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ABSTRACT

Coronavirus disease (COVID-19) has caused millions of people around the globe to lose
their lives. The disease has also adversely affected the economic growth of many countries,
especially those based in the developing world. Pneumonia is also one of the leading causes
of deaths among children and the elderly in the world. Reverse transcription polymerase
chain reaction (RT-PCR) is currently the frequently used testing technique for Coronavirus
disease. However, RT-PCR is laborious, expensive and needs specialized medical staff to
conduct the test. The objective of this study is to evaluate the performance of deep learning
techniques in identifying COVID 19 and non-COVID-19 viral pneumonia. Transfer learning
(TL) was the deep learning technique used to conduct the experiments and chest X-ray
images was the dataset used to train the model. Seven pre-trained Convolutional Neural
Networks (CNNs) were trained, validated, and tested. The X-ray image dataset consisted of
10192 Normal, 1345 viral pneumonia, 3616 COVID-19, and 6012 Lung opacity images. The
results produced by the seven models were promising, indicating that the Al based disease

diagnostic tools can help in the fast and accurate detection of diseases.
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OZET
1. GIRIS

Koronaviriis hastaligi (COVID-19), diinya genelinde milyonlarca insanin aci ¢gekmesine ve
yikima ugramasina neden olmustur. Aileler sevdiklerini kaybetmis, Ekonomiler ¢oktl ve
saglik tesisleri, kritik durumdaki katlanarak artan sayida COVID-19 hastasi tarafindan
bogulmustur (Haleem, Javaid ve Vaishya, 2020). Hastalik olduk¢a bulasicidir ve siddetli
akut solunum sendromu koronaviris 2 (SARS-CoV-2) olarak bilinen viral bir
mikroorganizmadan kaynaklanir (Irani, 2022). Viriis esas olarak kurbanlarinin solunum
sisteminin normal isleyisine saldirir ve bozar. Hastalik ilk olarak Cin'de Wuhan hubei eyaleti
olarak bilinen bir eyalette kesfedilmistir (Li, 2020). Daha sonra hizla tiim diinyaya yayildi
ve 11 Mart 2020'de Diinya Saglik Orgiitii (WHO) tarafindan kiiresel bir pandemi olarak ilan
edilmistir (Diinya Saglik Orgiitii [WHO], 2020).

Kiiresel saglik kurumlart ve ulusal hukimetler, COVID-19 viriisiiniin yayilmasini
engellemek i¢in kat1 onlemler almaya zorlandi. Sinir 6tesi hareket kisitlandi, halka acik
toplanma alanlar1 kapatildi, aileler evlerine kapatildi, toplu test girisimleri yapildi1 ve
COVID-19 bulasmis magdurlar karantinaya zorlandi (Mehtar ve digerleri, 2020).
Karantinanin COVID-19 yayilmasint sinirlamak i¢in kullanilan etkili ve basarili
stratejilerden biri oldugu kanitlanmistir. Bir hasta COVID-19 pozitif olarak tanimlandiginda,
negatif ¢ikana kadar birkag¢ hafta kendilerini toplumdan izole etmeye zorlanir (Rahaman,
2020). Bu, enfekte olmus kisilerin bilmeden hastaligi diger saglikli insanlara yayma

olasiligin1 6nlemeye yardimci olmaktadir.
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Ters Transkripsiyon Polimeraz Zincir Reaksiyonu (RT-PCR), su anda COVID-19 tespiti igin
yaygin olarak kullanilan test teknigidir (Sajjad, Shahzad & Mahmood, 2020). Bununla
birlikte, test yontemi, bunu yiiriitmek i¢cin uygun sekilde egitilmis tibbi personel
gerekmektedir, sonuglarin iretilmesi i¢in ¢ok zaman alir ve PCR makinelerinin ayrica
kurulumu pahali olan 06zel laboratuvar tesislerinde barindirilmast gerekmektedir.
Mahmmud'a (2020) gore, 6zel PCR laboratuvari tesisi kurmanin maliyeti 150008 ile 900008
arasinda degisebilir. Test yonteminin yiiksek maliyeti, gelismekte olan diinyadaki bir¢ok
Ulkenin COVID-19 test ¢abalarinda geride kalmasinin ana nedenlerinden biridir. Ayrica, son
raporlar ayrica RT-PCR COVID-19 test sonuglarinin %29 ile %40 arasinda degisen yanlis
negatif oranlarna sahip olabilecegini diisiindiirmektedir (Zhang, 2021). Yiksek yanlis
negatif yilizdeler, hastalarin yanlislikla COVID-19 negatif test etme olasilifinin yiiksek

oldugu, ancak aslinda viriis tarafindan enfekte olduklar1 anlamina gelir.

COVID-19 dis1 pndomoni, gelismis iilkelerde yasayan yaslilar ve gelismekte olan iilkelerde
yasayan c¢ocuklar arasinda onde gelen 6lim nedenlerinden biridir (Ruuskanen, Lahti,
Jennings & Murdoch, 2011). Hastaliklara viral veya bakteriyel mikroorganizmalar neden
olabilir. Bununla birlikte, bu ¢alismada odak noktas1 COVID-19 ve COVID-19 dis1 viral
pnomoni olacaktir. Her y1l diinya ¢apinda yaklasik 450 milyon pnémoni vakas1 bildirilmekte
ve tahminen 4 milyon enfekte kurban hastaliga yenik diismektedir (Ruuskanen ve ark.,
2011). En kotii etkilenen niifus grubu, 75 yasin lizerindeki yaslilar ve 5 yasin altindaki kiigiik

cocuklardir.

Biiytik verilerdeki iistel artis, 6zellikle internetin yaygin kullanim1 nedeniyle, son teknoloji,
onceden egitilmis derin O0grenme modellerinin gelistirilmesiyle sonuglanmistir. Son
teknoloji modeller genellikle binlerce veya milyonlarca veri parg¢asina kadar galisabilen ¢ok
biiyiik bir veri kiimesi lizerinde egitilir. Modeller tarafindan biiyiik egitim veri setinden
ogrenilen modeller daha sonra benzer veya ilgili bir gorevi ¢6zmek i¢in kullanilabilmektedir
(Yang, Zhang, Tao & Ma, 2020). Bu ¢alismanin amaci, son teknoloji CNN modellerinden
bazilarmin COVID-19 ve COVID-19 dist viral pndmoninin otomatik tespitindeki

performansini degerlendirmektir.
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2. ILGILI ARASTIRMA CALISMASI

Krittanawong ve ark. (2019), kardiyovaskiiler tipta derin 6grenme tekniklerinin
uygulanmasini tartismistir. Gorlintli segmentasyonu artik kardiyak goériintiilemenin daha iyi
analizi i¢in kullanilabilmektedir. Akill1 saatler gibi giyilebilir cihazlar artik kardiyovaskiiler
ile ilgili verileri toplamak i¢in kullanilabilmektedir. Yakalanan veriler daha sonra derin
ogrenme modelleri ve bir hastanin kardiyovaskiiler sisteminin basariyla belirlenen saglik
durumu ile degerlendirilebilmektedir. Yazarlar ayrica, derin O68renmenin en biiylk
faydalarindan biri olarak tibbi goriintileme analizi ve yorumlarinin otomasyonunu
onermisler. Model egitimi sirasinda biiyiik miktarda veriye ihtiyag duyulmasi, klinik
deneylerde DL tekniklerinin uygulanmasindaki zorluk, model tahmininde kara kutu karar
verme ve derin 6grenme modellerini tasarlarken standart bir yolun bulunmamasi, derin

ogrenmenin bazi sinirlamalari olarak belirtilmistir. tip alaninda 6grenme.

Yapay Zeka (Al) alanindaki glinlimiizdeki gelismeler, tibbi goriintiilemenin yorumlanmasini
otomatiklestirme ihtiyacin1 kolaylastirmistir. Gogiis rontgenlerinin analizi otomasyon igin
yaygin olarak oOnerilmistir, ¢iinkii gogiis rontgeni cihazlar1 nispeten ucuzdur, gogiis
rontgenleri diinya genelinde yaygin olarak kullanilmaktadir ve goriintiileri yorumlayabilen
bir radyolog yetistirmek birka¢ yi1l almaktadir. Kallianos ve ark., 2019). Dahmani ve ark.
(2020), motor engelli bireylerin elektronik g6z kontrolli tekerlekli sandalye kullanarak
zahmetsizce hareket etmelerine yardimci olacak saglam bir sistem Onermistir. Yazarlar,
sistemi dort farkli teknik kullanarak gelistirmisler ve test etmisler. Evrisim Sinir Aglarin
(CNN'ler) kullanan teknik en etkili olarak ortaya ¢ikti. En iyi performans gosteren CNN,
%99,3 dogruluk kaydetmistir. Bu nedenle tekerlekli sandalyedeki hareketleri kontrol eden

bakis tahmincisinde kullanilmak {izere en uygun model se¢ilmistir.

Kanserin erken teshisi ve tedavisi, kanser hastalar1 i¢in hayatta kalma sansin1 artirmanin en
giivenli yollarindan biridir. 206 yilinda diinya genelinde 2,8 milyondan fazla kadina kanser
teshisi konmustur. Mamografi, son 20 yilda meme kanseri hastalarini teshis etmek igin
yaygin olarak kullanilan bir tekniktir. Bununla birlikte, teknik, yiiksek yanlis pozitif oranlar
bildirmistir. Mamografinin olumsuz yan etkileri, meme kanserinin sorunsuz ve dogru bir
sekilde tespit edilmesini kolaylastiran alternatif Bilgisayar Destekli Teshis (CAD)
araglarinin gelistirilmesini gerekli kilmaktadir (Mambou ve ark., 2018). Ah ark.. (2020),
Parkinson hastalig1 (PD) olan hastalar1 teshis etmek i¢in kullanilan on {i¢ katmandan olusan

bir CNN mimarisi gelistirmistir. PD, beyin motor fonksiyon yetenegindeki siirekli diististen
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kaynaklanir. Yazarlar, model veri seti olarak hem saglikli hem de PD hastalarindan alinan
elektroensefalogram (EEG) sinyallerini kullanmislar. Sinir aglari iyi performans gostererek

strastyla %88.25, %84.71 ve %91.77 dogruluk, duyarlilik ve 6zgiilliik tiretmistir.

Jo, Nho & Saykin (2019), Alzheimer hastaligi (AH) olan hastalarin teshisine yardimci olmak
icin derin 6grenme ve bilgisayar vizyonu kullanmanin yollarini 6neren ¢ok sayida yayini
gozden gecirmistir. NoOrogoriintilleme teknolojilerindeki gelismeler, ¢ok kanalli
nérogoriintiileme veri setinin kullanimmin artmasiyla sonuglanmistir. Incelenen arastirma
makalelerinden bazilar1 hem geleneksel makine 6grenimi hem de gelismis derin 6grenme
yontemlerinin bir karisimini kullanirken, digerleri saf bir derin 6grenme yaklasimi
kullanmigtir. Hem makine 6grenimi hem de derin 6grenme tekniklerinin bir kombinasyonu,
AD'nin tanimlanmasi ve hafif biligsel bozulma doniisiimii i¢in sirasiyla %98.8 ve 83,7
dogruluk tiretmistir. Saf derin 6grenme yontemleri, AD'nin tanimlanmasi ve hafif doniisiim

icin sirastyla %96 ve %84,2 dogruluklar tiretmistir.

Choi et al. (2021), inme tahminine yardimci olmak i¢in hem uzun kisa siireli bellek (LSTM)
hem de konvoliisyonel sinir ag1 (CNN) kullanarak bir derin 6grenme modeli gelistirmistir.
Yashlar arasinda inme baskindir. Inme kurbanlari, hastaligin tekrarlama olasilig: yiiksek
oldugundan ve ayrica yiiksek 6liim oranina sahip oldugundan siirekli gézlem gerekmektedir.
Inme muayenesi igin yaygin olarak kullanilan ydntemler arasinda BT taramalar1 ve Manyetik
rezonans gorintiileme (MRI) taramalar1 bulunmaktadir. Bununla birlikte, iki teknik, hacimli
ve pahali makinelerin ¢alistirllmasin1 gerektirir ve ayn1 zamanda zaman alicidir. Mevcut
yaklagimlarla iligkili bazi sinirlamalarin ele alinmasina yardimci olmak i¢in 6nerilen teknik,
model egitimi ve tahmini i¢in ham elektroensefalografiyi (EEG) kullanmaktadir. Gelistirilen

model, %94'liik mikemmel bir vurus tahmin dogrulugu kaydetmistir.

Sitma, ozellikle tropik bolgelerde nde gelen 6liim nedenlerinden biridir. Hastalig1 teshis
etmenin geleneksel yolu, hastalarin kan yaymalarimi test etmektir. Mikroskop yardimi ile
yaymada sitma parazitinin bulastigi kirmizi kan hiicreleri tespit edilebilirse, hasta sitma
pozitif olarak belirlenmektedir. Bu geleneksel test yontemi verimsizdir ve biyiik 6lciide testi
yapan kisinin becerilerine, uzmanhgmna ve deneyimine dayanmaktadir. Ince kan
yaymalarinda parazit bulasmis kirmizi kan hiicrelerini otomatik olarak tanimlamak i¢in derin
transfer 6grenme modellerini kullanan yeni bir teknik 6nerilmistir (Shekar, Revathy & Goud,
2020). Yiizden fazla solunum yolu hastaligi, ortak bir semptom olarak Oksiirigi

paylasmaktadir. Okstirtikler, solunum probleminin nedenini belirlemek igin kullanilabilecek



zengin ses sinyallerine sahiptir. Kumar ve ark. (2020), oksurik sinyallerini kullanarak on
farkl1 akciger hastaligini basariyla tespit edebilen bir derin 6grenme modeli ortaya

cikarmustir.

Gao & Qian (2017), hastalarin BT gOruntiilerinde bes farkli Tiiberkiiloz (TB) susunu tespit
etmek ve siiflandirmak i¢in kullanilan bir CNN mimarisi gelistirmistir. BT gorunttlerine,
farkli ytlikseklik ve genislik boyutlarinda dikdortgen sekilli pargalara dontstiiriilerek gorinti
segmentasyonu uygulanmustir. Goriintiiler daha sonra model egitim asamasi baslamadan
once 30 x 30 piksel boyutunda standartlastirilmistir. Model performansini degerlendirmek
icin 300 veri seti kullanilmistir. Model, 0.22 Kappa puani ve %41 dogruluk ile yarismadaki
en ylksek dogruluk degeri olusturmustur. Marques, Agarwal & de la Torre Diez (2020),
COVID-19 tespitini otomatiklestirmek i¢in 0Ozellestirilmis bir EfficientNet model
mimarisiyle calismanin yeni bir yolunu onermistir. CNN tarafindan verilen sonuglar
dogrulamak igin 10 kat katmanl ¢apraz dogrulama kullanilmustir. Iki ana deney tiirii
yiiriitiilmiistiir. Ilki, saglikli ve COVID-19 siniflarindan olusan ikili siniflandirmaydi.
Ikincisi, saglikli, COVID-19 ve pnémoni siniflarmi igeren ¢ok smifli siniflandirmaydi.
EfficientNet CNN'in egitimi, test edilmesi ve dogrulanmasi igin veri seti olarak gogiis
rontgeni goriintiileri kullanilmustir. Ikili ve ¢ok smifli simiflandirma sirasiyla %99.6 ve

%96,7 dogruluk tiretmistir.

Rajaraman ve Antani'ye (2020) gore ters transkripsiyon-polimeraz zincir reaksiyonu (RT-
PCR), COVID-19 tanisinda siklikla kullanilan bir test yontemidir. Ancak yontemin emek
yogun olmasi, isletim altyapisini kurmanin pahali olmasi ve yanlis pozitif sonuglar vermesi
gibi bazi smirlamalari vardir. Ote yandan, bilgisayarli tomografi (BT) goruntilerinin
kullannm1 da capraz kontaminasyon olaylarina yatkindir. Yazarlar, gogiis rontgenlerinde
COVID-19 ile ilgili opasiteleri tanimak icin zayif bir sekilde etiketlenmis veri seti ve veri

blyiitmeyi kullanma yaklagimi 6nermisler.

Depresyon ayni zamanda diinya genelinde farkli yaslardaki insanlari olumsuz yonde
etkileyen 6nde gelen zihinsel bozukluklardan biridir. Saidi, Othman & Saoud (2020),
depresyondan mustarip bir hastay1 otomatik olarak tespit edebilen hibrit bir CNN ve Destek
Vektor Makinesi (SVM) makinesi ile ortaya ¢ikmig. Hibrit model, saf bir CNN tarafindan
verilen dogruluk sonuglarindan yaklasik %10 daha fazla olan %68'lik bir dogruluk puani
dretmistir. Rahman ve ark. (2021), akciger segmentasyonu ve goriintii iyilestirmenin

COVID-19 tespiti igin kullanilan gégiis rontgeni veri seti iizerindeki etkilerini incelemis.



Yazarlar, gama diizeltme, goriintii tamamlayici ve histogram esitleme (HE) gibi farkli
goruntd iyilestirme yontemlerini analiz etmisler. Arastirma deneyinde alt1 6nceden egitilmis
CNN ve tek bir s1i§ CNN modeli kullanilmistir. Gama diizeltme teknigi en iyi performans
Olctimlerini verdi. Bununla birlikte, boliimlere ayrilmis veri kiimesi kullanildiginda,
modeller sirasiyla %95,1, %94,6, %94,6, %94,5 ve %95,6 dogruluk, kesinlik, duyarlilik, F1

puani ve 6zgiilliik ile dnemli dlgilide tistiin ¢ikti liretmistir.
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3. METODOLOJI

Bu boliim, arastirma deneylerini yiirlitmek i¢in kullanilan metodolojiyi ayrintili olarak
tartismaktadir. Bu boliim, derin 6grenme tekniklerini, aragtirmada kullanilan derin 6§renme
modellerini se¢gmek i¢in kullanilan kriterleri, model performans dlglimlerini ve ¢alisma veri

kiimesini vurgular.
3.1. Derin 6grenme (DL)

Derin 6grenme (DL), bir veri kiimesinden gizli kaliplar1 ve Ozellikleri 6grenmek icin
hiyerarsik mimarilere sahip sinir aglarini kullanan makine 6greniminin bir alt da.l1 anlamina
gelir (Wooldridge, 2020). Sinir aglari, insan beyninin isleyisini taklit etmeye calisir.
Bilgisayar islem giiciindeki ilerleme ve diisiik maliyetli bilgisayar donanim1 kaynaklarinin
uretimi, derin 6grenmenin yiikselisine katkida bulunmaktadir. Ayrica, derin sinir aglari,
temel olarak dogrusal veri kiimelerine uygulanan geleneksel makine 6grenimi modellerinin
aksine, hem dogrusal olmayan hem de dogrusal veri kiimelerinden ozellikleri etkili bir
sekilde dgrenebilmektedir (Mallick, Dhara & Rath, 2021). DL ile ilgili en blyuk zorluklar,
biiyiik bir egitim veri kiimesine duyulan ihtiyactir ve ayrica ¢ogu durumda DL modellerinin
egitimi zaman alicidir ve 6nemli Slgiide giiglii isleme kapasitesine sahip bilgisayarlar
gerekmektedir (Wooldridge, 2020).

Derin 6grenme, makine 6greniminin (ML) bir alt dali olmasina ragmen, kendisini geleneksel
ML'den iki ana sekilde ayirir. Birincisi, derin sinir aglarmi egitmek ve test etmek icin
kullanilan veri setinin dogasidir. Geleneksel makine 6grenimi algoritmalari, 6grenmek ve
tahminlerde bulunmak i¢in Oncelikle yapilandirilmis, iyi etiketlenmis veri kiimelerini
kullanmaktadir (Kaur, 2022). Veri kiimesinin yapilandiriimamis oldugu durumlarda, veri
kiimesini yapilandirilmis bir bigime doniistiirmek i¢in 6nce 6n isleme uygulanmalidir. Derin
ogrenme, ML ile iligkili bircok veri 6n isleme adimini 6nemli Slgiide en aza indirir. Derin
sinir aglari, goriintliler ve metin gibi yapilandirilmamais verilerden 6zellikleri ve diger gizli
kaliplar1 otomatik olarak cikarabilmektedir. ML ve DL arasindaki ikinci fark, egitim veri
kiimesinin boyutundadir. DL modelleri, verilerden anlamli bilgileri basariyla egitmek ve
ogrenmek icin genellikle daha blyik bir veri kimesi gerekmektedir. Ayrica, DL
modellerinin egitilmesi daha kisa siiren ve daha kii¢iik boyutta egitim verisi gerektirebilen

cogu geleneksel ML modelinden farkli olarak daha uzun siirmektedir (Kaur, 2022).
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3.2. Evrisim sinir ag1 (CNN)

CNN, bilgisayarla gorme gorevleri i¢in en popller kullanilan sinir agidir. Evrisim
katmanlari, tam baglantili veya yogun katmanlar ve havuzlama katmanlar1 olmak {izere ii¢
temel katman bir CNN mimarisini olusturur (Zhang, Tian & Li, 2018). Ug¢ katmanin her
birinin kendi 6zel islevi vardir. Bir CNN iki asamada egitilir. ileri asama olarak bilinen ilki,
mevcut katman parametrelerini kullanarak girig verilerini temsil etmeyi gerekmektedir.
Daha sonra ¢ikt1 (siniflandirma) katmani tarafindan bir tahmin yapilir ve kesin dogruluk
ctiketleri ile karsilastirma yapilarak tahmin hata boyutu belirlenmistir. Geri faz olarak
bilinen ikinci agama, her bir katman parametresinin gradyanini hesaplamay1 ve agirliklart ve

Onyargilar1 buna gore ayarlamay1 icermektedir (Lee ve ark., 2019).
3.3. Transfer 6grenimi

Yeni bir gorevle ugrasirken yeterli veri toplamak zor bir gorev olabilir. Ayrica, kiiciik
boyutlu bir veri seti kullanarak miikemmel model sonuglar1 tiretmek ¢ok zor olabilir veya
baz1 durumlarda ulasilamaz olabilir. Ancak transfer 6grenimi, modellerimizi egitmek i¢in
kiglk bir veri seti kullanmamiza izin vererek ancak yine de miikemmel model 6lgtimleri
elde etmemize izin vererek bu sinirlamay1 ele almamiza yardimci olur (Lu, Behbood, Hao,
Zuo, Xue & Zhang, 2015). Transfer 6grenimi, 6nceden egitilmis bir modeli, yeni ancak ilgili
bir gorev Uzerinde baska bir modeli egitmek icin temel olarak yeniden kullanma sureci
olarak tanimlanabilmektedir (Day ve Khoshgoftaar, 2017). Transfer 6§renmede, dnceden
egitilmis model ile yeni olusturulan model arasinda genellestirilmis bilginin paylagimi
mumkundir, giinkii modeller benzer gorevleri yerine getirmeyi amaglar. Aktarim 6grenimi,
zaman ve veri kiimesi boyutu gibi modellerimizi olusturmak ve egitmek i¢in gereken

kaynaklar1 en aza indirmemize yardimci olur.

Son yillarda, ¢esitli alanlarda ve sektorlerde karmasik sorunlarin ¢dziilmesine yardimcei
olmak i¢in son teknoloji iirlinii birkag derin 6grenme sistemi gelistirilmistir. Cogu durumda,
son teknoloji tirtinii derin sinir aglarini olusturmaktan sorumlu aragtirma ekipleri ve bireyler,
yapay zeka alanindaki arastirmalar1 desteklemek icin sinir aglar1 hakkindaki bilgileri halkla
paylagsmaktadir. Bu onceden egitilmis sinir aglari, derin 6grenme agisindan transfer
ogrenmenin bel kemigidir. Derin 6grenmede transfer 6grenme uygulamasi, derin transfer

Ogrenme olarak da adlandirilabilmektedir (Zhang, Zhao & Wu, 2020). Bu yazida, CNN
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modellerini egitmek icin yaygin olarak kullanilan derin transfer 6grenme stratejilerinden

ikisi olan Ozellik ¢ikarma ve Ince ayar transfer 6grenmesi kullanilmustir.

Transfer 6grenimi alt1 ana asamadan olusur. ilk asama, énceden egitilmis hazir bir modelin
secimidir. Farkli gorevler i¢in uygun gelistirilmis birkag model vardir. Bu nedenle, model
secimimize, modelin gerceklestirmesini istedigimiz gorevlerin dogasi rehberlik etmelidir.
Transfer 6grenmenin etkili bir sekilde yiiriitiilmesi i¢in hedef alan ile dnceden egitilmis
modelin sahip oldugu bilgi arasinda giiglii bir karsilikli bagimlilik olmalidir (Peirelinck ve
ark., 2022). ikinci asama, bir temel modelin olusturulmasini icerir. Bu asamada, ¢iplak bir
Sinir ag1 mimarisi kullanarak modelimizi sifirdan egitmeye veya model egitim siiremizi
biiyilk Olclide kisaltmamiza yardimci olacak Onceden egitilmis model ag agirliklarini
indirmeye karar verebilmektedir. Ugiincii asamada, énceden egitilmis sinir aginin egitimi
baslamadan 6nce, modelin altindaki katmanlar ilk olarak dondurulacaktir. Katmanlarin
dondurulmasi, dnceden egitilmis modelin tiim 6grenmesini kaybetmemesini saglayacaktir
(Guérin, Thiery, Nyiri, Gibaru & Boots, 2021). Ogrenmesini kaybeden bir modelin sifirdan

egitilmesi gerekecek ve bu daha fazla zaman ve hesaplama kaynagi gerektirecektir.

Doérdiincli asamada, donmus taban katmanlarinin {izerine yeni egitilebilir katman(lar)
eklenmektedir. Yiirtitmek istedigimiz gérevin dogasina bagli olarak tek bir ¢ikt1 katmani
veya birkag egitilebilir katman eklemeye karar verebilmektedir (Peirelinck ve digerleri,
2022). Egitilebilir katmanlar, sinir aginin girdi verilerimizle iligkili daha ince taneli kaliplari
ogrenmesini saglamaktadir. Nihai ¢ikt1 katmaninin, siniflandirma gérevleri icin kullanilan
tam baglantil1 yogun bir katman oldugu bir durumda. Cikt1 yogun katmanin igerdigi diigiim
sayis1, veri kiimemizdeki siif sayistyla gakigmalidir (Guo ve ark., 2016). Ornegin, sinir ag1
verileri dort sinifa siniflandirmak icin egitilmisse, ¢ikti tam baglantili yogun katmanin da
dort diigiimi olmalidir. Besinci asama, gergek model egitimini igerir. Olusturulan model
sonuglari, bir dizi deney ve hiper parametre ayarlamasi yoluyla daha da gelistirilebilir
(Mutasa, Sun & Ha, 2020). Hiper parametre 6rnekleri arasinda 6grenme orani, parti boyutu,
donem sayis1i, momentum, diizenlilestirme sabiti vb. bulunmaktadir. Altinct adim genellikle
istege baghdir ve ayrica modelimizin yiiriitecegi islev tarafindan belirlenmektedir. Adim,
performansin1 daha da artirmak igin sinir agimiza ince ayar yapmayr gerektirmektedir.
Modelleri fazla uydurmaya karsi korumak i¢in ince ayar sirasinda kii¢iik 6§renme orani

degerleri kullanilmaktadir.
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3.4. Cahsmada kullanilan veri kiimesi

Calismada CNN modellerini egitmek i¢in kullanilan gogilis rontgeni goriintiileri, bir grup
arastirmaci tarafindan diinyanin farkli yerlerinden tip doktorlari ile birlikte olusturulan agik
erisimli bir veri tabanindan elde edilmistir (Chowdhury ve ark., 2020). Veritabani, halka ac¢ik
github depolari, farkli arastirma yayinlar1 ve Italyan Tibbi ve Girisimsel Radyoloji Dernegi
(SIRM) gibi ¢esitli kaynaklardan gogiis rontgeni goriintiileri toplanarak kurulmustur. Veri
seti, Kaggle web sitesinde COVID-19 Radyografi Veritabani adi altinda barindirilmaktadir
(Kaggle, 2022). Toplama sirasinda oldugu gibi, veri seti 10192 normal, 1345 viral pnémoni,
3616 COVID-19 ve 6012 akciger opakligi goriintiisiinden olusmaktadir.

3.5. Model segimi

Bu calismada, dnceden egitilmis yedi farkli CNN modeli egitilmis, dogrulanmis ve test
edilmistir. Modeller MobileNetSmall, MobileNetLarge, EfficieNetV2B2, ResNet50V2,
DenseNet 121, NasNetMobile ve Xception'r icermektedir. Derinligin benzer yapiya sahip
bir modelin performansini nasil etkiledigini aragtirmak i¢in MobileNetV3'in iki farkli
versiyonu kullanilmistir. Optimizasyon algoritmast olarak Adam AMSGrad varyanti
kullanilmistir.  AMSgrad, girdi degiskenlerinin 6grenme oranlarinda biiylik anlik
degisikliklerin meydana gelmesini sinirlayarak Adam algoritmasinin  yakinsama

yeteneklerini artirmaya ¢alisan stokastik bir optimizasyon teknigidir (Tran & Phong, 2019).

Modeller, hem tam baglantili yogun katman siniflandiricist hem de SVM siniflandiricist ile
Ozellik ¢ikarma transfer dgrenimi kullanilarak egitilirken, 0,001'lik sabit bir 63renme orani
kullanilmigtir. CNN modellerinin en iyi sekilde yakinsamasimi saglamak ve ayrica
modellerin fazla takilmasini dnlemek icin Ince ayar transfer 6grenimi kullanilarak model
egitilirken biraz daha diisiik bir 6grenme orani olan 0.0001 kullanilmistir. Ayrica, hem
siiflandirict olarak yogun bir katmana sahip 6znitelik ¢ikarma transfer 6grenmesinde hem
de model asir1 uydurma caydirici olarak ince ayar transfer 6grenmesinde 0,4 oraninda bir
birakma katmani da kullanilmigtir. CNN'leri bir SVM siniflandirici ile 6zellik ¢ikarimi
kullanarak egitirken, birakma katmani kullanilmadi ve bunun yerine modelleri asiri
uydurmaya kars1 korumak i¢in 0.0001 diizenlilestirme faktoriine sahip bir L2 diizenleyici
kullanilmistir. Egitim siirecinde kullanilan tiim hiper parametre degerleri birka¢ deneyden

sonra belirlenmistir.
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Mimariye kiresel bir ortalama havuzlama katmani da eklenmistir. Katmanin islevi, her bir
ozellik haritasinin ortalamasini hesaplamak ve siniflandirma i¢in son ¢ikti katmanina iletilen
bir vektor ¢iktis1 almaktir. Bu yazida, geleneksel tam bagli yogun katmanlar yerine kiiresel
ortalama havuzlama katmanlari, evrisim yapisiyla dogal olarak uyumlu olduklar1 ve ayrica
asir1 uydurmayr onlemede becerikli olabilecek herhangi bir parametre optimizasyonu
gerektirmedikleri icin tercih edilmistir. Siniflandirma katmani olarak tam baglantili yogun
bir katman kullanildiginda, ikili siniflandirmada bir sigmoid aktivasyon islevi ve
ikili crossentropy kayip islevi kullanilmistir. Cok smnifli smiflandirma ig¢in, yogun
siniflandiricilar  kategorik krosentropi kayip fonksiyonunu ve softmax aktivasyon
fonksiyonunu kullanmistir. Modelleri 6zellik ¢ikarma ve bir SVM smiflandirict teknigi
kullanarak egitirken. Son ¢ikt1 katmanu, ikili siniflandirma i¢in bir L2 ¢ekirdek diizenleyici
ve bir mentese kaybi islevi ve dogrusal etkinlestirme islevi kullanilarak bir SVM'ye
dontstiiriilmiistiir. Cok sinifli siniflandirma igin bir kare_hinge kayip fonksiyonu ve softmax

aktivasyon fonksiyonu uygulanmistir.
3.6. Veri on isleme

Gogiis rontgeni  goriintiileri, CNN modeli gereksinimlerine bagli olarak yeniden
boyutlandirilmistir. Modellerin ¢ogu 224 x 224 piksellik bir resim boyutu gerektiriyordu,
kullanilan diger resim boyutlar1 260 x 260 piksel ve 229 x 229 pikseldi. Daha fazla egitim
veri seti olusturmak i¢in dondiirme tabanli gériintii biiyiitme teknigi kullanilmistir. EK olarak
olusturulan goriintiiler, modelleri egitmek icin kullanilan 4 siniftaki goriintii sayisinin
dengelenmesini saglamistir. Dengeli bir egitim veri seti, model tahmin agsamasi sirasinda her
tiirlii onyargiyr ortadan kaldirir ve yeni bir veri seti verildiginde modellerin iyi bir sekilde
genellestirilmesini saglamaktadir. X-1s1n1 goriintiileri, egitim i¢in modele beslenmeden 6nce
once biyiitiilmiis ve karistirilmigtir. Normal gogiis rontgeni goriintiileri, artirilmayan tek
egitim veri setiydi, ¢linkii normal sinif, egitim veri setinde en fazla sayida X-1511
gorlintiisiinii iceriyordu. Artirilmis goriintiiler -40 ila 40 derece arasinda bir agiyla
dondiiriilmiistiir. Test ve dogrulama veri kiimesine goriintii biiyiitme uygulanmadi. X-ray
gOriintii veri setini %70 egitim, %20 test ve %10 dogrulama verisine bolmek i¢in rastgele
ornekleme kullanilmistir. Model egitimi sirasinda 32 goriintiiden olusan sabit bir toplu is

boyutu da kullanilmistir.
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3.8. Performans metrikleri

Egitilmis CNN modellerinin performansini degerlendirmek i¢in asagidaki gibi ¢esitli
metrikler kullanilmistir: (a) Hastalik pozitif olarak dogru bir sekilde kategorize edilen X-
1511 gorintiileri olan Gergek pozitif (TP), (b) X- olan Gergek Negatif (TN). Dogru olarak
hastalik negatif veya saglikli olarak tanimlanan 1sin goriintiileri, (c) Yanlis bir sekilde
hastalikl1 bir vaka olarak tanimlanan ancak aslinda saglikli bir vaka olan X-151m1 goriintiileri
olan Yanlis Pozitif (FP), (d) X-1s1n1 olan Yanlis Negatif goriintiiler yanlis bir sekilde saglikli
bir vaka olarak siniflandirilir, ancak aslinda olumlu bir vakadir. Olciimler, CNN
modellerinin dogrulugunu, geri ¢agrilmasini ve kesinligini ve F1 puanini hesaplamak igin
kullanilmistir. Yiksek bir geri cagirma degeri, Yanlis Negatiflerin sayisinin diisiik olacagi
anlamina gelmektedir. Diisiik Yanlis Negatif degerler, yanlis sekilde saglikli olarak teshis
edilen COVID-19 veya viral pnomoni pozitif hasta sayisinin en aza indirilmesini
saglamaktadir. Yiksek hassasiyet, Yanlis Pozitiflerin sayisinin diisiik olacagi anlamina
gelmektedir. Diisiik Yanlis Pozitif degerler, COVID-19 veya viral pndmoni ile yanlis teshis

edilen saglikli bireylerin sayisinin en aza indirilmesini garanti etmektedir.
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4. BULGULAR VE TARTISMA

Bu calismada, iki ana kategorizasyon tiirii degerlendirilmistir. ilki, normale karsi viral
pndmoni ve normale karsi COVID-19 smiflarindan olusan ikili siniflandirmaydi. Ikincisi,
normale karsi viral pndmoniye ve COVID-19'a kars1 ve normale kars1 viral pndmoniye karsi
COVID-19'a kars1 akciger opakligindan olusan ¢ok sinifli siniflandirmaydi. Akciger opasite
siifi, ne COVID-19 ne de viral pndmoni olmayan diger akciger enfeksiyonlarini ifade eder.
Modeller ayrica metodoloji boliimiinde tartigilan {i¢ farkli derin transfer 6grenme stratejisi
kullanilarak egitilmistir. 11k strateji, 6znitelik ¢ikaric1 olarak dnceden egitilmis hazir sinir
aglarini ve son smiflandirma katmani olarak tam baglantili yogun bir katmani kullanmakti.
Ikinci strateji, sinir aglar1 igin son ¢ikt: katmam olarak bir destek vektdr makinesinin
kullanilmas1 diginda, birincisine benzer. Ugiincii teknik, performanslarmi artirmak amaciyla

onceden egitilmis sinir aglarinin ince ayarini gerektiriyormustur.

4.1. Ozellik cikarici olarak onceden egitilmis modeller ve simflandirici olarak tam

baglantih katmanlar

Bu model egitimi ve smiflandirma kategorisinde, Onceden egitilmis modellerin {ist
siiflandirma katmani hari¢ tiim alt katmanlar dondurulur. Bu iist ¢ikt1 katmani1 daha sonra
modelin siniflandiracag: sinif sayisina karsilik gelen diigiim sayisini igeren tamamen bagl

baska bir katmanla degistirildi.
4.1.1. ikili simflandirma: normal vs COVID-19

Modellerin iirettigi sonuglar umut vericiydi. Onceden egitilmis CNN'ler, > %91 dogruluk
degerleri, > %91 kesinlik degerleri, > %86 geri cagirma degerleri ve > %88 F1 puanlari
iiretmistir. EfficientNetV2B2 sinir agi, sirasiyla %99, %98, %98, %98 dogruluk, kesinlik,
geri ¢cagirma ve F1-Skoru ile en iyi performans: gostermistir. MobileNetV3Small ve
MobileNetV3Large, sirasiyla 200 saniye ve 204 saniyelik en iyi ve neredeyse ayni egitim
stiresini kaydetmistir. ResNet50V2 ve DesnseNetl21, yalnizca bir saniyelik bir farkla
sirastyla 491 saniye ve 492 saniyelik karsilastirilabilir egitim siiresine sahiptir. Xception

sinir ag1, 714 saniyelik en kotii egitim siiresine sahiptir.
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4.1.2. ikili stmflandirma: normal vs viral pnémoni

Tiim CNN'ler dogruluk puanlar1 > %97, kesinlik puanlar1 > %95, hatirlama puanlar1 > %92
ve F1-Skorlar1 > %93 iiretmistir. EffcientNetV2B2, sirasiyla %99, %98, %98, %98
dogruluk, kesinlik, hatirlama ve F1-Skoru ile en i1yi performans gosteren CNN olmustur.
NASMobile %97 dogruluk, %95 hassasiyet, %92 hatirlama ve %93 F1-Skoru ile dort
Ol¢limiin tamaminda en diisiik performans degerlerini kaydetmistir. 190 saniye ile en kisa
egitim siiresine sahip MobileNetV3Small't ve 197 saniyelik egitim siliresi kaydeden
MobileNetV3Large yakindan takip etmistir. Xception, 716 saniye ile en uzun egitim siiresine
sahiptir. Olaganiistii model performans metriklerine ragmen EfficientNetV2B2, 548 saniye

ile en uzun ikinci egitim siiresine sahiptir.
4.1.3. Cok smifli ssmflandirma: normal vs viral pnémoni ve COVID-19

Sinir aglarinin her birinin dogruluk degeri > %90 idi. Her modelin kesinligi, hatirlamas1 ve
F1 puani > %89'du. En iyi performans gosteren CNN, dogruluk, kesinlik, geri cagirma ve >
%95 F1-skor degerleri iireten MobileNetV3Large oldu. Ikinci en iyi performans gdsteren
model, dogruluk, kesinlik, geri cagirma ve F1-Skor degerlerini > %94 kaydeden
EfficeintNetV2B2 idi. MobileNetV3Small 275 saniye ile en kisa siireyi kaydederken, onu
283 saniyelik egitim siiresiyle MobileNetV3Large yakindan takip etmistir. Xception, 1055

saniye ile en uzun egitim siiresine sahiptir.

4.1.4. Cok simifli ssmflandirma: normal vs viral pnémoni vs COVID-19 vs akciger

opakhgi

Onceden egitilmis modellerin her birinin dogruluk, hatirlama, kesinlik ve F1-Skor degeri >
%81 1di. Bu smiflandirma kategorisinde, EffcientNetV2B2 ve MobileNetV3Large,
neredeyse benzer performans sonuglari iiretmistir. Iki sinir ag1, %89'luk aymi dogruluk
puanma sahiptir. Ancak EfficientNetV2B2, %1 oraninda biraz daha iyi bir F1 Puanina
sahiptir. Xception 1380 saniye ile en kotii egitim siiresine sahip olurken, onu 1033 saniye ile
EfficientNetV2B2 takip etmistir. MobileNetV3Small ve MobileNetVV3Large, iki model
arasinda 10 saniyelik farkla en iyi egitim siiresine sahiptir. MobileNetVV3Small 362 saniyelik

bir egitim stiiresi kaydetti ve MobileNetV3Large 372 saniyelik bir egitim siiresi kaydetmistir.
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4.2. Ozellik ¢ikaricr olarak énceden egitilmis modeller ve simflandiricl olarak destek

vektor makinesi (SVM)

Bu model egitimi ve smiflandirma kategorisinde, en istteki smniflandirma katmani harig,
onceden egitilmis modelin tiim katmanlar1 dondurulur. Onceden egitilmis modelin en iist
katmani, siniflandirma gorevini gergeklestiren bir destek vektor makinesi ile degistirilirken,

donmus katmanlar 6zellik ¢ikarict gorevi goriir.
4.2.1. ikili stmflandirma: normal vs COVID-19

Onceden egitilmis modellerin her biri dogruluk degeri > %93, kesinlik degeri > %94, geri
cagirma degeri > %87 ve F1 puan1 > %90 kaydetmistir. EfficientNetV2B2 sinir agi, sirastyla
%97, %97, %94, %95 dogruluk, kesinlik, geri ¢agirma ve F1-Skoru ile en iyi performans
goOsteren modeldi. MobileNetVV3Small, 187 saniye ile egitilmesi en az siireyi almistir.
MobileNetV3Large, 192 saniye ile en kisa ikinci egitim siiresini kaydetmistir. Xception

modeli 701 saniye ile en uzun antrenman siiresini almistir.
4.2.2. Ikili stmflandirma: normal vs viral pnémoni

Tiim CNN'ler dogruluk ve kesinlik puanlar1 > %98, hatirlama puanlar1 > %90 ve F1-Skorlar1
> %94 tretti. EffcientNetV2B2, MobileNetV3Small, MobileNetV3Large ve ResNet50V2
neredeyse benzer metrik puanlari kaydetmistir. Dort modelin timii, %99'luk ayni1 dogruluk
puanina sahipti, tek fark, maksimum %?2 ile farklilik gosteren kesinlik, geri ¢cagirma ve F1-
Skor degerlerindeydi. MobileNetV3Small, 186 saniye ile en az egitim siiresine sahiptir.

Xception, 700 saniyelik en uzun egitim siiresine sahiptir.
4.2.3. Cok simfh siniflandirma: normal vs viral pnémoni vs COVID-19

CNN'ler tarafindan verilen dogruluk, kesinlik, hatirlama ve F1-Skor degerleri > %91 idi.
MobileNetV3Large, MobileNetVV3Small ve EfficientNetV2B2 en iyi performans gosteren
CNN'lerdi. Ancak MobileNetV3Large modeli, diger iki modelden biraz daha iyi bir
dogruluk ve F1-Skor degeri, yani %1 daha yiksek kaydetmistir. MobileNetV3Small, 277
saniye ile en kisa siirede egitim almistir. Xception modeli, 1043 saniye ile en uzun antrenman

stiresini almistir.
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4.2.4. Cok siifli ssmflandirma: normal vs viral pnémoni vs COVID-19 vs akciger

opakhg:

Onceden egitilmis modellerin her birinin dogruluk, geri ¢agirma, kesinlik ve F1-Skor
degerleri > %81 idi. EffcientNetV2B2 ve MobileNetV3Large, birbirine yakin performans
sonuclari tiretmistir. Geri ¢agirma ve kesinlik 6lgtimlerinde yalnizca %1'lik bir fark varmis.
EffcientNetV2B2 en yiiksek kesinlik degerine sahipken MobileNetV3Large en yiiksek geri
cagirma degerine sahiptir. Xception ve EfficientNetV2B2, sirasiyla 1035 saniye ve 1394
saniye ile en uzun egitim siiresine sahiptir. MobileNetV3Small, 362 saniye ile en az egitim

stiresine sahiptir.
4.3. Modelin ince ayari

Bu model egitimi ve siniflandirma kategorisinde, dnceden egitilmis modelin daha derin
katmanlar1 dondurulurken, s1ig model katmanlarindan bazilari model egitimi sirasinda
¢ozulir. Dondurulmamis katmanlarin agirliklari, model egitilirken ayarlanir ve bu, modelin

egitim veri kiimesine 6zgii 6zellikleri daha iyi 6grenmesine olanak tanir.
4.3.1. ikili stmflandirma: normal vs COVID-19

Tiim modeller miikemmel derecede 1yi performans gostererek dogruluk > %98, hassasiyet >
%97, hatirlama > %97 ve F1 puanlar1 > %97 iretmistir. Altt model arasinda en 1iyi
performans gosteren model, dogruluk, hassasiyet ve F1 puan1 %99 olan EfficientNetV2B2
oldu. Xception sinir agi, 840 saniye ile egitmek icin en uzun siireyi almaktadir.
MobileNetV3Small ve MobileNetV3Large, sirasiyla 211 saniye ve 219 saniye ile en diisiik

egitim siiresini kaydeder.
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4.3.2. Ikili stmflandirma: normal vs viral pnémoni

%98 dogruluk oranina sahip Xception hari¢ tiim modeller %99 dogruluk puanina sahiptir.
Modellerin her biri i¢in kesinlik ve geri ¢agirma degerleri > %97 idi. Modellerin her birinin
F1-Skor degeri > %98 idi. EffcientNetV2B2, dogruluk, kesinlik ve F1 puani gibi performans
Olchtlerinin Gglinde %99'luk bir degerle zirveye yerlesmistir. MobileNetV3Small, 193
saniye ile en kisa egitim siiresini kaydetti, ardindan 208 saniye ile egitim siiresi kaydeden

MobileNetV3Large izlemistir. Xception, 835 saniye ile en uzun antrenman siresini almistir.
4.3.3. Cok sinifli ssmflandirma: normal vs viral pnémoni vs COVID-19

CNN'lerin dogrulugu > %97 idi. Her modelin kesinligi ve F1 puani > %96 idi. Modellerin
her birinin hatirlama degeri > %95 idi. En iyi performans gosteren CNN, %99 dogruluk, geri
cagirma ve F1 puam1i ve %98 hassasiyet {iireten MobileNetV3Large olmustur.
MobileNetV3Small, 303 saniyelik en iyi siireyi kaydetmistir. Xception sinir agi, 1241
saniyeyle en uzun sureye sahiptir.

4.3.4. Cok simfl simiflandirma: normal vs viral pnémoni vs COVID-19 vs akciger

opakhg

Onceden egitilmis modellerin her birinin dogruluk degeri > %91 idi. Geri ¢agirma ve F1
puant > %92 ve kesinlik > %93 idi. Bu smiflandirma kategorisinde EffcientNetV2B2,
MobileNetV3Large ve DeseNet121 hemen hemen ayni sonuglari1 vermistir. Modeller benzer
bir hassasiyete, hatirlamaya ve %95 F1 puanina sahiptir. Tek fark, DenseNet121'in diger iki
modelden %1 daha yiiksek olan %94 puan aldig1 dogruluktaydi. Xception 1644 saniye ile
en kotii egitim siiresine sahip olurken, onu 1172 saniye ile EfficientNetV2B2 takip etmistir.
MobileNetV3Small ve MobileNetV3Large sirasiyla 418 ve 421 saniye ile en iy egitim

stiresine sahiptir.
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5. SONUC

Viral pnémoni ve COVID-19 hastalarinin tespitinde 6nceden egitilmis sinir aglar1 tarafindan
uretilen sonuclar cok umut vericiydi. Modellerin ¢ogu, siniflandirma katmani olarak yogun
bir katman kullanilarak 6zellik ¢ikarma transferi 6grenimi kullanilarak egitildiklerinde en
diistiik performans metrik degerlerini kaydetmisler. Smiflandirma gérevini gergeklestirmek
icin destek vektor makinesi kullanildiginda metrik degerlerinde marjinal bir artis olmustur.
Ince ayarl1 aktarim dgrenimi, en iyi model performans metrik degerlerini olusmustur. Ancak,
onceden egitilmis modeller, Ince ayar transfer grenimi kullamilarak egitildiklerinde en uzun
egitim siiresini almigtir. Ornegin, Normal ve COVID-19 gogiis rontgeni goruntilerinin
siiflandirilmasinda. MobileNetV3Small egitim siiresi, yogun bir siniflandirma katmani
kullanan Ozellik ¢ikarma icin 187 saniye, Ozellik ¢ikarma ve bir SVM smiflandirici igin 200
saniye ve Ince Ayar Aktarimi dgrenimi icin 211 saniyeydi. Daha hizli egitim siiresi, Ozellik
cikarma aktarimi 6grenimini, belirli bir goreve uygun modelleri belirlemek icin hizli temel
deneyler yapmak icin uygun hale getirmektedir. Belirli bir gorev icin en uygun modeli
sectikten sonra, performansini daha da artirmak i¢in modelde ince ayar yapilabilmektedir.
Ince ayardaki daha uzun egitim siiresi, egitim sirasinda giincellenecek parametre sayisini

artiran bazi model katmanlarinin ¢6ziilmesine baglanabilmektedir.

Onceden egitilmis modeller, ikiden fazla siniftan olusan ¢ok sinifli siniflandirmaya gére ikili
siiflandirmada daha iyi performans 6l¢iitlerine sahiptir. Modellerin ¢ogu, normal ve viral
pnémoni gogiis rontgeni goriintiilerini ayirt etmede iyi performans gostermistir. Modellerin
cogu, kullanilan ti¢ Transfer 6grenme tekniginin hepsinde %99'a varan dogruluk puanlarina
ve %92'nin Uzerinde F1-Skor degerlerine sahiptir. Ikinci en iyi smiflandirma kategorisi
COVID-19'a kars1 normal, ardindan normale kars1 viral pndmoniye kargt COVID-19 ve en
kotii performans gosteren siniflandirma kategorisi normale karsi viral pnomoniye karsi
COVID-19 ve akciger opasitesiydi. Veri kiimesi smiflarinin sayisindaki artigla birlikte
model performansindaki siirekli diislis, bir modelin 6grenmesi gereken veriye 0zgi
ozelliklerin sayisindaki artigla iliskilendirilebilir. Bu nedenle, veri kiimesi siniflarindaki bazi
modeller ortiistiigiinde model yanlis tahmine egilimli olabilmektedir. Ayrica, CNN'leri ¢ok
smiflt siniflandirmada egitmek i¢in gegen siire, esas olarak egitim verilerinin boyutundaki
artistan dolay1, onlar1 ikili siniflandirmada egitmek icin gegen siireden daha fazladir. Ayrica,

modellerin Ug transfer 6grenme tekniginin tiimiinii kullanarak egitilmesi sirasinda ¢ok az ya
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da hi¢ asir1 uyum yasanmamis. Bu, veri artirma, birakma ve L2 diizenleme gibi kullanilan

saglam diizenleme tekniklerine baglanabilmektedir.

Calisma sonuglari, derin transfer 6grenmenin sifirdan karmasik model mimarileri
olusturmaya etkili ve verimli bir alternatif olarak kabul edilebilecegini gostermektedir.
Onceden egitilmis modeller, minimum zaman ve ¢aba kullanarak daha iyi sonugclar
uretebilmektedir. Bu arastirma c¢alismasindan elde edilen istisnai sonuclar, transfer
o0greniminin COVID-19, COVID-19 dis1 viral pndmoni ve diger akciger enfeksiyonlarinin
otomatik tespiti icin Al araglarinin gelistirilmesinde kullanilabilecegini de gostermektedir.
Ayrica viral pnomoni ve COVID-19, her ikisi de viral hastaliklar olan benzer belirti ve
semptomlar sergiler ve kolayca yanlis teshis edilebilir. Bu nedenle, Al hastalik tespit
araglariin kullanilmasi, yanlis teshis vakalarinin énlenmesine yardimeci olabilir ve hastalara
uygun tedavinin uygulanmasimni saglayabilmektedir. Al tespit araglari, hastaligin hizli
yayllmasint Onlemeye yardimci olabilecek COVID-19 ile enfekte kisilerin erken

taranmasina ve tanimlanmasina da yardimci olabilmektedir.

Egitim veri setinin siirli mevcudiyeti, ¢calismadaki sinirlamalardan biriydi, bu nedenle daha
fazla egitim veri seti olusturmak ve veri setinin dengeli olmasini saglamak icin goriintii
biiylitmenin kullanilmasi. Gelecekteki arastirmalarda, modeller egitilirken orijinal egitim
veri kiimesi sayis1 artirilabilir. Ayrica, ince ayar, model parametrelerinin ayarlanmasi i¢in
sinirsiz yollar sunar. Bu nedenle, modellerin performansini daha da artirmak icin daha fazla

hiper parametre ayar1 yapilabilmektedir.
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SYMBOLS AND ABBREVIATIONS

xli

The symbols and abbreviations used in this study are presented below along with their

explanations.
Abbreviations

COVID-19
SARS-CoV-2
WHO
RT-PCR
CT-Scan
DL

CNN

Al

CAD

PD

EEG

AD
LSTM
MRI

B

SVM
ML
ANN

TP

TN

FP

FN

Explanations

Coronavirus disease of 2019

Severe acute respiratory syndrome coronavirus 2
World Health Organization

Reverse Transcription Polymerase Chain Reaction
Computerised tomography (CT) scan
Deep learning

Convolution Neural Network
Anrtificial Intelligence

Computer Aided Diagnostic
Parkinson disease
Electroencephalogram

Alzheimer's disease

Long short-term memory

Magnetic resonance imaging
Tuberculosis

Support Vector Machine

Machine Learning

Artificial Neural Networks

True positive

True negative

False positive

False negative



1. INTRODUCTION

Coronavirus disease (COVID-19) has caused suffering and devastation of millions of people
across the globe. Families have lost loved ones, Economies have crumbled, and health facilities
have been overwhelmed by the exponential number of COVID-19 patients in critical condition
(Haleem, Javaid, & Vaishya, 2020). The disease is highly contagious and is caused by a viral
microorganism known as severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
(Irani, 2022). The virus mainly attacks and disrupts the normal functioning of the respiratory
system of its victims. The disease was first discovered in China at a province known as Wuhan
hubei province (Li, 2020). It later rapidly spread across the world and was declared as a global
pandemic by the World Health Organization (WHO) on the 11th of March 2020 (World Health
Organization [WHQ], 2020).

Global health institutions and national governments were forced to put in place stringent courses
of actions to curb the spread of the COVID-19 virus. Cross border movement was restricted,
public gathering areas were shut down, families were locked down in their homes, mass testing
initiatives were carried out, and COVID-19 infected victims were forced to quarantine (Mehtar
et al., 2020). Quarantining has proven to be one of the effective and successful strategies used
to limit COVID-19 spread. Once a patient is identified as COVID-19 positive, they are forced
to isolate themselves from the public for some few weeks until they test negative (Rahaman,
2020). This helps to prevent the possibility of infected individuals unknowingly propagating the
disease to other healthy people.

Reverse Transcription Polymerase Chain Reaction (RT-PCR) is currently the commonly used
testing technique for COVID-19 detection (Sajjad, Shahzad & Mahmood, 2020). However, the
testing method requires properly trained medical staff to conduct it, it consumes a lot of time
before the results are generated, and PCR machines must also be hosted in specialized lab
facilities that are expensive to set up. According to Mahmmud (2020), the cost of building the
specialized PCR lab facility can range from $15000 to $90000. The high cost of the testing
method is one of the main reasons why many countries in the developing world are lagging
behind in the COVID-19 testing efforts. Moreover, recent reports also suggest that the RT-PCR
COVID-19 test results may have false negative rates ranging from 29% to 40% (Zhang, 2021).



The high false negative percentages mean there is a high probability of patients mistakenly
testing COVID-19 negative but they are in fact infected by the virus.

Non-COVID-19 pneumonia is one of the leading causes of deaths among the elderly living in
the developed world, and children living in the developing nations (Ruuskanen, Lahti, Jennings
& Murdoch, 2011). The diseases can either be caused by viral or bacterial microorganisms.
However, in this study the focus will be on COVID-19 and non-COVID-19 viral pneumonia.
Approximately 450 million pneumonia cases are reported globally every year and an estimated
4 million infected victims succumb to the illness (Ruuskanen et al., 2011). The worst affected
population group are the elderly with an age beyond 75 years and young children with an age
beneath 5 years. Clinical examination of the upper and lower respiratory specimen such as
sputum, examination of patients' disease symptoms, and analysis of radiographic images such
as CT scans and chest X-rays are some of the common methods used to test viral pneumonia
(Tilve et al., 2020).

In recent years, Computer Aided Diagnostic tools have increasingly been used to help in disease
identification. Artificial Intelligence is the engine that drives the automated disease diagnostic
tools infrastructure (Panesar, 2019: 12 -14). The application of deep learning in the analysis of
medical images such as chest X-rays, and CT-scan has helped in early detection of various
illnesses such as cancer and tuberculosis (Zhou, Greenspan & Shen, 2017: 179 - 192). Early
detection of cancerous tumors increases a patient’s survival chances because proper treatment
can be administered in a good time. Deep learning (DL) is an advancement of machine learning.
It entails development and application of algorithms (neural nets) that try to simulate the
working and functioning of the human brain (Chah, 2019). Unlike the traditional machine
learning algorithm, the deep learning models require minimal data pre-processing steps. The
models can process unstructured data such as images and text, and automatically extract hidden
features and patterns from the dataset. The Convolution Neural Network (CNN) is the preferred

deep learning model for computer vision tasks (Mishkin, Sergievskiy & Matas, 2017).

The exponential rise in big data, mainly because of the wide use of the internet, resulted in the
development of state-of-art pre-trained deep learning models. The state of art models is usually
trained on a very large dataset that can run to thousands or millions of data pieces. The patterns

learnt by the models from the large training dataset can then be used to solve a similar or related



task (Yang, Zhang, Tao & Ma, 2020). The aim of this study is to assess the performance of some
of the state-of-art CNN models, in the automatic detection of COVID-19 and non-COVID-19
viral pneumonia. The dataset used to train, test and validate the Transfer learning models was
made up of 4 main classes namely COVID-19, Viral pneumonia, Normal and Lung opacity.
Lung opacity class refers to chest X-rays that indicate a patient has a lung infection that is neither
COVID-19 nor viral pneumonia.



2. RELATED RESEARCH WORK

Krittanawong et al. (2019) discussed the application of deep learning techniques in
cardiovascular medicine. Image segmentation can now be used for better analysis of cardiac
imaging. Wearable devices such as smart watches can now be used to capture cardiovascular
related data. The captured data can then be assessed by the deep learning models and the state
of health a patient’s cardiovascular system successfully determined. The authors also suggested
the automation of medical imaging analysis and interpretations as one of the major benefits of
deep learning. The need for large amounts of data during model training, difficulty in applying
DL techniques in clinical trials, black box decision making in model prediction, and
unavailability of a standardized way when designing the deep learning models were indicated

as some of the limitations of using deep learning in the field of medicine.

The present-day advancements in the field of Artificial Intelligence (Al) has facilitated the need
for automating the interpretation of medical imaging. The analysis of chest X-rays has widely
been proposed for automation because the chest X-ray machines are relatively inexpensive,
chest X-rays are commonly used across the globe, and it takes several years to train a radiologist
who can interpret the images (Kallianos et al., 2019). Dahmani et al. (2020) proposed a robust
system that will help individuals with motor disabilities to move effortlessly using an electronic
eye-controlled wheelchair. The authors developed and tested the system using four different
techniques. The technique that used Convolution Neural Networks (CNNs) emerged as the most
effective. The best performing CNN registered an accuracy of 99.3%. Hence, it was selected as
the most appropriate model to be used in the gaze estimator which controls movements in the

wheelchair.

Early detection and treatment of cancer is one of the safest ways to increase chances of survival
for cancer patients. In the year 206 over 2.8 million women across the globe were diagnosed
with cancer. Mammography is the technique that has been commonly used to diagnose breast
cancer patients in the last 20 years. However, the technique has reported high false positive
rates. The adverse side effects of mammography make it necessary to develop alternative
Computer Aided Diagnostic (CAD) tools that facilitate a seamless and accurate detection of
breast cancer (Mambou et al., 2018). Oh et al. (2020) developed a CNN architecture consisting



of thirteen layers which was used to diagnose patients with Parkinson disease (PD). PD is caused
by the constant decline in the brain motor function capability. The authors utilized
electroencephalogram (EEG) signals from both healthy and PD patients as their model dataset.
Their neural net performed well, generating accuracy, sensitivity, and specificity of 88.25%,
84.71% and 91.77% respectively.

Jo, Nho & Saykin (2019) reviewed multiple publications that proposed ways of using deep
learning and computer vision to help in diagnosing patients with Alzheimer's disease (AD). The
advancements in neuroimaging technologies has resulted in increased use of multi-channel
neuroimaging dataset. Some of the reviewed research papers used a mixture of both the
conventional machine learning and advanced deep learning methods, whereas others used a pure
deep learning approach. A combination of both the machine learning and deep learning
techniques generated an accuracy of 98.8% and 83.7 for the identification of AD and mild
cognitive impairment conversion respectively. The pure deep learning methods produced
accuracies of 96% and 84.2% for the identification of AD and mild conversion respectively.

Choi et al. (2021) developed a deep learning model using both long short-term memory (LSTM)
and convolutional neural network (CNN), to help in stroke prediction. Stroke is predominant
among the elderly. Stroke victims require constant observation because the disease has a high
probability of recurrence, and also has a high death rate. The commonly used methods for stroke
examination include using CT scans and Magnetic resonance imaging (MRI) scans. However,
the two techniques require operating bulky and expensive machines, and it is also time-
consuming. To help address some of the limitations associated with the existing approaches, the
proposed technique uses raw electroencephalography (EEG) for model training and prediction.
The developed model recorded an excellent stroke prediction accuracy of 94%.

Malaria is one of the leading causes of deaths especially in the tropics. The conventional way
of diagnosing the illness is by testing blood smears of patients. If red blood cells infected by the
malaria parasite can be identified in the smear by the help of a microscope, then a patient is
determined to be malaria positive. This conventional testing method is inefficient and heavily
relies on skills, expertise and experience of the person conducting the test. A new technique that
uses deep transfer learning models has been proposed to automatically identify parasite infected
red blood cells in the thin blood smears (Shekar, Revathy & Goud, 2020). More than a hundred



respiratory illnesses share cough as a common symptom. Coughs have feature rich audio signals
that can be leveraged to identify the cause of a respiratory problem. Kumar et al. (2020) came
up with a deep learning model that can successfully detect ten different pulmonary diseases

using cough signals.

Gao & Qian (2017) developed a CNN architecture that was used to detect and categorize five
different strains of Tuberculosis (TB) in patients’ CT images. Image segmentation was applied
to the CT images converting them into rectangular shaped patches of different height and width
sizes. The images were later standardized into a 30 x 30-pixel size before the model training
phase began. 300 datasets were used to evaluate the model performance. The model generated
0.22 Kappa score and an accuracy of 41%, which was the highest accuracy value in the
competition. Marques, Agarwal & de la Torre Diez (2020) suggested a novel way of working
with a customized EfficientNet model architecture to automate the detection of COVID-19. A
10-fold stratified cross-validation was used to validate the results given by the CNN. Two major
experiment types were conducted. The first one was binary classification that consisted of
healthy and COVID-19 classes. The second one was multi-class classification that entailed
healthy, COVID-19 and pneumonia classes. Chest X-ray images were used as the dataset for
training, testing and validating the EfficientNet CNN. The binary and multi-class classification
generated an accuracy of 99.6% and 96.7% respectively.

According to Rajaraman and Antani (2020), reverse transcription-polymerase chain reaction
(RT-PCR) is a testing method frequently employed in the diagnosis of COVID-19. However,
the method has several limitations such as it is labor intensive, it is expensive to set up its
operating infrastructure, and it is also susceptible to giving false positive results. On the other
hand, the use of computed tomography (CT) images is also prone to cross-contamination
incidents. The authors proposed an approach of using weakly labeled dataset and data

augmentation to recognize COVID-19 related opacities in the chest X-rays.

Depression is also one of the leading mental disorders that is adversely affecting people of
different ages across the globe. Saidi, Othman & Saoud (2020) came up with a hybrid CNN and
Support Vector Machine (SVM) machine that can automatically detect a patient suffering from
depression. The hybrid model generated an accuracy score of 68% which was approximately

10% more than the accuracy results given by a pure CNN. Rahman et al. (2021) examined the



effects of lung segmentation and image enhancement on the chest X-ray dataset used for
COVID-19 detection. The authors analyzed different image enhancement methods such as
gamma correction, image complement and histogram equalization (HE). Six pre-trained CNNs
and a single shallow CNN model were utilized in the research experiment. The gamma
correction technique gave the best performance metrics. However, when using the segmented
dataset, the models generated a significantly superior output with an accuracy, precision,
sensitivity, F1-score and specificity of 95.1%, 94.6%, 94.6%, 94.5 and 95.6% respectively



3. METHODOLOGY

The study used Transfer learning as the main technique for training, testing, and validating the
deep learning algorithms in the identification of COVID-19 and viral pneumonia. A total of
seven pre-trained CNNs were trained on a dataset of chest X-rays that was made up of 4 classes
namely COVID-19, Viral pneumonia, Lung opacity and Normal. The performance of the CNN
models was later evaluated using various metrics to determine which model was most effective
at the classification task. In this section, Deep Transfer learning and other methods used to

conduct the research have been discussed in detail.
3.1. Deep learning (DL)

Deep learning (DL) refers to a sub-branch of machine learning that utilizes neural networks
with hierarchical architectures to learn hidden patterns and features from a dataset
(Wooldridge, 2020). The neural networks try to imitate the functioning of the human brain.
The advancement in computer processing power and the production of low cost computer
hardware resources contributed to the rise of deep learning. Moreover, deep neural networks
can effectively learn features from both non-linear and linear datasets, unlike the conventional
machine learning models which are primarily applied on linear datasets (Mallick, Dhara &
Rath, 2021). Deep learning techniques have been successfully utilized in a variety of fields
such as natural language and image processing, voice detection and numerical data prediction.
The major challenges associated with DL are the need for a large training dataset and also in
most cases training DL models is time-consuming and requires computers with a significantly

powerful processing capability (Wooldridge, 2020).

Despite being a sub-branch of machine learning (ML), deep learning differentiates itself from
the traditional ML in two main ways. The first one is the nature of the dataset used to train and
test the deep neural networks. The conventional ML algorithms primarily use structured, well
labeled datasets to learn and make predictions (Kaur, 2022). In situations where the dataset is
unstructured, pre-processing must first be applied to the dataset to convert it into a structured
format. Deep learning notably minimizes the many data pre-processing steps associated with
ML. The deep neural networks can automatically extract features and other hidden patterns from
unstructured data like images and text. The second difference between ML and DL is in the
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size of the training dataset. DL models typically require a larger dataset to successfully train and
learn meaningful information from the data. Moreover, the DL models also take a longer time
to train unlike most traditional ML models which take a shorter time to train and may require a

smaller size of training data (Kaur, 2022).

ARTIFICIAL INTELLIGENCE

Programs with the ability to
learn and reason like humans

MACHINE LEARNING
Algorithms with the ability to learn
without being explicitly programmed

DEEP LEARNING
Subset of machine learning
in which artificial neural
networks adapt and learn
from vast amounts of data

Figure 3. 1. Deep learning as a sub-branch of Machine Learning

A connection of several layers which contain multiple interconnected nodes make up the deep
neural networks architecture. The layers forming the neural nets are organized in a hierarchical
structure, that is, one layer lying on top of the other (Michelucci, 2018). The main task of each
layer in the architecture is to refine the features learned by the preceding layer. The input and
classification layers are situated at the extreme opposite ends of the model structure, and are
known as visible layers (Karoly, Galambos, Kuti & Rudas, 2021). The input layer is responsible
for taking in the data for model processing, whereas the classification layer is responsible for
categorizing data into the various dataset classes. Both forward and backward propagation are
the two key strategies used by the deep learning models to learn hidden patterns from data, make
model predictions and adjust any encountered errors made by models during prediction (Lee,
Park, Kim, Yu, Jo, & Choi, 2019). Gradient descent is one of the algorithm commonly used by
the neural nets to compute the error margin generated during model prediction. Once the error
size is determined the weights and biases of the models are adjusted accordingly by moving

backwards across all existing layers in their structure (Karoly et al., 2021).
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3.2. Convolution neural network (CNN)

CNN is the most popularly used neural net for computer vision tasks. Three key layers make up
a CNN architecture namely convolution layers, fully connected or dense layers, and pooling
layers (Zhang, Tian & Li, 2018). Each of the three layers have their own specific function. A
CNN is trained in two phases. The first one known as forward phase, entails representing the
input data using the existing layer parameters. A prediction is then made by the output
(classification) layer and the prediction error size is determined by making comparison with the
ground truth labels. The second stage, known as backward phase, entails calculating the gradient
of each layer parameter and adjusting the weights and biases accordingly (Lee et al., 2019).
Figure 3.2 shows the structure of CNN

Fully
connected Softmax
Input Convolutional ~ Pooling Convolutional Pooling L classitier
layer layer layer layer

CHD- @@ {-

(.

O

Figure 3. 2. General structure of a Convolution Neural Network (CNN)

3.2.1. Types of CNN layers

In this section, three main types of CNN layers that made up the deep neural network models
used in the study have been discussed. The general structure and functioning of the layers have
been elaborated in detail.

Convolution layers

The primary building block of any CNN architecture is the convolution layer. The layer contains
kernel (filter) parameters which performs a convolution operation on the input image (Zhang et
al., 2018). The convolution operation entails sliding the filter across the width and height of the

input data. As the filter is sliding across the input data, a dot product operation is done between
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the filter elements and the input. The learning process of the convolution layers is also faster
than the conventional dense layers. The speedy learning is one of the key reasons why they are
preferred over the fully connected layers for the computer vision tasks. Figure 3.3 Shows the

convolution operation.
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Figure 3. 3. The convolution operation

Pooling layers

The pooling layers are usually stacked after the convolution layers in a CNN architecture. Their
primary role in the architecture is to shrink the size of feature maps (Lee, Gallagher & Tu, 2018).
The most prominent pooling strategies are Max and Average pooling. In Max pooling operation,
the filter picks the greatest member in the feature map area it covers. Hence, the max pooling
layers generate output feature maps that have the most significant features of the input feature
maps. Figure 3.4. shows max pooling operation in action. In average pooling operation, the filter
calculates the mean of all the elements it covers in a given feature map area. Hence, the average
pooling layers will produce output feature maps containing the average of input feature maps

members. Figure 3.5 shows the average pooling operation.
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Figure 3.4. Max pooling operation
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Figure 3. 5. Average pooling operation

Fully connected layers

The fully connected layers (also referred to as dense layers) are typically stacked at the tail end
of the CNN architecture. A fully connected layer in a CNN obtains its input from the last
convolution or pooling layer. The input to the fully connected layer is first flattened into a one-
dimensional feature vector and later directed to the layer (Basha, Dubey, Pulabaigari &
Mukherjee, 2020). Figure 3.6 showing flattening operation. The fully connected layers can
either be single or multiple depending on the nature of task to be executed. They also perform
similar mathematical operations as the conventional Artificial Neural Networks (ANN). The
very last layer in the model architecture, also known as the out-put or classification layer (for a
classification task), uses various activation functions such as softmax and sigmoid to get the
prediction probabilities of the model (Basha, 2020). The fully connected layers also contribute
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the greatest number of all parameters found in a CNN. The high number of parameters makes
them require a lot of computational power for their successful training.

78
78 94 94
62 83 - 62
83

Figure 3.6. Flattening operation
3.3. Model training strategies

Unlike the conventional machine learning models and other shallow architectures, deep learning
models are very good at identifying hidden patterns and features in large datasets. Nevertheless,
the deep architecture means the models have a large number of parameters which makes them
susceptible to overfitting. In recent years, several regularization technigues have been developed

to help alleviate the overfitting challenge. Some of these methods are discussed below.
3.3.1. Dropout

Dropout protects a deep learning model from overfitting by arbitrarily inactivating nodes and
their associated paths in the neural network (Hahn & Choi, 2020). The random node inactivation
ensures the deep neural net does not depend on a specific set of neurons in the network. It impels
all nodes present in the network to learn concealed patterns and features from the training dataset
enabling them to generalize well. Figure 3.7 demonstrates how Dropout works.
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(a) Standard Neural Network (b) Network after Dropout

Figure 3. 7. Dropout operation in a neural network architecture

3.3.2. Data augmentation

Data augmentation can be defined as the process of introducing heterogeneity in a dataset by
making minor changes on copies of the current data (Lemley, Bazrafkan & Corcoran, 2017).
Various transformation methods can be used to generate more data using augmentation such as
zooming in and out, image cropping, and image rotation. The transformation techniques can
also be applied simultaneously to further increase the number of distinct training dataset. Apart
from geometrical manipulation, other effects such as modifying color properties, adding filters
and noise can also be used as an augmentation technique especially when dealing with image
datasets (Basha, 2020). Figure 3.8 gives an example of how three cat images are augmented to
produce other cat images with different properties. Data augmentation is mainly utilized in
supervised learning because of the presence of already tagged data. This helps us to elude the

additional cost of labeling the new data generated by augmentation.
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Figure 3. 8. Image augmentation in action
3.4. Transfer learning

Gathering enough data when dealing with a novel task may prove to be a difficult task.
Moreover, generating excellent model results using a small sized dataset can be very challenging
or in some cases it can be unattainable. However, transfer learning helps us to address this
limitation by allowing us to use a small dataset to train our models but still obtain excellent
model metrics (Lu, Behbood, Hao, Zuo, Xue & Zhang, 2015). Transfer learning can be defined
as the process of reusing a pre-trained model as a basis for training another model on a new but
related task (Day & Khoshgoftaar, 2017). In transfer learning, sharing of generalized knowledge
between the pre-trained model and the newly created model is possible because the models are
meant to perform analogous tasks. Transfer learning helps us to minimize the resources required
to build and train our models such as time and size of dataset. Figure 3.9 illustrates a high level
overview of the operation of Transfer learning. Unlike constructing models from scratch,
transfer learning models require less amount of time to build and utilize less data in training.
However, the models are still able to generate better results than their counterparts created from
scratch (Lu et al., 2015).
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Figure 3. 9. Transfer learning in action

3.4.1. Common transfer learning techniques

Figure 3.10 shows the various categories of Transfer learning techniques. Data availability,
application domain and the nature of tasks are the three main factors that determine the transfer
learning technique to be utilized (Niu, Liu, Wang & Song, 2020). Conventionally, transfer
learning has been classified into three namely Inductive, Transductive and Unsupervised
Transfer learning (Day & Khoshgoftaar, 2017). This classification type is based on the number
of labeled and unlabeled dataset, and the nature of domain task. In inductive transfer learning,
both the target domain and source domain are identical. However, the nature of the task the
model is executing at the target and the source is divergent. Knowledge from the pre-trained
model (also known as source model) is used as the basis by the new model to enhance the target
task.

Self-taught and multi-task learning are other subdivisions that can be obtained from inductive
transfer learning depending on whether data contained in the source domain is labeled or
unlabeled (Niu et al., 2020). In unsupervised transfer learning, the dataset contained in target
task and the source task are unlabeled. However, all the other characteristics of this transfer
learning technique are identical to inductive transfer learning. In transductive transfer learning,
the target domain and the source domain lack an exact match. Nevertheless, the target task and
source task have some resemblance. In most cases, the target domain of this transfer learning

technique contains unlabeled data, whereas the source domain contains multiple labeled data.
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Figure 3. 10. Commonly used transfer learning techniques

3.4.2. Transfer learning techniques for deep learning

Over the recent years, several state-of-the-art deep learning systems have been developed to
help solve complex problems across various domains and industries. In most cases, research
teams and individuals responsible for building the state-of-the-art deep neural nets share
information about their neural nets with the public, to support research in the field of Al. These
pre-trained neural nets are the back-bone of transfer learning with regards to deep learning. The
application of transfer learning in deep learning can also be referred to as deep transfer learning
(Zhang, Zhao & Wu, 2020). In this section, we will discuss two of the commonly utilized deep
transfer learning strategies which are Feature extraction and Fine-tuning transfer learning. In
this paper, both Feature extraction and Fine-tuning were used to train the CNN models. Figure
3.11 shows the general steps followed during the model training process. The neural nets were
trained using three main strategies. The first one was using the pre-trained CNNs as a feature
extractor and a fully connected dense layer as the final classification layer. The second one was
using the pre-trained CNNs as a feature extractor and a Support Vector Machine (SVM) as the

classifier. The third one was fine-tuning the pre-trained CNNs.
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Figure 3. 11. Steps followed during the model training process

Ready-made pre-trained models as feature extractors

Deep neural nets are composed of a layered architecture. Different layers learn different features
from the input data. The deeper layers in the architecture are responsible for identifying high
level generalized features, whereas the shallower layers are responsible for learning features that
are more specific to the dataset (Wiatowski & Bolcskei, 2018). The final layer also known as
the output or classification layer (for classification tasks) is tasked with categorizing data into
various classes the model is configured to classify. In supervised learning, the output layer is
usually a fully connected dense layer. However, in some cases a conventional machine learning
model such as SVM can also be used as a classifier (Wooldridge, 2020). This research work
only focuses on classification tasks hence the output or final layer can be interchangeably
referred to as classification layer. Figure 3.12 gives a general overview of how feature extraction
by using an off-the-shelf-pretrained model is carried out.

The primary advantage of this strategy is the ability to utilize weights already learned by the
pre-trained models to extract features from the new data (Wiatowski & Bolcskei, 2018). The
weights of the pre-trained model are also not adjusted during training. The base layers of the
pre-trained model are all frozen during training and this is why their weights are not updated.
The original classification layer that came with the pre-trained model is cut off from the model



20

and replaced with a single or multiple layers including a classification layer. The weights of
newly fitted layer(s) are adjustable during training (Zhang et al., 2020).
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Figure 3. 12. Feature extraction by using an off-the-shelf pre-trained model

Fine-tuning ready-made pre-trained models

Unlike using the previously discussed technique, not only do we replace the pre-trained model
output-layer but also select some of the model’s top most layers for retraining (Wang et al.,
2018). The layers to be unfrozen for training are identified through experimentation. In rare
cases, the entire model layers can also be unfrozen for training. However, this may prevent us
from realizing benefits of transfer learning such as faster training speeds and the model may
also be prone to overfitting (Mutasa, Sun & Ha, 2020). In fine-tuning, the number of layers to
be unfrozen can be additionally used as a hyper-parameter to enhance the overall model

performance. Figure 3.13 illustrates the general model fine-tuning process.
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Figure 3. 13. Model fine-tuning

3.4.3. Stages in transfer learning

Transfer learning entails six main phases. The first phase is the selection of a ready-made pre-
trained model. There are several already developed models suited for different tasks. Hence, our
model choice should be guided by the nature of tasks we want the model to perform. There
should be a strong interdependence between the target domain and the knowledge possessed by
the pre-trained model, for an effective execution of transfer learning (Peirelinck et al., 2022).
The second phase involves construction of a base model. At this stage, we can decide to train
our model from scratch by using a bare neural net architecture or download the pre-trained
model network weights that will help us drastically cut down our model training time. In the
third phase, before training of the pre-trained neural net commences the model’s underlying
layers will first be frozen. Freezing the layers will ensure the pre-trained model will not lose all
its learning (Guérin, Thiery, Nyiri, Gibaru & Boots, 2021). A model that loses its learning will

have to be trained from scratch and this will require more time and computational resources.

In the fourth phase, new trainable layer(s) are added on top of the frozen base layers. We can
decide to add a single output layer or several trainable layers depending on the nature of task
we want to execute (Peirelinck et al., 2022). The trainable layers enable the neural net to learn

finer-grain patterns associated with our input data. In a situation where the final output layer is
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a fully connected dense layer used for classification tasks. The number of nodes contained by
the output dense layer should coincide with the number of classes in our dataset (Guo et al.,
2016). For example, if the neural net is trained to classify data into four classes then the output
fully connected dense layer should also have four nodes. Figure 3.14 shows an overview of how
step four is implemented. The fifth stage involves the actual model training. The generated
model results can further be enhanced through a series of experimentation and hyper-parameter
tuning (Mutasa, Sun & Ha, 2020). Examples of the hyper-parameters include the learning rate,
batch size, number of epochs, momentum, regularization constant etc. The sixth step is usually
optional and is also dictated by the function our model will execute. The step entails fine-tuning
our neural net to further enhance its performance. Small learning rate values are used during

fine-tuning to protect the models from overfitting.
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Figure 3. 14. Creating a base model with a custom output layer
3.5. Dataset used in the study

The chest X-ray images used to train the CNN models in the study were obtained from an open-
access database created by a group of researchers in conjunction with medical doctors from

different parts of the world (Chowdhury et al., 2020). The database was set up by gathering
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chest X-ray images from various sources such as publicly accessible github repositories,
different research publications and the Italian Society of Medical and Interventional Radiology
(SIRM). The dataset is hosted in the Kaggle website under the name COVID-19 Radiography
Database (Kaggle, 2022). As at the time of collection, the dataset was made up of 10192 normal,
1345 viral pneumonia, 3616 COVID-19, and 6012 lung opacity images. Table 3.1. gives a
summary of the number of X-ray images used in the study.

Table 3. 1. Number X-ray images used for training, validation and testing in each class

Training set (  Training set
Total Number of Before (After
Classes X-ray Images Augmentation) Augmentation) Validation set  Testing set
Mormal 10192 7134 7134 1019 2039
Viral Pneumaonia 1345 941 7110 135 269
COVID-18 3616 2531 7035 361 724
Lung Opacity 6012 4208 7120 601 1203

3.6. Model selection

In this study, seven different pre-trained CNN models were trained, validated and tested. The
models included MobileNetSmall, MobileNetLarge, EfficieNetV2B2, ResNet50V2, DenseNet
121, NasNetMobile and Xception. Two different versions of the MobileNetV3 were used to
investigate how depth influences the performance of a model with similar structure. The Adam
AMSGrad variant was used as the optimization algorithm. AMSgrad is a stochastic optimization
technique that attempts to boost the convergence capabilities of the Adam algorithm, by limiting
the occurrence of large instantaneous changes in the input variables' learning rates (Tran &
Phong, 2019).

A constant learning rate of 0.001 was used when training the models using Feature extraction
transfer learning with both a fully connected dense layer classifier and a SVM classifier. A
slightly lower learning rate of 0.0001 was used when training the model using the Fine-tuning
transfer learning to enable the CNN models to converge optimally and also avoid overfitting the
models. Moreover, a dropout layer with a rate of 0.4 was also used in both feature extractions

transfer learning with a dense layer as a classifier and fine-tuning transfer learning as a model
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overfitting deterrent. When training the CNNs using feature extraction with a SVM classifier,
the dropout layer was not used and instead a L2 regularizer with a regularization factor of 0.0001
was utilized to protect the models against overfitting. All the hyper-parameter values used

during the training process were determined after several experiments.

A global average pooling layer was also added to the architecture. The function of the layer is
to compute the mean of each feature map and output a vector that is forwarded to the final output
layer for classification. In this paper, the global average pooling layers was preferred over the
traditional fully connected dense layers because they are naturally compatible with the
convolution structure, and also they do not require any parameter optimization which may be
resourceful in circumventing overfitting. Figure 3.15. shows the MobileNetV3Large
architecture when using a fully connected dense layer as classifier for both feature extraction
and fine-tuning transfer learning. Figure 3.16. illustrates MobileNetV3Large architecture when
using an SVM classifier. A sigmoid activation function and binary_crossentropy loss function
were used in binary classification, when using a fully connected dense layer as the classification
layer. For the multi-class classification, the dense classifiers used categorical_crossentropy loss
function and the softmax activation function. When training the models using feature extraction
and a SVM classifier technique. The final output layer was converted to a SVM by using an L2
kernel regularizer and a hinge loss function and linear activation function for binary
classification. For multi-class classification, a Squared_hinge loss function and softmax

activation function were applied.
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Figure 3. 16. MobileNetV3Large architecture when using an SVM classifier
3.7. Data-preprocessing

The chest X-ray images were resized depending on the CNN model requirements. Most of the
models required an image size of 224 x 224 pixels, other used image sizes were 260 x 260 pixels
and 229 x 229 pixels. Table 3.2. shows a summary of the image size requirements by each of

the models used in this research work.

Table 3. 2. Summary of the image size requirements

Model Name Image size (Pixels)
EfficientNetV2B2 260 x 260
MobileNetV3Small 224 x 224
MobileNetV3Large 224 x 224
ResNet50V2 224 x 224
DenseNet121 224 x 224
NASNetMobile 224 x 224
Xception 229x 229
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Rotation based image augmentation technique was used to generate more training dataset. The
additionally generated images ensured the number of images across the 4 classes used to train
the models was balanced. A balanced training dataset eliminates any form of bias during model
prediction phase, and enables the models to generalize well when given a new dataset. The X-
ray images were first augmented and shuffled before being fed to the model for training. The
normal chest X-ray images were the only training dataset not augmented, because the normal
class contained the greatest number of X-ray images in the training dataset. The augmented
images were rotated with an angle of between -40 to 40 degrees. Table 3.1 displays the number
of X-ray images used to train, validate and test the pre-trained models. Figure 3.17. and 3.18.
shows a sample of the chest X-ray images before and after augmentation respectively. Image
augmentation was not applied to the testing and validation dataset. Random sampling was used
to split the X-ray image dataset into 70% training, 20% testing and 10% validation data. A
constant batch size of 32 images was also used during model training.

1_Viral Pneumonia 0_Normal

(a) (b) ()
Figure 3. 17. Chest X-ray images before data augmentation

0_Normal
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Figure 3. 18. Chest X-ray images after data augmentation
3.8. Performance metrics

Various metrics were used to evaluate the performance of the trained CNN models as follows:
(@) True positive (TP), which are X-ray images correctly categorized as disease positive, (b)
True Negative (TN), which are X-ray images correctly identified as disease negative or healthy,
(c) False Positive (FP), which are X-ray images wrongly identified as a diseased case but are
in fact a healthy case, (d) False Negative, which are X-ray images wrongly categorized as a
healthy case but are in fact a positive case. When a trained model predicts a COVID-19 positive
X-ray image as positive, the prediction is a TP. When the COVID-19 positive X-ray image is
predicted as normal or healthy, the prediction is a FN. When a healthy X-ray image is
categorized as COVID-19 positive, the prediction is FP. When a healthy X-ray image is

predicted as normal, the prediction is TN.

The metrics discussed above in this section were used to compute the accuracy, recall and
precision and F1-score of the CNN models. The equations 1, 2, 3 and 4 show how the metrics
can be calculated.

Accuracy =TP + TN/(TP + TN + FP + FN) (1)

Recall = TP/(TP + FN) (2)
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Precision = TP / (TP+FP) (3)

F-score = 2 * (Precision * Recall) / (Precision + Recall) (4)

A high recall value means the number of False Negatives will be low. Low False Negative
values ensures the number of COVID-19 or Viral pneumonia positive patients incorrectly
diagnosed as healthy is minimized. Accurately diagnosing COVID-19 patients helps to
eliminate the risk of the patients unknowingly spreading the illness to other healthy people. A
high precision means the number of False Positives will be low. Low False Positive values
guarantee the number of healthy individuals incorrectly diagnosed with either COVID-19 or
viral pneumonia is minimized. This will ensure resources dedicated for the treatment and

limiting the spread of the diseases is administered appropriately.
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4. FINDINGS AND DISCUSSION

In this study, two major types of categorizations were evaluated. The first one was binary
classification, which consisted of normal vs viral pneumonia and normal vs COVID-19 classes.
The second one was multiclass classification which consisted of normal vs viral pneumonia vs
COVID-19, and normal vs viral pneumonia vs COVID-19 vs lung opacity. The lung opacity
class refers to other lung infections that are neither COVID-19 nor viral pneumonia. The models
were also trained using three varying deep transfer learning strategies discussed in the
methodology section. The first strategy was using the ready-made pre-trained neural nets as
feature extractors and a fully connected dense layer as the final classification layer. The second
strategy is similar to the first one with the only exception being a support vector machine was
used as the final output layer for the neural nets. The third technique entailed fine-tuning the

pre-trained neural nets with an aim of enhancing their performance.

4.1. Pre-trained models as feature extractors and fully connected layers as classifier

In this model training and classification category, all the underlaying layers with exclusion of
the top most classification layer of the pretratrained models were frozen. This top most output
layer was then replaced by another fully connected layer that contained the number of nodes
corresponding to the number of classes the model was going to classify.

4.1.1. Binary classification: normal vs COVID-19

Table 4.1. illustrates the accuracy, precision, recall, and F1-score values of the pre-trained
models in classification of normal and COVID-19 chest X-ray images. The results generated by
the models were promising. The pre-trained CNNs generated accuracy values > 91%, precision
values > 91%, recall values > 86% and F1-scores > 88%. The EfficientNetV2B2 neural net
performed best with an accuracy, precision, recall and F1-Score of 99%, 98%, 98%, 98%
respectively. Figure 4.1. shows the confusion matrix of the EfficientNetVV2B2 model. Out of the
724 COVID-19 X-ray images 646 were correctly categorized as COVID-19 positive and 78
were incorrectly categorized as normal. Out 2039 normal X-ray images 2013 were correctly
identified as normal and only 26 were wrongly classified as COVID-19 positive. Figure 4.2.
shows the time taken to train the pre-trained CNNs in the normal vs COVID-19 classification.

Figure 4.3. presents the training accuracy and loss curves of the EfficientNetV2B2 in this
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classification category. MobileNetVV3Small and MobileNetV3Large recorded the best and an

almost identical training time of 200 seconds and 204 seconds respectively. ResNet50V2 and

DesnseNet121 also had comparable training time of 491 seconds and 492 seconds respectively,

a difference of only a second. Xception neural net had the worst training time of 714 seconds.

Table 4. 1. Performance of the pre-trained neural nets in the classification of normal and

COVID-19 chest X-rays

Accuracy Precision Recall
Model (%) (%) (%)
EficientNetV262 09 08 08
MobileNetv3Small 99 96 97
MobileNetV3Large 99 97 98
ResNet50v2 04 04 01
Densehet121 91 92 86
NASNetMobile 92 91 85
Xception 03 03 90
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Figure 4. 1. Confusion matrix of EfficientNet\VV2B2 in the classification of normal and

COVID-19 X-ray images.
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Table 4.2. illustrates results generated by the pre-trained CNNs in the identification of normal

and viral pneumonia chest X-rays. All the CNNs generated accuracy scores > 97%, precision
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scores > 95%, recall scores > 92% and F1-Scores > 93%. The EffcientNetV2B2 was the best
performing CNN with an accuracy, precision, recall and F1-Score of 99%, 98%, 98%, 98%
respectively. The NASMobile recorded the lowest performance values in all the four metrics
with an accuracy of 97%, precision of 95%, recall of 92%, and F1-Score of 93%. Figure 4.4.
shows the confusion matrix of the best performing CNN. Out of 269 viral pneumonia images,
257were correctly categorized as viral pneumonia positive and only 12 were misclassified as
normal X-ray images. Out of 2039 chest X-ray images, only 8 were erroneously categorized as
viral pneumonia positive. Figure 4.5. displays the time taken to train the pre-trained CNNs in
the classification of normal and viral pneumonia chest X-rays. Figure 4.6. illustrates the
accuracy and loss curves when training the EfficientNetVV2B2 neural net in this classification
category. MobileNetVV3Small had the shortest training time of 190 seconds followed closely by
MobileNetV3Large which recorded a training time of 197 seconds. Xception had the longest
training time of 716 seconds. Despite the remarkable model performance metrics
EfficientNetV2B2 had the second longest training time of 548 seconds.

Table 4. 2.The accuracy, precision, recall, and F1-score values of pre-trained CNNs

Accuracy Precision Recall F1-Score
Model (%) (%) (%) (%)
EfficientNetvV2B2 99 as ag 0a
M obileNetV3Small 99 96 a7 a7
M obileN etV 3Large 99 a7 as g7
ResNeto0V2 99 a8 a6 g7
DenseNet121 98 96 a7 06
MNASMNetMobile 97 a5 a2 g3
Xception 99 a7 96 06
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Figure 4. 6. Training accuracy and loss curves of the EfficientNetV2B2

4.1.3. Multi-class classification: normal vs viral pneumonia vs COVID-19

Table 4.3 exhibits the results generated by the pre-trained CNNs in the classification of normal,
COVID-19, and viral pneumonia. The accuracy value of each of the neural nets was > 90%. The
precision, recall and Fl-score of each model was > 89%. The top performing CNN was the
MobileNetV3Large which produced an accuracy, precision, recall and F1-score values > 95%.
The second best performing model was EfficeintNetVV2B2 which registered accuracy, precision,
recall and F1-Score values > 94%. Figure 4.7. illustrates the confusion matrix of the
MobileNetVV3Large. Out of 269 viral pneumonia chest X-ray images, 260 were correctly
classified as viral pneumonia positive and 9 were erroneously categorized as normal. Out of
2039 normal chest X-ray images, 1981 were correctly categorized as normal, 9 were incorrectly
identified as viral pneumonia positive, and 49 were erroneously classified as COVID-19
positive. Out of 724 chest X-ray images, 665 were accurately categorized as COVID-19
positive, 58 were misclassified as normal and only 1 was inaccurately categorized as viral
pneumonia positive. Figure 4.8. is a graph showing the pre-trained CNNs training time with
MobileNetVV3Small recording the shortest time of 275 seconds, followed closely by
MobileNetV3Large with a training time of 283 seconds. Xception had the longest training time
of 1055 seconds. Figure 4.9. displays the training accuracy and loss curves of the

MobileNetV3Large in this classification category.



Table 4. 3. Performance metrics values of MobileNetVV3Large

Accuracy Precison Recall F1-Score
Model (%) (%) (%) (%)
EficientMNetV2B2 95 a5 o4 94
MobileN etV 3Small G4 93 g3 93
MobileMNetV 3Lamge 96 a5 95 a5
ResNeta0v?2 g3 91 a3 92
Densenet121 a0 8o i 8o
NASNetMobile 91 8o 40 8o
Xception g2 a1 a0 91
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Figure 4. 7. Confusion matrix of MobileNetV3Large
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Figure 4. 9. Accuracy and loss curves of MobileNetV3Large
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4.1.4. Multi-class classification: normal vs viral pneumonia vs COVID-19 vs lung opacity

Table 4.4. exhibits the models’ performances for the four class classification. The accuracy,
recall, precision and F1-Score value of each of the pre-trained models was > 81%. In this
classification category, the EffcientNetV2B2 and MobileNetV3Large produced nearly similar
performance outcomes. The two neural nets had an identical accuracy score of 89%. However,
EfficientNetV2B2 had a slightly better F1-Score by 1%. Figure 4.10. shows the confusion
matrix of the EfficientNetV2B2. Out of 269 viral pneumonia chest X-ray images, 254 were
correctly classified as viral pneumonia positive, 14 misclassified as normal, and 1 misclassified
as COVID-19 positive. Out of 2039 normal chest X-ray images, 1881 were correctly identified
as normal, 12 misclassified as viral pneumonia positive, 20 misclassified as COVID-19 positive
and 126 were misclassified as lung opacity. Out of 724 COVID-19 X-ray images, 635 were
accurately categorized as COVID-19 positive, 62 misclassified as normal, 1 misclassified as
viral pneumonia positive and 26 misclassified as lung opacity. Out of 1203 lung opacity chest
X-ray images, 998 were correctly classified as lung opacity, 186 misclassified as normal, and
18 misclassified as COVID-19 positive and 1 was wrongly categorized as viral pneumonia
positive. Figure 4.11. illustrates the time taken to train the model in this classification task.
Xception had the worst training time with 1380 seconds followed by EfficientNet\VV2B2 which
had a training time of 1033 seconds. MobileNetVV3Small and MobileNetV3Large had the best
training time with a difference of 10 seconds between the two models. MobileNetVV3Small
registered a training time of 362 seconds and MobileNetVV3Large recorded a time of 372
seconds. Figure 4.12. shows the training accuracy and loss curves of the EfficientNetV2B2 in

the normal vs viral pneumonia vs COVID-19 vs lung opacity classification category.
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Table 4. 4. The accuracy, precision, recall, and F1-score values of the DenseNet121

Accuracy Precision Recall F1-Score
Model (%) (%) (%) (%)
EfficientNetV2B2 89 91 89 a0
Mobile NetV3Small 88 89 88 88
MobileNetV3lLarge 89 89 90 89
ResNets0Vv2 87 88 a7 87
DenseNet121 85 86 64 89
NASNetMobile 81 82 81 81
Xception 86 88 86 a7
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Figure 4. 10. Confusion matrix of MobileNetV3Large
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Figure 4. 11. Multi-class classification: normal vs viral pneumonia vs COVID-19 vs lung

opacity model training time
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Figure 4. 12. Accuracy and loss curves of MobileNetV3Large
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4.2. Pre-trained models as feature extractors and support vector machine (SVM) as
classifier

In this model training and classification category, all the layers of the pre-trained model with
the exception of the top most classification layer are frozen. The top most layer of the pre-trained
model is replaced with a support vector machine which performs the classification task, whereas
the frozen layers act as feature extractors.

4.2.1. Binary classification: normal vs COVID-19

Table 4.5. shows the performance outcomes of the pre-trained neural nets in the classification
of normal and COVID-19 chest X-rays. Each of the pre-trained models registered an accuracy
value > 93%, precision value > 94%, recall value > 87% and Fl-score > 90%. The
EfficientNetV2B2 neural net was the best performing model with an accuracy, precision, recall
and F1-Score of 97%, 97%, 94%, 95% respectively. Figure 4.13 shows the confusion matrix of
the EfficientNetV2B2 model. Out of the 724 COVID-19 chest X-ray images 635 were correctly
categorized as COVID-19 positive and 89 were incorrectly categorized as normal. Out 2039
normal chest X-ray images 2032 were correctly identified as normal and only 7 were wrongly
classified as COVID-19 positive. Figure 4.14. shows the time taken to train the pre-trained
CNNs in the normal vs COVID-19 classification. Figure 4.15. presents the training accuracy
and loss curves of the EfficientNetV2B2 in this classification category. MobileNetVV3Small took
the least amount of time to train with 187 seconds. MobileNetV3Large recorded the second
shortest training time with 192 seconds. The Xception model took the longest time to train with

701 seconds.



Table 4. 5. Performance metrics values of EfficientNet\VV2B2

Model (%)
EfficientNetV2B2 97
MobileNetV3sSmall 95
MobileNetV3Large 06
ResNetb0VvV2 04
DenseNet121 94
NASNetMobile 03
Xception 93

Accuracy Precision

(%)
97
96
97
96
95
94
95

Recall
(“6)

a4
91

92
%0
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Figure 4. 13. Confusion matrix of EfficientNetV2B2
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Figure 4. 15. Accuracy and loss curves of EfficientNetVV2B2

4.2.2. Binary classification: normal vs viral pneumonia

Table 4.6. illustrates results generated by the pre-trained CNNs in the identification of normal
and viral pneumonia chest X-rays. All the CNNs generated accuracy and precision scores >
98%, recall scores > 90% and F1-Scores > 94%. The EffcientNetV2B2, MobileNetV3Small,
MobileNetV3Large and ResNet50V2 all recorded almost similar metrics scores. All the four
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models had the same accuracy score of 99% with the only difference being in the precision,
recall and F1-Score values which differed with a maximum of 2%. The NASNetMobile and
Xception CNNs were the models that had the least performance metric values when compared
to the other models. Figure 4.16. shows the confusion matrix of the EffcientNetV2B2. Out of
269 viral pneumonia chest X-ray images, 243 were correctly categorized as viral pneumonia
positive and 26 were misclassified as normal X-ray images. For the normal chest X-ray images,
only asingle chest X-ray image was erroneously categorized as viral pneumonia positive. Figure
4.17. displays the time taken to train the pre-trained neural nets in the classification of normal
and viral pneumonia chest X-rays. MobileNetVV3Small had the least training time of 186 second.
Xception had the longest training time of 700 seconds. Figure 4.18. displays the accuracy and

loss curves when training the EfficientNetV2B2 neural net in this classification category.

Table 4. 6. Performance metrics values of the pre-trained CNNs

Accuracy Precision Recall F1-Score
Model (“e) (“e) (%) (“e)
EfficientNet\V2B2 99 99 a5 o7
MobileNetV3Smal 99 08 a7 98
MobileNetV3Large 99 a9 a7 98
ResNets0V2 99 98 a8 98
Denselet121 99 99 a5 97
NASNetMobile 08 98 a0 04
Xception 98 99 90 94
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Figure 4. 18. Accuracy and loss curves of EfficientNetVV2B2

4.2.3. Multi-class classification: normal vs viral pneumonia vs COVID-19

Table 4.7. shows the performance outcomes generated by the pre-trained models in the multi-
class classification of normal, COVID-19, and viral pneumonia. The accuracy, precision, recall
and F1-Score values given by the CNNs were > 91%. MobileNetVV3Large, MobileNetV3Small
and EfficientNetV2B2 were the best performing CNNs. However, the MobileNetV3Large
model recorded a slightly better accuracy and F1-Score value i.e 1% higher than the other two
models. This made it the top performing CNN in this classification category. Figure 4.19.
illustrates the confusion matrix of the MobileNetV3Large. Out of 269 viral pneumonia chest
X-ray images, 265 were rightly classified as viral pneumonia positive and 4 were erroneously
categorized as normal. Out of 2039 normal chest X-ray images, 1968 were rightly categorized
as normal, 9 were incorrectly identified as viral pneumonia positive, and 62 were incorrectly
classified as COVID-19 positive. Out of 724 chest X-ray images, 693 were accurately
categorized as COVID-19 positive, 30 were misclassified as normal and only 1 was inaccurately
categorized as viral pneumonia positive. Figure 4.20. shows the time taken to train the pre-
trained models The MobileNetVV3Small took the shortest time to train with 277 seconds.
Xception model took the longest time to train with 1043 seconds. Figure 4.21. displays the

training accuracy and loss curves of the MobileNetV3Large in this classification category
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Table 4. 7. Performance metrics values of the pre-trained CNNs

Model
EfficientNetV2B2
MobileNetV3Small
MobileMetV3Large
ResNetb0Vv2
DenseNet121
NASNetMobile
Xception

Accuracy Precision

(%) (%)
96 96
95 94
97 95
94 93
93 93
93 91
92 91

Recall

(%)
95
94
97
92
92
92
91

F1-Score
(“o)
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04
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92
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91
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Figure 4. 20. Multi-class classification: normal vs viral pneumonia vs COVID-19 model training
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Figure 4. 21. Accuracy and loss curves of MobileNetV3Large
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4.2.4. Multi-class classification: normal vs viral pneumonia vs COVID-19 vs lung opacity

Table 4.8. exhibits the models’ performance evaluation outcomes for the seven pre-trained
models. The accuracy, recall, precision and F1-Score values of each of the pre-trained models
was > 81%. The EffcientNetV2B2 and MobileNetV3Large generated closely matched
performance outcomes. There was only a 1% difference in the recall and precision metrics.
EffcientNetV2B2 had the highest precision value whereas MobileNetV3Large had the highest
recall value. Figure 4.22. shows the confusion matrix of the MobileNetV3Large neural net. Out
of 269 viral pneumonia chest X-ray images, 261 were accurately classified as viral pneumonia
positive, 6 misclassified as normal, and 2 misclassified as COVID-19 positive. Out of 2039
normal chest X-ray images, 1834 were correctly identified as normal, 14 incorrectly classified
as viral pneumonia positive, 15 misclassified as COVID-19 positive and 176 were misclassified
as lung opacity. Out of 724 COVID-19 chest X-ray images, 647 were accurately categorized as
COVID-19 positive, 38 misclassified as normal, 1 misclassified as viral pneumonia positive and
38 wrongly classified as lung opacity. Out of 1203 lung opacity chest X-ray images, 1086 were
rightly classified as lung opacity, 95 misclassified as normal, and 21 misclassified as COVID-
19 positive and 1 was incorrectly categorized as viral pneumonia positive. Figure 4.23.
illustrates the time taken to train the models in this classification task. Xception and
EfficientNetV2B2 had the worst training time of 1035 seconds and 1394 seconds respectively.
MobileNetVV3Small had the least training time of 362 seconds. Figure 4.24. shows the training
accuracy and loss curves of the MobileNetVV3Large in the normal vs viral pneumonia vs

COVID-19 vs lung opacity classification category.



Table 4. 8. Performance metrics values of the pre-trained CNNs

Accuracy Precision Recall F1-Score
Model (%) (%) (%) (%)

EfficientNetV2B2 90 92 90 91
MobileNetV3Small 89 91 90 90
MobileNetV3Large 90 91 92 91
ResNets0Vv2 86 88 &4 85
DenseNet121 a7 90 a7 88
NASNetMobile 83 84 81 82
Xception a6 a7 ar af
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Figure 4. 22. Confusion Matrix of MobileNetV3Large
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4.3. Model fine-tuning

In this model training and classification category, the deeper layers of the pre-trained model are
frozen where as some of the shallow model layers are unfrozen during model training. The
weights of the unfrozen layers are adjusted when the model is being trained, enabling the model

to better learn features specific to the training dataset.
4.3.1. Binary classification: normal vs COVID-19

Table 4.9. presents the performance metrics of all the seven models in the identification normal
and COVID-19 chest X-rays. All the models performed excellently well with most of the models
producing accuracies > 98%, precisions > 97%, recalls > 97% and Fl-scores > 97%.
NASNetMobile was the worst performing model with the least accuracy score of 92% and recall
value as low as 88%. The best performing model out of the seven was the EfficientNet\V2B2
which had an accuracy, precision and F1-score of 99%. Figure 4.25. shows the confusion matrix
of the model. Out of the 724 COVID-19 X-ray images 708 were correctly classified as COVID-
19 positive and only 16 were misclassified as normal. Out 2039 normal X-ray images 2025 were
correctly identified as normal and only 14 were misclassified as COVID-19 positive. Figure
4.26. is a graph displaying the time taken to train the pre-trained CNNs in the normal vs COVID-
19 classification. The Xception neural net takes the highest amount of time to train with 840
seconds. MobileNetVV3Small and MobileNetV3Large record the least training time with 211
seconds and 219 seconds respectively. Figure 4.27. shows the training accuracy and loss curves
of the EfficientNetVV2B2 in this classification category.
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Table 4. 9. Performance metrics values of the pre-trained CNNs

Accuracy Precision

Model (%) (%)
EfficientNetV2B2 99 99
MobileNetV3Small 98 97
MobileNetV3Large 99 99
ResNet50V2 98 98
DenseNetl121 98 98
NASNetMobile 92 91
Xception 98 99

Recall
(%)
99
97
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Figure 4. 25. Confusion matrix of EfficientNetV2B2
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4.3.2. Binary classification: normal vs viral pneumonia

Table 4.10. illustrates how all the seven models performed in the identification normal and viral
chest X-rays. All the models had an accuracy score of 99% except for Xception and
NASNetMobile which had an accuracies of 98%. The precision and recall values for each of the
models was > 94%. The F1-Score value of cach of the models was > 94%. The
EffcientNetV2B2 topped in three of the performance metrics i.e. accuracy, precision and F1-
score with a value of 99%. Figure 4.28. shows the confusion matrix of the CNN. Out of 269
Viral pneumonia images, 259 were correctly identified as viral pneumonia positive, and only 10
were wrongly categorized as Normal. Figure 4.29. is a graph showing the training time of the
neural nets in the classification of normal and viral pneumonia chest X-rays. MobileNetVV3Small
recorded the shortest training time of 193 seconds followed by MobileNetVV3Large which
registered a training time of 208 seconds respectively. Xception took the longest time to train
with 835 seconds. Figure 4.30. presents the training accuracy and loss curves of the

EfficientNetV2B2 in this classification category.

Table 4. 10. Performance metrics values for the pre-trained CNNs

Accuracy Precision Recall F1-Score
Model (%) (%) (%) (%)
EfficientNetV2B2 99 99 98 99
MobileNetV3Small 99 97 99 98
MobileNetV3Large 99 98 98 98
ResNet50V2 99 98 97 98
DenseNet121 99 97 98 98
NASNetMobile 98 94 94 94
Xception 98 99 97 98
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Figure 4. 30. Accuracy and loss curves of EfficientNetV2B2

4.3.3. Multi-class classification: normal vs viral pneumonia vs COVID-19

Table 4.11. exhibits the results generated by the pre-trained CNNSs in the classification of
normal, COVID-19, and viral pneumonia. The accuracy of six of the seven CNNs was > 97%.
The precision and F1-score of six of the seven models was > 96%. The recall value of six of the
seven models was > 95%. The top performing CNN was the MobileNetV3Large which
produced an accuracy, recall and F1-score of 99% and a precision of 98%. Figure 4.31.
illustrates the confusion matrix of the MobileNetV3Large. Out of 269 viral pneumonia X-ray
images, 267 were correctly classified as viral pneumonia positive and only 2 were incorrectly
categorized as normal. Out of 2039 normal X-ray images, 2021 were correctly classified as
normal, 7 were incorrectly identified as Viral pneumonia positive, and 11 were erroneously
classified as COVID-19 positive. Out of 724 X-ray images, 709 were accurately categorized as
COVID-19 positive, and only 15 were inaccurately categorized as normal. Figure 4.32. is a
graph showing the pre-trained CNNs training time with MobileNetVV3Small registering the best
time of 303 seconds. Xception neural net had the worst training time of 1241 seconds. Figure
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4.33. Displays the training accuracy and loss curves of the MobileNetV3Large in this
classification category.

Table 4. 11. Performance metrics values for the pre-trained CNNs

Accuracy Precision Recall F1-Score
Model (%) (%) (%) (%)
EfficientNetV2B2 98 97 97 97
MobileNetV3Small 97 96 97 97
MobileNetV3Large 99 98 99 99
ResNet50V2 98 97 97 97
DenseNet121 97 96 97 97
NASNetMobile 90 90 87 88
Xception 97 97 95 96
Confusion Matrix 2000
1750
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- 1500
1250
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=
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- 250
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Figure 4. 31. Confusion matrix of MobileNetV3Large
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Figure 4. 32. Multi-class classification: normal vs viral pneumonia vs COVID-19 model
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Figure 4. 33. Accuracy and loss curves of MobileNetV3Large
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4.3.4. Multi-class classification: normal vs viral pneumonia vs COVID-19 vs lung opacity

Table 4.12. exhibits the results of the 4-class model classification. The accuracy value of six of
the seven pre-trained models was > 91%. The recall and F1-score of six of the seven models
was > 92% and the precision was > 93%. The worst performing model was the NASNetMobile
which had accuracy level low as 82% and recall score as low as 77%. In this classification
category, the EffcientNetV2B2, MobileNetV3Large and DeseNet121 produced nearly the same
results. The models had a similar precision, recall and F1-score of 95%. The only difference
was in the accuracy where the DenseNet121 scored 94% which was 1% higher than the other
two models. Figure 4.34. shows the confusion matrix of the DenseNet121. Out of 269 viral
pneumonia X-ray images, 261 were correctly classified as viral pneumonia positive, 7
misclassified as normal, and 1 misclassified as lung opacity. Out of 2039 normal X-ray images,
1931 were correctly identified as normal, 6 misclassified as viral pneumonia positive, 18
misclassified as COVID-19 positive and 84 were misclassified as lung opacity. Out of 724
COVID-19 X-ray images, 709 were accurately categorized as COVID-19 positive, 13
misclassified as normal, 1 misclassified as viral pneumonia positive and 1 misclassified as lung
opacity. Out of 1203 lung opacity X-ray images, 1075 were correctly classified as lung opacity,
110 misclassified as normal, and 18 misclassified as COVID-19 positive. Figure 4.35. illustrates
the time taken to train the model in the classification of normal, COVID-19, viral pneumonia
and lung opacity. Xception had the worst training time with 1644 seconds followed by
EfficientNetV2B2 which had a training time of 1172 seconds. MobileNetVV3Small and
MobileNetV3Large had the best training time of 418 and 421 seconds respectively. Figure 4.36.
shows the training accuracy and loss curves of the MobileNetV3Large in the normal vs viral
pneumonia vs COVID-19 vs lung opacity classification category.
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Table 4. 12. Performance metrics values for the pre-trained CNNs

Tue label

1 Viral Pneumonia 1|
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3 COVID 1
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Accuracy Precision Recall F1-Score
Model (%) (%) (%) (%)
EfficientNetV2B2 93 95 95 95
MobileNetV3Small 91 93 92 92
MobileNetV3Large 93 95 95 95
ResNet50V2 92 93 93 93
DenseNet121 94 95 95 95
NASNetMobile 82 86 77 81
Xception 92 94 93 96
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Figure 4. 34. Confusion matrix of MobileNetV3Large
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Figure 4. 35. Multi-class classification: normal vs viral pneumonia vs COVID-19 vs lung

opacity model training time.
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Figure 4. 36. Accuracy and loss curves of MobileNetV3Large
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5. CONCLUSION

The results produced by the pre-trained neural nets in detection of viral pneumonia and COVID-
19 patients were very promising. A majority of the models registered the least performance
metric values when they were trained using feature extraction Transfer learning using a dense
layer as the classification layer. There was a marginal increase in the metric values when the
support vector machine was used to carry out the classification task. Fine-tuning transfer
learning generated the best model performance metric values. However, the pre-trained models
took the longest training time when trained using Fine-tuning transfer learning. For example, in
the classification of normal and COVID-19 chest X-ray images. The MobileNetV3Small
training time was 187 seconds for Feature extraction using a dense classification layer, 200
seconds for Feature extraction and an SVM classifier, and 211 seconds for Fine-tuning Transfer
learning. The faster training time makes Feature extraction transfer learning suitable for
conducting quick baseline experiments for determining models suitable for a particular task.
After selecting the most appropriate model for a given task, the model can be fine-tuned to
further enhance its performance. The longer training time in Fine-tuning can be attributed to the
unfreezing of some of the model layers which increases the number of parameters to be updated

during training.

The pre-trained models had better performance metrics in binary classification than in multi-
class classification that consisted of more than two classes. A majority of the models performed
well in distinguishing between normal and viral pneumonia chest X-ray images. Most of the
models had accuracy scores of upto 99% and F1-Score values of over 92% in all three Transfer
learning techniques used. The second-best classification category was Normal vs COVID-19,
followed by normal vs viral pneumonia vs COVID-19, and the worst performing classification
category was normal vs viral pneumonia vs COVID-19 vs lung opacity. The steady decrease in
model performance with an increase in the number of dataset classes can be linked to an increase
in the number of data specific features that a model has to learn. Hence the model may be prone
to misprediction when some patterns across the dataset classes overlap. Moreover, the time
taken to train the CNNs in multi-class classification is more than the time taken to train them in
binary classification mainly because of an increase in the size of the training data. There was

also minimal to no overfitting experienced when training models using all the three Transfer
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learning techniques. This can be attributed to the robust regularization techniques used such as
data augmentation, dropout and L2 regularization.

The EfficientV2B2, MobileNetV3Large and MobileNetVV3Small are the three top performing
models in all the experiments undertaken in the study. The three models generated consistently
high results in all the three Transfer learning techniques, that is, feature extraction transfer
learning with SVM and dense layer classifier, and Fine-tuning transfer learning. However,
EfficientNetV2B2 CNN had the second longest training time after the Xception neural net.
MobileNetVV3Small and MobileNetV3Large were the most suitable models for the study. Not
only did the models give excellent model performance metric values, but also the two models
also had the shortest training time in all the conducted experiments. Xception neural net was the
most unsuitable model because it had the longest training time and was also consistently

amongst the two worst performing models in all the conducted experiments.

The study results indicate that deep transfer learning can be considered as an effective and
efficient alternative to creating complex model architectures from scratch. The pre-trained
models can produce better outcomes using minimal time and effort. The exceptional outcomes
from this research work also suggest that Transfer learning can be used in the development of
Al tools for automatic detection of COVID-19, non-COVID-19 viral pneumonia and other lung
infections. Moreover, viral pneumonia and COVID-19 both being viral diseases exhibit similar
signs and symptoms and can easily be misdiagnosed. Hence, the use of Al disease detection
tools can help prevent cases of misdiagnosis and ensure proper treatment is administered to
patients. The Al detection tools can also help in early screening and identification of COVID-

19 infected persons which can help prevent the rapid spread of the disease.

Limited availability of training dataset was one of the limitations in the study, hence the use of
image augmentation to generate more training dataset and ensure the dataset was balanced. In
future research work, the number of original training dataset can be increased when training the
models. Furthermore, fine-tuning offers limitless ways of tuning model parameters. Hence,

more hyper-parameter tuning can be conducted to further boost the models’ performance.
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