains a total of 224,316 chest X-ray images of 65,240 patients,
along with radiologist-labeled disease labels. The dataset was introduced in 2019 by
Irvin et al. [61].

The dataset used in this research is described in the section 3.2. These chest X-ray image
datasets have played a significant role in the development of deep learning-based models for
Covid 19 disease diagnosis and have enabled researchers to achieve high accuracy in disease

detection.
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2.2. Radiographic Signs and Findings in Chest X-Rays

Chest X-rays provide valuable information about the thoracic cavity and can reveal various
radiographic signs and findings indicative of different Covid 19 disease. Understanding
these signs and findings is essential for accurate interpretation and diagnosis. The following
are some common radiographic signs and findings observed in chest X-rays [62].

2.2.1. Lung opacities and consolidations

e Lung opacities refer to areas of increased density in the lung parenchyma, indicating
abnormalities. They can be caused by infections, inflammation, edema, or tumors.
Opacities may appear as hazy areas, nodules, or consolidations.

e Consolidations occur when the lung tissue becomes solid due to the filling of alveoli
with fluid or inflammatory exudates. They often indicate pneumonia or other infectious

processes [63].

2.2.2. Pleural effusion and pneumothorax

The buildup of fluid in the region surrounding the lungs, known as the pleural effusion, is a
medical condition. It appears as a blunted costophrenic angle and meniscus sign on chest X-

rays.

e Pneumothorax occurs when air accumulates in the pleural space, causing lung collapse.

It appears as a hyperlucent area with absent lung markings [64].

2.3. Machine Learning Methods

Machine Learning (ML) is a pattern recognition technology that may be applied to the
interpretation of medical imaging reports. ML is a dominant technique for assisting in
medical representation analyses, but in most situations, it begins with the computation of
picture attributes that are deemed to be significant in the process of creating the prediction
or diagnostic of interest [65]. This is true even if machine learning can aid in the rendering
of medical diagnostics. Following that, the machine learning algorithm system will identify

which image attributes work together to generate the most accurate image categorization or
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the most accurate computation of some metric for the specific image region. Deep learning
is a very new technology that has just recently gained popularity. One advantage of utilizing
this method is that it eliminates the need for the first step of calculating and identifying
picture attributes; rather, feature identification occurs as part of the learning process. ML has
already been deployed in the field of medical imaging, and its significance will only rise in
the next years. Those who work in medical imaging need to have a solid understanding of
how machine learning functions. Machine learning is currently being employed in a wide
variety of fields that are not related to health. It plays an important part in a variety of
activities, including speech recognition and translation between languages, autonomous

navigation of cars, and product suggestions [66].

The term "machine learning" refers to a set of computing algorithms and approaches that
allow computers to acquire new skills and become better at what they do over time. Data
analysis, pattern recognition, computer vision, NLP, and countless more domains make

extensive use of these techniques [67].

Machine learning relies on a number of different approaches, each with its unique features
and potential uses. A few of the most popular ones are these:

1. Supervised Learning: When the goal variable or output is known, this technique uses
labelled data to train a ML model. By analyzing the input-output pairs, the model is able
to learn and extrapolate new information. Neural networks, SVMs, DT, RF, and LR are
some of the most popular supervised learning methods.

2. Unsupervised Learning: When the objective variable is unknown, unsupervised learning
is used to train a model instead of supervised learning, which uses labeled data. The
objective is to unearth the data's latent structures, correlations, or patterns. Clustering
algorithms like hierarchical clustering, and GMM are common unsupervised learning
algorithms. PCA and t-distributed stochastic neighbor embedding (t-SNE) are examples
of dimensionality reduction approaches.

3. Reinforcement Learning: The main goal of this approach is to teach an agent how to
navigate its surroundings and perform activities that will maximize a reward signal. By
receiving rewards or penalties according to its activities, the agent is able to learn by
doing. Several activities have found success with reinforcement learning, including

game playing (e.g., AlphaGo), autonomous driving, and robots.
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4. Deep Learning: A branch of ML, DL focuses on ANNSs, and more specifically, ANNs
having several layers. Computer vision, NLP, and speech recognition are just a few of
the many areas where these networks have proven to be highly effective. They can
automatically develop hierarchical representations of data. Among the many deep
learning architectures available, two of the most well-known are RNNs and CNNSs.

5. Transfer Learning: Employs models that have been trained on massive datasets for a
different task. Making use of the knowledge acquired from a single task, the model may
potentially generalize and adjust to new problems with less labeled data. When labelled
data is limited or model deployment time is of the essence, transfer learning has shown
to be a viable option.

6. Ensemble Learning: To achieve better results, ensemble learning integrates numerous
ML models. Ensemble approaches produce better outcomes by lowering the likelihood
of overfitting and increasing the likelihood of generalization by combining predictions
from multiple models. Stacking, bagging, and boosting are common ensemble
approaches. Examples of boosting algorithms are AdaBoost and Gradient Boosting.

7. Bayesian Methods: To account for ambiguity and arrive at forecasts, Bayesian
approaches employ probability theory. These techniques use Bayes' theorem to update
previously acquired knowledge based on new observations. Numerous applications rely
on Bayesian inference and Bayesian networks. These include medical diagnosis,

recommendation systems, and spam filtering, among others.

It should be noted that new approaches and techniques are produced on a regular basis in the
field of machine learning. To overcome obstacles and enhance the capabilities and
performance of machine learning algorithms, researchers and practitioners are constantly

looking for new and creative ways to do things. The graphic shows how the ML methods.
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Figure 2.3. ML approaches [67]

2.3.1. Supervised learning

Supervised learning is a machine learning approach in which a model trains from labeled
training data to generate predictions or categorize fresh, unseen data. The training dataset in
supervised learning comprises of input features (independent variables) and matching output
labels (dependent variables) or goal values. By reducing the difference between its projected
outcomes, the model hopes to discover the underlying link between the input attributes and
the output labels. Once trained, the model may use this previously learnt connection to

generate predictions on fresh, previously unknown data [68].

Image classification, voice recognition, medical diagnosis, and natural language processing

are just a few of the many disciplines that have widely utilized supervised learning.
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Figure 2.4. Process of Supervised learning [69]

2.3.2. Unsupervised learning

In unsupervised learning, models learn structures and patterns in unlabeled data without
human intervention or labelled samples. Unsupervised learning algorithms set out to
discover patterns, correlations, or structures in the data independently, as opposed to

supervised learning [70].

Without prior knowledge of the right output labels, the model in unsupervised learning
investigates the data in search of significant patterns. Clustering and dimensionality
reduction are two examples of such tasks; in the former, the model groups data points that
are related and in the latter, it finds a lower-dimensional representation of the data while
retaining its key properties.

Unsupervised learning has numerous applications, including anomaly detection, customer

segmentation, recommender systems, and exploratory data analysis.
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Figure 2.5. Indicts of Unsupervised Learning [71]

2.3.3. Reinforcement learning

One kind of machine learning known as "reinforcement learning™ teaches agents how to
maximize their reward signals through specific interactions with their surroundings. In this
model, the agent learns by doing, with incentives and punishments serving as feedback on

its performance.

Agents engage in environmental behaviors in reinforcement learning, with feedback in the
form of rewards or penalties depending on the outcomes of those actions. The objective of
the agent is to maximize the cumulative reward over time by learning a policy or set of rules
that connect states to actions. As it takes actions to investigate its environment, the agent
learns, via trial and error, which behaviors yield bigger rewards. The agent, their
surroundings, and the reward signal are the three primary actors in reinforcement learning.
The environment changes to a new state and gives the agent a reward when the agent chooses
activities depending on its current condition. To maximize the predicted cumulative reward,

the agent must learn the best policy [72].
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2.4. Deep Learning Methods

Deep Learning (DL), a fresh area of study the realm of machine learning. It first appeared
on the market in 2006. Often referred to by its technical name, "deep neural network

learning,” "deep learning™ is a cutting-edge study topic that has quickly gained in popularity
and is yielding impressive results. At the beginning, it was referred to as hierarchical learning
[74], and it is currently known as deep learning. In most cases, it incorporates a wide range
of research topics associated to shape recognition. The fundamental focus of deep learning
is on taking into consideration the following two primary aspects: the use of non-linear
processing across a number of stages or layers and the use of either supervised or
unsupervised learning [75]. Recently, medical image analysis has made use of deep learning
techniques, which have shown promise in several applications like segmentation and
registration. Many people are looking to DNNSs, and more specifically CNNs, to solve the

problems associated with medical imaging [76].

It used to be that human experts like radiologists and doctors were the only ones allowed to
evaluate medical images in a clinical setting. Regardless, computer-assisted therapies have
just recently started to help researchers and doctors. This is because human specialists may
be exhausted and there are vast differences in pathology. While computational medical
image analysis is still behind the times when compared to medical imaging technology

advancements, it has been making progress with the use of machine learning techniques.
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Meaningful feature extraction and representation are the foundations of machine learning's
capacity to do its intended tasks. When analyzing data using machine learning, this is indeed
the case. Based on their knowledge of the target areas, human professionals have usually
designed features that are relevant or task-related. Since human experts are required to
develop relevant or task-related qualities, it is difficult for non-experts to employ machine
learning approaches in their own research. However, by incorporating feature engineering
into the learning step, deep learning has successfully solved these obstacles. In order for
deep learning to learn the informative representations on its own, all it needs is a dataset,
maybe pre-processed. What this implies is that it does not use a labor-intensive approach to
character extraction. Now that computers are doing feature engineering instead of humans,
even those without a background in machine learning can leverage deep learning for their
own projects, especially in the field of medical picture analysis. Because ML methodology
can now be adopted by individuals and feature engineering can be left to machines, this is
the case [77].

Finding patterns in photographs is where CNN shines, the most popular deep learning
algorithm now in use. Convolutional neural networks (CNNs) mimic the structure and
function of the human brain by mimicking its architecture and consisting of trainable
neurons with predefined biases and weights. On average, each neuron receives many inputs.
The next step is to add up all of the inputs while considering their weights. Then, an
activation function is used to provide an output based on the weighted total. The use of
convolution layers is what sets convolutional neural networks apart from its non-
convolutional counterparts [78]. Three distinct kinds of layer convolutional, pooling, and
fully connecte make up a convolutional neural network (CNN). Multiple layers make up a
CNN. Simply said, the convolutional layer performs a convolutional operation. A linear
view of convolution is possible due to the fact that it is a multiplication of an input by a set
of weights. A kernel or filter is the name given to the set of weights. The filter is unable to
process the incoming data set due to its size. When you multiply the input by itself, you get
the dot product, which is proportional to the size of the filter. After that, we add the dot
product value, which gives us one integer. It is the responsibility of this layer to generate the
activation. Additional information regarding CNN can be found in the reference number
[40]. Two main components are typically used by CNN during learning: feature extraction
and categorization. It is common practice to employ a filter or kernel to conduct convolution

on the input data during the feature extraction step. The making of a feature map follows.
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The CNN will calculate the likelihood that the image matches to a specific label or class
during the classification step of the procedure. Itis notably beneficial for picture
categorization and identification since it automatically learns characteristics rather than
requiring the user to manually extract those qualities [79, 80]. Transfer learning is another
method that may be used to retrain CNN and apply it to an entirely new field. Transfer
learning has been demonstrated to generate improved categorization results [81].

Deep Belief Networks (DBN) are an extra deep learning algorithm. As mentioned in [82,
83], each layer in the DBN serves two distinct functions. The nodes preceding this layer use
it as a hidden layer, whereas the ones following it use it as an input layer. This layer fulfils
both of these functions. The first RBM is designed to mimic the input used to train a DBN
as precisely as possible. Following that. This process is repeated over and over again until
all of the layers of the network have been trained. It is possible to utilize DBN to recognize
objects contained inside still photos, video sequences, and motion capture data. There is

additional information regarding DBN that can be found in [84, 85].

Within the scope of BOVW, image qualities replace "words." Picture features are distinct
patterns within an image that can be identified. The primary idea behind BOVW is to
characterise a picture as a collection of features, each with its own set of important points
and descriptors. An image's key points remain the same no matter how the image is altered,
whether it is rotated, resized, or enlarged. This is because key points are the most prominent
features of an image. The explanation of the central idea is known as the descriptor. It is
possible to build languages with the help of key points and descriptors, and each image can
be represented as a frequency histogram of its features. One can determine the class of the
image by looking at the frequency histogram and then finding other photos that are similar
to the one being analyzed. The classification of tuberculosis was suggested by Lopes and
Valiati using the Bag of CNN characteristics [86].
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3. MATERIAL AND METHODS

Image processing techniques, as described in reference [59], play a vital role in the initial
processing of pictures, comprising critical tasks such as noise reduction, sharpening,
deblurring, binarization, contrast enhancement, and object segmentation. The inclusion of
unclear, low-contrast, or otherwise defective photos has been extensively reported in
research as a serious obstacle to the accuracy of classification algorithms. The use of such
photos in machine learning models raises questions about their ability to recognize objects
correctly. When confronted with such difficult-to-decipher images, the insertion of metadata
becomes critical for the accurate interpretation and categorization of these images within a
model. To avoid the need to rely on information for the classification of these complex

images, we present a variety of methods for cleaning images before training neural networks.

This chapter looks deeply into how deep learning techniques and Convolutional Neural
Networks (CNNs) can be used to accurately classify chest X-ray pictures. Furthermore, we
performed extensive evaluations of several pre-processing techniques like as thresholding,

blurring, and histogram equalization.

3.1. Research Workflow

In the intricate realm of this COVID detection research workflow as shown in Figure 3.1,

several pivotal stages emerge as the linchpins to crafting a precise and efficacious detection

framework.
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Figure 3.1. Proposed methodology flow for covid detection

3.1.1. Stage 1: data collection

Initiating this odyssey is the cardinal task of amassing an exhaustive repository of thoracic
X-ray depictions. This repository demands an eclectic compendium of visuals spanning the
gamut from COVID-19 afflicted subjects, individuals in the prime of health, to those
grappling with viral pneumonia. To substantiate credibility, these visual portrayals
necessitate an echelon of excellence, with conspicuous demarcations signifying the subjects’
COVID-19 status.

The first critical step is to collect a large collection of chest X-ray pictures. This dataset
should include photos from COVID-19 patients, normal patients, and patients with viral
pneumonia. These photos should be of high quality and clearly labelled with the patient's
COVID-19 status to ensure reliability.
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3.1.2. Stage 2: image preprocessing

Following the assemblage of the repository, the mandate extends to the art of visual
preening. This delicate maneuver ensures that all visual manifestations adhere to a
standardized paradigm concerning dimensions and aspect ratio. Canonical procedures
encompass resizing the visual renderings, grayscale conversions where requisite, and the
normalization of pixel values, thus rendering them amenable for meticulous scrutiny and

analysis.

It is critical to preprocess the photos after collecting the dataset. This step guarantees that all
photos have the same size and format. Typical preprocessing operations include scaling
images, turning them to grayscale if necessary, and normalizing pixel values to prepare them

for analysis.

3.1.3. Step 3: dataset splitting

The efficacy of the deep learning model's training and evaluation hinges upon the judicious
partitioning of your repository into three distinct strata: the training cohort, the testing, and
the testing cohort. The training corpus is consecrated to honing the model's acumen, whilst
the testing set serves as the crucible for assessing its mettle during the formative phases.
Lastly, the testing domain serves as the crucible for ascertaining the model's
universalizability. We chose an 80% training and 20% testing dataset split, as it yielded the
highest accuracy compared to other percentages. Common allotment proportions typically

approximate 80% for training, 10% for testing, and 10% for testing.

Separate your dataset into training and testing sets for optimal deep learning model training
and analysis. There are three sets of data used in machine learning: the training set, the
testing set, and the evaluation set. The training set is used to train the model, and the
evaluation set measures how well the model generalizes. The usual distribution is as follows:
80% training, 10% testing, and 10% testing.
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3.1.4. Stage 4: data augmentation

To engender an exponential augmentation of your training repository and bestow upon your
model an aura of invincibility, contemplate the strategic deployment of data amplification
stratagems. These stratagems pivot on the whims of stochastic transformation, as extant
visuals are subjected to capricious modulations comprising cropping, mirroring, and
rotation—yielding a panoply of avant-garde variations. Data amplification functions as a
linchpin, enhancing the model's aptitude in parsing the intricate tapestry of COVID-19
patterns.

Consider using data augmentation techniques to enlarge your training dataset and improve
model robustness. To create new variations, these approaches entail applying random
adjustments to existing images, such as cropping, flipping, and rotating. Data augmentation
improve the quality and visibility of image, which becomes easier to understand by the

model. Data augmentation can help improve the model's recognition of COVID-19 patterns.

3.1.5. Stage 5: feature extraction

The ardent champions in your arsenal, Convolutional Neural Networks (CNNs), ascend to
the fore, armed with the singular mission of distilling salient features from the canvas of
thoracic X-ray portraits. These neural denizens are meticulously trained to discern the telltale
patterns and intricate nuances underpinning COVID-19 manifestations. The extracted
features, akin to precious gems, form the currency of exchange for the impending machine

learning contrivance.

To extract relevant information from chest X-ray pictures, Convolutional Neural Networks
(CNNs) are used. CNNSs are trained to recognize patterns and features related to COVID-19.

The retrieved features are used as input for the machine learning model that follows.
3.1.6. Stage 6: model training
The chosen archetype is then inducted into a rigorous regimen of conditioning, anointed with

the elixir of features extracted in the antecedent phase. Depending on the properties of the

dataset and your desired performance goals, choose a suitable deep learning model, such as



33

a CNN, or a neural network. Using the extracted features from the previous step, train the

chosen model.

3.1.7. Stage 7: model evaluation

Using the testing set, assess the trained model's performance. Assess the model's accuracy,
precision, recall, F1 score, and other relevant variables using appropriate evaluation metrics.

This stage determines whether the model is ready to be deployed on new data.

3.1.8. Stage 8: prediction on new data

Once the model emerges from the gauntlet of scrutiny, battle-hardened and validated, it
stands ready to unfurl its prophetic mantle upon new entrants to its domain—the thoracic X-
ray portraits. Here, the model bequeaths unto each visage probability scores, a numeric

testament to the likelihood of COVID-19's insidious embrace.

In this step we utilized the trained model to predict the COVID-19 status of new chest X-ray
pictures once it has been properly evaluated and proved to perform well. For each image,
the model will generate a probability score reflecting the possibility that the patient is
infected with COVID-19.

Importantly, the features of the dataset and the deep learning model employed might affect
the specifics of each step. The construction of an accurate and dependable COVID-19
detection system is the goal of this comprehensive procedure.

3.2. Datasets

This research two datasets to make broader comparison for this research. Both the datasets

are publically available on the kaggle. Let’s discuss each datasets insight separately;

3.2.1. Covid19-dataset

This dataset (Covid19-dataset) has been painstakingly divided into two groups: those with
tuberculosis and those with normal health conditions. These datasets are freely available to
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the public via Kaggle and have been generously given by the National Institutes of Health
(NIH) [22]. A thorough preparation process is carried out prior to using the input data for

network training to guarantee that the data is optimized and ready for use.

According to Figure 3.2, dataset distribution consists of a train set and a test set, each of
which has three separate classes: COVID-19, Normal, and Viral pneumonia. There are 70
images for COVID-19, 70 images for normal patients, and 111 images for viral pneumonia
in the train set. The test set includes 20 COVID-19 photos, 20 normal cases, and 26 viral

pneumonia images.

This dataset distribution is balanced in that each class has an approximately similar amount
of photos in both the training and test sets. This balance is critical in order for the machine
learning model to learn and categories the various image classes with equal accuracy.
However, when analyzing this dataset distribution, there are a few things to keep in mind:

The number of photographs in each class may not adequately reflect the true prevalence of
certain medical disorders in the general community. For example, because COVID-19 is
more common than viral pneumonia, there may be a greater representation of COVID-19
photos in the collection.

The dataset may not cover the full range of disease severity within each class. Some COVID-
19 patients may have more severe symptoms, and their X-ray images may be included more
frequently, thereby influencing the dataset's representativeness.

When evaluating the performance of your machine learning model on this dataset, it is
critical to take these factors into account. While the distribution appears to be fairly balanced,
it is important to realize that the dataset may not completely reflect real-world prevalence
and severity, which can affect the model's performance. Overall, this dataset distribution
provides a solid foundation for training and assessing a COVID detection machine learning

model.
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Figure 3.2. Training and testing data distribution of Covid19-dataset

The following Table 3.1 shows some important parameters that are defined in model.

Table 3.1. Important Parameters

Input target size 256 x 256

Colour mode input samples of chest X-rays are set to grayscale
Batch size 10

Class mode Three (Normal, Covid & Viral Pneumonia)

Table 3.1 lists the model's essential parameters. These features include a 256 x 256 pixel

input target size, a grayscale color mode for chest X-ray samples, a batch size of 10 for

processing, and a classification mode with three classes: Normal, Covid, and Viral

Pneumonia.

After the data have been preprocessed, the sample images that will be used in the training

phase are shown in Figure 3.3.
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(a) Normal (b) Covid (c) Viral Pneumonia

Figure 3.3. Some Sample Images for Train the model

3.2.2. Chest X-ray (Covid-19 & Pneumonia)

The dataset has been painstakingly organized for use in deep learning tasks. It is organized
into two primary folders: "train" and "test,"” which serve different functions in model creation
and evaluation. Each of these files contains three subfolders: "COVID19," "PNEUMONIA,"
and "NORMALL." These subfolders organize the photographs according to their categories.

The dataset contains 5,014 X-ray images in total, representing a wide range of medical
disorders and healthy instances. These photos are required for training and testing machine

learning models that can recognize various health issues.

A frequent practice is to dedicate a subset of the dataset for testing to ensure a robust
evaluation of model performance. In this scenario, 20% of the total photos have been
reserved for testing. This separation enables that the model's performance can be evaluated
on data that it did not see during training, providing a reliable measure of its generalization
capacity.

Overall, this well-structured dataset makes it easier to design and test machine learning

models for detecting COVID-19, pneumonia, and normal patients using X-ray pictures.

This research strategy appears to be comprehensive and well-structured. Each of these

phases is critical to the success of your research:
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Data Preparation: This research used publically available dataset [101]. Here's the training
set of the dataset and the distribution presented in Figure 3.4:

Here's the training set of the dataset:

e COVID-19: 467: This means that the training set has 467 chest X-ray images labelled as
COVID-19 instances. These are X-ray images of people who have been diagnosed with
COVID-19.

e NORMAL: 1,241: There are 1,241 chest X-ray images in the training set labelled
"NORMAL." These photos are considered typical reference X-rays because they show
people with no apparent lung anomalies.

e PNEUMONIA: 1,709: Included in the training set are 1,709 chest X-ray images labelled
"PNEUMONIA." These photos depict examples of viral or bacterial pneumonia, a
disorder with symptoms similar to COVID-19.

e Here's the testing set of the dataset:

e COVID-19: 109: This means that the testing dataset contains 109 COVID-19-labeled
chest X-ray pictures. Individuals with COVID-19 have been identified in these photos.

e NORMAL: 342: There are 342 chest X-ray images in the testing dataset labelled as
"NORMAL." These photos show X-rays of people who have no significant lung
anomalies.

e PNEUMONIA: 1,146: The testing dataset also includes 1,146 images of chest X-rays
labelled "PNEUMONIA." These photos represent examples of viral or bacterial

pneumonia, a disorder with symptoms similar to COVID-19.
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3.3. Preprocessing Techniques

Image quality is improved by the use of preprocessing in order to facilitate more accurate
analysis of the data it contains. Preprocessing can increase some of the features that are
required for a given activity while also reducing any undesirable distortion. The most
significant challenge presented by deep learning is overfitting. To lessen the effects of
overfitting, the pre-processing stage employs the data augmentation approach. Resizing,
scaling, cropping, flipping, and rotating are a few of the more popular data augmentation
techniques [97].

The following are some techniques to data augmentation:
1. Resizing: The images are all different sizes, so it is necessary to resize them before

moving on to the next step. This is because the differences make it more difficult to
prepare the model. All of the images are scaled down to a specific dimension, such as
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224 pixels by 224 pixels or 299 pixels by 299 pixels, so that the dataset can be applied
to a wider range of situations [61].

2. Flipping or Rotating: The sample size of datasets can benefit from using this method. It
is common practice to flip the axis in both the horizontal and the vertical directions.

3. Resizing: It is common method utilized for the purpose of augmentation. There is no
requirement for the utilization of complete parts of the images. As a direct consequence
of this, the cropping method was implemented by the researchers in order to cut down
on duplication.

4. Brightness or Intensity adjusting: Brightness adjustments—both increases and
decreases—must be made to images before performing any kind of analysis, as these

adjustments are essential to the process.

3.4. Feature Extraction Methods

Since the extracted features define the key elements of the pictures being categorized, feature
extraction is a crucial step in the classification process. The extraction of visual
characteristics benefits greatly from the use of Convolutional Neural Network (CNN). They
are often used in computer vision techniques as well as convolutional neural networks as a

direct result of this.

When given input photos, deep learning algorithms, like the convolutional neural network,
assign weights and biases (also known as learnable) to distinctive properties or objects,
which are then distinguished from one another. CNN requires far less pre-processing than
other classification techniques. The manual development of filters is a crucial part of the
fundamental approaches; however, given enough training, CNNs are capable of learning

these features and filters.

3.5. Model Selection

3.5.1. Convolutional neural network

In this study, models based on Convolutional Neural Network (CNN) were used to recognize

Covid-19, Healthy, and pneumonia from digital chest X-rays. The major distinction between

neural networks and convolutional neural networks is the use of convolutions in the network
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layers to extract and map features for use in training various classifiers or repressors.
Convolutional neural networks perform their functions very similarly to neural networks.
Convolutions are mathematical operations that go over an image matrix, extracting smaller
matrices from it, and then mapping each of those smaller matrices to a single value by
making use of the same weight. The output that was produced as a consequence of the earlier
input is typically referred to as a feature map or activation map. During the training phase of
the process, the kernel weights are altered by employing forward and backward propagation,
as well as a variety of various optimizers, learning rates, and other hyper parameters [87].

This is done in order to minimize a loss function.

CNN architecture

CNN layers extract significant features before transmitting them to the fully connected layer,
which categorizes them [88]. The CNN structure consists of feature extraction and
categorization. Convolution layers, Batch Normalization (BN), ReLU (Rectified Liner
Unit), Activation Function (AF), dropout, and max-pooling are all part of the feature

extraction stage [89].

| Conv2D with 32 Kernal |

l

Max Pooling 2D (2,2) |

l

Conv2D with 32 Kernal |

|

| Max Pooling 2d (2,2) |

l

| Dropout |

| Flatten |

l

| Four Dense Layer |

| Normal | | Covid | | Pneumonia |

Figure 3.5. Architecture of used CNN model
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The block diagram of the used CNN based classification system for lung dieses detection is

given in Figure 3.5. To build a CNN model we used following layer as shown in this figure.

1. The Convolutional layer starts with a lower filter value such as 32 and begins to increase
it layer wise.

2. Construct the model by beginning with a layer of Conv2D and then moving on to a layer
of MaxPooling 2 x 2.

3. Itis recommended that the kernel size be 3x3, which is an odd integer.

4. ReLU used for activation function

5. Image width and height are taken into account by the input shape, with the final
dimension serving as the colour channel.

6. After the CNN layers, the input is flattened, and the ANN layers are added.

7. Applying sigmoid activation function for binary classification and if the difficulty is

multicategory, activation function used is softmax.

3.5.2. MobileNet

One CNN that has found widespread use in embedded and mobile computer vision systems
is MobileNet. Lightweight deep neural networks that use depth-wise separable convolutions
are the basis of these systems, which have the ability to reduce latency for embedded and
mobile devices [90]. The architecture of MobileNet is defined by two distinct steps:
depthwise and pointwise convolution. Following the completion of down sampling for each
feature map, following two procedures are executed. Now running as depthwise convolution,
the first stage primarily focuses on the filtering process. To combine the results, a second

pointwise convolution must be executed [91].

In contrast to conventional convolutions, depthwise convolution is conducted only once
when dealing with input channels. Incorporating a 1X1 filter convolution into its processes,
this layer passes through pointwise convolution to produce a linear output combination. The
MobileNet architecture deviates from traditional CNNs in that it uses ReLU and Batch
Normalization instead of a single 3X3 convolution. In contrast to more conventional
convolutional neural networks, MobileNet takes a novel method [92]. MobileNet uses a

depthwise 3X3 convolution kernel first, and subsequently, for each input channel separately,
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it uses a pointwise 1X1 convolution. This fresh method improves the network's efficiency

without sacrificing precision.

The use of depthwise convolutions by MobileNet is crucial since it reduces the number of
parameters compared to networks that use regular convolutions. The end result is a collection
of very efficient deep neural networks that are quite low in weight. For the purpose of
training tiny, quick classifiers, Google has made available the MobileNet CNN class through
its open-source initiative. This method is a huge step forward since it makes it easier to create

neural network designs that are both efficient and streamlined.

Depthwise separable convolution

In order to be complete, Dense-MobileNet employs depth-wise separable convolution. This
block has two convolutional layers as well as a depth-wise layer. The first layer's input data
are the results of the previous depth-wise separable convolution layers' output. As illustrated

in Figure 3.6, the dense block structure depicted here has only one dense link [93].

Depthwise Point
convolution convolution Depthwise
with stride 2

/ -
Point

convolution .
convolution

with stride 1

Figure 3.6. Dense-MobileNet model [93]

The normal convolution process is shown in Figure 3.7. Suppose if the input data of size is
considered to be Df x Df x M in a Normal Convolution process, where D x Ds can be the
size of the image and M is the number of channels, the result is a Normal Convolution. Let's
say there are N filters or kernels, each of which has the dimensions Dk x Dk X M. If an

ordinary convolution process is carried out, then the size of the output will be Dp x Dp X N.
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Figure 3.7. Normal Convolution operation

A depth-wise separable convolution is one that is followed by a pointwise convolution. Two

distinct approaches are combined to produce a depth-wise separable convolution [94].

e Depth wise Convolution

e Point wise convolution

In the first step, known as depth-wise convolution, we apply a convolution on the input
image without making any adjustments to the depth. To this end, we make use of three
kernels with the dimensions 5 by 5 by 1. The output of each 5x5x1 kernel is an 8x8x1 image.
This is accomplished by iterating one channel of the image and obtaining the scalar products
of every 25 pixel group. When stack these images together, we obtain an image that is 8 by
8 by 3. So, in this case, the filters/kernels will be Dk x Dk x 1. Given that the input data
contains M channels, M such filters are necessary. Figure 3.8 depicts the output size of Dp
x Dp x M.
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Figure 3.8. Depth Wise Convolution

The second pointwise convolution is so named because it uses a 1x1 kernel, commonly
known as a kernel that iterates across all points. The number of channels in the input image
is utilized to calculate the depth of this kernel, which is equal to that number. As a result, in
order to obtain an 8x8x1 image, we must first run a 1x1x3 kernel over the existing 8x8x3
image. As a result, the dimensions of the filter that will be used to carry out this procedure
will be 1 x 1 x M. If we utilize N of these filters, the output size will be Dp times that number

multiplied by N.

Therefore, for overall operation:

Total multiplications= Depth wise multiplications + Point wise multiplication (3.1)
Total multiplication = M * Di?* Dp? + M * Dy? * N (3.2)
So for depth wise separable convolution operation

Total multiplication = M * Dp? * (Di®+ N) (3.3)

3.5.3. DenseNet

The DenseNet (Dense Convolutional Network) design aims to assist deep learning networks
get deeper while also making them more cost-effective for training. This is accomplished by
using shorter connections between the architecture's levels. Each layer of the DenseNet's
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convolutional neural network is connected to all of the other levels deeper in the network's
structure. This means that the first layer is linked to the second, third, fourth, and fifth layers,
and so on, whereas the second layer is linked to the third, fourth, and fifth layers, and so on.
This process is repeated until all of the layers are joined. This is done to ensure that the
various tiers of the network may communicate as much information as possible with one
another. Each layer is responsible for receiving inputs from all levels preceding it and
distributing its own feature maps to all layers following it in the network. This is done so

that the network can maintain its feed-forward structure [95].

The dense interconnections between the layers of DenseNet, an example of a convolutional
neural network, are what set it apart from other types. Dense Blocks, an innovative feature
of DenseNet, link each layer of the network to every other layer directly. Information flows
more smoothly and features may be reused more easily thanks to this complex network

design.

Dense Blocks and Transition Layers are two essential parts of DenseNet, apart from the
basic convolutional and pooling layers. As its name suggests, Dense Blocks encourage dense
connections by directly connecting each layer within the block. The network's capacity to
grasp complex characteristics and gradients is improved by this arrangement of connections,
leading to better learning. To improve the network's overall efficiency, transition layers

compress data both spatially and channel-wise.

DenseNet procedure

The DenseNet design develops in a sequential fashion, beginning with an initial layer that
contains basic convolution and pooling processes. After this comes a transition layer, which
is followed by a dense block; the process is then repeated with more dense blocks and
transition levels. The last section has a thick block followed by a layer for classification. All
of these parts work together to make the network what it is today. At the outset, the first
convolutional block uses 64 seven-by-seven filters with a stride of 2. The next layer is
MaxPooling, which uses a 3x3 pooling size with a 2 stride. All of the next parts are based
on this sequence. A strict sequence is required for the definition of the convolutional block:
batch normalization comes first, then ReLU activation, and finally the Conv2D layer. This

organized structure guarantees that each convolutional block handles input data correctly.
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Two convolutions, one using a 1x1 kernel and the other a 3x3 kernel, define each Dense
Block. In dense block 1, this pattern appears six times; in dense block 2, twelve times; in
dense block 3, twenty-four times; and finally, in dense block 4, sixteen times. Specifically,
compared to previous iterations, each dense block's 1x1 convolutions have four times as
many filters. The input and output tensors are guaranteed to be connected in this particular
configuration by means of 4*filters.

The careful layout of DenseNet's convolutional and dense blocks shows that the design team
put a lot of research into making sure that feature extraction and network connectivity are
both optimized. Because of these deliberate decisions, the network is able to capture

complex information and encourage efficient learning.

Defining the transition layer - We are going to reduce the number of channels in the
transition layer so that there are just half as many as the total number of channels that are
being utilized at the moment. There is also an average pooling layer that is 2x2 in size and
has a stride of 2, in addition to a convolutional layer that has a size of 1x1 for each of its
units. It is not necessary for us to declare the kernel size directly once again because it has
already been determined in the bn rl conv function that it would be 1x1.

During the transition layers, we are needed to continue removing channels until we are down
to fifty percent of the total number of channels. Since we have access to the x input tensor,
our first order of business is to count the number of channels while also isolating fifty percent
of them. Therefore, since we have access to the Keras backend (K), we can utilize it to extract
the dimension of the tensor x by providing it with the tensor itself. In addition, the very final
figure on that form, which represents the total number of filters, is the only one of its
components that we require. So we add -1. In conclusion, all that remains to be done in order
for us to accomplish what we set out to achieve is cut in half the number of filters we are

using.

Therefore, the process of defining the transition layers and the dense blocks is complete. At
this point, we must pile the dense blocks and the transition layers atop one another.
Therefore, we build a for loop that will iterate through the repetitions 6, 12, 24, and 16.

Therefore, the loop executes four times, with each iteration selecting a value from the range
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6, 12, 24, or 16. This concludes the construction of the four dense blocks as well as the

transition layers.

After the very last output layer comes a component known as Global AveragePooling, which
is located at the very end of the process. As we can see in the code block that has just been
brought to our attention, the letter ’d’ is used to indicate the dense block. After the
completion of the fourth dense block, the information moves immediately into the
classification layer, hence there is no need for a transition layer 4 in the very last layer.
Therefore, the connection that is designated by’d’ rather than the connection that is denoted
by 'x' is the one to which the GlobalAveragePooling method is applied. Another option
would be to delete the ‘for' loop from the preceding code and stack the levels one after the

other without the final transition layer.

Densely connected convolutional networks (Densenet)

DenseNet has recently been proved to be one of the best approaches for visual object
detection [64]. ResNet-like, but with a few major differences. The architecture is kept as
simple as possible to enable for the greatest potential level of connectivity across the
network'’s various tiers. As the feature map was scaled throughout the network, the densely
connected neural network, known as Dense Net, was built by directly linking each layer to
all subsequent levels. These diverse network topologies were the catalysts for interlayer
communication. Unlike many other networks, DenseNets, including ResNet, links the layer's
output feature map to the input feature map rather than summing it. Different revisions of
this framework (DenseNet101, DenseNet169, and DenseNet201) accept 224x224 pixel

inputs.

3.6. Fitting the Model (Model Setup)

The train set, testing set to determine testing loss and accuracy, class weights, callback list,
and the number of epochs are all given in order to fit the model. Learning Rate - The goal of
utilizing stochastic gradient descent during training is to obtain the least amount of loss
between the training set's actual and anticipated values. The approach to loss minimization
involves a few steps. Adam is an adaptive learning rate approach, which means it computes

distinct learning rates for each of the different parameters.
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1.

4.

Loss function - Because this is a binary classification, the binary cross entropy is used
during training for loss evaluation.

Metrics - A calculation was performed to measure how frequently real labels match
forecasts. Based on the loss, it will calculate the training and testing accuracy.

Callback list - In this work, early stopping is utilized to halt the epochs depending on
some metric and criteria, such as reducing the learning rate when a metric has ceased
improving. This prevents the model from becoming over-fit to the data, which might
cause issues. Once learning has reached a plateau, it is generally advantageous for
models to slow down their knowledge acquisition by a ratio of two to ten. This call-back
monitors a specific quantity, and if no noticeable improvement is seen after a
predetermined amount of time (the "patience™), the learning rate is slowed.

Applying Class Weights - It emphasizes applying class weights for each class,
particularly the minority class, so that the model can learn from all classes in a

comparable manner.

The hyper-parameters that are adjusted before beginning the training process are detailed in

Figure 3.9.

Hyper-parameters

Convolutional layers, Max-pooling (2 x 2)
ReLU, Kernels 32 and 64 (3 x 3)

Classification layers:
Dense, Sigmoid activation function

SGD optimizer, Binary cross entropy

Figure 3.9. Training Process Hyper-parameter
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3.7. Training and Testing

A deep learning algorithm, transfer learning, and an ensemble are all part of these
components. Deep learning algorithms include CNNs, RNNs, MPNNSs, and deep belief
networks, among others. Due to the vast number of possible permutations, the learning
procedures of various algorithms vary. Some algorithms work better with specific kinds of
data. The use of CNN is highly beneficial when dealing with images. The chosen deep
learning algorithm should be based on the properties of the supplied data. What we call
"transfer learning™ happens when one model teaches another. The classification procedure
makes use of what is called a "ensemble"” of models. Knowledge transfer and Two methods
that can be employed to save training time, enhance classification accuracy, and minimize

overfitting are ensemble learning and transfer learning.

The process that neural networks go through in order to carry out the learning operation is
referred to as "training™ in this context. During training [98], the network is supplied with
the returned features, and based on the mistakes it makes, the network is modified. When
there is no longer any generalization progress, as shown by a rise in the mean square error
of the testing samples, training will automatically end. In machine learning, the act of
evaluating a network'’s generalizability is known as testing

Testing does not influence the training process, and as a result, it provides an independent
measurement of network performance both during and after training. The image is then
subjected to a capable neural network for testing, and it is compared with images that were
used for training in the past in order to calculate the percentage of accurate and incorrect
calculations. During testing, which was very similar to the process of training, received
images went through all of the preprocessing steps and were made available to the network
for simulation. The input in a simulation of a network object represents image data, and the
output imitates the network. Simulation is the method of network object. After the images
have been examined, the correct counter and error counter for each image in the database

are incremented, and the system then provides the results it has determined to be accurate.
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3.8. Performance Criteria

A standard measurement is used to verify both the acceptance error and the rejection error

in order to assess the level of success achieved by the system. They can be defined as under:

e Classification Confusion Matrix

e F1 Score

e Accuracy
e Recall

e Precision

e Receiver Operation Characteristic

3.8.1. Classification confusion matrix

One measure that can be used to determine how well the neural network has fitted the data
is called the confusion plot. In any investigation, each sample can be represented graphically
in the confusion matrix, which provides an estimate of the proportion of appropriate to
inappropriate classifications. It provides what is known as the confusion value, which
indicates the proportion of incorrectly classified cases. The correct classifications are
represented by green squares on the diagonal of the matrix, while incorrect classifications

are represented by red squares [99].

Initially, the purpose of developing the confusion matrix was to serve the purpose of
performing an analysis on the results of the binomial classification. As a consequence of
this, the very first thing that needs to be done is to decide which of the two classes will serve
as the class of interest, and the positive class should be the one chosen. In the target column,
we need to decide (in a totally arbitrary manner) which value will stand for the positive class.
After that, the other value is instantly labelled as part of the negative category because it fits
the criteria. Figure 3.10 shows illustration of a confusion matrix that can be used for binary

classification.
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Confusion Matrix Predicted
Class1 Class2 Class3
Class 1 A B C
Actual Class 2 D F
Class 3 G H

] True positivesill True Negatives [l Misclassified cases.

Figure 3.10. Confusion matrix

The counts from both expected and actual values are included in confusion matrices. The
amount of successfully detected negative situations is shown in the "TN" output, which

stands for "True Negative".

A diagnostic test result is termed a true positive when it reveals the existence of disease in a
patient who has previously been diagnosed with the disease and when the same test also
indicates the presence of disease. A diagnostic test yields a true negative result when it can
be proved that a disease does not exist in a patient and the test also reveals that the disease
does not exist (TN). A consistent result between the diagnostic test and the known illness is
shown by the existence of both true positive and true negative findings, sometimes referred
to as the standard of truth. There isn't a medical test that is flawless, though. A diagnostic
test result is considered false positive (FP) if it indicates that a patient has an illness when
they actually don't. In a similar vein, a false negative test result indicates that a patient who
is unmistakably afflicted with the condition in issue does not have the illness (FN). Both
false positive and false negative results imply that the test was performed improperly and

that the condition being tested for does not actually.
3.8.2. F1 Score

In binary classification, the F1 score is a popular metric for evaluating the model's
performance that takes recall and precision into account. Recall evaluates the model's
capacity to capture all positive instances, whereas precision examines the accuracy of the
model's positive predictions. A well-rounded evaluation of a model's performance is

provided by the F1 score, which is the harmonic mean of recall and precision.
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To get the F1 score, which is the harmonic mean of recall and precision, the formula is as

follows:

2.P.R

F1Score = —— (3.4)

This metric ranges from 0 to 1, where 1 indicates perfect precision and recall, and 0 indicates
poor performance. The harmonic mean is used to balance precision and recall, penalizing
extreme values and providing a more representative measure of a model's effectiveness in

handling both false positives and false negatives.

3.8.3. Accuracy

One of the most often used metrics for classification activities is accuracy. The accuracy of
a model utilizing a confusion matrix is determined using the formula described below. The

following formula is provided.

TP+TN

Accuracy = ———
Y = IP+FP+FN+ TN

(3.5)

If TP is the value that indicates a true positive, then the prediction is accurate. On the other
hand, if FP is the value that indicates a false positive, then the prediction that an abnormality
IS present is inaccurate. Where TN is the value that indicates a true negative, meaning that
there is no abnormality present in a healthy person, and FN represents the fact that there is

no recognition of a malignant lesion found, the latter turns out to be false.

There are alternative measures that are based on confusion matrix that might be useful for
measuring performance since accuracy can generate false results when used on datasets that
are not uniformly distributed. The "confusion matrix function, which is a part of the
"sklearn™ module, may be used to generate confusion matrices in Python [100]. Simply enter
"from sklearn.metrics import confusion matrix" in the import window to import this function
into Python. Users must supply the function with both their actual and expected values in

order to get the confusion matrix.
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3.8.4. Recall

We divide the total number of unfavorable events in the dataset by the number of true
positive. This includes the true positive (TP), which represents the instances of positive or

actual class correctly recognized by the model divided by the TP and the false negative (FN).

TP
TP+FN

Recall = (3.6)

3.8.5. Precision

The sensitivity of a diagnostic test is the percentage of true positives that it accurately
detects. It shows the test's sensitivity to illness detection. A diagnostic test's specificity is
defined as the percentage of true negatives that it accurately detects. It shows how well the
test can identify unfavorable scenarios (typical conditions). Accuracy is defined as the
percentage of actual results in a population, which may be actual positive or actual negative
results. It evaluates a diagnostic test's accuracy when used to diagnose a problem and then

summarizes its results.

TP
TP+FP

Precision =

3.7)

The sensitivity of a diagnostic test can be measured in terms of its numerical values, which
indicate the likelihood that it will correctly identify patients as having the disease in question.
The lower the likelihood that a diagnostic test will produce false-positive results, the higher
the numerical value of sensitivity should be. For instance, if the sensitivity is 99%, this
indicates that if we perform a diagnostic test on a patient who is suspected of having a
particular disease, there is a 99% chance that we will determine that the patient has that
disease. An examination using tents with a high degree of sensitivity, with the goal of
identifying all of the potential positive conditions without overlooking anyone. As a result,

a test that has a high sensitivity is frequently utilized when screening for disease.
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3.8.6. Receiver operation characteristic (ROC)

The metric receiver operating characteristic is the most important tool for ensuring the
quality of classifiers, which is the most important thing that needs to be done (ROC). The
receiver operating characteristic (ROC) analyses outputs by applying threshold values that
range from O to 1 to each class of a classifier. It is necessary to take into account both the
TP Ratio and the FP Ratio when determining each threshold. By dividing the sum of all
outputs that are equal to or higher than the threshold by the sum of all one-dimensional
objectives, we may find the True Positive Ratio. When all goals are set to zero, the number
of outputs below the threshold is divided by the total number of targets to produce the False

Positive Ratio.
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Figure 3.11. Receiver operating characteristics

A plot of receiver operating characteristics (ROC), also known as the receiver operating
curve, is shown in Figure 3.11. The genuine acceptance rate (GAR) is plotted along the y-
axis and the false acceptance rate (FAR) is plotted along the x-axis for analysing system
performance. The true positive rate (TPR) versus false positive rate (FPR) for a certain

diagnostic test can be calculated. Where;



FPR =

FP+TN TP+FN
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(3.8)

Table 3.2 provides a summary of the commonly used classification based on the area under

the curve (AUC) for diagnostic tests. The AUC range between 0.9 to 1 is considered as

excellent.

Table 3.2. ROC AUC accuracy classification range

ROC AUC SCORE CLASSIFICATION
0.9<AUC<1.0 Excellent
0.8<AUC<0.9 Good
0.7<AUC<0.8 Worthless
0.6<AUC<0.7 Not Good
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4. PROPOSED METHODOLGY

To achieve the study's objectives, this chapter proposes an approach that uses the Keras
framework for classifying and predicting COVID-19 in chest X-ray pictures. The goal is to
give a clear and short explanation of the implemented method. There are a total of 6749
photographs used in the two datasets, which we retrieved and classified from various web
sources in advance of the planned work [22, 101]. This study aims to use a Convolutional
Neural Network (CNN), a MobileNet (RNN), and additional Densenet layers to forecast and
categorize thoracic and chest diseases using X-ray images.

Low-power devices are ideal for the association mechanism known as MobileNet. We first
pixel-reduced all of the chest X-ray images before feeding them into a pre-trained model to
extract characteristics. Following normalization, all of the photos were brought up to
standard using the pre-trained model.

4.1. Classification of Covid 19 Disease Using State of-The-Art Deep Learning
Architectures

The ability of CNN to categories images in a variety of scenarios is undeniable. There are
numerous CNN versions developed to increase performance according on the characteristics
of a particular dataset. Furthermore, CNNs are intended to automate the picture preparation
effort required to prepare inputs for classification. First, we adopt CNN-based classification
algorithms for chest x-ray categorization in our work. While machine learning algorithms
have advanced greatly in recent years, there are currently few publically available medical
image datasets. CNNs' end-to-end learning architecture is responsible for the categorization
and attribute extraction. CNNs have layers that are pooling, fully connected, and
convolutional. The formation of the network architecture and the construction of a high
degree of distinguishable feature set for classification are both accomplished by employing
the pooling and convolution layers in a sequential order. The fully connected layers require
a categorization performance that makes use of the feature set obtained from the layers that
came before it. In CNN model training, the traditional back propagation algorithm modifies

a significant number of the model's parameters.
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We employ the ReLU technique to add a non-linear activation function to the feature map
produced by the convolution process. The max-pooling layer's objective is to conjugate the
semantically convenient features that were brought up from the layer below it. The max-
pooling layer is responsible for carrying out the down-sampling operation by first dividing
the layer beneath it into rectangular pooling regions, and then determining the value that

represents the maximum of each of those regions.

The last level of CNNs includes a fully linked layer as well as a softmax classifier. The
completely linked layer, which sits between the preceding layer and the classification layer,
is in charge of transmission. In a nutshell, the fully connected layers can be divided into
three stages. During the initial stage of the procedure, the convolution and pooling layer
results are flattened and turned to a column vector. This column vector will be used as the
second stage's input layer. The previous stage's results are used as inputs for the feature
analysis in the second stage, and weights are added to forecast the true labels. The last step
is to choose the prediction scores that will eventually be applied to each class label. The

general architecture of the employed CNN is shown in Figure 4.1.
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2D)

dense_2 (Dense)

"sequential"
Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 224, 224, 64) =§792 —
conv2d 1 (Conv2D) (None, 224, 224, 64) 36928
max_pooling2d (MaxPooling2D (None, 112, 112, 64) 0
conv2d_ 2 (Conv2D) (None, 112, 112, 12B) 73856
conv2d_ 3 (Conv2D) (None, 112, 112, 128B) 147584
max_pooling2d 1 (MaxPooling (None, 56, 56, 128) 0
conv2d 4 (Conv2D) (None, 56, 56, 256) 295168
conv2d 5 (Conv2D) (None, 56, 56, 256) 590080
conv2d_6 (Conv2D) (None, 56, 56, 256) 590080
max_pooling2d 2 (MaxPooling (None, 28, 28, 256) 0
conv2d_7 (Conv2D) (None, 28, 28, 512) 1180160
conv2d 8 (Conv2D) (None, 28, 2B, 512) 2359808
conv2d_9 (Conv2D) (None, 28, 28, 512) 2359808
max_pooling2d 3 (MaxPooling (None, 14, 14, 512) 0
conv2d 10 (Conv2D) (None, 14, 14, 512) 2359808
conv2d 11 (Conv2D) (None, 14, 14, 512) 2359808
conv2d 12 (Conv2D) (None, 14, 14, 512) 2359808
max_pooling2d 4 (MaxPooling (None, 7, 7, 512) 0
flatten (Flatten) (None, 25088B) 0
dense (Dense) (None, 4096) 102764544
dense_1 (Dense) (None, 4096) 16781312

(None, 2) 8194

Figure 4.1. Convolution neural network architecture

4.2. Proposed Approach

59

Robust prediction of COVID-19 disease and decreasing gradients with fewer parameters

required to train the model are both addressed by the suggested approach. The use of
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dynamic feature propagation with Mobile Net and Dense Net guarantees uninterrupted
information delivery. The experiment is run using Dense Net version 201, which is
DenseNet201. Since it takes an array of chest x-ray images as input, we'll utilize a library
function to transform the image into an array-compatible format. It is well-known that the
pre-processing step is a crucial part of the whole workflow in image analysis. In addition to
enhancing the original image, it can also reduce noise and extraneous objects. In this study,
we apply the basic processing methods to the image dataset at our disposal. The procedure
for image categorization included the use of a CNN. When it comes to picture classification,
the CNN model can get close to matching human accuracy. Convolution layers with pooling
and bunch normalizing techniques attached to each other form what is essentially a
convolution network. There has been extensive use of CNNs in image processing techniques

due to the many advantages they provide.

A convolutional neural network with eight layers was employed in the suggested method.
The two components of Conv2D are the ReL.U activation function and a convolution layer
with thirty-two filters, each with a 3 by 3 measurement. The two 2-by-2 MaxPooling layers.
The Dropout layer aids in avoiding overfitting by arbitrarily and at a specified rate setting
input to zero at each stage of training. In this particular experiment, the pace is set at 0.8.
Without any extra parameters, the data flattening layer (Flatten) was utilized. The activation
function ReLU is applied using the Dense layer, with the unit parameters set at 128. The
final product is an activation function called SoftMax applied to a Dense layer with three

unit parameters. Figure 4.2 illustrates the general procedure of the suggested method.
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3x3 Conv2D Convolution Layer

|

RelLU Activation Function

2x2 Max Pooling Layer

Dropout Layer

Batch Normalization

RelU

Depth wise Separable Convolution

Dense Layer with SoftMax

Normal Covid Pneumonia

Figure 4.2. A flow chart representing the proposed method

When all of the chest X-ray images have been tagged, we employ the DenseNet with four
dense blocks that have equal levels of (224x224) input picture blocks. The input images are
convolutioned with a total of sixteen independent output channels before moving on to the
first dense block. A constant-sized feature map is guaranteed by employing 3x3
convolutional layers with zero padding on either side. Our activation function is Relu, and
after 1x1 convolution, we utilize 2x2 average pooling. A pooling average and a classifier,
specifically softmax, are applied once the last dense block is completed. Fully configured
using a loss function of "sparse_categorical_crossentropy,” twenty iterations for every 64-
batches size, and a DenseNet config with the hidden-layer of MobileNet specified as "adam”
for the optimizer. Trials utilizing this approach yielded encouraging outcomes. Four
metrics—F1-score, recall, accuracy, and precision—were used to evaluate the algorithms. A

confusion matrix was used to derive the parameters.
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4.2.1. Preparation for training model

In this research, the supervised ML method was used in conjunction with MobileNet, a DNN.
We have randomly divided the entire dataset into two parts: a training set that contains 70%
of the data and a testing set that contains 30% of the data. This will allow us to make
predictions based on the data. The next step was to use the image embedding widget to insert
the images. Inception V3 Embedder was utilized in this case. Once all the images were
embedded, they were fed into several models to learn how to categorize chest X-rays as

normal, pneumonia, COVID-19, or lung opacity.

During the preparation stages, the datasets are loaded and randomly turned into images using
the TensorFlow and Keras packages. A maximum of 64 images per batch can be used for
training purposes. To start, we gave the MobileNet some inputs (224x224 in size) to work
with. To further aid in reducing the feature dimension, the pooling layer 2D (2X2) filter is
utilized when dealing with spatial data. Every neuron that is linked to the output has a full
connection to the dense layer. Randomly selected neurons make up dropout layers. The next
step is to classify the images using optimization approaches and activation functions such as
ReLU and Sigmoid.
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5. RESULTS AND DISCUSSION

AUC, F1-score, accuracy, precision, and recall were some of the many factors used to
compile the prediction findings. To measure how well the prediction model worked, one

uses area under the ROC.

5.1. Results of Covid19-dataset

5.1.1. Result of MobileNet model

The results of the performance matrix, including the Fl1-score, recall, and precision, for
MobileNet are displayed in Table 5.1. With a value of 1 for normal and 0.87 for COVID-19
cases of viral pneumonia, respectively, the precision is better. The recall value was found to
be 1 for cases of COVID-19 and viral pneumonia and 0.85 for normal, the lowest possible
value. The F1 function incorporates both recall and precision. In a case of viral pneumonia,
the F1-score is 0.93, while in a normal case it is 0.92 and in a covid-19 condition it is 1. By
doing so, we may determine the current state of the precision to recall ratio. The Table 5.1
represents the classification report of the MobileNet model and also presents the Area Under
the Curve (AUC) score using the Covid19-dataset. The training accuracy for the “MobileNet
“model is indicated as 100%. This signifies that the model properly classified all occurrences
throughout the training phase. The "Average" testing accuracy, on the other hand, is stated
as 92.16%. During the testing phase, this shows the overall accuracy across all classes.

Table 5.1. Results of the MobileNet performance matrix

Performance Matrix Criteria
Class N Training Testing
F1-Score Recall Precision AUC Accuracy Accuracy
(%) (%)
Normal 0.92 0.85 1 0.88
COVID-19 1 1 1 1
Viral Pneumonia 0.93 1 0.87 0.95 100 92.16
Average 0.95 0.95 0.95 0.94

As illustrated in Figure 5.1, the confusion matrix provides insights into the performance of
the MobileNet model. When diagnosing COVID-19 cases, the model exhibited perfect
precision by correctly identifying all 26 instances and making no errors by classifying them
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as normal or viral pneumonia. In contrast, the situation was slightly different for normal
cases. While the model successfully classified 17 of these, it wrongly identified 3 normal
instances as viral pneumonia. For instances of viral pneumonia, the model demonstrated

impeccable accuracy, correctly categorizing all 20 cases without any misclassification.

Confusion Matrix
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Figure 5.1. Confusion matrix of MobileNet

Even though the MobileNet model made a few errors in classifying normal cases as viral
pneumonia, its overall effectiveness is undeniable. It demonstrated outstanding accuracy in
diagnosing both COVID-19 and viral pneumonia cases. Hence, despite the minor
inaccuracies, the model exhibits a strong performance based on the high accuracy rate across

all three classes.

As shown in Figure 5.2, the results of these performance matrices are graphically
represented. The training and testing classes Figures 5.3 and 5.4 display the accuracy and
loss graphs for the MobileNet model that was used. Figure clearly shows that as the neural

network progresses through its epochs, the testing and training losses reduce.



1,2

1 11 11
0,86 0,83 0,88
0,8
0,8 0,75
0,
0
0,
0

F1-Score Recall Precision AUC

1
0,95

(o))

S

N

B Normal ®COVID-19 m Viral Pneumonia

Figure 5.2. Graph of Obtained results of test accuracy for MobileNet

Training Accuracy and Testing Accuracy
1.0
0.9
0.8
>
@ 0.7
| -
=]
&‘ﬂ 0.6
0.5
0.4 —— Training Accuracy
—— Testing Accuracy
0.3
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Epochs
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Figure 5.4. Training loss and testing loss of mobile Net model

Figure 5.5 also displays Mobile Net's ROC curve. As with the chest x-ray dataset, this

Mobile Net graph provides a 100% region for COVID-19, an 88% region for normalcy, and

a 95% zone for viral pneumonia. A trade-off between specificity and sensitivity is shown by

the ROC curve. Classifiers with more tightly packed curves in the upper left corner tend to

perform better.
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Figure 5.4. ROC curve for MobileNet
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5.1.2. Result of CNN model

The precision, recall, and F1-score, which make up the CNN performance matrix, are
displayed in Table 5.2. In the case of viral pneumonia, the precision value is 0.94, while in
the case of normal pneumonia it is 1 and 0.90. With a recall value of 1 for COVID-19, 0.90
for normal, and 0.90 for viral pneumonia cases, we can draw some conclusions. The F1
function incorporates both recall and precision. For COVID-19, the F1-score is 1, while for
normal and viral pneumonia cases it is 0.90. By doing so, we may determine the current state
of the precision to recall ratio. The CNN model's training accuracy is reported to be 100%.
This means that the CNN properly classified all instances in the training dataset across all

classes throughout the training phase.

The testing accuracy is reported as 94% on average across all classes. This shows the CNN
model's overall accuracy when predicting instances in the testing dataset across all classes.

Table 5.2. Obtained results of performance matrix for CNN

Performance Matrix Criteria

Class - Training Testing
F1-Score Recall Precision AUC Accuracy (%) | Accuracy (%)

Normal 0.90 0.90 0.90 0.93

COVID-19 1 1 1 1

Viral Pneumonia 0.90 0.90 0.90 0.93 100 96.08

Average 0.91 0.92 0.92 0.94

The graphical representation of these performance matrix result shows in Figure 5.6.
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Figure 5.6. Graph of Obtained results of performance matrix for CNN

As depicted in the confusion matrix in figure 5.7, the Convolutional Neural Network (CNN)
model's performance is reflected across three classes: COVID-19, Normal, and Viral

Pneumonia.

Out of all COVID-19 cases, the CNN model accurately predicted 25, while misclassifying 1
case as viral pneumonia. The model demonstrated no errors in misidentifying COVID-19 as
normal. When it comes to normal cases, the model successfully classified 19 instances
correctly. However, it made an error by misclassifying 1 normal case as viral pneumonia.
As for viral pneumonia cases, the model accurately identified 16 out of the total. However,
there were 4 instances that were actually viral pneumonia but were incorrectly classified by

the model as normal cases.
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Figure 5.7. Confusion matrix of CNN

The CNN model showed strong performance in identifying COVID-19 and normal cases,
with a slight weakness in correctly classifying all viral pneumonia cases. It also had a few
instances where it misclassified COVID-19 and normal cases as viral pneumonia and vice

versa, but overall, its correct classification rates remained high for all three classes.

To analyze the test's efficacy, the ROC was used. The native CNN method's ROC curve is
displayed in Figure 5.8. From the chest x-ray dataset, this ROC curve for the native CNN
approach gives a total area of 99% for COVID-19, 94% for normal, and 89% for viral
pneumonia. In the section that follows, we will compare the accuracy results of this CNN

method to those of alternative approaches.
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Figure 5.8. ROC curve for CNN

The educational and evaluation Precision and decline Figures 5.9 and 5.10 display the graphs
for the CNN model that was utilized. Figure clearly shows that the testing and training losses
reduce as the neural network ages. Twenty epochs were executed throughout the training

period to determine the accuracy and loss of the model. It specifies when to apply the trained

model's weights during inferencing.
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Figure 5.9. Training Accuracy and Testing accuracy of CNN model
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Figure 5.10. Training Loss and Testing Loss of CNN model

5.1.3. Result of DenseNet model

Table 5.3 displays the Densenet approach'’s performance matrices for these criteria, taking

into account the procedure that we have provided. The proportion of correctly classified
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instances that are true positive tuples relative to the total number of examples that were
actually expected to be positive is what precision takes into consideration. A measure of how
many true positives there were relative to the overall number of instances. The F1 function
incorporates both recall and precision. As a result, we can measure the current ratio of recall
to precision. The precision values for normal and COVID-19 cases of viral pneumonia are
0.83, 1, and 0.89, respectively, which is greater. A viral pneumonia case yielded a recall
value of 0.80, a normal case of 0.95, and a COVID-19 case of 0.96. In a normal instance,
the F1-score is 0.88; in a case of COVID-19, it is 0.98; and in a case of viral pneumonia, it
is 0.89. According on the performance matrices, the proposed Densnet method is superior to
the CNN and MobileNet approaches. It is possible to see the outcomes of the performance
matrix in Figure 5.11. The Densenet model's classification report and AUC score on the
Covid19 dataset are displayed in Table 5.3. It has been reported that the Densenet approach
achieves a training accuracy of 100%. This means that the Densenet model trained to
perfection, correctly classifying every instance in every class in the training dataset.

Overall, the course-wide average for test accuracy is 98.04%. This represents the Densenet
model's average accuracy across all classes when predicting instances in the testing dataset.
The model's predictions were spot on during the testing period, as indicated by the reported
number of 98.04%.

Table 5.3. Results of the Densenet Approach's performance matrix

Performance Matrix Criteria
Class N Training Testing
F1-Score Recall Precision AUC Accuracy | Accuracy
(%) (%)
Normal 0.88 0.95 0.83 0.90
COVID-19 0.98 0.96 1 0.98
Viral Pneumonia 0.89 0.80 0.89 0.95 100 98.04
Average 0.91 0.90 0.90 0.94
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Figure 5.11. Graph of Obtained results of performance matrix for Densenet Approach

The provided confusion matrix sheds light on the performance of the DenseNet model across
three categories: COVID-19, Normal, and Viral Pneumonia, as shown in figure 5.12.

When it comes to COVID-19 cases, the DenseNet model showed impeccable accuracy,
successfully categorizing all 26 instances without any mislabeling as either normal or viral
pneumonia. In terms of normal cases, the model accurately detected 15 of them. However,
it encountered a slight challenge in differentiating between normal and viral pneumonia, as
evidenced by the 5 normal cases it mistakenly identified as viral pneumonia. In the viral
pneumonia category, the DenseNet model's performance was spotless, with an accurate

prediction for all 20 cases and zero misclassifications.

Although the DenseNet model exhibited impressive efficacy, especially in accurately
categorizing COVID-19 and viral pneumonia cases, it showed minor difficulty in
distinguishing normal cases from those of viral pneumonia, leading to some
misclassifications. Despite this, the overall rate of correct classification for all three classes

remained notably high, underscoring the model's robust performance.
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Figure 5.12 Confusion matrix of DenseNet

Figures 5.13 and 5.14 display the training and testing accuracy and loss graphs for the dataset
that was employed. Figure clearly shows that the testing and training losses reduce as the
neural network ages. Twenty epochs were executed throughout the training period to
determine the accuracy and loss of the model. It specifies when to apply the trained model's

weights during inferencing.
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Figure 5.13. Training accuracy and testing accuracy of dense Net method
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Figure 5.14. Training loss and testing loss of dense Net method

Figure 5.15 shows the ROC of the Dense Net technique in the form of a curve. According
to the ROC curve, this approach successfully detects 98% of cases of COVID-19, 90% of
normal cases, and 95% of viral pneumonia cases using the x-ray dataset. Out of the three
types of x-ray images, the densenet approach had the best receiver operating characteristic
(ROC) for detecting cases of COVID-19 and viral pneumonia.
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Figure 5.15. ROC curve for DenseNet method
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5.1.4. Accuracy comparison of CNN, MobileNet and DenseNet

The Table 5.4 indicate the obtained result of accuracy for CNN, MobileNet and Densenet
method. The training and testing accuracy for CNN method calculated as 100% and 96.08%
respectively. The precision is stated as 93%, which means that 93% of the times the model
made a positive prediction, it was correct. Similar to the accuracy of the model (93%), the
recall is also extremely high (93%). As the harmonic mean of precision and recall, the F1-
Score of 92% provides a well-rounded evaluation of the model's efficacy. The MobileNet
method obtain the training and testing accuracy as 100% and 92.16% respectively. The
precision is stated as 94%, which means that in 94% of cases, the predictions were correct.
In other words, the model correctly predicted 93% of real-world positive cases (93% recall).
The F1-Score (in percentage) provided indicates a balanced assessment of precision and
recall, with a value of 92%. The highest accuracy obtains from the DenseNet method i.e.,
100 % for training accuracy and 98.04% accuracy for testing. The precision is stated as 94%,
which means that in 94% of the cases the predictions were correct. The model was able to
correctly identify 93% of real-world positive examples, as measured by recall (in
percentage). The F1-Score (%) is 92%, which is a good compromise between accuracy and
recall. So, we can say the Densenet method is best method compare to native CNN and
MobileNet methods. The complete results with all the metrics are presented in the Table 5.9,

currently we only compare the results using deep learning models with Covid19-dataset.

Table 5.3. Accuracy results for the CNN, MobileNet, and Densenet methods

Method '_?fa?:]:i;y Testing ROC AUC Score E;;:)C"Slon (S)Zga” F1-Score (%)
Mobilenet 100% 92.16 % 0.94 0.93 0.92 0.92
CNN 100% 96.08 % 0.93 0.93 0.92 0.92
Densenet 100% 98.04 % 0.94 0.93 0.92 0.92

Figure 5.10 further displays a comparison of the acquired result's accuracy with its graphical
representation for both the training and testing datasets. A DenseNet approach yielded a
ROC AUC score of 0.94 and an improved testing accuracy rate of 98.04%. The ratio of
accurate classifications (including both TP and TN) to the total number of cases is a measure
of accuracy. Zero to one is the typical range. The predictions become more precise as they

get closer to 1.
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Figure 5.16. Graphical representation of obtained result of accuracy

5.2. Results of Chest X-ray (Covid-19 & Pneumonia)

5.2.1. Results of MobileNet model

Table 5.5 and Figure 5.17 and Figure 5.18 present a detailed summary of the MobileNet
model's performance matrix findings using Chest X-ray (Covid-19 & Pneumonia) dataset,
measuring its classification performance across three classes: Normal, COVID-19, and Viral
Pneumonia. The model performs well for Viral Pneumonia, with an F1-Score of 0.91, Recall
of 0.85, Precision of 0.97, and AUC of 0.89. While it has a reasonable F1-Score of 0.74 for
Normal, it shines in Recall (0.97) but falls short in Precision (0.60). In contrast, for COVID-
19, the model performs reasonably well, with an F1-Score of 0.66, Recall of 0.50, Precision
of 0.98, and AUC of 0.75. The average metrics across all classes show a decent overall
performance, with an F1-Score of 0.77, Recall of 0.77, Precision of 0.85, and AUC of 0.84.
These findings demonstrate the model's ability to categories chest X-ray pictures, with a
focus on improving precision for the Normal class. MobileNet achieved a reported 95.15%
accuracy during training while utilising the Chest X-ray (Covid-19 & Pneumonia) dataset.
Accuracy during training for the MobileNet model, expressed as a percentage, reflecting the

number of instances correctly categorised across all classes in the training dataset.



78

An accuracy of 85.20 percent is provided during testing. This value shows how well the
MobileNet model performs on average while making predictions using data from the test
set. If you want to know how well your model generalizes to data it has never seen before,
you need to know how well it tests. Table 5.5 represents the classification report of the
MobileNet model and also presents the AUC score using the Chest X-ray (Covid-19 &
Pneumonia) dataset.

Table 5.5. Collecting data for the Mobile Net performance matrix from the Chest X-ray
(COVID-19 & Pneumonia) dataset

Performance Matrix Criteria Training Testing
Class . Accuracy Accuracy

F1-Score Recall Precision AUC %) (%)
Normal 0.74 0.97 0.60 0.90
COVID-19 0.66 0.50 0.98 0.75
Viral Pneumonia 0.91 0.85 0.97 0.89

1 2
Average 0.77 0.77 0.85 0.84 95.15 85.20
1 0,97 0,98 0,97
0,9 0,91
A / 0,89

0,9 0,85
08 0,74 0,75
0,7 0,66

0,6
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B F1-Score MRecall ™ Precision WAUC

Figure 5.17. Graph of Obtained results of test accuracy for MobileNet using Chest X-ray
(Covid-19 & Pneumonia) dataset
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Figure 5.18. ROC curve for MobileNet using Chest X-ray (Covid-19 & Pneumonia) dataset

The Confusion Matrix of the MobileNet Model using Chest X-ray (Covid-19 & Pneumonia)
dataset is shown in Figure 5.19. This matrix gives useful information about the model's
classification performance. Each row represents the true class, while each column represents
the anticipated class. It shows that for COVID-19, the model accurately predicted 59 cases,
misclassified 40 as Normal, and misclassified 20 as Viral Pneumonia. Notably, the model
performed well in the Normal class, accurately predicting 316 cases and misclassifying only
9 as Viral Pneumonia. However, the model accurately predicted 990 cases of Viral
Pneumonia but misclassified 1 as COVID-19 and 174 as Normal. This extensive analysis of
forecasts and misclassifications provides a full picture of the model's strengths and places

where its classification capabilities may need to be improved.
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Figure 5.19. The MobileNet Model's Confusion Matrix with the Chest X-Ray (COVID-19
and Pneumonia) Dataset

Figures 5.20 and 5.21 display the model's training and testing performance using the Chest
X-ray (COVID-19 & Pneumonia) dataset. These figures illustrate the evolution of the
model's loss and accuracy as it is trained. Over the course of 20 epochs, the model's accuracy
on the training data increases at a quick pace, reaching approximately 95%, while the loss
decreases. Similarly, with testing data, the model experiences an increase in accuracy and a
decrease in loss, but with occasional fluctuations. These graphs demonstrate how the model
learns and how well it can apply its findings to new data sets. Keeping an eye on these trends

will help you assess the model's training and make sure it isn't over- or underfitting the data.
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Figure 5.20. Training and Testing Accuracy of Model using Chest X-ray (Covid-19 &
Pneumonia) dataset
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Figure 5.21. Training and Testing Loss of Model using Chest X-ray (Covid-19 &
Pneumonia) dataset
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5.2.2. Result of CNN model

The performance matrix results for a CNN model employing Chest X-ray (Covid-19 &
Pneumonia) dataset, testing its classification performance across three classes: Normal,
The table 5.6, presents the performance of a classification model designed for medical
diagnosis, specifically focusing on normal cases, COVID-19, and viral pneumonia. In terms
of accuracy, during training, the model achieved 88% accuracy for normal cases, while
testing accuracy increased to 91%. For COVID-19 cases, the model exhibited high accuracy,
with a testing accuracy of 91%. The highest performance was observed in cases of viral
pneumonia, with a 96% testing accuracy. The F1-Score, which balances precision and recall,
is 0.88 for normal, 0.91 for COVID-19, and notably high at 0.96 for viral pneumonia. The
recall, precision, and AUC values further support the model's proficiency. However, an
"Average" row indicates lower performance in an unspecified metric. Despite this, the model
demonstrates strong capabilities in accurately classifying medical cases, emphasizing its

potential clinical utility. Large amount of dataset.

Table 5.6. Obtained results of performance matrix for CNN using Chest X-ray (Covid-19
& Pneumonia) dataset

Performance Matrix Criteria Training Testing
Class . Accuracy Accuracy
F1-Score Recall Precision AUC (%) (%)
Normal 0.88 0.91 0.85 0.94
COVID-19 0.91 0.89 0.94 0.94 97 94
Viral Pneumonia 0.96 0.96 0.97 0.94
Average 0.94 0.92 0.94 0.94
1
096
0,8 0,72
0,6 0,5 0,5 0,5
0,4
0,2
0 Normal; 0 0 0COVID-19; 00
0
Normal COVID-19 Viral Pneumonia
B F1-Score M Recall Precision B AUC

Figure 5.22. Graph of Obtained results of test accuracy for CNN using Chest X-ray (Covid-
Pneumonia) dataset



83

1.0
0.8
0]
-y
©
0.6
]
s
-
‘0
(@]
a.
o 0.4
~
l_
0.2 7
—— Covid (AUC:0.94)
Normal (AUC:0.94)
—— Viral Pneumonia (AUC:0.94)
0.0 —— Random Guessing
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 5-23. ROC curve for CNN using Chest X-ray (Covid-19 & Pneumonia) dataset

Figure 5.24 presents a nuanced view of the classification outcomes derived from the model
under consideration in our research. In this intricate confusion matrix, each row corresponds
to the actual class, while each column signifies the predicted class. It is discernible that the
model encounters challenges in accurately assigning instances to the COVID-19, Normal,
and Viral Pneumonia classes. Specifically, for COVID-19, the model achieved a correct
prediction rate of 88 instances, with 11 misclassifications. In the case of Normal, the model
excelled by accurately categorizing 300 images but encountered 29 misclassifications.
Notably, for Viral Pneumonia, the model demonstrated exceptional accuracy, correctly
classifying 1127 images but misclassifying 52. Importantly, the overall performance of the
Convolutional Neural Network (CNN) model has demonstrated improvement. These
intricate details contribute to a nuanced understanding of the model's capabilities and

underscore its enhanced proficiency.
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Figure 5.24. Confusion Matrix of CNN Model using Chest X-ray (Covid-19 & Pneumonia)

dataset

Figures 5.25 and 5.26 show the model's training and testing performance using Chest X-ray
(Covid-19 & Pneumonia) dataset over 20 epochs. These graphs show how the model's
accuracy and loss change during training and testing. The model's accuracy on the training
data remains reasonably consistent over the epochs at around 97%, while the loss reduces
from a somewhat high beginning value of 93.09 to around 0.0750 The model's performance
on testing data, on the other hand, shows minor improvement, with accuracy maintaining
around 94% and loss stabilizing around 0.1. These figures indicate that the model faces

difficulties when learning from data, and that additional modifications or tweaks may be

required to improve its performance and convergence during training.
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Figure 5.25. Training and testing accuracy of model using Chest X-ray (Covid-19 &

Pneumonia) dataset
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Figure 5.26. Training and testing accuracy of model using Chest X-ray (Covid-19 &

Pneumonia) dataset

5.2.3. Result of Dense Net model

Table 5.7 and Figure 5.27 and Figure 5.28 summarizes the Dense net model's performance

matrix findings using Chest X-ray (Covid-19 & Pneumonia) dataset, evaluating its

classification performance across three classes: Normal, COVID-19, and Viral Pneumonia.
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The model performs well for COVID-19, with an F1-Score of 0.95, Recall of 0.94, Precision
of 0.96, and AUC of 0.97, suggesting its good ability to identify COVID-19 instances. The
model also performs well for Normal and Viral Pneumonia, with F1-Scores of 0.90 and 0.72,
respectively, with a high Recall for Viral Pneumonia (1.00) but space for improvement in
Precision (0.91 for Normal and 0.84 for Viral Pneumonia). The overall metrics show a well-
rounded performance, with an average F1-Score of 0.85, Recall of 0.94, Precision of 0.90,
and AUC of 0.94. Dense net’s Chest X-ray (Covid-19 & Pneumonia) dataset training
accuracy is stated to be 95.81%. The training accuracy of the Dense net model is represented
by this percentage; it indicates the proportion of instances correctly identified across all
classes in the training dataset. The results of the tests show a 95.80% accuracy rate. This
number shows the Dense net model's average predictive accuracy for occurrences in the
testing dataset. For evaluating the model's ability to generalize to novel data, examining

precision is essential.

These findings illustrate the model's ability to classify chest X-ray pictures, particularly for

COVID-19 instances, while also highlighting potential to improve precision in some groups.

Table 5.7. Obtained results of performance matrix for Dense net using Chest X-ray (Covid-
19 & Pneumonia) dataset

Performance Matrix Criteria Training Testing
Class . Accuracy Accuracy
F1-Score Recall Precision AUC (%) %)
Normal 0.90 0.88 0.91 0.93
COVID-19 0.95 0.94 0.96 0.97
Viral Pneumonia 0.72 1.00 0.84 0.94 9581 95.80
Average 0.85 0.94 0.90 0.94
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Figure 5.27. Graph of Obtained results of test accuracy for Dense net using Chest X-ray
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Figure 5.29 illustrates the DenseNet Model's Confusion Matrix using Chest X-ray (Covid-
19 & Pneumonia) dataset, which provides a detailed breakdown of the model's classification
performance. The actual class is represented by each row in the matrix, whereas the
anticipated class is represented by each column. With 112 correct predictions, 0 false
negatives, and 7 false positives, the model performs well in correctly classifying COVID-19
instances. The model properly predicts 286 instances in the Normal class, with 1 false
negative and 38 false positives. The model predicts 1133 cases of Viral Pneumonia properly,
with 4 false negatives and 28 false positives. This matrix provides valuable insights into the
model's strengths and opportunities for development in classification accuracy, indicating
that the COVID-19 and Normal classifications could benefit from more precision

augmentation.
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Figure 5.29. Confusion matrix of densenet model using chest X-ray (Covid-19 &
Pneumonia) dataset

Figure 5.30 depicts the Dense Model's Training and testing Accuracy using Chest X-ray

(Covid-19 & Pneumonia) dataset across 20 epochs. During the first epoch, the model's
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accuracy is around 69.35% and rapidly improves over the successive epochs. By the end of
the training, it had reached its highest testing accuracy of roughly 92.36%, indicating the

model's efficacy in learning to reliably classify chest X-ray pictures.

Figure 5.31 depicts the Dense Model's training and testing Loss using Chest X-ray (Covid-
19 & Pneumonia) dataset during the same training phase. Lower loss numbers indicate that
the model is converging and learning from the data, therefore the loss lowers over time. The
testing loss is roughly 0.2554 by the final epoch, demonstrating the model's capacity to

minimize prediction mistakes.

These results show that the Dense Model was successfully trained on Chest X-ray (Covid-
19 & Pneumonia) dataset, with both accuracy and loss metrics showing positive trends,

confirming the model's ability to reliably categorize chest X-ray pictures.
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Figure 5.30. Training and testing accuracy of model using chest X-ray (Covid-19 &
Pneumonia) dataset
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Figure 5.31. Training and testing loss of model using chest X-ray (Covid-19 & Pneumonia)
dataset

5.2.4. Accuracy comparison of CNN, Mobile Net and Dense Net using chest X-ray
(Covid-19 & Pneumonia) dataset

Table 5.8 and Figure 5.31 present a complete summary of the Accuracy and ROC AUC
Score values for three different approaches, all applied to the same dataset: CNN, Mobile
Net, and Dense net. The accuracy of the CNN approach was quite good, with 94% on the
training set and 94% on the testing set, indicating that it may struggle to generalize to new
data. Its ROC AUC value is also 92%, indicating that it has poor discriminative potential.
According to the reported precision, 93% of all cases where the model predicted a favorable
outcome actually turned out to be positive. Similar to the precision of the model (93%), the
recall is also extremely high (93%). F1-Score (Percent) The F1-Score is provided as 92%;
this score is the harmonic mean of the model's precision and recall and so represents a well-

rounded evaluation of its efficacy.

MobileNet and Densenet techniques, on the other hand, fared much better. MobileNet

obtained 95.15% accuracy on the training set and 85.20% accuracy on the testing set,
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suggesting strong learning and generalization abilities. It’s ROC AUC score of 0.84
demonstrates its capacity to successfully discriminate between classes. The precision is
stated as 94%, which means that in 94% of cases, the predictions were correct. In other
words, the model correctly predicted 93% of real-world positive cases (93% recall). The F1-
Score (in percentage) provided indicates a balanced assessment of precision and recall, with
a value of 92%.

Densenet surpassed both CNN and MobileNet, with a training set accuracy of 95.81% and a
testing set accuracy of 95.80%. This highlights its extraordinary capacity to capture
complicated properties and generalize to previously unseen data. The ROC AUC of 0.94
indicates that it has excellent discriminating power. The precision is stated as 94%, which
means that in 94% of the cases the predictions were correct. The model was able to correctly
identify 93% of real-world positive examples, as measured by recall (in percentage). The
F1-Score (%) is 92%, which is a good compromise between accuracy and recall.

Overall, these results show that Densenet and MobileNet outperform the classic CNN
approach. MobileNet and Densenet's greater accuracy and ROC AUC scores show that these
deep learning architectures are more suited for the task, possibly due to their capacity to
extract detailed characteristics from chest X-ray pictures, resulting in improved

classification performance.

Table 5.8. Obtained results of Accuracy for CNN, MobileNet and Densenet method

Method — Accuracy - ROC AUC Score Precision (%) Recall (%)
Training Testing

CNN 97% 94 % 0.94 0.92 0.92

Mobilenet 95.15% 85.20 % 0.84 0.90 0.85

Densenet 95.81% 95.80 % 0.94 0.95 0.95
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Figure 5.32. Graphical representation of obtained result of accuracy using Chest X-ray
(Covid-19 & Pneumonia) dataset

5.3. Comparison of Covid19-dataset and Chest X-ray (Covid-19 & Pneumonia) dataset
results

The Table 5.9 and Figure 5.33 compares the outcomes of Covid19-dataset and Chest X-ray
(Covid-19 & Pneumonia) dataset using several machine learning models in detail. Notably,
Covid19-dataset has consistently high training and testing accuracy across all three models:
MobileNet, CNN, and DenseNet, with each model achieving 100% training accuracy. This
shows that the models learned from Covid19-dataset effectively during training, resulting in
high testing accuracy, precision, recall, F1-score, and AUC values.

Chest X-ray (Covid-19 & Pneumonia) dataset, on the other hand, has slightly lower training
accuracy for MobileNet and DenseNet, while it is still significantly higher. However, when
testing accuracy and other metrics are considered, Chest X-ray (Covid-19 & Pneumonia)
dataset’s scores are noticeably poorer across the board when compared to Covid19-dataset.
The CNN model's testing accuracy, for example, decreases dramatically from 96.08% in
Covid19-dataset to 94% in Chest X-ray (Covid-19 & Pneumonia) dataset, with similar
patterns found in precision, recall, F1-score, and AUC. Changes in results between the two
datasets could be explained by changes in data quality, amount, or distribution. Covid19-
dataset appears to offer better circumstances for model training and generalization, resulting
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in improved performance measures. Chest X-ray (Covid-19 & Pneumonia) dataset, on the

other hand, may present unique obstacles or traits that make it more difficult for machine

learning models to attain high accuracy and other performance indicators.

These findings underscore the important impact of dataset selection in machine learning

tasks, as well as the significance of knowing dataset features when interpreting model

outcomes. To achieve robust and meaningful outputs, researchers and practitioners should

consider these aspects when selecting datasets for their respective applications.

Table 5.9. Comparison of Covid19-dataset and Chest X-ray (Covid-19 & Pneumonia)

dataset Results

Training Testing e 0 F1-Score AUC
Models Accuracy (%) | Accuracy (%) Precision (%) | Recall (%) %) %)
Covid19-dataset
MobileNet 100 92.16 0.93 0.92 0.92 0.94
CNN 100 96.08 0.92 0.92 0.91 0.93
DenseNet 100 98.04 0.93 0.92 0.92 0.94
Chest X-ray (Covid-19 & Pneumonia) dataset
MobileNet 95.15 85.20 0.90 0.85 0.85 0.84
CNN 97 94 92 92 94 94
DenseNet 95.81 95.80 0.95 0.95 0.95 0.94
120
100 100 100 98 04
100 9IS 96,08 95,15 95,8195,8
85,2
80 72,1
60 50,55
40
20
0
MobileNet CNN (Dataset-A) DenseNet MobileNet CNN (Dataset-B) DenseNet
(Dataset-A) (Dataset-A) (Dataset-B) (Dataset-B)

B Training Accuracy

B Testing Accuracy

Figure 5.33. Comparison of Covid19-dataset and Chest X-ray (Covid-19 & Pneumonia)

dataset Results
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5.4. Comparison of Covid19-dataset and Chest X-ray (Covid-19 & Pneumonia) results
with existing researches results

The Table 5.10 compares the testing accuracy findings of Covid19-dataset, Chest X-ray
(Covid-19 & Pneumonia), and existing research works in detail. Notably, the proposed
DenseNet technique employing Covid19-dataset achieved the greatest testing accuracy of
98.04%. This shows that the DenseNet model trained on Covid19-dataset outperformed

existing research approaches in identifying COVID-19 instances from chest X-ray pictures.

When compared to the suggested DenseNet technique with Chest X-ray (Covid-19 &
Pneumonia), it achieved a slightly lower testing accuracy of 95.80%. While this is still a
respectable accuracy score, it is lower than Covid19-dataset's accuracy. This accuracy
disparity could be related to differences in data quality, quantity, or diversity between the
two datasets. Covid19-dataset may contain more diverse and informative images, allowing

the model to generalize better.

When compared to previous research studies, the suggested DenseNet methodology
employing Covid19-dataset beats all others, demonstrating the importance of the novel
dataset and strategy in enhancing COVID-19 detection accuracy. Among the current studies,
Panwar et al.'s Grad CAM approach applied to CT-Scan pictures achieved the greatest
testing accuracy of 95.61%, closely followed by Heidari et al.'s VGG16 model with an
accuracy of 94.50%. On real-world COVID-19 patient datasets, Alazab et al. attained an
accuracy of 94.80% using a CNN. Abdelbaki Souid et al. achieved a testing accuracy of 90%
on chest X-ray images using MobileNet V2.

In conclusion, Covidl9-dataset and the suggested DenseNet methodology produce
promising results, outperforming previous methods in COVID-19 detection accuracy. The
performance disparities between Datasets A and B emphasize the significance of dataset
selection and quality in machine learning tasks. These findings help to advance ongoing

efforts to improve COVID-19 identification utilizing chest X-ray imaging.
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Table 5.10. Comparison of Covid19-dataset and Chest X-ray (Covid-19 & Pneumonia)

Results with Existing Researches Results

ray (Covid-19 &
Pneumonia) )

19 & Pneumonia)

Methods Data-Type Approach Utilized | Testing Accuracy
Panwar, et al. [17] CT-Scan images Grad_ CAM 95.61%
technique

Heidari, et al. [18] Chest X-Ray VGG16 94.50%

Alazab, et al [19] dCOVID19 patients’ real-world CNN 94.80%
atasets

éﬁ‘ie'bak' etal. | Chest X-Ray Mobile Net V2 90%

Proposed DenseNet

Approach Chest X-Ray (Covid19-dataset) Dense Net 98.04%

(Covid19-dataset)

Proposed DenseNet

Approach (Chest X- | Chest X-Ray (Chest X-ray (Covid- Dense Net 95.80%
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6. CONCLUSION

The conclusions of the thesis are briefly explained in this part, along with a discussion of
potential directions for further investigation. This dissertation's main objective is to use
machine learning and deep learning techniques to automatically detect Covid 19 disease in
digital chest X-ray images.

Improved testing accuracy is a direct outcome of Mobile Net and Dense Net's deep structure,
which leverages mining capabilities for COVID-19 illness prediction. In order to classify
chest x-rays into three distinct infection types—Normal, COVID-19, and Viral
Pneumonia—the current algorithm relies heavily on convolutional neural networks. The
Dense Net method applied a convolutional neural network with eight layers to X-ray pictures
of the chest. We analyze the chest x-ray pictures using the test accuracy, F1-score, recall,
precision, and ROC AUC curve. The suggested method demonstrated promising
classification performance in our comparison study, lending credence to its feasibility for

use in clinical settings as a computer-assisted lung disease diagnostic tool.

For the purpose of COVID-19 detection using machine learning models, we concentrated on
two separate datasets, Covid19-dataset and Chest X-ray (Covid-19 & Pneumonia). The

comparison of these datasets provides useful insights into the domain's issues and prospects.

Covid19-dataset, depicted a more basic scenario, as indicated by all models obtaining 100%
training accuracy. This dataset demonstrated the possibility for high accuracy in COVID-19
detection, with Dense Net coming out with a testing accuracy of 98.04%. However, it is
critical to remember that Covid19-dataset may not adequately represent the intricacies of

real-world clinical settings.

Chest X-ray (Covid-19 & Pneumonia) dataset, which consists of chest X-ray pictures,
closely resembles the difficulties seen in clinical settings. Because of the inherent
fluctuations in image quality and other characteristics, this dataset offered a more difficult
problem for deep learning models. DenseNet consistently exhibited robust performance on
Chest X-ray (Covid-19 & Pneumonia) dataset, indicating its resilience in the face of these

problems, according to our testing. Chest X-ray (Covid-19 & Pneumonia) dataset, on the
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other hand, resulted in lower overall testing accuracies across models, showing the
complexities of actual COVID-19 identification.

The comparison of numerical findings between both datasets emphasizes the critical
significance of data quality and diversity in shaping the efficacy of machine learning models.
Real-world datasets, such as Covid19-dataset, are critical for constructing models that can
perform well in practical healthcare applications. Simplicity datasets, such as Chest X-ray
(Covid-19 & Pneumonia) dataset, on the other hand, can serve as useful benchmarks for

assessing model capabilities.

The study found that the recall value of 0.96 for COVID-19, a precision value of 1 for viral
pneumonia, and a normal case value of 0.80. A normal F1-Score is 0.89, a COVID-19 F1-
Score is 0.98, and a viral pneumonia F1-Score is 0.89. A ROC AUC value of 0.94 and an
accuracy of 98.04% were both attained by the Dens net method. A measure of accuracy is
the proportion of correct classifications, which encompasses both true positives and true
negatives, divided by the total number of cases. The obtained results show that the Dense
Net approach outperformed the native CNN and Mobile Net methods in terms of diagnosis
accuracy and chest X-ray picture classification, proving that it has superior recognition rates.
It generates fewer false negatives thanks to its high Precision and F1-score. Given that a
COVID-positive patient misdiagnosed as COVID-negative might significantly infect other
patients, this is crucial for infection prevention. The development of a trainable model and

the improvement of low power device specifications were other goals of this study.

6.1. Recommendations for Future Work

In this thesis, the automated illness identification and diagnosis of three of the most
significant chest diseases—normal (healthy), pneumonia, and Covid-19—have been taken
into account. However, in the future, this study may potentially be expanded to several other
chest ailments such as chronic obstructive pulmonary disease (commonly known as COPD),
asthma, edoema, cystic fibrosis, and lung cancer, amongst others. Additionally, a variety of
characteristics and classifiers might be utilized, and their respective levels of effectiveness
could be evaluated. To make the suggested system deployable in real time settings, more
research might be conducted to investigate the effectiveness of one stage deep learning

approaches, namely YOLO and SSD, for the automated estimate of real time chest X-ray
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pictures. In order to better diagnose diseases in noisy images, future research may look into
other model structures and new label dependence architectures.
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