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Detection of COVID-19 from X-Ray Images: An Approach 

Combining Multiple Convolutional Neural Networks with 

Feature Extraction and Fusion  

Joseph Edward Kandalaft 

 

ABSTRACT 

Corona Virus Disease 2019 (COVID-19) is a new disease that is based on the SARS-

CoV-2 virus. The virus has caused a worldwide pandemic due to its high infection rate 

and severity of symptoms. Several methods for detecting the virus exist among which 

different medical imaging modalities, in particular X-Ray imaging. In this thesis, we 

propose a three-phase machine learning approach to detect, from X-Ray images, 

whether a person is infected with the virus or not. The approach relies on an ensemble 

of customized convolutional neural networks to extract essential features from input 

images. The extracted features undergo fusion and are then passed on to a classifier 

for final results. We validated the approach on a set of 3,886 X-Ray images of patients 

carrying the virus, patients suffering from viral pneumonia, and healthy persons. When 

benchmarked against several models published in the literature, our proposed model 

outperformed them all. 

 

Keywords: Convolutional Neural Networks, Deep Learning, Medical Imaging, Image 

Classification, X-Rays, COVID-19. 
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Chapter One 

 COVID-19 Progression and Diagnosis 

1.1. Background Information 

 

Figure 1 SARS-CoV-2 (Covid19 Morphology Virus Structures Labels Spike Stock Vector (Royalty Free) 

1682974321 n.d.) 

β-coronavirus is the origin of many variants of viruses that can cause a wide range of 

syndromes. Historically, there have been several Corona-virus related incidents, 

resulting in respiratory distress diseases, such as severe acute respiratory syndrome 

(SARS) and MERS (Middle East Respiratory Syndrome). Recently, there have been 2 

pandemics related to this virus: The variant causing the MERS, which originated in 

Saudi Arabia in 2012 and spread to many different countries, and the 2019-2020 virus 

causing the pandemic that has spread to most countries around the world (Umakanthan 

et al. 2020). 

The most recent pandemic is based on the SARS-CoV-2, a variant of the β-

coronavirus. This variant is also known as the Novel SARS-COV variant. Figure 1 

shows the structure of the virus with its spike glycoprotein, which is the protein that 
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causes the infection. The corona1 or spike structure is due to the spike-shaped 

glycoproteins found at the cell membrane. The white structure in the figure is the RNA 

which is injected into the cell and then spreads within the host (Atzrodt et al. 2020). 

The virus was first reported and identified in Wuhan, China in 2019. Unlike other 

variants (pandemics, or otherwise), this is a highly contagious respiratory pathogen. It 

was termed “COVID-19” to easily identify the strain based on its originating year. 

Although originating in China, the country is ranked 101st worldwide in with respect 

to the number of worldwide cases (Coronavirus Cases: Statistics and Charts - 

Worldometer n.d.). Figure 2 and Figure 3 show the distribution of the disease around 

the world as of July 12, 2021. Numbers show that the United States and the American 

Continents have the largest number of cases (Coronavirus Cases: Statistics and Charts 

- Worldometer n.d.). The World Health Organization (WHO) has reported a total 

number of 186,638,285 confirmed COVID-19 cases including 4,035,037 deaths as of  

5:08 pm CET, July 12, 2021 (World Health Organization n.d.).  

 

 

Figure 2 Distribution of COVID-19 cases in countries based on Worldometer (World Health Organization n.d.) 

 
 1 Corona in Latin stands for spike. 
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Figure 3 Epidemiological figures of total confirmed cases according to the World Health Organization  (World 

Health Organization n.d.) 

Normally transmitted between animals, birds, and mammals such as pigs, cows, 

chicken, dogs, and cats, this new variant is a recombination between bat CoV and other 

variations that are found in wildlife (Zhou et al. n.d.). The mode of transmission in 

humans has been widely studied and it is now known that the spread between humans 

is through direct transmission and aerosolized particles during medical procedures 

(Umakanthan et al. 2020). Common actions such as cough, sneezing, droplet 

inhalation, and physical contact with eyes and nose contribute also to the spread of this 

disease. Figure 4 extracted from (Umakanthan et al. 2020) shows the different means 

by which the disease can be transmitted. 
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Figure 4 Forms of transmission of COVID-19 (Umakanthan et al. 2020) 

One of the risks of this virus is that symptoms may persist after the virus has been 

fought off, and its secondary infections and effects might be even more detrimental 

than the disease itself (West, Montori, and Sampathkumar 2020). Moreover, if a 

patient is misdiagnosed as a false negative (not carrying the diseases while he/she is), 

then he/she may spread the disease even further (West, Montori, and Sampathkumar 

2020).  
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1.3.1. Laboratory Testing 

Laboratory testing can be subdivided into 2 types of testing: Molecular/viral diagnostic 

tests and antibody assays or testing (Testing | NIH COVID-19 Research n.d.) 

(Jacofsky, Jacofsky, and Jacofsky 2020) 

Viral or diagnostic tests are used to determine if an individual currently has COVID-

19, whereas antibody testing is used to check whether or not the patient has already 

had the disease, as well as his/her level of immunity against it (Almeida, Atanasiu, and 

Beale 1979). Examples of the diagnostic techniques include: 

- Antigen or serological tests, also known as rapid tests, which give out the result 

in 15 minutes. Such tests are more likely to give a false negative result 

compared to other techniques (Atzrodt et al. 2020; Chaimayo et al. 2020). 

- Molecular exams such as the Clustered Regularly Interspaced Short 

Palindromic Repeats (CRISPR) or Quantitative Reverse Transcription 

Polymerase Chain Reaction (RT-qPCR) testing which is currently the most 

prevalent type of exam. RT-qPCR testing (Commonly known as Polymerase 

Chain Reaction or PCR testing) is usually done via an oral, nasal, or combined 

swab. According to (Atzrodt et al. 2020), this type of tests uses the Nucleic 

Acid Test (NAT) to check for the presence of SARS-CoV-2 genes. These tests 

select certain genetic material that determine the specific pathogen. Through 

chemical reactions, this material is amplified. Repeating this amplification step 

several times followed by an immediate analysis makes sure that there are very 

low number of false positives (Umakanthan et al. 2021). Recent studies 

however have shown that patients with negative PCR results might still contain 

traces of the disease in stools (Umakanthan et al. 2020, 2021). As such, certain 

countries have begun performing anal swabs, on top of the nasal and oral swabs 

(Ikegami et al. 2020; Yang et al. 2020). 

1.3.2. Image-based Testing 

Due to the prevalence of false negatives in the laboratory testing methods, imaging 

techniques may be used to confirm if a patient has the novel virus or not. These include 

chest radiographs, chest Computed Tomography (CTs), Magnetic Resonance Imaging 
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(MRIs) and Lung Ultrasound (YA et al. 2021). In 20% of positive COVID cases, Chest 

Radiographies (Or X-Rays) were found to be normal resulting in false negatives 

(McIntosh 2020). Chest CTs for COVID patients were found to be very close to 

patients infected with Pneumonia. Very small, distinctive allow medical experts to 

perform a differential diagnosis and differentiate between them. By definition, a 

differential diagnosis can be achieved when a unique feature identifies the diseases 

from other pathogens (Cook and Décary 2020). Thus, it is necessary to have a tool that 

allows a differential diagnosis. The effectiveness of ultrasounds have yet to be studied 

(McIntosh 2020; Pereira et al. 2020). In addition, the discrepancies between imaging 

and laboratory testing leads to either a misdiagnosis or an uncertainty in the diagnosis 

(Wiersinga et al. 2020). 

The most recent research indicated that CT scans have a slightly higher specificity, 

sensitivity, and accuracy than standard X-Rays in general diagnosis (N. Islam et al. 

2020). In particular, they have outperformed classical X-rays in COVID-19 diagnosis 

allowing for patient's faster recovery time due to earlier diagnosis (Borakati et al. 2020) 

and (Benseler 2006). Even though CT scans are more accurate than X-Ray images, 

they remain much more costly and way riskier due to the higher dose of radiation that 

they emit (Alzyoud 2017). Hence, they are far from being the primary diagnostic tool 

in health care. As of yet, there are no protocols in place to determine accurately when 

CT scans need to be used and they remain “reserved for patients with an undefined 

clinical picture, as well as differential diagnosis” (Pascarella et al. 2020). 

1.4. Treatment and Vaccination 

Several treatments have been developed for COVID-19. These include anti-viral 

medications, anti-bacterial drugs, nutritional support and hydration, antipyretic, 

among others (Pascarella et al. 2020). More recent guidelines and recommendations 

include “supportive care, antiviral therapy, glucocorticoid therapy, antibiotics, 

immunoglobulin, extracorporeal membrane oxygenation (ECMO), convalescent 

plasma, and psychotherapy” (Luo et al. 2021). More recently, vaccines have been 

developed. Various brands and types exist, notably the mRNA-based vaccines and 

those that rely on the injection of the inactivate, a nano-particle vaccine, live-

attenuated vaccines, and more (Dai and Gao 2021). The rate at which the vaccines 

were developed is much faster than usual vaccines and is due to the global widespread 
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of the disease. Also, factors such as the availability of next-generation sequencing and 

ongoing potential vaccines for similar diseases like SARS and MERS contributed to 

the rapid development (Lurie et al. 2020). The objective of these vaccines is to achieve 

herd immunity which is reached when a high proportion of the population has been 

immunized either by natural infection or vaccination. When herd immunity is reached, 

the percentage of successful transmission of the virus becomes significantly reduced 

(Or Caspi, Michael J. Smart 2020). 

1.5. Problem Statement 

The primary objective of this research is to create a machine learning model that allows 

the differential diagnosis of COVID-19 in X-Ray images. Eventually, such a model 

can be turned into a tool that reduces human diagnosis error. In this study, we focus 

on X-Ray images for the following reasons: 

1- They are cheaper and hence more widely used. 

2- Diagnosing the disease relying on this type of images is harder than diagnosing it 

relying on CT scans so human experts tend to make false diagnosis. 

3- They are safe. 

For this purpose, we develop a three-phase approach for classifying images using 

Convolutional Neural Networks (CNN). We validate our approach on images of chest 

X-Rays of patients with the virus, patients with regular pneumonia and healthy 

persons. The rest of this thesis is divided as follows. In Chapter 2, we describe research 

that has been done on this problem. In Chapter 3, we describe Artificial Neural 

Networks (ANN) from which Convolutional Neural Networks (CNN) emanated. In 

Chapter 4, we describe Convolutional Neural Networks which are at the core of our 

model. In Chapter 5, we describe the data that we used, the metrics that we relied on 

to evaluate model performance as well as the other models we benchmarked against. 

In Chapter 6, we describe our model in detail. In Chapter 7, we discuss the obtained 

results. We, finally, conclude in Chapter 8 and open venues to future work.  
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Chapter Two 

 Literature Review 

Ever since the emergence of COVID-19, several researchers have attempted to design 

convolutional neural networks that can predict the presence of the virus from two types 

of medical images mainly CT scans and X-Rays. In this chapter, we describe work that 

has been done on this problem omitting papers that show discrepancies in their results. 

We divide our coverage of the literature according to the type of images.  

2.1. CNN in X-Ray Imagery 

One of the earliest work to show that CNN can be successfully used to diagnose 

COVID-19 was (Usama et al. 2020). In this work, the authors used ResNet 50 resorting 

to data augmentation due to the limited number of images that were available back 

then. The authors were able to reach very good results around 98% on all four metrics 

accuracy, precision, recall and 98.19% on F1-score. Similarly, in (Apostolopoulos and 

Mpesiana 2020), the authors used transfer learning on different architectures and 

reached an accuracy of 96.78%, a sensitivity of 98.66%, and a specificity of 96.46%. 

In (Horry and Member 2020), the authors showed that CNN and deep learning models 

can be successfully used with X-rays, CT scans and ultrasound images.  

(Pham 2021) compared fine tuning a model vs simple transfer learning using data 

augmentation. The work used transfer learning by reusing the three architectures 

GoogleNet, AlexNet and SqueezNet and simply replacing the last layer with the 

appropriate classification layer. Results varied between 99.13% accuracy and 99.77% 

Accuracy 

In (Ozturk et al. 2020), the authors proposed a modification of the DarkNet-19 model 

- DarkCovidNet- that utilizes the YOLO (You Only Look Once) approach. With a 

reduced number of layers and several modifications to the activation functions, they 

were able to achieve an accuracy of 98.08%, a sensitivity and a specificity of 95.13%, 

and a precision of 98.03%.  
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In (Mahmud, Rahman, and Fattah 2020), the authors use a combination of customized 

residual and shifter units. They label their model CovXNet. The model uses a 

combination of transfer learning from non COIVD-19 images, and applies a stacking 

of optimized networks, which is then passed to a meta-learner to improve prediction. 

Stacking these networks with the meta learner helped improve the results and reach an 

accuracy of 98.1%, a precision of 98.0%, a recall of 98.5%, a specificity of 97.9%, and 

an F1 score of 98.3%. 

(Pereira et al. 2020) used a 4-phase approach that was first presented in (Kittler, Hater, 

and Duin 1996). Feature extraction was performed followed by early fusion, 

resampling of the data (in order to deal with imbalance), and finally the late fusion 

stage. The authors used the rules of SUM, PROD, and VOTE (Kittler, Hater, and Duin 

1996) to classify images. Results varied depending on the model used and resampling 

method, but, in general, showed an improvement over (Kittler, Hater, and Duin 1996).  

In (Khan, Shah, and Bhat 2020), the CoroNet model is applied on a public data set 

found on Kaggle. The network is based on Xception and was able to obtain an accuracy 

of 99%, 98.50% f1-measure, 98.60% specificity, 99.30%, 98.30% precision, recall for 

the binary classification. Tertiary classification showed a 95% accuracy, 95.60% f-

score, 97% specificity, 96.90% recall, and 95% precision.  

(Jain et al. 2021) customized Xception, Inception V3, and ResNeXt by adding a dense 

layer followed by an inference layer. When data augmentation was used on the testing 

set, Inception was able to reach an accuracy of 97% ResneXt reached an accuracy of 

96%, and XCeption an accuracy of 93%.  

The work of (Abraham and Nair 2020) combined a multi-CNN network and a 

BayesNet on two different datasets. The proposed model reached on one data set an 

accuracy of 91.15%, a precision of 85.90%, a recall of 95%, an F-Measure of 91.4% 

and an AUC of 96.30%. On the other data set, the results reported were: an accuracy 

of 97.44%, a precision of 98.60%, a recall 98.60%, an F-Measure 98.60% and an AUC 

of 91.10%.  

In (Toraman, Alakus, and Turkoglu 2020), the authors proposed a Capsule-based CNN 

approach which follows the treatment of the result of several convolutions in a 

customized ‘Capsule Network’ composed of a Primary Capsule and a Label capsule 

to output a COVID-19 or ‘No findings’ label prediction. The model achieved an 
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accuracy of 91.24%, a sensitivity of 96%, a specificity of 80.95%, a precision of 

91.60%, and an F1-Score of 93.75%. Data augmentation was also used and seemed to 

further improve results.  

Another Xception-based approach was proposed in (Narayan Das et al. 2020) and 

relied on Chollet’s Xception-based network (Chollet 201AD). The main architecture 

was split between ‘Main Flow’, ‘Middle Flow’, and ‘Exit Flow’ pipelines. The 

proposed model reached an accuracy of 97.40%, a 96.96% F-Measure, 97% 

sensitivity, and 97% specificity. 

In (Loey, Smarandache, and Khalifa 2020), a different approach was attempted with a 

Generative Adversarial Network (GAN). The network created fake images and 

combined them with real images. The architecture was combined with 3 different CNN 

models namely AlexNet, GoogleNet, and ResNet18 and tested on three different 

classification labels (2 classes, 3 classes and 4 classes). Results were all in the 100% 

on the binary classification label problem. They deteriorated to the 80-85% on the 3-

class label version of the problem and in the 65-70% on the 4-class label with the use 

of AlexNet and ResNet18. GoogleNet retained results around 82% on the 4-class 

version of the problem.  

In (Rahimzadeh and Attar 2020), the authors proposed to concatenate features 

extracted from 2 different CNN models and used those features in order to classify the 

image as: Normal, COVID-19 and Pneumonia achieving an accuracy above 91%. The 

code is publicly available and can be accessed via the authors’ github repository.  

In (M. Z. Islam, Islam, and Asraf 2020), the authors proposed combining a CNN with 

a Long Short-Term Memory (LSTM) block to create a network to classify images 

combined from multiple sources. These sources are all available either on GitHub, 

Kaggle, or augmented data sets from Mendeley. Some data was provided directly from 

the hospitals. They were able to achieve on COVID-19 images an accuracy of 99.20%, 

a specificity of 99.30%, a precision of 99.20%, and an F1-score of 98.90%.  

A simple approach was proposed by (Narin, Kaya, and Pamuk 2020). The authors 

customized the three architectures InceptionV3, ResNet50, and Inception ResNetV2 

and added 3 new layers: Global Average Pooling 2D, followed by a fully connected 

layer of size 1024 with ReLU, and finally a fully connected classification layer of size 

2 with Softmax activation function. The resulting model was used to classify images 
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into COVID-19 or Normal. The network attained an accuracy ranging between 87% 

and 98%, a specificity between 90% and 100% and a recall between 84% and 96%.  

In (Al-fahdawi 2020; M. E. H. Chowdhury et al. 2020), the authors proposed ChexNet 

- a model that was able to show 99.99% accuracy, 100% precision, 100% specificity, 

and a sensitivity of 99.99% on a very small data set. It is based on preprocessing and 

using ResNet34 with HRNets to ‘score’ the image, fuse the scores, and perform the 

classification.   

The work (M. E. H. Chowdhury et al. 2020) aimed at combining images from four 

sources, preprocess them, and process them through various CNN models. Two sets 

of experiments were performed with and without data augmentation. The images were 

classified into Normal, COVID-19 and Viral pneumonia. When data augmentation 

was used, CheXNet and DenseNet201 were the best performing models. The former 

model reached an accuracy, precision, f1-score and sensitivity of 99.69%, and a 

specificity of 99.23%. The latter one reached an accuracy, precision, f1-score and 

sensitivity of 99.70% and a specificity of 99.55% 

The authors in (Abbas, Abdelsamea, and Gaber 2020) used a DeTrac model consisting 

of three phases: Decomposition, Transfer Learning and Composition. The model 

obtained an accuracy of 95.12%, a 97.97% sensitivity, and a 91.87% specificity.  

(X. Li, Li, and Zhu 2020) proposed COVID-MobileXpert, a new approach for 

classification of snapshots of X-Ray images taken with a mobile device or scanned. 

For this, the authors selected and customized 3 lightweight CNN models: 

MobileNetv2, ShuffleNetV2 and SqueezeNet. MobileNetv2 was the best performing 

model with an accuracy of 80%. 

(Ezzat, Hassanien, and Ella 2020) used the DenseNet121 with the gravitational search 

algorithm (GSA) as an optimization algorithm. The authors hyper-tuned DenseNet’s 

parameters to perform binary classification. Their proposed approach was able to reach 

an accuracy, precision, recall and F1-score of 98%. 

In (Rajaraman et al. 2020), the authors used several pre-trained Imagenet-based 

models and combined them in an ensemble. The best combination was VGG-16, VGG-

19, and Inception-V3 with Weighted Average Voting. The model achieved 99.01% on 

accuracy, sensitivity, and F1-score and an 98.20% on MCC front.  
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In (Minaee et al. 2020), the authors used 4 pretrained CNN models and transfer 

learning and performed hyper-parameter tuning on the models. These were: ResNet18, 

ResNet50, SqueezeNet, and DenseNet-121 with SqueezeNet outperforming them all 

with a sensitivity of 98% and specificity of 92.90%.  

(Heidari et al. 2020) focused on improving preprocessing of X-Ray images by 

removing biological elements that might mislead the CNN such as the diaphragm, 

fixing the contrast, and resizing the images. This is then combined transfer learning 

through VGG16 and hyper-parameter tuning. The model reached a weighted average 

accuracy of 94.50%, a recall and an F1-score of 98.40%, a sensitivity and a specificity 

of 98%. 

In (Gour and Jain 2020), the authors proposed a model called CovNet30 made up of a 

customized 30-layered Convolutional Neural Network. This was combined with a 

VGG-19 model to pass values to logistic regression for 3-class classification. For this, 

several sub-models were created and stacked together before being passed to the 

logistic regression classifier. The proposed mode was able to achieve 92.70% 

accuracy, 93.33% specificity, 93.99% precision, and 93% f1-Score.  

(N. K. Chowdhury, Rahman, and Kabir 2020) proposed a new a parallel-dilated 

convolutional neural network called PDCOVIDNET, that aims at extracting the 

radiological features. Applied on a publicly preprocessed data set, the parallel layers 

showed an improvement over benchmark results and was able to reach an accuracy of 

96.58%, a precision and f1-score of 96.58% and a recall of 96.59% recall. 

(Umer et al. 2021) created a custom model from scratch with a minimal number of 

layers to reduce training time and resources needed. Ten layers were used for a multi 

label classification of 2 classes, 3 classes, and 4 classes. The best results were obtained 

on the 2-class label version of the problem with an accuracy of 97.20%, a precision of 

98.20%, a recall of 98.76% and F1-score of 97.98%. 

(Majeed et al. 2020) proposed a new CNN architecture – CNN-X which consisted of 

4 parallel layers with 16 filters, followed by Batch normalization, and pooling. They 

used their model on three different classification problems that vary in the 

classification labels. The architecture gave the best results on the binary classification 

version of the problem and obtained a 93.15% recall and a 97.86% specificity. 
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(Shibly et al. 2020) tested the effectiveness of R-CNN on a publicly available data set. 

Using 10-fold cross-validation, their model outperformed most other classical models, 

except for Deep CNN ResNet-50. The model reached a 97.36% accuracy, 97.65% 

sensitivity, 95.48% specificity, 99.28% precision, and 98.46% F1-score.  

(Gao and Grace 2020) designed their own CNN from scratch using three hidden layers. 

The output of the third layer was flattened and an input to a multi-layered classification 

network, which then classified the image under 4 possible labels: Normal, Pneumonia 

(Bacterial), Pneumonia (COVID-19), and Pneumonia by Virus. The model achieved a 

precision of 92%, a recall of 91%, and an F1-score of 91%.  

(Vrbancic, Pecnik, and Podgorelec 2020) applied the Grey Wolf Optimizer on hyper-

parameter tuned a VGG-19 to perform binary classification on images from various 

sources. Using 10-fold cross-validation, the proposed model achieved 94.76% 

accuracy, 97.42% precision, 95.53% recall, and 93.47% AUC.  

In (Nour, Cömert, and Polat 2020) , the authors trained a Deep CNN from scratch 

without the use of transfer learning and combined it with the Bayesian Optimizer to 

find the best parameters. The CNN consisted of 6 layers followed by a 7-layer 

classification layer. When used on images of three different categories, the network 

resulted in a 98.97% accuracy, 89.39% sensitivity, 99.75% specificity and 96.72% F1-

score.  

Based on Inception Net, (D. Das, Santosh, and Pal 2020) proposed a modification to 

the CNN with truncations that resulted in 3 inception modules only. This was 

performed to reduce the complexity and number of trainable parameters thus, 

increasing speed and efficiency. When benchmarked on 6 data sets, their model was 

able to outperform other models and reached a 95% accuracy, 97% sensitivity, and 

92% precision. 

(Ismael and Şengür 2021) tested the combination of three different techniques on 

binary classification of images. The techniques were: the use of transfer learning 

through a CNN, fine tuning a CNN, and the end-of-end training of a CNN. In all 3 

cases, the extracted features were passed to an SVM for classification. Compared to 

using fuzzy color and stacking approaches they were able to outperform them and 

reach an accuracy of 94.70%. 
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In (Alazab et al. 2020), the authors used VGG16 on an augmented data set and were 

able to boost performance to an F1-score of 99%.  

(Alqudah et al. 2020) used a hybrid model where the extracted features were passed to 

2 different Machine Learning algorithms -SVM and Random Forest- to test their 

efficiency in using the extracted information. When compared to AOCT-Net Softmax 

activation function, the proposed hybrid model performed worse and reached an 

accuracy of 95.20% and a sensitivity of 93.30%.  

In (Sethy and Behera 2020), several CNN models were combined with SVM. The best 

combination was that of ResNet50 with SVM which reached an accuracy of 95.38%, 

a specificity of 93.47%, and an F1-score of 95.52%. 

(Marques, Agarwal, and de la Torre Díez 2020) used EfficientNet for both binary and 

multi class labels. Using 10-fold cross validation, they tested on a binary and multi 

class prediction. They achieved on the Binary classification 99.62% accuracy, an f1-

Score of 99.62%, a precision of 99.64% precision, and a recall of 99.63%. On the other 

hand, the multi-class label reported 96.70% Accuracy, an F1-Score of 97.11%, a 

precision of 97.59% precision, and a recall of 96.69%.  

In (Series 2021), the authors tried collaborative features in Ensemble CNN models. 

One of the methods consisted of a meta learner composed of a CNN stacked with 

Neural Network and SVM. The stacked model was able to achieve a 95% accuracy 

showing that different techniques may be collaboratively used in the classification of 

X-Ray images.  

(Afifi et al. 2021) created two different CNN approaches or branches: one containing 

a CNN followed by a Global Average Pooling layer to perform a classification. The 

other branch contains a CNN followed by a multiple instance learning scheme that 

performs a separate prediction. Then, both predictions are averaged (Based on 

probabilities) to perform a final prediction. They achieved a 98.50% accuracy, 97.50% 

precision, and 98.90% f1-score. 

The authors of (Saha, Sadi, and Islam 2021) proposed EMCNet, a model that relied on 

the combination of feature extraction using CNN and hyper-parametrized machine 

learning techniques on the binary classification problem. The model achieved a 100% 

precision, 98.97% accuracy, and 97.82% recall.  
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In (Karim et al. n.d.), the authors proposed the DeepCovidExplainer model which is 

based on VGG19. They reported a precision of 89.61% and recall of 83%. 

In (Qi et al. 2021), the authors preprocessed the images with a phase-based image 

enhancement algorithm. After the images are encoded, one of two routes is followed: 

either the images are fused together and passed to a CNN model (this is called middle 

fusion), or the CNN extracts the features which are then concatenated (late fusion). 

Late fusion showed better results than middle fusion with ResNet50 architecture 

attaining an accuracy of 95.57%. 

In (A. K. Das et al. 2019), the authors used a new ensemble technique “weighted 

average ensembling technique” with a combination of DenseNet, ResNet, and 

Inception V3. Their proposed approach obtained a validation accuracy of 95.70%, 98% 

sensitivity, and 96.20% F1-score.  

In (Sousa et al. 2021), the authors preprocessed the data and created a light weight 13 

layer CNN architecture which they called CNN-COVID. When validated on two 

different data sets, the model achieved 98.0% accuracy, 98.83% recall and sensitivity, 

and 97% specificity.  

(Ahsan et al. 2020) combined a CNN with a multi-layer perceptron. Their model 

achieved an accuracy of 95.38% on am imbalanced data set and 96.30% on a balanced 

one.  

More recently, (Monshi et al. 2021) compiled a set of images by applying data 

augmentation techniques through resizing, rotating, zooming, warping, flipping, 

among others. Based on EfficientNet-B0, the model was hyper-parameter tuned and 

trained over 30 epochs on an imbalanced data set. It achieved 95.82% accuracy, 

96.16% F1-socre and 96.93% precision. 

(Karthik, Menaka, and Hariharan 2021) proposed a model Channel-Shuffled Dual-

Branched (CSDB) coupled with a distinctive filter learning paradigm module. The 

module adds a secondary loss function to calculate the effectiveness of the created 

filters. The model was able to reach an accuracy of 99.80% and an F1-score of 97.20%.  

(Hira, Bai, and Hira 2020) fine-tuned CNN version of ResNet-50 and ResNeXt-50. 

These were trained on an augmented data set and benchmarked using 5-fold cross-

validation against AlexNet, GoogleNet, ResNet-50, Se-ResNet-50, DenseNet121, 
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Inception V4, Inception ResNet V2, ResNeXt-50 and Se-ResNeXt-50 on binary and 

multi-label (3 and 4) data sets. Se-ResNeXt-50 acheived the best accuracy: 99.32% for 

binary classes and 97.55% in multi-label classification. 

(Pathan, Siddalingaswamy, and Ali 2021) used two different data sets in order to learn 

new parameters from each. Using Grey Wolf Optimizer (GWO) and Whale 

Optimization Algorithm – BAT Variant (WOA-BA), the parameters were optimized 

on one data set and tested on the other. The work achieved an accuracy of 98% on one 

data sets and 96% on the other. 

In (Irmak 2021), the authors use CNN to determine the severity of the COVID 

infection from the X-Ray images. With a limited number of data (666 images), they 

were able to achieve 98.50% accuracy with a mean absolute error of 8.50%, 

In (Hussain et al. 2021), the authors proposed a new model called CoroDet. This 22-

layered approach combines sequential convolutions followed by max pooling layers, 

with a Leaky ReLU activation function prior to classification. The model achieved am 

accuracy of 99.10% on the binary classification problem, 94.20% on the three-label 

classification problem and 91.20% on the four label problem.  

In (Jia, Lam, and Xu 2021), the authors proposed a model that works on both CT Scans 

and X-Ray images to classify the images into 5 labels: COVID-19, Tuberculosis, 

Normal, bacterial pneumonia, and viral pneumonia. With modified ResNet and 

MobileNet, they aimed to reduce overfitting on the data sets. When applied to both CT 

scans and X-Ray images independently, the model was able to achieve 99.60% 

accuracy on Chest X-Rays and 99.30% on CT scans. 



   

 

18 

 

  

2.2. CNN in CT scans 

(Yan et al. 2020) introduced a new CNN architecture named COVID-SegNet. It 

created a new 'element' in the CNN architecture called the Progressive Atrous Spatial 

Pyramid Pooling (PASPP block). This block consists of a convolution followed by a 

cascade of “atrous convolutional layers”, with multiple parallel fusion branches. The 

proposed model outperformed other architectures such as FCN, UNet, VNet, UNet++. 

The work relied on a largely imbalanced set of 21,658 images with 861 confirmed 

COVID-19 cases.  

In (Polsinelli, Cinque, and Placidi 2020), the authors used a modified SqueezeNet 

architecture to classify images in two different data sets. The model achieved an 

accuracy of 83% of accuracy, a sensitivity of 85% and an 81% specificity. 

(S. Wang et al. 2020) coined their model the M-Inception. They created it by 

modifying an inception-based model and adding a GAP layer followed by 2 fully 

connected layers at. This is the only method that we found that was tested on an 

external data set i.e. one that was acquired from an independent resource after training 

and testing the model. The authors reported a 79.30% accuracy, 83% sensitivity, 67% 

Specificity, 76% precision, and 63% F1-score. 

(Ouyang et al. 2020) combined 3D ResNet34 with different sampling strategies Global 

average pooling layers. The features were then forwarded to an ensemble learning 

layer. The model reached 87.50% accuracy, 86% sensitivity, 90% specificity, and an 

f1-Score of 82%. 

Based on 3D ResNet-18, (Y. Li, Pei, and Guo 2021) customized a CNN network by 

replacing the 3D convolutions with (2+1)D convolution, the architecture was able to 

achieve an accuracy of 99.76%, a recall of 99.96%, a precision of 99.35% and an F1-

score of 99.65%. 

(Xu et al. 2020) based their approach on a ResNet-18 architecture with location 

attention mechanism. They obtained images directly from hospitals. These included 

CT scans of patients suffering from Influenza-A, COVID-19, and healthy cases. They 

reported an accuracy of 86.70%, a precision of 81% and an F1-score of 83.90%. 
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(Chahar et al. 2020) based their model on a pre-trained DenseNet201. By using transfer 

learning and replacing the softmax activation with a sigmoid function, they were able 

to improve on other architectures by 1%. Their findings reported a 96.25% testing 

accuracy, 92% specificity, 96% precision, 96% recall, and 96% F1-score. 

(Fatih et al. 2021) modified AlexNet by removing layers and adding others. Their 

resulting model was named mAlexNet-BiLSTM architecture. When applied to CT 

scans, the model reached a 98.70% accuracy, improving over previously reported 

methods. 

In (Javaheri et al. 2019), an advanced architecture called CovidCTNet was designed 

to classify CT scan images. The model starts by processing the images. The 

architecture is composed of a pipeline of sequential algorithms that are applied to the 

images to detect part of the lungs, add elements to the images, and subtract some 

unnecessary elements. Finally, and after filtering out the features, the model classifies 

the images into Control, COVID-19 or Community Acquired Pneumonia (CAP). 

Using Bi-directional ConvLSTM U-Net (BCDU-Net), the authors were able to achieve 

an accuracy of 95%.  

 (Paluru et al. 2021) created Anam-Net a lightweight CNN with 7.8 times fewer 

parameters than other models. Compared to other models on the same data set, the 

models perform almost equally, if not slightly less, than other models, but averages 

better in the Dice metrics, with a value of 87%. However, the main objective of the 

work was to develop a lightweight model that can be used on mobile devices.  

(Pathan, Siddalingaswamy, and Ali 2021) proposed a model for binary classification. 

Called ADECO-CNN, the model is made up of 12 layers with the ReLU activation 

functions. The classification layer performs binary sigmoidal classification. The 

proposed architecture was able to classify images with an accuracy of 99.99%, 

sensitivity of 99.96%, 99.97% specificity, and 99.92% precision. 

Finally our work was inspired by (Ozkaya, Ozturk, and Barstugan 2020). The authors 

used a combination of VGG-16, ResNet-50, and GoogleNet to extract information and 

pass it on to an SVM for classification. They tested their model on two distinct data 

sets obtained from Societa Italiana di Radiologia Medica e Interventistica 

(https://sirm.org/category/senza-categoria/covid-19/?filter_by=random_posts). The 

main differences between this study and our work are: 
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1.  We used an ensemble of customized neural networks that were selected after 

thorough testing 

2. We used a different method for fusion of features 

3. We used a different classifier 

4. Finally, our model is trained on X-Ray images since these are known to be harder 

to read by human experts and this imaging modality is much cheaper than CT scans 

and hence more accessible. 
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Chapter Three 

 Neural Networks 

In this chapter, we give the background knowledge required for the understanding of 

the underlying technique. Since our model relies on convolutional neural networks and 

since the latter are a specific type of neural networks, we dedicate this chapter to the 

description of neural networks and their classification process.  

3.1. Perceptron 

A perceptron is a single-layer neural network consisting of a simple input/output layer 

and is the building block of an artificial neural network.  

  

Figure 5 A perceptron. 𝑥1 … 𝑥𝑛 are the input features. 𝑤0 … . 𝑤𝑛 are the learned weights with w0 being the 

threshold value based on which a class label will be output. The summation function computes the linear 

combination 𝑠𝑢𝑚(𝑥1, … 𝑥𝑛) = 𝑤0 + 𝑤1 𝑥1 + 𝑤2𝑥2 + ⋯ . 𝑤𝑛𝑥𝑛  

Figure 5 illustrates a perceptron. Given n inputs 𝑥1, 𝑥2, 𝑥3, … . 𝑥𝑛, the first phase 

computes the weighted sum of the inputs as shown in Equation (2.1) where each 𝑤𝑖 is 

a real value. 

𝑠𝑢𝑚 (𝑥1, … 𝑥𝑛) = ∑ 𝑤𝑖

𝑛

𝑖=1

𝑥𝑖 (2.1) 

Then, an activation function, σ, is applied as shown in Equation (2.2). 
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σ(𝑥1, . . . . 𝑥𝑛) =  {
1

−1
 
 𝑖𝑓𝑠𝑢𝑚(𝑥1, … 𝑥𝑛) >  𝑤0

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (2.2) 

One of the earliest used activation functions is the sigmoid function shown in Equation 

(2.3)  

𝜎(𝑧) =
1

1 + 𝑒−𝑧
 (2.3) 

Training the perceptron consists of learning the vector of weights (w0,w1,…wn). 

Hence, a perceptron is a binary classifier which splits a plane into two parts by fitting 

a straight line or a hyperplane. If we refer to the two outputs as positive (+) and 

negative (-), Figure 6 shows that positive instances lie on one side of the line while 

negative ones lie on the other side. 

 

Figure 6 Line separating the plane into 2 parts. Positive instances lie on one side of the line while negative 

instances lie on the other side. 

A single perceptron can represent many primitive boolean functions but not all. For 

example, a perceptron can represent AND, OR, NAND and NOR but not XOR because 

the latter results in data points that are not linearly separable as shown in Figure 7. 
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Figure 7 The XOR boolean function. Results are not linearly separable and cannot be classified by a perceptron. 

Networks of several perceptrons interconnected over separate layers can, however, 

represent a wide variety of functions. Such networks are referred to as multilayer 

networks. Moreover, with the variety of problems to which such networks are being 

applied and the diverse variety of data, multiple activation functions have proven to be 

necessary in different scenarios. Some of these are the Rectified Linear Unit (ReLu), 

the hyperbolic tangent function (tanh), Exponential Linear Unit (ELU), among others. 

Figure 8 shows a plot of these functions.  

 

Figure 8 ReLu, tanh, and ELU 

3.2. The Neural Network Architecture 

A neural network is a machine learning technique that can be used in both supervised 

and unsupervised learning. Inspired from the neurons in the brain, a neural network is 

a set of linked nodes, stored in layers, that communicate and work together, 

transferring information from one layer to another until this information reaches its 

destination (the output of the network). Every single node is a perceptron that performs 



   

 

24 

 

some computation on the information it receives from nodes in a previous layer and 

transfers the result to the nodes in the next layer. Eventually, the combination of all 

these computations will provide the output. Figure 9 shows a neural network with two 

hidden layers, one input layer and one output layer. 

 

Figure 9 Neural network with two hidden layers of 3 nodes each. 𝑤𝑗,𝑘
𝑖  represents the weight in node at layer i, 

going from node j to node k. 

In such a network, all nodes in Layer i are connected to all nodes in Layer i+1 and 

information is passed forward from Layer i to Layer i+1 until it reaches the output 

layer. Hence, these networks are commonly referred to as feedforward neural 

networks. Usually, but not always, the hidden layers (when multiple ones exist) contain 

the same number of neurons.  

 

3.3. The learning/Training Process 

During the training process, the neural network learns the best set of weights that 

classify the largest possible number of instances from the input data. The following 

steps summarize the learning process: 

1- Start with random weights on edges 

2- Read input features and forward to the first hidden layer L0 

3- Perform the computation as per the activation function in the neurons and 

forward to further hidden layers, if these exist, or to the output layer in case the 

network has one hidden layer only.  
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4- Compare the prediction (output of the network) with true classification labels 

and compute the error. 

5- Back-propagate the error value and update the weights accordingly3. 

6- Repeat until a number of iterations (epochs) is exhausted, or the error rate is 

acceptable. 

Step 5 above is where the learning happens. As we already mentioned, the network is 

learning a vector of weights. To understand how the weights are updated, let us take 

the example of a single perceptron. The perceptron training rule updates the weight 

wi as follows: 

𝑤𝑖𝑤𝑖 + 𝑤𝑖 

𝑤𝑖 = (𝑡 − 𝑜)𝑥𝑖  

where  is the learning rate, t is the real label of the input instance and o is the output 

label (Mitchell 1997) . The learning rate is a parameter that drives the intensity of the 

change. The higher it is, the more changes are applied to the weights. Setting this 

parameter to a value that is too high might result in missing the global optimum. On 

the other hand, a value that is too low may result in a slow convergence during the 

learning process.  

 

The perceptron training rule allows the network to land on the right vector of weights 

only if the data is linearly separable, which is not always the case. In such cases, the 

delta rule is applied which converges to a best approximation of the optimum set of 

weights. The delta rule uses the gradient descent to search for the optimum using 

Equation (2.4) as an error measurement: 

 

E(v) =
1

2
∑(𝑡𝑑 − 𝑜𝑑)2

𝑑∈𝐷

 (2.4) 

where D is the set of training instances, td is the target label or real label of instance d 

in data set D and od is the label output by the network. Gradient descent searches for a 

weight vector that minimizes E and this by updating the vector in the direction that 

moves on the steepest descent along the error surface. This is repeated until the process 

converges to the minimum error (Figure 10) (Santos and Ojha 2018). If the error 

 
3 This step, as described in sections below, may include random additions to avoid falling in local 

optima. 
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surface contains multiple local optima, there is no guarantee that the algorithm will not 

be stuck in a local one. For this, there are variations of the algorithm such as stochastic 

gradient descent. We will avoid details here since the work concentrates on one 

particular type of networks which is the convolutional neural networks but the 

interested reader is referred to (Mitchell 1997) for full details. 

 

Figure 10 Gradient descent with two possible local minima (Santos and Ojha 2018) 

3.4. Parameters 

A neural network performance is based on several parameters. Tuning these is very 

important as they are heavily dependent on the data that is being learnt. These 

parameters are: 

− Learning Rate: This is used to determine how fast the weights are modified 

during training and how large the modification is. Setting this parameter too 

high might result in the learning algorithm missing the global optimum while 

setting it too low may result in a very slow running time.  

- Epochs: This is the number of times the entire data set is passed to the neural 

network to train it. 

- Batch Size: This parameter splits the training samples into groups (batches) 

and trains the network on one batch at a time. This results in a faster 

computation but may sometimes deteriorate accuracy since the latter is being 

computed on a part of the data rather than the entire set.  

- Momentum: This optional parameter affects the learning rate by increasing or 

decreasing its effect per iteration.  



   

 

27 

 

- Weight Decay: This parameter is used to reduce overfitting the model. This is 

effective when we have a limited number in our training data set. This value 

exponentially penalizes the weights and reduces them to zero.  

Figure 11 summarizes the training process including the steps that involve 

parameters as these have a great impact on the performance of the algorithm. 

 

Figure 11 Flowchart summarizing the training of the Neural Network including the steps involving parameters 

3.5. Deep Neural Networks 

Deep Neural Networks aim at improving the backpropagation algorithm which is 

known to get stuck in a local optimum. It is still debatable what is to be considered a 

deep neural network but a widespread definition of a deep neural network is one that 

consists of more than two hidden layers (Schmidhuber 2014). Because of their deep 

architecture, they require a relatively large data set to train (W. Liu et al. 2016). 
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The idea behind deep architecture arises from a greedy approach that aims at exploiting 

the data and preprocessing it prior to training the network. This aims at reducing bias 

and overfitting and allows the parameters at the beginning of the model to have a 

starting point, instead of a random value like in a Gradient Descent-based algorithm 

(Hinton and Osindero 2006). 

Deep Learning aims at extracting inputs from the source data, reducing and modifying 

the data dimension obtained and forwarding this to the next layer. The next layer 

performs additional dimension reduction and preprocessing. This results in a large 

number of connected layers with the output of one layer being forwarded as input to 

the next. Eventually, this processed data is passed onto the final layer which performs 

the classification (Yann LeCun, Bengio, and Hinton 2015). According to (W. Liu et 

al. 2016), this technique has become popular due its capacity to partially reduce the 

overfitting of the model and thus speeding up the rate of convergence of the model. It 

can be successfully used in supervised, unsupervised, and semi-supervised learning in 

domains such as object detection, speech recognition, drug discovery, genomics, 

among others (Yann LeCun, Bengio, and Hinton 2015). An example of such a Deep 

Learning technique is the Convolutional Neural Network that is the basis of our model, 

and that we describe in the next chapter.  
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Chapter Four 

 Convolutional Neural Networks 

 

In this chapter, we describe convolutional neural networks which are at the core of our 

learning model.  

4.1. Introduction  

Convolutional neural networks (CNN) were inspired by the brain's visual cortex, 

where neurons respond to external stimuli to parse the visual inputs and transform 

them inside the brain. They are normally used to classify images but can be used with 

any data whose feature are dependent. They were introduced by (Fukushima 1980) 

who tried to create a Neural Network capable of pattern recognition. Contrary to what 

many people might think, convolutions have been used in artificial neural networks 

for more than 20 years, but they became famous when LeCun et al. used them for digit 

recognition in (Y. LeCun et al. 1989). With the widespread of image databases, they 

became more and more popular and diverse architectures saw the light. An input image 

is forwarded through multiple layers. In each layer, it undergoes some processing until 

it reaches a fully connected neural network that classifies it. In the rest of this chapter, 

we explain each step in detail but first we start with a description of how the image is 

encoded and presented to the network.  

4.2. Image Encoding 

An image that is input to the CNN is encoded into a matrix. Figure 12 shows a 

representation of a black and white image where a black pixel is encoded as 1 and a 

white one as 0. In general, a black and white image of height h and width w is encoded 

into a ℎ × 𝑤 matrix.  
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Figure 12 3X3 pixel image encoded as a 3X3 matrix. Number 1 represents a black pixel, while 0 represents a 

white one 

In general, an image with height ℎ and width 𝑤 is encoded into an ℎ × 𝑤 × 𝐶 matrix 

where C is the channel size used to represent the color. Channel size is the number of 

layers that a pixel can be split into. For example, Figure 12 shows a 3x3 matrix with 

C = 1 since the color is black or white (1 or 0) and one matrix is enough to represent 

this information. However, and in most applications nowadays, CNN have to learn 

features from colored images. A commonly used encoding scheme is RGB 

(Red/Green/Blue). In such a scheme, every pixel can be split into a combination of the 

3 colors and the single matrix is replaced with C matrices each corresponding to a 

channel (C=3 in the case of RGB). A pixel in each matrix corresponds to a value of 

the image pixel in that channel. Figure 13 shows an example.  

 

Figure 13 A 4-pixel image. Each matrix represents the value of the pixels in one channel (three channels in this 

case – RGB).  

After such an encoding, CNN processes the image through, generally, three different 

layers before outputting the extracted features. These are: a convolution layer, a 

pooling layer, and a fully connected layer. The general architecture of a CNN is shown 

in Figure 14 and how the input image undergoes several steps until classification. We  

1 1 0

1 0 1

0 1 1
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will describe in detail each of the layers.

 

Figure 14 The general architecture of a convolutional neural network 

The CNN Architecture 

The four steps that an image undergoes through the classification process in a CNN 

are:  

Step 1: Convolution 

Step 2: Pooling 

Step 3: Flattening 

Step 4: ANN 

We describe each of them in detail keeping in mind that the image is a pool of matrices 

(one or more matrices).  

4.2.1. The Convolution Operation 

At the core of CNN is the convolution layer. Simply put, a convolution is the 

combination of 2 functions f and g that creates a new one. Equation (3.1) shows the 

mathematical expression of a convolution which computes the amount of overlap 

between the two functions: 

[𝑓 ∗ 𝑔] ≡ ∫ 𝑓(𝜏)𝑔(𝑡 − 𝜏)𝑑𝜏

∞

−∞

 (3.1) 

In the context of a CNN, a convolution is a function that is applied to the matrix 

representation of an image to extract certain features. These are represented in a matrix 

commonly referred to as a feature matrix. Surely, different functions will produce 

different feature matrices. Examples include applying functions/maps, referred to as 
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kernels, that sharpen edges, others that can blur the image, etc. Several such matrices 

are normally created forming the convolution layer. Each such matrix represents a 

particular interesting feature in the image.  

Figure 15 shows an example recreated from an image extracted from (Mohamed 2017) 

where a 3X3 kernel4, K, is applied to a 7X7 matrix representation of an image I. The 

result is another 5X5 matrix, M, called feature map where every pixel results from the 

super-imposing of K onto a 3X3 region in I and counting the number of matching 1s. 

Then, the kernel, K, is slid over the input image horizontally and then vertically, one 

pixel at a time. This is commonly referred to as a stride of one pixel. Of course, larger 

strides result in smaller feature maps (Zeiler and Fergus 2013). 

 

Figure 15 Application of 3x3 Kernel, K, on a 7x7 Matrix, I, resulting in feature map M. 

The resulting feature map is of lower dimensions than the input image and this results 

in reducing the computation time while keeping the important features in an image. 

This process is very similar to what happens when a human being recognizes an object. 

If a person looks at an object in a scene and detects a beak and two eyes, he/she 

immediately recognizes a bird without the need to scan the entire image. Several 

kernels are normally applied to the image in the aim of producing several feature maps. 

These form the convolution layer. Learning or training consists of learning those 

features that help the entire network correctly classify the images. Figure 17 shows an 

example of letters and how different kernels highlight different features in the image 

(Y. Wang et al. 2019).  

 
4 Some resources refer to it as a filter. 
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Figure 16 Application of multiple Kernels on input image, I, to create several Feature Maps 

 

Figure 17 Feature Map extraction of glyphs. The application of different kernels results in different features 

being detected in the input image. The features themselves are the contours of the characters. (Y. Wang et al. 

2019) 

It is clear that pixels that are at the border of an image have a lesser influence on the 

resulting feature map because they are involved in fewer convolutions. In some 

situations, it is important to give to such pixels a greater influence, so we resort to 

padding. Padding consists of adding one or more extra row and column of zeros to the 
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input image. This ensures that the pixel itself is used multiple times during the 

computation. Figure 18 shows an example of a padded image.  

 

Figure 18 Matrix from Figure 15 padded with a padding of size 1  

 

This moves the border pixels more towards the center of the image and hence increase 

their influence on the resulting feature map (Figure 19). 
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Figure 19 Effect of padding.  The pixel shaded in orange  contributes only  once to the computation if no padding 

is used, multiple times if padding is used. 

 

It is often the case that a Rectified Linear Unit is added after each layer. Such units 

owe their names to the Rectified Linear function 𝑓(𝑥)  =  𝑎𝑟𝑔𝑚𝑎𝑥(0, 𝑥) on which 

they are based. Their role is to increase the non-linearity of the CNN otherwise, the 

images cannot be properly learnt as the classifier will be a simple chain of linear 

transformations (Wu 2017). In real applications, the data found in images is non-linear. 

Other functions have been used in the literature such as the sigmoid function and tanh. 

The advantage of ReLU is that it is computationally inexpensive and converges much 

faster than other functions.  

4.2.2. Pooling 

Just like it is important for the CNN to learn the pixel dependencies within an image, 

it is also important for it to be able to recognize the same object irrespective of where 

it is in different images. For example, if you have two images of your daughter, in one, 

she is in a seated position reading a book while in the other she is lying on her back 

and playing on her cell phone, the CNN should be able to recognize that this is your 
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daughter. This is what we refer to as spatial variance. There are several pooling 

methods that can be used such as maximum pooling whereby the maximum of a matrix 

is selected, the average pooling whereby the average of the pixels in the matrix is 

computed and sum pooling where the sum of the pixels in a matrix is computed. Figure 

20 shows how Max Pooling, Average Pooling and Sum Pooling are applied on a 3X3 

feature map. The submatrices to which the pooling matrix is applied may or may not 

overlap. In all cases, pooling results in smaller matrices again keeping necessary 

features in an image. Pooling has a significant effect on overfitting by keeping the 

spatial information in the image. This is what makes the system recognize your 

daughter in the picture irrespective whether she is sitting reading the book or lying and 

playing with the cell phone.  
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Figure 20 Max, Average, and Sum Pooling of dimensions 2x2 on a 7x7 matrix 
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may involve several alternating convolution-pooling layers before the classifier is 

reached. These parameters are: 

- Number of filters: This is the number of convolutions applied on the input 

image. The higher the value, the more memory is required and the higher the 

number of computations. 

- Filter Size: This is the size of the kernel. The larger the filter size, the smaller 

the resulting matrix and hence the less memory needed. This is accompanied, 

however, with the potential of overlooking certain features and skipping certain 

details.  

- Strides: The stride value determines how many pixels are skipped during a 

kernel or pooling operation.  

- Padding: This determines the number of rows and columns to add to the matrix 

around the border. The higher the padding, the more effect the border pixels 

will have since they get pushed towards the center of the matrix.  

- Activation Function: There are multiple activation functions and often they 

depend on the image type and quality.  

- Bias: This is a boolean variable which determines if a bias will be used or not 

during computations (Saleh and Hamoud 2021). If the bias is used, the value 

will be added to the result of the convolution (T. Liu et al. n.d.) 

- Regularizer: There are several ways to regularize the input data. Some include 

normalizing the data using lasso technique (L1, L2 regularizer) and others 

using a dropout layer. According to (Nusrat and Jang 2018), using a regularizer 

will overcome the problem of overfitting when the amount of sample data is 

too low.  

- Layers: The order, type, and number of layers can vary. The more layers the 

network has, the more features it extracts and the higher the computation time.  

Types of layers include sequential or parallel layers. Layers that use previous layers' 

output are considered to be sequential layers (Szegedy et al. 2015). It is important to 

note that parallelism is used to make faster computation, at the cost of memory. It can 

also be used when multiple filters need to be applied at the same time, and the result 

of these filters will be combined at the end. Sequential layers are used when multiple 

steps or filters are required to be applied, one after the other. Figure 22 shows an 

example which illustrates the application of 4 filters at the same time (green, orange, 

yellow, and blue paths). These filters perform several computations before final output. 
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These are combined together. Going from left to right, the matrix is sequentially 

transformed by extracting a certain value. All four paths (Green, Red, Yellow and 

Blue) are extracted at the same time. Every single path undergoes 2 sequential 

transformations. Transformations on different paths are independent of each other. 

Finally, when all the computations are completed, the extracted values are recombined 

to form a new matrix. 

 

Figure 22 Illustration of parallel and sequential computations. The Green, Orange, and blue paths receive at the 

same time the input matrix from the images and begin calculations. Every single path involves multiple dependent 

operations. The fact that 3 paths are calculating at the same time is called parallel paths, whereas the dependent 

calculations are considered as sequential. 

In addition to the order and type of convolutional layers, classification layers can also 

be configured as is done in any artificial neural network. 
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Chapter Five 

 Data and Benchmarks 

5.1. Data 

Finding a data set for this study was a challenge in its own right. First of all, most of 

the published work does not make the used images publicly available. Second, some 

of these data sets only come from one single source which may bring the model to be 

biased and not generalizable. Thirdly, publicly available data sets are updated 

constantly making it hard to pinpoint the subset of images that were used in a particular 

research work. A particular weakness that we found in the published work is the fact 

that most of it resorted to data augmentation which might result in a model that is hard 

to generalize. Last but not least, many of the pre-published or even published 

manuscripts on this problem have been retracted from the literature which indicates 

that much of the work was done hastily and cannot be trusted and hence not used as a 

benchmark.  

For the purpose of this thesis, the data set that we chose is the COVID-19 Radiography 

Database, Winner of the COVID-19 Dataset Award by Kaggle Community (COVID-

19 Radiography Database | Kaggle n.d.). This set includes X-Ray images from patients 

with COVID-19, viral pneumonia, and normal healthy patients5 (https:// www.kaggle. 

com/tawsifurrahman/covid19-radiography-database).  The images were compiled by 

a team of researchers from different countries and hence contains images from 

resources all around the globe.  We retrieved 3,886 images which we randomly split 

into training and testing sets. We included 1,000 images from every classification label 

to create a 3000-image data set for training and validation. The remaining 886 images 

were left aside for testing purposes. The images are classified into 3 categories: 

COVID, Normal, and Pneumonia. Examples of these images are found in Figure 23. 

 
5 Since this paper has been written, a fourth category (Bacterial Pneumonia) has been added to the data 

set. 
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Every image is resized during training to width 256 and height 256 in order to have a 

standardized-sized matrix as input during our training. 

 

   

COVID-19 Normal Patient Pneumonia 

Figure 23 Images for patients infected with COVID-19, Pneumonia, and a healthy person 

To avoid any confusion, let us define the three terms: training, testing and validation 

set as we will be using them frequently from this point onwards. 

The training set is the set of images that is used in order to fit the model and have it 

learned the separation of the different classification labels.  

The validation set is the set that is used during training when we split the data into 

training/validation repetitively to avoid bias due to the split. This is created when 

stratified 10-fold cross-validation is used.  

The testing set is a subset of the data that is kept completely aside and not seen by the 

model until it is fully constructed and its parameters are fully fixed. At this point, we 

use the testing set in order to test the performance of the model on completely unseen 

data.  

Table 2 Number of images for the three labels used in training/validation and testing 

Category Training/validation Testing 

COVID 1000 200 

Normal 1000 341 

Pneumonia 1000 345 
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5.2. Performance Metrics 

We use the following metrics when evaluating the performance of our model and 

compare it to those of different benchmarks: accuracy, F1-score, precision, recall and 

area under the ROC curve (AUC). The description of each of them relies on the 

confusion matrix shown in Figure 24 where P indicate positive cases (those infected 

with COVID-19) and N indicate the negative cases (those not infected with the virus). 

We define the following terms that can be seen in the figure: 

- True Positive (TP): correctly predicted positive cases.  

- True Negative (TN): correctly predicted negative cases.  

- False Positive (FP): cases classified as positive while they are in fact negative.  

- False Negative (FN): cases classified as negative while they are in fact positive. 

These are the most dangerous when it comes to this disease as they contribute 

significantly to its widespread. 

  

 

Figure 24 Confusion matrix for 2 class labels 

Accuracy: This metric is the ratio of correct predictions over the total number of 

predictions (Equation (5.1)). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
Correct Predictions

Total Predictions
=

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(5.1) 

 

Precision: This metric measures the proportion of true positive cases among all those 

classified as positive (Equation (5.3)).  
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(5.2) 

 

Recall or Sensitivity: This metric is used to measure the proportion of cases properly 

classified as positive among all those that are truly positive. Equation (5.3) shows the 

formula for recall. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

(5.3) 

 

F1-measure: This metric is based as the balance between precision and recall. It is 

reported as a decimal number ranging between 0.0 and 1.0, inclusively (Equation 

(5.4)).  

𝐹𝛽 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

(5.4) 

 

AUC: This is the area under the receiver operating characteristic (ROC) curve. It is a 

value between 0 and 1. As it increases, the model becomes better at distinguishing 

between the positive and negative cases.  

5.3. Cross-Validation 

We compute all our metrics using stratified 10-fold cross-validation on the set of 3,000 

images. This technique is similar to 10-fold cross-validation with the difference that it 

keeps the distribution of the classification labels as close as possible to the one in the 

entire data set and has proven to be more efficient than standard 10-fold cross 

validation in practice (Zeng and Martinez 2000). 

In general, k-fold cross-validation is commonly used in training and testing 

classification models. The entire data set is split into k sections (called folds) of 

roughly equal size. The model is trained on the union of k-1 folds and validated on the 

remaining fold. This is repeated k times, leaving, each time, one different fold for 

validation. The data is split in such a way that every instance appears exactly once in 

ever validation fold. This technique is used to avoid biasing the results according to 

the split. Figure 25 illustrates k-fold cross-validation where k = 6. 
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Figure 26 Stratified 6-Fold cross-validation. Percentages of different classification labels are shown in different 

colors 

Throughout the process, the data is constantly shuffled. This shuffling ensures that the 

data in the same fold come from different sources, especially since the images from 

the same sources are sequentially saved. 

Finally, after the 10-fold stratification split, the data set is saved for a constant basis of 

comparison.  

5.4. Benchmark Models 

After a thorough literature review, we chose the following models to compare against: 

DarkCovidNet in (Ozturk et al. 2020) and the modified AlexNet, GoogleNet, and 

SqueezeNet in (Pham 2021). The rationale for our selection was the reproducibility of 

the models. In fact, the architecture of the models was detailed, reproducible, and open 
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Chapter Six 

 Proposed Model  

In this chapter, we describe our three phased model in detail. As we are describing the model, 

we also describe some intermediate results obtained in different phases. We do this at this 

point for two reasons: 1. they help the reader understand the rationale behind some of the 

choices we made when designing our architecture. 2. it is clearer to understand the results this 

way rather than cramming them all at the very end.  

6.1. General Framework 

Our approach involves three phases (Figure 28). We will summarize them first and 

then describe the details of each.  

 

Figure 28 Architecture of the proposed approach 

Phase 1. Ensemble Model Learning and Feature Extraction: The ensemble model 

reads the images and extracts features using customized CNN Models. The images are 

left unprocessed to ensure that there is no data loss and that the approach is 

generalizable on future acquired images  

Phase 2. Feature Fusion: The extracted features undergo fusion and are then 

forwarded to a classifier.  

Phase 3: Classification: A classifier is used to classify the images based on the input 

features.  
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6.2. Phase 1: Ensemble Learning and Feature Extraction  

In this phase, several convolutional neural networks are put together in one bag. We 

start by explaining how these are selected and then we describe how we customize 

them.  

6.2.1. CNN Selection 

The first phase in our proposed approach consists of forming an ensemble of 

customized CNN models. The objective of this phase is to reduce and extract the 

features that are essential, without loss of accuracy in the final classification step. 

We start with a bag of potential CNN models. For this purpose, we picked from the 

literature the CNN models that are most widely used on medical images - specifically 

X-Rays. The list includes the following eleven models: AlexNet, GoogleNet, 

SqueezeNet, DenseNet, InceptionV2, InceptionV3, MobileNet, ResNet, VGG16, 

VGG19 and Xception. Some of these architectures are deep, others are lightweight 

models (suitable for smaller data sets).  

We trained and tested every model using stratified 10-fold cross-validation on our set 

of images while replacing their last layer with a three neuron one to account for the 

three labels in the data set. Table 5 shows the results on the validation set7. We picked 

the five most performing architectures to form our ensemble. These are: MobileNet, 

InceptionV3, DenseNet, ResNet and VGG19.  

  

 
7 We formed our validation set by setting aside 886 images out of 3,886 as described in Chapter Five. 
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Table 5 Accuracy (standard deviation) of the CNN models on the validation data. The 

highest 5 are in bold. Results are computed using stratified 10-fold cross-validation 

CNN Model Accuracy (Stdev) 

MobileNet 98.00% (0.0150) 

InceptionV3 97.90% (0.0640) 

DenseNet 97.20% (0.1260) 

ResNet 97.20% (0.0960) 

VGG19 95.80% (0.1580) 

SqueezeNet 95.70% (0.1580) 

Xception 95.40% (0.1620) 

InceptionV2 95.30% (0.1550) 

AlexNet 95.30% (0.0990) 

GoogleNet 95.10% (0.0140) 

VGG16 94.30% (0.0420) 

We notice that the 5 models chosen are of a different architecture, with some deeper 

than the others hence more sensitive to details (ResNet for example), while others are 

less deep and more focused on training speed and memory (such as MobileNet). We 

describe each architecture separately.  

6.2.1.1. MobileNet 

Built for mobile devices and embedded systems by (Howard et al. 2017), the model 

architecture consists of 28 layers consisting of a special kind of convolution that is 

called depthwise separabale convolution. This type of convolution was first introduced 

in (SIfre and Mallat 2014) with the primary objective of reducing the computation that 

is required in the first few layers of the network. This type of convolution consists of 

two operations: a depthwise and a pointwise convolution. The former one applies one 

filter to each input channel separately which results in the loss of the depth of the image. 

The latter convolution makes up for this loss by applying a 1x1 convolution. Figure 29 

shows the difference between a depthwise separable convolution layer (dw) and a 

standard CNN convolution layer while Table 6 summarizes the architecture of the 

network.  
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Table 6 MobileNet architecture 

Type / Stride Filter Shape Input Size 

Conv / s2 3 x 3 x 3 x 32 224 x 22 x 3 

Conv dw / s1 3 x 3 x 32 dw 112 x 112 x 32 

Conv / s1 1 x 1 x 32 x 64 112 x 112 x 32 

Conv dw / s2 3 x 3 x 64 dw 112 x 112 x 64 

Conv / s1 1 x 1 x 64 x 128 56 x 56 x 64 

Conv sw / s1 3 x 3 x 128 x dw 56 x 56 x 128 

Conv / s1 1 x 1 x 128 x 128 56 x 56 x 128 

Conv dw / 21 3 x 3 x 128dw 56 x 56 x 128 

Con / s1 1 x 1 x 128 x 256 28 x 28 x 128 

Conv dw / s1 3 x 3 x 3256 dw 28 x 28 x 256 

Conv / s1 1 x 1 x 256 x 256 28 x 28 x 256 

Conv dw / s2 3 x 3 x 256 dw 28 x 28 x 256 

Conv . S1 1 x 1 x 256 x 512 14 x 14 x 256 

5x 
Conv dw / s1 3 x 3 x 512 dw 14 x 14 x 512 

Conv / s1 1 x 1 x 512 x 512 14 x 14 x 512 

Conv dw / s2 3 x 3 x 512 dw 14 x 14 x 512 

Conv / s1 1 x 1 x 512 x 1024 7 x 7 x 512 

Conv dw / 22 3 x 3 x 1024 dw 7 x 7 x 1024 

Con / s1 1 x 1 x 1024 x 1024 7 x 7 x 1024 

Ag Pool / s1 Pool 7 x 7 7 x 7 x 1024 

FC / s1 1024 x 1000 1 x 1 x 1024 

Softmax / s1 Classifier 1 x 1 x 1000 

-  

Figure 29 A standard CNN layer that applies Batch Normalization and ReLU and an equivalent depthwise 

separable convolutional layer. 
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6.2.1.2. Inception V3 

This is the third evolution of the Inception Model and consists of 48 layers. In general, 

this model is based on a unit called the Inception Module which reduces the impact of 

structural changes on nearby components (Szegedy et al. 2015). There are 2 variations 

of this unit: one used for the computation and concatenation of the data (referred to as 

Inception A), and the other used in the objective of reducing the dimensions of the 

inputs (referred to as Inception B). Figure 30 illustrates the two different types in the 

original Inception modules.  

 

Figure 30 Inception Modules 

A third module was created when proposing Inception V3. This new module is referred 

to as Inception C, and it even further reduces the inputs to the proceeding layer. The 

entire Inception V3 architecture is displayed in Table 7. 

  



   

 

55 

 

Table 7 Inception V3 Architecture 

Layer 
Kernel Size / 
Stride Input Size 

Conv 3x3/2 224x224x3 

Conv 3x3/1 111x111x32 

Con Padded 3x3/1 109x109x32 

Pool 3x3/2 109x109x64 

Conv 3x3/1 54x54x64 

Conv 3x3/2 52x52x80 

Conv 3x3/1 25x25x192 

Inception A x 3   25x25x288 

Inception B x 5   12x12x768 

Inception C x 2   5x5x1,280 

Full Connected Layer 51,200x1,024 5x5x2048 

Full Connected Layer 1,024x1,024 1024 

Full Connected Layer 1,024x4 1024 

Softmax Classifier 4 

 

6.2.1.3. ResNet 

Residual Network (ResNet) uses an optimized residual unit created by (He et al. 2015), 

in the layers of the CNN, in order to optimize the training speed. This unit can be used 

to skip one or more layers and hence is often referred to as a shortcut connection (T. 

Liu et al. 2019). One can imagine a regular neural network with a unit allowing to skip 

over certain layers. By doing so, fewer layers are trained in the aim of solving the 

vanishing gradient problem. 

 

Figure 31 Optimized residual connection unit 
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6.2.1.4. DenseNet 

The DenseNet architecture connects all layers of the networks together (Huang et al. 

2017). Layer i receives input from Layer0, Layer1,… Layer i-1 and forwards its feature 

maps to Layeri+1, Layer i+2… Layer n in an n-Layer network. Features are concatenated 

and then forwarded to the subsequent layers. The total number of connections in a 

DenseNet of n layers is equal to ∑ 𝑖𝑛
𝑖=1 =  

𝑛(𝑛+1)

2
 (compared to n in a regular CNN). In 

practice, DenseNet showed to avoid the problem of overfitting on small data sets and 

this is due to the dense blocks that have a regularizing effect. Figure 32, extracted from 

(Huang et al. 2017), illustrates this architecture. 

 

Figure 32 A 5-layer dense block (Huang et al. 2017) 

6.2.1.5. VGG19 

Visual Geometry Group(VGG) are in general simple models made up of 3x3 

convolutions stacked on top of each other (Simonyan and Zisserman 2015). Several 

variants exist, all with different number of layers that shows in the name. Hence, 

VGG19 is made of up 19 layers (convolution and fully connected layers). Figure 33 is 

an example of a VGG model with 7 layers in total, 5 being standard convolutions. 
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Figure 33 VGG-19 model with 19 3x3 convolutions, followed by a GAP and a fully connected layer where every 

convolution is a 3x3 sized layer 

6.2.2. CNN Customization 

 

Figure 34 Proposed CNN Customization 

After choosing the top 5 most performing architectures, we customized these by 

inserting, before the output layer, three extra layers: a Global Averaging Pooling 

(GAP) layer followed by a dense layer of 500 neurons and finally a layer of softmax 

activation functions. Figure 34 illustrates this step. This reduces the number of features 

to 500 and thus computation time in the next steps. The number 500 was chosen 

starting with the largest number of features provided by a model and reducing as long 

as no deterioration occurs. 

Because every model has a different architecture, we trained each one with a different 

batch size (Radiuk and Radiuk 2017). We also used the Adam optimizer due to its 

computational efficiency and little memory usage (Kingma and Ba 2015).  
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Since VGG19, in particular, needed at least 90 epochs to train, we set the number of 

epochs to 100 to ensure that every model is given enough time to converge (explicit 

graph plots showing convergence can be found in appendices B and C). The final 

values of the two parameters batch size and epochs are shown in Table 8.  

Table 8 Batch Sizes used for the selected, Modified CNN models 

CNN Model Batch Size Epochs 

Customized 

DenseNet 
8 

100 

Customized 

InceptionV3 
16 

Customized 

MobileNet 
32 

Customized 

ResNet 
18 

Customized 

VGG19 
32 

 

In Table 9, we show the results obtained using the customized models on the validation 

data with stratified 10-fold cross-validation8. We compare the results to those obtained 

with the original corresponding model. We can see from the table that the customized 

CNNs gave slightly better results, but the purpose of this step lies in reducing the 

number of features to 500 per model.  

  

 
8 Appendix A shows all metrics on each fold 
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Table 9 Accuracy (standard deviation) of the original and customized CNN models on the 

validation data using stratified 10-fold-cross-validation 

 DenseNet  InceptionV3  MobileNet ResNet  VGG19  

Original CNN  
97.20% 

(0.1260) 

97.90% 

(0.0640)  

98.00% 

(0.0150) 

97.20% 

(0.0960) 

95.80% 

(0.1580)  

Customized 

CNN 

97.83% 

(0.0083) 

98.46% 

(0.0085) 

98.46% 

(0.0073) 

97.42% 

(0.0056) 

96.22% 

(0.0087) 

Difference 0.60 0.56 0.46 0.22 0.42 

 

After verifying that there was no loss in accuracy despite reduction of features, we 

retrained the customized models on the entire 3,000 images and tested on the final 

unseen data (886). Results are shown in Table 10. 

Table 10 Accuracy of the original and customized CNN models on the testing data set  

Accuracy DenseNet InceptionV3 MobileNet ResNet VGG19 

Original CNN 97.72% 96.43% 94.23% 96.00% 95.78% 

Customized 

CNN 
98.87% 98.31% 98.64% 96.61% 93.79% 

 

Out of the 5 customized CNN models, VGG-19 was the worst performing on the 

testing data, with an accuracy of 0.938. Logic might dictate to remove this model, 

given its low accuracy; however, surprisingly, this model was essential in the 

improvement in the next step. 

In conclusion, this phase slightly improved the accuracy of the customized CNN 

models, but the main advantage lies in the reduction of the number of features to the 

500 essential ones only.  

6.3. Phase 2: Feature Fusion  

During this phase, the features that are extracted by the customized CNN models are 

combined before being forwarded to the final classifier. This phase is very important  

because collectively selecting the most important features, or the features that work 

well together is essential. This can be easily seen in the case of VGG-19. When it was 

tested alone without being part of our ensemble, the model performed very poorly. 
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When combined with other CNN models and feature fusion was applied, the final 

ensemble model’s performance increased significantly. 

Literature proposes several methods for fusion such as Left Right Fusion, Right Left 

Fusion, Down Up Fusion and Up Down Fusion (Sudha and Ramakrishna 2017). Other 

methods include calculating the correlation index between the extracted features and 

then choosing the features (Sun et al. 2005) and ranking techniques (Ozkaya, Ozturk, 

and Barstugan 2020). In our case, we used a simple linear concatenation of features 

that makes the data ready to use in Phase 3 irrespective of the classifier. 

6.4. Phase 3: Classification  

In this phase, the final classifier receives as input the fine-tuned and filtered features 

that are produced in Phase 2, processes them, and predicts the final classification label. 

6.4.1. Classifier Selection 

This phase can make use of any classification technique since the input is a simple set 

of features. We tested the following techniques9: 

- Random Forest (RF) 

- Multi-Layer Perceptron (MLP) 

- Support Vector Machine (SVM) 

- Logistic Regression 

- A customized CNN 

To choose the right combination of bag of models in Phase 1 along with the classifier 

in Phase 3, we validated the models formed from every possible combination. We 

report the results in Figure 35 to Figure 39. Additional Information can be found in 

Appendix D. 

As can be seen in the graphs, the best combination was the one that included all 

customized CNN in Phase 1 along with the customized CNN in Phase 3. This comes 

as no surprise as the input information in Phase 3 consists of combined visual features. 

 
9 All techniques, except for CNN, were used with their default parameters as set in sci-kit.  
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Moreover, the different architectures of the models in Phase 1 allowed some to 

compensate for the weakness of others on some images.  

 

 

Figure 35 Accuracy of all possible combinations of models on validation data 

DN : DenseNet

MN : MobileNet

RN : RestNet

VG : VGG19

IN : InceptionV3

RF : Random Forest

MLP : Multi-Layer Perceptron

SVM : Support Vector Machine

LR : Logisic Regression

CNN : Customized Convolusional Neural Network

Customized Models in Phase 1

Classifier in Phase 3
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Figure 36 F1-score of all possible combinations of models on validation data 

 

DN : DenseNet

MN : MobileNet

RN : RestNet

VG : VGG19

IN : InceptionV3

RF : Random Forest

MLP : Multi-Layer Perceptron

SVM : Support Vector Machine

LR : Logisic Regression

CNN : Customized Convolusional Neural Network

Customized Models in Phase 1

Classifier in Phase 3
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Figure 37 Recall of all possible combinations of models on validation data 

 

DN : DenseNet

MN : MobileNet

RN : RestNet

VG : VGG19

IN : InceptionV3

RF : Random Forest

MLP : Multi-Layer Perceptron

SVM : Support Vector Machine

LR : Logisic Regression

CNN : Customized Convolusional Neural Network

Customized Models in Phase 1

Classifier in Phase 3
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Figure 38 Precision of all possible combinations of models on validation data 

 

DN : DenseNet

MN : MobileNet

RN : RestNet

VG : VGG19

IN : InceptionV3

RF : Random Forest

MLP : Multi-Layer Perceptron

SVM : Support Vector Machine

LR : Logisic Regression

CNN : Customized Convolusional Neural Network

Customized Models in Phase 1

Classifier in Phase 3
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Figure 39 AUC of all possible combinations of models on validation data   

DN : DenseNet

MN : MobileNet

RN : RestNet

VG : VGG19

IN : InceptionV3

RF : Random Forest

MLP : Multi-Layer Perceptron

SVM : Support Vector Machine

LR : Logisic Regression

CNN : Customized Convolusional Neural Network

Customized Models in Phase 1

Classifier in Phase 3
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6.4.2. Classifier Architecture 

Since our final model is made up of 5 CNN models, each extracting 500 features, the 

size input layer of the classifier is 2,500. This layer is then followed by a sequence of 

three units where each unit is a fully connected layer followed by a SoftMax activated 

layer. These units are of size 1000, 500, and 250 consecutively (Figure 40).  

Sequentially combining the features and reducing them from one step to the next 

reduces computation time and memory usage during the prediction stage while 

maintaining a high performance. Reduction is done gradually in the aim of selecting 

the most effective features and those descriptive of the data.  

The last layer is the classification layer consisting of 3 nodes indicating the 3 labels 

used for classification. 

 

 

Figure 40 Phase 3 of the proposed model 
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6.5. Final Model Architecture 

Figure 35 – Figure 39 suggest that the best architecture should encompass a bag of five 

models in Phase 1. These are the customized DenseNet, Inception V3, MobileNet, 

ResNet and VGG19. Phase 2 performs a fusion of the features and then linearly 

combines them into a set of features forwarded to Phase 3 where the customized CNN 

is used for classification. Figure 41 shows the detailed final architecture.  

 

Figure 41 Final architecture of the proposed model 
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Chapter Seven 

 Discussion of Results 

In this chapter, we describe the technology that we used in our implementation. Then, 

we discuss the results obtained by our model and we compare them to those obtained 

by each of the benchmarks in (Pham 2021) and (Ozturk et al. 2020). For this, we train 

and validate all models on exactly the same folds using startified 10 fold cross-

validation and then we test on the set of 866 unseen images that were set aside . When 

describing results on the validation set, we show averages over the 10 folds along with 

the standard deviation.  

7.1. Technologies 

When implementing, we used the following software systems and platforms: 

- Google Collab Platform: A free cloud-computing server with access to powerful 

GPUs and TPUs (https://research.google.com/colaboratory/faq.html).  

- Matlab 2019a: We used Matlab when reproducing the methodology proposed in the 

paper written by Tuan (Pham 2021) . The Machine Learning toolbox and its library 

provides the necessary tools to train the models. We ran this on a Windows 10 x64 

machine with a CPU.  

- Python: We used Python as a programming language due to its flexibility and large 

number of libraries that it makes available. Also, it is compatible with Google Collab. 

The libraries that we used are: tensorflow 2.4 with GPU support and fastai as well as 

sci-kit. 

We also used a Windows 7 machine, with GPU NVIDIA GeForce GTX 980 with 4 

GB of Graphics Double Data Rate (GDDR) RAM. 
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Chapter Eight 

 Conclusion and Future Work 

COVID-19 is one of the most recent pandemics that is not close to ending anytime 

soon. It has ravaged the world at a very high speed. Different diagnostic methods exist 

among which medical imaging. This can be performed using different modalities: X-

Rays, CT scans and MRI among others. In this work, we chose to deal with X-Ray 

images because they are cheaper to produce and are harder to interpret by human 

experts. We propose a machine learning model to predict the presence of the virus 

from X-Ray images. For this purpose, we propose a model that consists of three 

phases. In Phase 1, images are read by an ensemble of CNN and features are extracted. 

These CNN architectures were picked from a thorough literature review. We tested the 

eleven most used models and customized the 5 that performed the best on our 

validation data. These are: DenseNet, InceptionV3, MobileNet, ResNet, and VGG19. 

In Phase 2, the model performs fusion of the extracted features. These are then 

forwarded to Phase 3 where a classifier is used to categorize the images. In this phase, 

the following machine learning techniques were tested: Multi-Layer Perceptron, SVM, 

Linear Regression, and a customized convolutional neural network. After testing each 

classifier with every possible combination of the five customized networks in Phase 1, 

the CNN proved to be the most efficient and was selected as the classifier in this phase.  

We benchmarked against 4 models that were made available in the literature. Our 

model was able to improve on all five-performance metrics: accuracy, F1-measure, 

recall, precision and AUC. The improvement, although quantitatively not large, but is 

considered very good given that all benchmarks already had high results (99%). 

This work opens the paths for several venues. The first question that comes to mind is 

how generalizable is our model? For this, it would be interesting to test it on X-ray 

images (or perhaps other type of images) from a different disease. Another important 

venue is running the model with larger batch sizes. Due to the limitations of the 

computational resources that we have access to, we were not able to run our model 

with larger batch sizes and see the impact of this parameter. The maximum batch size 

that we could test on was 32 in the case of MobileNet model. We are conscious that 
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the denser models require larger batch sizes and hence more computational power. For 

example, we could not go beyond a batch size of 8 for the DenseNet model.  

Hyper-parameter tuning is important in this case but requires a lot of computational 

power. Studying the effect of the hyper parameters on the performance would also be 

interesting.  

Since the experiments have ended, the data set has grown to include a fourth label. The 

modification of the proposed model to learn this fourth label would require the change 

of the last output layer only and would be interesting to look into.  

Last, but not least, the selection of the CNN models in Phase 1 and their combination 

with the classifier in Phase 3 was done by testing all possibilities. It would be 

interesting to automate this phase by developing a meta-heuristic that searches for the 

best combination. Surely, the hyper-parameters will have an influence on the results 

so it would be also important to include them in the search process.  
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 Appendices 

Appendix A 

In this appendix, we list performance metrics per validation fold for every model, the 

average over all folds along with the standard deviation and the same metrics on the 

testing set. AlexNet, GoogleNet, and SqueezeNet are from (Pham 2021), 

DarkCovidNet is from (Ozturk et al. 2020) while the rest are our customized version. 

Table 14 Accuracy of all models on the 10-folds and the testing set 

 

Table 15 F1-Score of all models on the 10-folds and the testing set  

 

  

Fold AlexNet GoogleNet SqueezeNet
Cust.

DenseNet

Cust.

InceptionV3

Cust.

MobileNet

Cust.

ResNet

Cust.

VGG19
DarkCovidNet

Proposed 

Model

0 97.66% 96.67% 97 00% 96.33% 98.66% 99.00% 97.66% 96.33% 95.66% 99.30%

1 98 00% 98.00% 98 00% 98.33% 98.33% 97.66% 97.33% 97.00% 95.00% 98.70%

2 98 00% 97.67% 97 33% 98.66% 99.33% 99.00% 97.66% 97.00% 97.30% 99.60%

3 97 00% 97.67% 98 33% 98.00% 99.00% 99.33% 98.66% 96.66% 98.00% 99.30%

4 96 00% 98.33% 98 33% 98.66% 99.00% 98.33% 97.66% 96.66% 97.00% 99.10%

5 97 33% 98.00% 98 00% 98.66% 98.66% 98.66% 97.66% 94.99% 97.33% 99.20%

6 97.67% 99.00% 96 00% 97.00% 96.33% 97.33% 97.00% 96.33% 95.33% 98.20%

7 96.66% 97.33% 98 33% 98.33% 98.33% 98.66% 97.33% 94.66% 97.66% 99.00%

8 97 33% 98.33% 97 33% 96.66% 97.66% 97.33% 96.66% 95.33% 96.66% 98.10%

9 97.67% 95.33% 97.67% 97.66% 99.33% 99.33% 96.66% 97.33% 98.66% 99.70%

AVG 97.33% 97.63% 97.63% 97.83% 98.46% 98.46% 97.43% 96.23% 96.86% 99.02%

STDV 0.0060 0.0097 0.0071 0.0083 0.0086 0.0073 0.0056 0.0087 0.0114 0.0051

Testing 96.61% 97.51% 97.50% 98.87% 98.31% 98.64% 96.61% 93.79% 96.95% 99.10%

Accuracy

Fold AlexNet GoogleNet SqueezeNet
Cust.

DenseNet

Cust.

InceptionV3

Cust.

MobileNet

Cust.

ResNet

Cust.

VGG19
DarkCovidNet

Proposed 

Model

0 98 59% 99.00% 99 00% 96.33% 98.66% 99.00% 97.66% 96.04% 95.84% 99.20%

1 98 00% 99.50% 97 99% 98.33% 98.33% 97.66% 97.33% 97.00% 95.07% 99.45%

2 99 50% 99.50% 97 90% 98.66% 99.33% 99.00% 97.66% 97.00% 97.34% 99.45%

3 97 84% 98.50% 100 00% 98.00% 99.00% 99.33% 98.66% 96.66% 98.01% 99.50%

4 96.66% 98.50% 100 00% 98.66% 99.00% 98.33% 97.66% 96.66% 97.07% 98.29%

5 99 50% 100.00% 100 00% 98.66% 98.66% 98.66% 97.66% 94.99% 97.37% 98.78%

6 99 00% 97.75% 98.40% 97.00% 96.33% 97.33% 97.00% 96.33% 95.43% 98.90%

7 97 50% 98.00% 98 80% 98.33% 98.33% 98.66% 97.33% 94.66% 97.70% 99.15%

8 97.73% 99.50% 99 25% 96.66% 97.66% 97.33% 96.66% 95.33% 96.68% 96.72%

9 97.73% 98.99% 94 83% 97.60% 99.33% 99.33% 96.66% 97.33% 98.68% 99.66%

AVG 98.21% 98.92% 98.62% 97.79% 98.33% 98.45% 97.38% 96.17% 96.86% 98.91%

STDV 0.0087 0.0069 0.0147 0.0081 0.0090 0.0071 0.0058 0.0090 0.0114 0.0083

Testing 98.74% 99.05% 99.00% 98.87% 98.30% 98.64% 96.61% 93.79% 97.36% 99.20%

F1-Score
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Table 16 Precision of all models on the 10-folds and the testing set 

 
Table 17 Recall of all models on the 10-folds and the testing set 

 
Table 18 AUC of all models on the 10-folds and the testing set 

 

  

Fold AlexNet GoogleNet SqueezeNet
Cust.

DenseNet

Cust.

InceptionV3

Cust.

MobileNet

Cust.

ResNet

Cust.

VGG19
DarkCovidNet

Proposed 

Model

0 99.60% 99.00% 99 00% 96.33% 98.66% 99.00% 97.66% 96.04% 96.02% 99.20%

1 98 00% 99.00% 99 00% 98.33% 98.33% 97.66% 97.33% 97.00% 95.15% 99.60%

2 100 00% 99.00% 97 80% 98.66% 99.33% 99.00% 97.66% 97.00% 97.35% 99.40%

3 97 00% 99.00% 100 00% 98.00% 99.00% 99.33% 98.66% 96.66% 98.02% 99.50%

4 97 33% 99.00% 100 00% 98.66% 99.00% 98.33% 97.66% 96.66% 97.14% 99.40%

5 99 00% 100.00% 100 00% 98.66% 98.66% 98.66% 97.66% 94.99% 97.41% 98.76%

6 99 00% 97.50% 98 80% 97.00% 96.33% 97.33% 97.00% 96.33% 95.54% 98.70%

7 98 00% 98.00% 99 00% 98.33% 98.33% 98.66% 97.33% 94.66% 97.74% 99.00%

8 99 00% 100.00% 99 00% 96.66% 97.66% 97.33% 96.66% 95.33% 96.71% 95.10%

9 99 00% 100.00% 91 00% 97.60% 99.33% 99.33% 96.66% 97.33% 98.71% 99.50%

AVG 98.59% 99.05% 98.36% 97.82% 98.46% 98.46% 97.43% 96.20% 96.98% 98.82%

STDV 0.0092 0.0079 0.0254 0.0083 0.0086 0.0073 0.0056 0.0087 0.0107 0.0127

Testing 98.99% 99.05% 99.00% 98.87% 98.30% 98.64% 96.61% 93.79% 97.47% 99.19%

Precision

Fold AlexNet GoogleNet SqueezeNet
Cust.

DenseNet

Cust.

InceptionV3

Cust.

MobileNet

Cust.

ResNet

Cust.

VGG19
DarkCovidNet

Proposed 

Model

0 97.60% 99.00% 99 00% 96.33% 98.66% 99.00% 97.66% 96.04% 95.66% 99.20%

1 98 00% 100.00% 97 00% 98.33% 98.33% 97.66% 97.33% 97.00% 95.00% 99.30%

2 99 00% 100.00% 98 00% 98.66% 99.33% 99.00% 97.66% 97.00% 97.33% 99.50%

3 98.70% 98.00% 100 00% 98.00% 99.00% 99.33% 98.66% 96.66% 98.00% 99.50%

4 96 00% 98.00% 100 00% 98.66% 99.00% 98.33% 97.66% 96.66% 97.00% 97.20%

5 100 00% 100.00% 100 00% 98.66% 98.66% 98.66% 97.66% 94.99% 97.33% 98.80%

6 99 00% 98.00% 98 00% 97.00% 96.33% 97.33% 97.00% 96.33% 95.33% 99.10%

7 97 00% 98.00% 98.60% 98.33% 98.33% 98.66% 97.33% 94.66% 97.66% 99.31%

8 96 50% 99.00% 99 50% 96.66% 97.66% 97.33% 96.66% 95.33% 96.66% 98.40%

9 96 50% 98.00% 99 00% 97.60% 99.33% 99.33% 96.66% 97.33% 98.66% 99.82%

AVG 97.83% 98.80% 98.91% 97.82% 98.46% 98.46% 97.43% 96.20% 96.86% 99.01%

STDV 0.0126 0.0087 0.0097 0.0083 0.0086 0.0073 0.0056 0.0087 0.0114 0.0071

Testing 98.50% 99.05% 99.00% 98.87% 98.30% 98.64% 96.61% 93.79% 97.25% 99.21%

Recall

Fold AlexNet GoogleNet SqueezeNet
Cust.

DenseNet

Cust.

InceptionV3

Cust.

MobileNet

Cust.

ResNet

Cust.

VGG19
DarkCovidNet

Proposed 

Model

0 97 00% 99.00% 99 00% 97.90% 99.73% 99.73% 99.44% 98.20% 97.60% 99.60%

1 100 00% 99.00% 100 00% 99.23% 98.90% 98.90% 98.40% 99.20% 98.40% 99.70%

2 97 00% 99.00% 99.60% 99.96% 99.74% 99.73% 98.73% 98.45% 96.80% 99.70%

3 100 00% 100.00% 100 00% 98.73% 99.75% 99.74% 99.49% 99.13% 97.80% 99.70%

4 100 00% 100.00% 100 00% 99.49% 99.24% 99.49% 99.22% 99.16% 99.80% 99.30%

5 99 00% 100.00% 100 00% 99.49% 99.80% 99.73% 99.70% 99.56% 96.20% 99.67%

6 99 00% 99.00% 99 00% 98.47% 99.42% 98.45% 98.68% 99.50% 99.20% 99.65%

7 99 00% 99.80% 99 00% 98.74% 99.23% 99.50% 99.19% 96.40% 99.10% 99.60%

8 99 00% 100.00% 100 00% 98.70% 99.00% 99.45% 98.44% 97.62% 99.30% 99.51%

9 99 00% 100.00% 99.70% 98.73% 99.50% 99.75% 98.46% 98.46% 97.20% 99.80%

AVG 98.90% 99.58% 99.63% 98.94% 99.43% 99.45% 98.98% 98.57% 98.14% 99.62%

STDV 0.0104 0.0048 0.0043 0.0057 0.0031 0.0041 0.0046 0.0093 0.0114 0.0013

Testing 99.00% 99.00% 99.00% 99.50% 99.47% 99.70% 98.00% 98.50% 98.50% 99.80%

AUC
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Appendix C 

This appendix shows plots of accuracy against the size of batches. Models were trained 

using FastAiv2 in Python for 100 epochs. 

Table 22 DarkCovidNet Accuracy curve on each fold 

DarkCovidNet 

Fold Accuracy 
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Table 23 DarkCovidNet Loss curve for all folds 

DarkCovidNet 

Fold Loss 
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Appendix D 

This appendix contains the results of the customized model trained in Python using 

Tensorflow 2.4.  

Table 24 DenseNet Accuracy curve on each fold 

DenseNet 

Fold Accuracy 
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Table 25 DenseNet Loss curve for all folds 

DenseNet 

Fold Loss 
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Table 26 InceptionNet accuracy curve for all folds 

InceptionNet 

Fold Accuracy 
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Table 27 InceptionNet accuracy curve for all folds 

Inception 

Fold Loss 
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Table 28 MobileNet accuracy curve for all folds 

MobileNet 

Fold Accuracy 
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Table 29 MobileNet loss curve for all folds 

MobileNet 

Fold Loss 
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Table 30 Resnet accuracy curve for all folds 

Resnet 

Fold Accuracy 
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Table 31 VGG19 accuracy curve for all folds 

VGG19 

Fold Accuracy 
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Table 32 VGG19 loss curve for all folds 

VGG19 

Fold Loss 
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Appendix E 

This appendix shows the performance metrics resulting from all possible combinations 

of models in phases 1 and 3.  

Table 33 Accuracy (standard deviation) of combinations of customized models on the 

validation data 

 

Customized Model
Random 

Forest
MLP SVM

Logisic 

Regression
CNN

98.10% 95.42% 96.50% 98.35% 95.43%

(0.06) (0.19) (0.19) (0.12) (0.05)

97.74% 98.08% 98.52% 97.31% 96.56%

(0.16) (0.11) (0.14) (0.00) (0.14)

98.53% 97.91% 97.45% 97.45% 96.95%

(0.12) (0.05) (0.12) (0.06) (0.03)

96.60% 97.07% 98.69% 97.98% 97.69%

(0.19) (0.00) (0.12) (0.16) (0.13)

96.78% 95.42% 97.65% 97.30% 98.27%

(0.15) (0.14) (0.09) (0.10) (0.10)

97.81% 97.92% 98.28% 96.90% 95.96%

(0.05) (0.09) (0.18) (0.07) (0.10)

98.48% 98.51% 98.11% 97.02% 95.42%

(0.08) (0.08) (0.03) (0.17) (0.13)

97.05% 97.76% 97.23% 98.38% 98.77%

(0.17) (0.10) (0.18) (0.04) (0.11)

96.68% 96.55% 96.60% 97.78% 98.74%

(0.07) (0.09) (0.10) (0.12) (0.19)

98.37% 96.48% 97.38% 96.71% 96.57%

(0.19) (0.19) (0.13) (0.03) (0.15)

98.42% 95.42% 98.66% 97.12% 96.11%

(0.96) (0.97) (0.97) (0.98) (0.96)

98.66% 97.52% 99.00% 98.89% 95.45%

(0.11) (0.06) (0.18) (0.14) (0.00)

97.07% 97.13% 96.54% 97.41% 98.15%

(0.13) (0.01) (0.01) (0.09) (0.07)

96.77% 98.02% 97.37% 98.59% 98.16%

(0.16) (0.17) (0.16) (0.14) (0.16)

96.27% 96.66% 96.66% 97.20% 98.43%

(0.16) (0.05) (0.08) (0.00) (0.09)

97.06% 96.58% 97.24% 98.07% 96.25%

(0.16) (0.11) (0.14) (0.15) (0.15)

98.67% 97.97% 98.26% 96.81% 97.51%

(0.12) (0.13) (0.09) (0.02) (0.14)

97.45% 97.77% 96.45% 97.86% 95.83%

(0.09) (0.15) (0.04) (0.08) (0.01)

98.67% 97.97% 97.19% 96.60% 98.88%

(0.19) (0.10) (0.13) (0.07) (0.12)

97.32% 97.52% 98.62% 96.98% 97.59%

(0.01) (0.12) (0.16) (0.17) (0.00)

98.02% 97.62% 97.77% 96.88% 97.04%

(0.17) (0.01) (0.18) (0.03) (0.15)

97.79% 97.80% 97.69% 97.97% 97.93%

(0.08) (0.10) (0.04) (0.09) (0.17)

98.36% 98.19% 97.38% 96.79% 97.95%

(0.08) (0.17) (0.02) (0.16) (0.01)

97.93% 96.71% 97.17% 97.70% 97.46%

(0.17) (0.05) (0.07) (0.08) (0.10)

97.58% 98.04% 97.96% 97.66% 96.40%

(0.05) (0.15) (0.12) (0.19) (0.19)

98.31% 97.57% 97.74% 98.53% 99.02%

(0.02) (0.10) (0.19) (0.19) (0.00)

Accuracy

DenseNet, InceptionV3

DenseNet, MobileNet

DenseNet, ResNet

DenseNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet

DenseNet, InceptionV3, MobileNet, VGG19

DenseNet, InceptionV3, ResNet, VGG19

DenseNet, MobileNet, ResNet, VGG19

InceptionV3, MobileNet

InceptionV3, ResNet

DenseNet, InceptionV3, MobileNet

DenseNet, InceptionV3, ResNet

DenseNet, InceptionV3, VGG19

DenseNet, MobileNet, ResNet

DenseNet, MobileNet, VGG19

DenseNet, ResNet, VGG19

MobileNet, VGG19

MobileNet, ResNet, VGG19

ResNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet, VGG19

InceptionV3, VGG19

InceptionV3, MobileNet, ResNet

InceptionV3, MobileNet, VGG19

InceptionV3, ResNet, VGG19

InceptionV3, MobileNet, ResNet, VGG19

MobileNet, ResNet
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Table 34 F1-Score (standard deviation) of combinations of customized models on the 

validation data 

 

 

  

Customized Model
Random 

Forest
MLP SVM

Logisic 

Regression
CNN

97.50% 97.81% 97.59% 97.66% 98.15%

(0.00) (0.04) (0.13) (0.02) (0.17)

97.74% 96.81% 98.15% 97.55% 98.07%

(0.06) (0.01) (0.07) (0.18) (0.17)

97.68% 98.17% 97.01% 97.92% 97.32%

(0.13) (0.96) (0.09) (0.11) (0.18)

97.17% 96.96% 98.14% 97.67% 98.25%

(0.09) (0.00) (0.12) (0.09) (0.19)

97.48% 96.39% 96.42% 97.20% 97.74%

(0.17) (0.01) (0.13) (0.04) (0.17)

97.49% 97.74% 97.04% 97.93% 96.46%

(0.14) (0.12) (0.02) (0.13) (0.13)

97.53% 97.73% 97.33% 97.68% 97.65%

(0.07) (0.03) (0.15) (0.05) (0.08)

98.12% 97.72% 96.71% 97.06% 97.94%

(0.15) (0.01) (0.09) (0.07) (0.18)

96.60% 97.84% 97.22% 97.38% 96.64%

(0.16) (0.07) (0.01) (0.04) (0.11)

98.80% 98.00% 97.40% 97.24% 98.51%

(0.14) (0.11) (0.09) (0.17) (0.04)

97.96% 96.42% 97.48% 96.75% 98.79%

(0.12) (0.02) (0.07) (0.16) (0.05)

97.25% 97.05% 96.93% 98.29% 98.54%

(0.13) (0.03) (0.10) (0.16) (0.02)

97.16% 97.63% 97.06% 97.11% 97.20%

(0.10) (0.09) (0.06) (0.09) (0.12)

96.48% 96.40% 97.64% 97.58% 97.73%

(0.16) (0.06) (0.09) (0.08) (0.18)

97.45% 97.76% 98.46% 98.09% 97.48%

(0.05) (0.08) (0.97) (0.06) (0.12)

97.20% 97.80% 97.67% 96.75% 97.51%

(0.11) (0.04) (0.14) (0.02) (0.06)

98.38% 96.72% 98.05% 97.74% 97.74%

(0.10) (0.05) (0.97) (0.06) (0.16)

96.72% 97.55% 97.20% 98.11% 97.16%

(0.12) (0.00) (0.14) (0.12) (0.07)

97.31% 97.65% 98.66% 98.55% 97.75%

(0.16) (0.13) (0.18) (0.18) (0.17)

98.20% 98.06% 98.01% 96.19% 97.76%

(0.11) (0.03) (0.19) (0.15) (0.08)

97.30% 97.42% 97.68% 97.54% 98.34%

(0.08) (0.09) (0.12) (0.12) (0.13)

98.07% 97.74% 97.00% 97.41% 97.12%

(0.05) (0.06) (0.06) (0.19) (0.13)

96.63% 97.69% 97.99% 97.47% 97.22%

(0.14) (0.14) (0.08) (0.16) (0.11)

97.38% 98.51% 97.91% 97.19% 96.62%

(0.18) (0.19) (0.07) (0.19) (0.16)

97.36% 96.52% 97.79% 97.81% 97.71%

(0.04) (0.06) (0.00) (0.03) (0.11)

96.48% 96.66% 98.67% 97.05% 98.91%

(0.02) (0.08) (0.13) (0.19) (0.00)

F1-Score

DenseNet, InceptionV3

DenseNet, MobileNet, ResNet

DenseNet, MobileNet, VGG19

DenseNet, ResNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet

DenseNet, InceptionV3, MobileNet, VGG19

DenseNet, InceptionV3, ResNet, VGG19

DenseNet, MobileNet

DenseNet, ResNet

DenseNet, VGG19

DenseNet, InceptionV3, MobileNet

DenseNet, InceptionV3, ResNet

DenseNet, InceptionV3, VGG19

InceptionV3, ResNet, VGG19

InceptionV3, MobileNet, ResNet, VGG19

MobileNet, ResNet

MobileNet, VGG19

MobileNet, ResNet, VGG19

ResNet, VGG19

DenseNet, MobileNet, ResNet, VGG19

InceptionV3, MobileNet

InceptionV3, ResNet

InceptionV3, VGG19

InceptionV3, MobileNet, ResNet

InceptionV3, MobileNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet, VGG19
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Table 35 Recall (standard deviation) of combinations of customized models on the validation 

data 

 

 

  

Customized Model
Random 

Forest
MLP SVM

Logisic 

Regression
CNN

96.41% 98.38% 96.98% 98.55% 99.10%

(0.08) (0.05) (0.15) (0.16) (0.14)

97.60% 97.50% 98.59% 97.53% 97.62%

(0.00) (0.05) (0.15) (0.03) (0.11)

97.76% 98.80% 97.80% 98.50% 97.18%

(0.02) (0.18) (0.18) (0.04) (0.09)

96.79% 96.52% 97.32% 99.05% 99.02%

(0.16) (0.02) (0.08) (0.16) (0.15)

96.36% 96.17% 96.63% 97.56% 98.56%

(0.07) (0.00) (0.18) (0.06) (0.12)

96.81% 97.65% 97.28% 98.95% 96.32%

(0.14) (0.12) (0.15) (0.13) (0.19)

96.82% 97.34% 96.32% 97.33% 97.90%

(0.04) (0.02) (0.06) (0.16) (0.03)

98.76% 99.03% 97.24% 96.60% 98.76%

(0.18) (0.17) (0.06) (0.05) (0.08)

96.34% 97.54% 98.02% 97.88% 96.27%

(0.08) (0.03) (0.16) (0.10) (0.11)

98.94% 97.85% 98.27% 96.75% 98.21%

(0.15) (0.04) (0.10) (0.13) (0.01)

98.48% 96.83% 97.32% 96.41% 98.95%

(0.03) (0.09) (0.11) (0.13) (0.00)

97.33% 97.25% 96.95% 97.97% 98.18%

(0.16) (0.00) (0.06) (0.10) (0.15)

96.53% 97.69% 97.23% 97.21% 96.50%

(0.07) (0.11) (0.02) (0.09) (0.00)

96.22% 96.67% 97.00% 97.19% 98.93%

(0.11) (0.14) (0.12) (0.06) (0.00)

96.69% 97.24% 98.17% 98.15% 97.45%

(0.07) (0.03) (0.04) (0.01) (0.11)

97.53% 97.54% 98.77% 97.02% 97.53%

(0.01) (0.04) (0.16) (0.03) (0.10)

98.30% 97.19% 98.31% 99.09% 96.80%

(0.00) (0.04) (0.05) (0.05) (0.10)

97.33% 97.33% 96.44% 98.54% 96.54%

(0.05) (0.15) (0.04) (0.13) (0.06)

96.58% 98.17% 98.67% 98.36% 98.90%

(0.03) (0.07) (0.19) (0.16) (0.17)

97.60% 97.95% 99.09% 96.14% 98.50%

(0.04) (0.10) (0.01) (0.04) (0.14)

98.07% 97.36% 96.45% 97.37% 98.76%

(0.01) (0.13) (0.15) (0.11) (0.06)

98.21% 96.88% 97.70% 97.95% 96.36%

(0.13) (0.06) (0.08) (0.18) (0.03)

96.16% 96.78% 97.73% 98.82% 97.24%

(0.04) (0.05) (0.12) (0.02) (0.10)

97.74% 98.29% 98.33% 97.23% 96.79%

(0.15) (0.05) (0.11) (0.03) (0.09)

98.36% 97.01% 98.27% 98.15% 98.82%

(0.15) (0.15) (0.04) (0.02) (0.02)

96.54% 97.04% 99.03% 96.23% 99.01%

(0.07) (0.02) (0.03) (0.08) (0.00)

DenseNet, InceptionV3, MobileNet

DenseNet, InceptionV3, ResNet

DenseNet, InceptionV3, VGG19

DenseNet, MobileNet, ResNet

DenseNet, MobileNet, VGG19

DenseNet, ResNet, VGG19

Recall

DenseNet, InceptionV3

DenseNet, MobileNet

DenseNet, ResNet

DenseNet, VGG19

InceptionV3, VGG19

InceptionV3, MobileNet, ResNet

InceptionV3, MobileNet, VGG19

InceptionV3, ResNet, VGG19

InceptionV3, MobileNet, ResNet, VGG19

MobileNet, ResNet

DenseNet, InceptionV3, MobileNet, ResNet

DenseNet, InceptionV3, MobileNet, VGG19

DenseNet, InceptionV3, ResNet, VGG19

DenseNet, MobileNet, ResNet, VGG19

InceptionV3, MobileNet

InceptionV3, ResNet

MobileNet, VGG19

MobileNet, ResNet, VGG19

ResNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet, VGG19
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Table 36 Precision (standard deviation) of combinations of customized models on the 

validation data 

 

 

 

  

Customized Model
Random 

Forest
MLP SVM

Logisic 

Regression
CNN

98.60% 97.25% 98.20% 96.79% 97.22%

(0.01) (0.02) (0.13) (0.09) (0.16)

97.88% 96.13% 97.71% 97.56% 98.53%

(0.00) (0.16) (0.02) (0.18) (0.10)

97.61% 97.55% 96.23% 97.35% 97.45%

(0.09) (0.07) (0.14) (0.10) (0.07)

97.55% 97.41% 98.97% 96.34% 97.49%

(0.09) (0.08) (0.03) (0.08) (0.12)

98.64% 96.62% 96.21% 96.84% 96.95%

(0.07) (0.01) (0.02) (0.11) (0.07)

98.19% 97.83% 96.81% 96.93% 96.59%

(0.01) (0.13) (0.03) (0.13) (0.00)

98.24% 98.12% 98.36% 98.04% 97.41%

(0.13) (0.08) (0.17) (0.09) (0.05)

97.48% 96.45% 96.18% 97.52% 97.14%

(0.00) (0.10) (0.00) (0.11) (0.08)

96.86% 98.15% 96.43% 96.89% 97.01%

(0.12) (0.15) (0.14) (0.13) (0.05)

98.67% 98.16% 96.54% 97.73% 98.82%

(0.04) (0.10) (0.14) (0.12) (0.19)

97.44% 96.01% 97.64% 97.10% 98.62%

(0.12) (0.02) (0.19) (0.16) (0.07)

97.17% 96.86% 96.91% 98.61% 98.90%

(0.17) (0.19) (0.19) (0.01) (0.17)

97.79% 97.56% 96.89% 97.02% 97.90%

(0.14) (0.09) (0.03) (0.15) (0.15)

96.73% 96.13% 98.28% 97.98% 96.56%

(0.15) (0.06) (0.15) (0.17) (0.04)

98.23% 98.29% 98.75% 98.04% 97.51%

(0.07) (0.15) (0.02) (0.04) (0.00)

96.87% 98.07% 96.60% 96.48% 97.48%

(0.12) (0.05) (0.06) (0.08) (0.12)

98.46% 96.25% 97.78% 96.43% 98.69%

(0.04) (0.15) (0.16) (0.13) (0.09)

96.12% 97.77% 97.98% 97.68% 97.79%

(0.17) (0.07) (0.09) (0.02) (0.02)

98.06% 97.14% 98.66% 98.74% 96.63%

(0.09) (0.01) (0.05) (0.13) (0.17)

98.81% 98.18% 96.96% 96.23% 97.02%

(0.11) (0.13) (0.07) (0.08) (0.09)

96.53% 97.49% 98.95% 97.70% 97.93%

(0.13) (0.13) (0.11) (0.13) (0.11)

97.93% 98.63% 96.32% 96.88% 97.90%

(0.00) (0.03) (0.13) (0.00) (0.13)

97.11% 98.62% 98.26% 96.16% 97.20%

(0.11) (0.08) (0.05) (0.00) (0.05)

97.02% 98.73% 97.50% 97.16% 96.45%

(0.14) (0.02) (0.17) (0.07) (0.05)

96.39% 96.04% 97.32% 97.48% 96.62%

(0.15) (0.16) (0.10) (0.14) (0.19)

96.42% 96.29% 98.31% 97.89% 98.82%

(0.13) (0.18) (0.05) (0.14) (0.01)

DenseNet, MobileNet

DenseNet, ResNet

DenseNet, VGG19

DenseNet, InceptionV3, MobileNet

DenseNet, InceptionV3, ResNet

DenseNet, InceptionV3, VGG19

Precision

DenseNet, InceptionV3

DenseNet, MobileNet, ResNet, VGG19

InceptionV3, MobileNet

InceptionV3, ResNet

InceptionV3, VGG19

InceptionV3, MobileNet, ResNet

InceptionV3, MobileNet, VGG19

DenseNet, MobileNet, ResNet

DenseNet, MobileNet, VGG19

DenseNet, ResNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet

DenseNet, InceptionV3, MobileNet, VGG19

DenseNet, InceptionV3, ResNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet, VGG19

InceptionV3, ResNet, VGG19

InceptionV3, MobileNet, ResNet, VGG19

MobileNet, ResNet

MobileNet, VGG19

MobileNet, ResNet, VGG19

ResNet, VGG19
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Table 37 AUC (standard deviation) of combinations of customized models on the validation 

data 

 

Customized Model
Random 

Forest
MLP SVM

Logisic 

Regression
CNN

99.39% 99.02% 99.36% 99.26% 99.08%

(0.10) (0.06) (0.14) (0.14) (0.14)

99.15% 98.96% 99.07% 99.25% 99.07%

(0.08) (0.12) (0.08) (0.09) (0.08)

98.95% 99.14% 99.29% 99.38% 99.28%

(0.06) (0.11) (0.13) (0.07) (0.14)

99.21% 99.22% 99.39% 98.92% 99.02%

(0.06) (0.12) (0.12) (0.08) (0.14)

99.17% 99.21% 98.95% 99.26% 99.10%

(0.07) (0.07) (0.07) (0.09) (0.13)

99.05% 99.18% 99.39% 99.10% 99.03%

(0.09) (0.14) (0.09) (0.07) (0.12)

99.09% 99.02% 99.27% 98.94% 99.12%

(0.06) (0.12) (0.14) (0.11) (0.06)

99.18% 99.11% 99.18% 99.34% 99.34%

(0.09) (0.14) (0.13) (0.07) (0.08)

99.25% 99.12% 99.31% 99.02% 99.17%

(0.06) (0.10) (0.08) (0.07) (0.09)

98.96% 99.03% 98.94% 99.14% 99.05%

(0.07) (0.08) (0.13) (0.12) (0.07)

99.26% 99.02% 99.04% 99.14% 99.30%

(0.13) (0.09) (0.08) (0.10) (0.14)

99.40% 99.25% 99.29% 99.20% 99.13%

(0.09) (0.12) (0.11) (0.06) (0.08)

99.15% 99.37% 99.14% 98.92% 99.20%

(0.11) (0.09) (0.09) (0.08) (0.06)

99.10% 99.19% 99.19% 98.98% 99.04%

(0.13) (0.11) (0.10) (0.11) (0.09)

99.25% 99.40% 99.23% 99.05% 99.09%

(0.06) (0.13) (0.10) (0.09) (0.14)

99.31% 99.15% 99.00% 99.36% 99.09%

(0.09) (0.11) (0.06) (0.06) (0.13)

99.16% 99.32% 99.05% 99.06% 99.34%

(0.07) (0.12) (0.06) (0.09) (0.11)

99.16% 98.96% 99.33% 99.08% 99.18%

(0.14) (0.10) (0.13) (0.10) (0.10)

99.25% 99.16% 98.96% 99.12% 99.08%

(0.06) (0.08) (0.12) (0.07) (0.14)

99.32% 99.37% 98.92% 99.14% 99.02%

(0.14) (0.06) (0.12) (0.10) (0.08)

99.20% 99.00% 99.36% 99.33% 99.14%

(0.14) (0.08) (0.10) (0.14) (0.12)

99.26% 99.10% 98.91% 99.23% 99.21%

(0.08) (0.14) (0.06) (0.07) (0.06)

98.90% 99.09% 99.39% 99.07% 99.17%

(0.11) (0.08) (0.12) (0.13) (0.11)

99.02% 98.91% 99.18% 98.98% 99.36%

(0.14) (0.09) (0.07) (0.06) (0.11)

99.28% 99.15% 99.02% 99.24% 99.38%

(0.14) (0.08) (0.13) (0.14) (0.13)

99.30% 99.27% 98.90% 99.17% 99.62%

(0.12) (0.07) (0.08) (0.07) (0.00)

AUC

DenseNet, InceptionV3

DenseNet, MobileNet

DenseNet, ResNet

DenseNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet

DenseNet, InceptionV3, MobileNet, VGG19

DenseNet, InceptionV3, ResNet, VGG19

DenseNet, MobileNet, ResNet, VGG19

InceptionV3, MobileNet

InceptionV3, ResNet

DenseNet, InceptionV3, MobileNet

DenseNet, InceptionV3, ResNet

DenseNet, InceptionV3, VGG19

DenseNet, MobileNet, ResNet

DenseNet, MobileNet, VGG19

DenseNet, ResNet, VGG19

MobileNet, VGG19

MobileNet, ResNet, VGG19

ResNet, VGG19

DenseNet, InceptionV3, MobileNet, ResNet, VGG19

InceptionV3, VGG19

InceptionV3, MobileNet, ResNet

InceptionV3, MobileNet, VGG19

InceptionV3, ResNet, VGG19

InceptionV3, MobileNet, ResNet, VGG19

MobileNet, ResNet




