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Abstract: Coronavirus is the most prevalent coronavirus infection with respiratory symptoms such
as fever; cough, dyspnea, pneumonia, and weariness being typical in the early stages. On the other
hand, Coronavirus has a direct impact on the circulatory and respiratory systems as it causes a fail-
ure to some human organs or severe respiratory distress in extreme circumstances. Early diagnosis
of Coronavirus is extremely important for the medical community to limit its spread. For large
number of suspected cases, manual diagnostic methods based on the analysis of chest images are
insufficient. Faced with this situation, artificial intelligence (AI) techniques have shown great po-
tential in automatic diagnostic tasks. This paper aims at proposing a fast and precise medical diag-
nosis support system (MDSS) that can distinguish Coronavirus precisely in Chest-X-ray images.
This MDSS uses a concatenation technique that aims to combine pre-trained convolutional neural
networks (CNN) depend on the transfer learning (TL) technique to build a highly accurate model.
The models enable storage and application of knowledge learned from a pre-trained CNN to a new
task, viz., Coronavirus case detection. For this purpose, we employed the concatenation method to
aggregate the performances of numerous pre-trained models to confirm the reliability of the pro-
posed method for identifying the patients with Coronavirus disease from X-ray images. The pro-
posed system was trialed on a dataset that included four classes: normal, viral-pneumonia, tuber-
culosis, and Coronavirus cases. Various general evaluation methods were used to evaluate the ef-
fectiveness of the proposed model. The first proposed model achieved an accuracy rate of 99.80%
while the second model reached an accuracy of 99.71%.

Keywords: Coronavirus; transfer learning; convolutional neural network; machine learning;
concatenation technique; feature extraction

1. Introduction

Coronaviruses, such as the SARS coronavirus (SARS-CoV-2), MERS coronavirus
(MERS-CoV), and SARS-CoV-2, are viruses that frequently cause mild to severe
respiratory infections [1]. The severe acute respiratory syndrome coronavirus 2 (SARS-
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CoV-2) in particular has caused the Coronavirus pandemic, which began in Wuhan,
China, before spreading to all countries and territories worldwide, as stated by the World
Health Organization (WHO) in 2020 [2]. Furthermore, Coronavirus is the most pervasive
coronavirus infection, according to outbreaks of other coronavirus diseases. The early
stages of Coronavirus are considered by many respiratory symptoms such as fever, cough,
dyspnea, pneumonia, and tiredness [3]. Coronavirus affects the circulatory and
pulmonary systems, and in severe cases it can result in multiple organs failure or acute
respiratory distress [4]. It's also extremely contagious, and as a result, it has infected a
large number of individuals, putting pressure on the hospital system. Coronavirus
infections are a critical healthcare concern that has become a global threat.

To confront this pandemic, many laboratories around the world have developed a
set of vaccines and drugs such as Pfizer-BioNTech, Moderna, and Johnson & Johnson
Coronavirus Vaccine [5,6]. Coronavirus early detection is essential to offer required med-
ical assistance and to limit the spread of this virus. In addition to the PCR—a Coronavirus
test-, it is critical to develop alternate ways for performing a rapid and efficient test for
Coronavirus [7]. This encourages us to investigate and propose an intelligent MDSS-based
Al tools.

Nowadays, Al approaches are widely utilized in the medical field aiming to assist
doctors in the decision-making process [8-15]. Several other areas have also benefited
from advances in Al (cf. [16-19]). Machine Learning (ML) and Deep Learning (DL) meth-
ods have been applied to medical data, such as X-ray images or CT scans, confirming their
effectiveness in terms of diseases identification and monitoring [20]. These techniques de-
mand computational time and require an accelerating process [21-23], but it is the an ac-
ceptable trade-off for obtaining precision. In the context of Coronavirus screening, these
techniques have proven to be extremely useful in predicting confirmed cases of a variety
of diseases. [24-27]. As a branch of Al, DL techniques are being employed to get better
results than traditional ML approaches [28,29]. Particularly, CNNs are among the most
widely utilized methods in medical image analysis and classification [30-34]. This type of
approach has attracted the attention of several Coronavirus detection researchers in med-
ical imaging [35-38].

This research aims to introduce a novel and accurate MDSS that can detect Corona-
virus in chest X-ray images from other viral and pneumonia diseases. The novelty pro-
posed is the usage of the concatenation technique aiming to combine pre-trained CNN
based on TL technique to build a highly accurate model compared to the available meth-
ods in the literature.

To train and validate our proposed models, we merged six independent X-ray data-
bases to create a new consistent dataset with 4 classes: Normal, Coronavirus, Tuberculo-
sis, and finally Pneumonia. Based on the default two input family shapes of the selected
pre-trained models (299 x 299 and 224 x 224), the concatenation technique allows us to
combine the performance of these models to improve the prediction accuracy concerning
of the individual models. The two models resulting from the concatenated model achieve
the best accuracy compared to many related works. The main contributions of this re-
search can be summarized as follows:

e  The development and implementation of an accurate medical diagnosis support sys-
tem for detecting Coronavirus disease in chest X-ray images using a concatenation
technique and TL-based models;

e  The collection of a balanced medical X-ray image dataset includes four main classes
(normal, viral pneumonia, tuberculosis, and Coronavirus cases) for the training and
testing the proposed system;

e  The application of a parallel deep feature extraction approach based on TL models in
the feature extraction phase of our concatenation-based models;

e  The relative high accuracy of the proposed concatenation-based models perfor-
mance.
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This research is organized as follows: Section 2 provides a discussion of related work
available in the literature. In Section 3, an explanation of the materials and methods, as
well as the dataset, TL algorithms, and methodology employed is presented. Section 4
presents the experimental results and discussion. Finally, Section 5 lists the conclusions
and future research directions.

2. Related Works

Many researchers world-wide have produced and published numerous studies in
the previous two years to help contain the spread of the SARS-CoV-2 virus. Many of these
studies have employed different Al approaches to process and diagnose the X-ray images
to identify different diseases. DL methods are the most popular method utilized for clas-
sifying images due to its ability to produce better results compared to typical ML ap-
proaches. In this section, we focus on the studies that use the new techniques to diagnose
Coronavirus based on DL approaches.

In [39], the bag-of-features (BoF) model is shown to have the potential for categoriz-
ing normal and Coronavirus cases based on an open dataset of chest X-ray images. Using
K =200, the proposed system achieved the best results, with an accuracy of 98.6%, a sen-
sitivity of 99.4%, and a precision of 97.7%.

Another study proposes a novel hybrid classifier, using Gauss-map-based chaotic
particle swarm optimization Neural network [40], which was designed to classify Coro-
navirus, normal, and bacterial pneumonia X-ray images. The results showed 99.25% ac-
curacy and 99.53% AUC metrics.

In [41], the authors present another model based on the fusion of a CNN, a support
vector machine (SVM) and a Sobel filter. This model was built using X-ray images from
six different available datasets. The accuracy of this classification model was 99.61%.

The authors in [42], suggest a model for categorizing X-ray images based on a novel
multi-kernel-size spatial-channel attention model. With a binary-class database (Corona-
virus, and normal), the proposed model accomplishes an accuracy of 98.2%.

Another study in [43], offers a bi-level prediction model based on pre-trained model
VGG-19 and XGBoost classifier. This model is depending on a dataset of X-ray images
with 3 classes of Coronavirus, normal, and pneumonia. According to the reported results,
the best accuracy achieved using the proposed model in this research is 99.26%.

Other research presented in [44], proposes a DL model based on CNN to identify the
Coronavirus disease. The study reports a classification accuracy of 99.64% and 98.28% for
binary and multiclass classification, respectively.

A comparison study based on TL models is published by the authors in [45]. A single
layer-based (SLB) and feature fusion-based (FBB) is used. SLB1, SLB2, SLB3, SLB4, FFB1,
FFB2, FFB3, FFB4, FFB5, and FFB6 are the models used in this research. For training pur-
poses, models proposed in this research used a database containing three classes of Coro-
navirus, normal, and pneumonia. With an accuracy of 87.64%, the authors have found
that FFB3 is the best model for reliably detecting Coronavirus.

As another effort, the study in [46], has introduced three pre-trained models to build
a diagnostic system such as ResNet50 V2, VGG16, and finally InceptoinV3. The dataset
used in this study includes Coronavirus, normal, and pneumonia chest X-ray images from
two public data sources. 95.49% is the best accuracy reported by the proposed model in
this study.

In [47], The VGG16-Network, which depends on the authors' TL model, has attained
91.69% for a multi-classification of cases infected by (i) Coronavirus, (ii) normal, and (iii)
pneumonia. The model suggested in this paper makes use of X-ray images from an open-
source dataset.

In [48], the authors present a CNN-RNN mixed design. To diagnose Coronavirus
from chest X-rays, this proposed model uses CNN and recurrent neural network (RNN).
VGG19-RNN is the best trained model in this research; it is based on a dataset of X-ray
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images with three classes: (i) Coronavirus, (ii) normal, and (iii) pneumonia. This model's
categorization accuracy is 99.85%.

The research in [49] proposes 3 pre-trained models of TL: VGG16, Inception V3, and
finally EfficientNetB0. The tested dataset in this research has been collected from various
public-sources and contained 3 different classes: Coronavirus, Normal, and viral pneu-
monia X-ray images. The reported accuracy is 87.84%, 91.32%, and 92.93% for VGG16,
Inception V3, and EfficientNetB0, respectively.

Another research offers a new model for the Coronavirus Screening based on a Re-
sidual-Shuffle Network with Spatial Pyramid Pooling [50]. With a multi-class dataset
(Coronavirus, Normal, and pneumonia), the classification accuracy of 97.39% has been
reached.

A more recent study in [51] presents a novel approach for Coronavirus diagnosis
based on an exemplar and hybrid fused deep feature. In the feature extraction step, three
pre-trained convolutional neural networks (CNNs) are used: AlexNet, VGG16, and
VGG19. Control, Bacterial Pneumonia, Viral Pneumonia, and Coronavirus are the four
classes in the dataset used in this study. The accuracy for two, three, and four classes is
99.64%, 98.84%, and 97.60%, respectively.

In Table 1, we summarize these studies by listing the number of classes, the utilized
models, and best-achieved results based on the used evaluation metrics.
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Table 1. Summary of related work.

Sensitiv- Specific-

Ref. No. of Classes Models Accuracy Precision ity ity
[39] COEOOI;I{?/[\Q[I} US BoF 98.6% 97.7% 99.4% N.A
CORONAVIRUS
[40] NORMAL Hybrid Classifier 99.53% N.A N.A N.A
BAC-PNEUMONIA
CORONAVIRUS . . .
[41] NORMAL CNN-SVM + Sobel 99.61% N.A 99.80%  99.56%
[42] COIIEOOI;IH\A/I\QII? US MKSC 98.2% 97.52%  98.05%  97.82%
CORONAVIRUS
[43] NORMAL Bi-level classification 99.26%  99.23%  99.26% N.A
PNEUMONIA
COIIEOOI;IH\A/I\QII? US 99.64%  99.56%  99.58% N.A
[44] CORONAVIRUS CNN
NORMAL 98.28%  98.22%  98.25% N.A
PNEUMONIA
SLB1 84.71%  87.75%  86.13%  90.91%
CORONAVIRUS SLB2 80.89% 83.79%  81.67%  88.71%
SLB3 80.00%  84.28%  80.60%  88.08%
SLB4 84.44% 87.80% 84.73%  90.73%
FFB1 83.82%  87.32%  85.07%  90.35%
[43] NORMAL FFB2 84.27%  87.65% 85.60%  90.62%
FFB3 87.64%  90.87%  88.13%  92.59%
FFB4 7991% 83.28% 80.93%  88.11%
PNEUMONIA FFB5 82.13% 85.90% 83.40%  89.36%
FFB6 81.87% 85.90% 82.40%  89.18%
CORONAVIRUS ResNet50 V2 95.49%  96.85% 99.19%  98.27%
[46] NORMAL VGG16 92.70%  97.50%  94.35%  98.69%
PNEUMONIA Inception V3 92.97%  97.60% 98.39%  98.67%
CORONAVIRUS
[47] NORMAL VGG16 91.69%  92.33%  95.92% 100%
PNEUMONIA
CORONAVIRUS
[48] NORMAL VGG19-RNN 99.85% N.A N.A N.A
PNEUMONIA
CORONAVIRUS VGG16 87.84%  82.00% 82.33% 91.20%
[49] NORMAL Inception-V3 91.32%  87.54% 89.00%  94.00%
VIRAL-PNEUMONIA EfficientNetBO 92.93%  88.30% 90.00%  95.00%
CORONAVIRUS
[501 USUAL Residual-Shuffle-Net 97.39%  97.40%  97.39%  98.69%
PNEUMONIA
Control
[51] Bacterial Pneumonia Exemplar COVID-19FcINet9  97.60%  N.A  N.A N.A

Viral Pneumonia
CORONAVIRUS

Comparing these proposed studies in the related works section reveals that the
majority of these proposed models have issues with feature extraction. As a result, the
results of these studies were influenced by this phase. To address this issue, we adopted
a parallel deep feature extraction strategy based on TL models during the feature
extraction phase to improve the accuracy of our suggested concatenation models.
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3. Resources and Procedures
3.1. Proposed Method Background

We propose an automated diagnosis system for detecting Coronavirus infected pa-
tients based on several TL models (refer to Figure 1). First, we choose six powerful pre-
trained models accessible through the Keras library. The training and testing datasets
were established using images from chest X-ray from six different databases. The ad-
vantage of this dataset is that it allows experimenting the classification with multiple clas-
ses. In fact, this dataset contains 4 classes: Normal cases, Coronavirus cases, Pneumonia
cases, and Tuberculosis cases. Moreover, the dataset is divided into three sets: a training
set, a validation set, and a testing set. The images in the dataset are subjected to several
pre-processing procedures. According to the input structure of the network employed,
normalization applied to every chest X-ray images to have the same dimension/size. As a
result, we acquired two input shapes for building the models, the first of which is 299-by-
299 and the second of which is 224-by-224. The final model is generated after two stages
of training. The Base-Models, which include the well-known models in TL such as Xcep-
tion, Inception V3, InceptionResNet V2, ResNet50 V2, MobileNet V2, and DenseNet201,
are the first training level. These models use the training set as input, along with a default
dimension according to each model. Furthermore, we define the parameters of each based
TL network (sub-section B). We used a validation set after generating the models to escape
over-fitting and under-fitting concerns. The testing set was then utilized to predict differ-
ent classes.

The prediction-output of initial training level will be used to select the two best mod-
els for each category of the input shape. In the second level, the concatenation technique
combines the best of these models to improve the performances. Indeed, this technique
makes the last prediction via supporting the Base-Models performance by incorporating
features extracted from both models. At the end, the constructed models are saved and
the performance of the proposed concatenation models based on the TL technique is as-
sessed. The main phases of building the architecture of Coronavirus diagnosis system are
depicted in Figure 1. In the next sub-sections, we present the main stages in detail of our
proposed diagnosis support system. We start by describing the dataset used for building
and testing the CNN models.
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Figure 1. The proposed diagnosis system architecture.

3.2. Dataset Description

A

As previously stated, this research was based on the collection and the examination

of six independent datasets of chest X-ray images. We were able to enhance the size of the
dataset used in this study by using a variety of datasets. In principle, the prediction per-
formance will be improved because of this. Table 2 lists the datasets that were examined
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to produce a final-dataset with four categories: Coronavirus, Normal, Viral-Pneumonia,
and Tuberculosis.

Table 2. Sources of data were utilized to create a consolidated dataset with four classes [29].

Sources of Datasets Coronavirus Normal Viral-Pneumonia  Tuberculosis
Coronavirus Radiography Database ! 1200 1341 1345 -
Coronavirus Detection X-ray Dataset 2 60 880 412 -
Coronavirus Patients Lungs X-ray Images 3 70 28 - -
Coronavirus X-rays 4 70 - - -
Viral-Pneumonia vs. Bacteria-Pneumonia 3 - - 1493 -
Chest X-ray Database of Tuberculosis (TB) ¢ - - - 3500
Resulting dataset 1400 2249 3250 3500

! https://www.kaggle.com/tawsifurrahman/covid19-radiography-database/data?select=COVID-
19+Radiography+Database; 2 https://www.kaggle.com/darshan1504/covid19-detection-xray-da-
taset; 3 https://www.kaggle.com/nabeelsajid917/covid-19-x-ray-10000-images?select=dataset; *
https://www kaggle.com/andrewmvd/convid19-x-rays?select=X+rays; >

https://www kaggle.com/muhammadmasdar/pneumonia-virus-vs-pneumonia-bacteria; ¢
https://www kaggle.com/tawsifurrahman/tuberculosis-tb-chest-xray-dataset.

Following the preparation of our dataset, we divided as follows: 80% for training,
20% for validation, and testing evenly. The images used were of different sizes because
they were obtained from a variety of sources. To accomplish this, we scale and normalize
all X-ray images to a resolution of 1024 x 1024. The distributions of the dataset photos by
classes are shown in Table 3.

Table 3. The dataset partitions of used dataset [29].

Category Training (80%)  Validation and Testing (20%) Total (100%)
Normal 1799 450 2249
Tuberculosis 2800 700 3500
Coronavirus 1120 280 1400
Viral-Pneumonia 2600 650 3250
Total 8319 2080 10399

In Figure 2, we provide some representative examples of the 4 classes.
3 ‘
(b) ()
Figure 2. The Samples of X-rays from 4 classes: (a) Normal sample; (b) Tuberculosis sample; (c)
Coronavirus sample; (d) Viral-Pneumonia sample.

(d)

3.3. Modified Pre-Trained Models Based on TL Technique

The TL technique [52] is a prominent ML and DL strategy. This strategy allows stor-
ing and utilizing the knowledge gained from the solution of one assignment task while
working on another and then applying that knowledge to a different challenge. Typically,
when utilizing TL, we exploit pre-trained models in another specific context. However,
training these models on a huge database takes a long time. This concern can be solved
utilizing parameter-based TL approaches that use the weights of a pre-trained network
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and fine-tune them for a new domain. In this work before the design of the two concate-
nation-based models, we modified first the original pre-trained models by adding some
additional layers. Unfortunately, because the pre-trained CNN models were built on nat-
ural images, the global resulting trainable parameters and execution time were increased.
But this is the cost to pay to reach the enhanced prediction accuracy.

3.3.1. Modified Xception Based Model

The Xception [53] is a CNN Model developed in 2017. It was trained on the ImageNet
Dataset with 71 layers. This model uses 299-by-299 size of image input. Table 4 presents
the architecture features of the proposed modified Xception model based on TL.

Table 4. The proposed modified based Xception model architecture.

Designation Output-Shape Parameters Number
Original model xception_v2 10 x 10 x 2048 20,861,480
conv2d_1 (Conv2D) 10 x 10 x 1024 2,098,176
mp_1(MaxPooling2D) 5 x5 %1024 0
flatten (Flatten) 25,600 0
Additional Layers Dense-1 1024 26,215,424
Dense-2 512 524,800
Dense-3 256 131,328
Dense-4 4 1028

This architecture contains a total of 49,832,236 parameters, 49,777,708 of which are
trainable and 54,528 are non-trainable.

3.3.2. Modified Inception V3 Based Model

The Inception network [54] is a CNN model that contains three versions in Keras
library, Inception V1, Inception V2, and Inception V3. In this work, we will use the Incep-
tion V3 Model created developed in 2016. This model uses Inception V2 architecture as a
base model. It was also trained based on ImageNet with a depth of 159. The image input
size used in the Inception V3 model is 299-by-299. The detailed architecture of the modi-
fied model based on Inception V3 is shown in Table 5.

Table 5. The proposed modified-based Inception V3 model architecture.

Designation Output Shape Parameters Number
Original model Inception-V3 8 x 8 x 2048 21,802,784
conv2d_1 (Conv2D) 8 x 8 x1024 2,098,176
mp_1(MaxPooling2D) 4 x4 x1024 0
flatten (Flatten) 16,384 0
Additional Layers Dense-1 1024 16,778,240
Dense-2 512 524,800
Dense-3 256 13,128
Dense-4 4 1028

The resulting architecture contains 41,336,356 as total parameters, with 4130.924
trainable and 34,432 non-trainable parameters.

3.3.3. Modified InceptionResNet V2 Based Model

InceptionResNet V2 [55] is a pre-trained CNN model developed in 2017. This model
is also trained on the ImageNet database. As a result, the InceptionResNet V2 model
achieved an accuracy of 95.3%. Table 6 displays the architecture features of the suggested
modified model based on InceptionResNet V2 by adding some layers at the output of the
original-model.
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Table 6. The proposed modified-based InceptionResNet V2 model architecture.

Designation Output Shape Parameters Number
Original model Inceptionresnet-V2 8 x 8 x 1536 54,336,736
conv2d_1 (Conv2D) 8 x 8 x 1024 1,573,888
mp_1(MaxPooling2D) 4 x4 x1024 0
flatten (Flatten) 16,384 0
Additional Layers Dense-1 1024 16,778,240
Dense-2 512 524,800
Dense-3 256 131,328
Dense-4 4 1028

For this modified model, the total parameters are 73,346,020 of which 73,285,476 are
trainable and 60,544 are non-trainable.

3.3.4. Modified ResNet50 V2 Based Model

The ResNet V2 [56] is a CNN architecture that includes three models, which are Res-
Net152 V2, ResNet101 V2, and ResNet50 V2. These models are based on the ResNet V1
model developed by Microsoft Research Asia in 2016, which uses diverse optimizers for
every layer to enhance the accuracy. In this research, the ResNet50 V2 was utilized and
achieved 93% accuracy based on the dataset of ImageNet. The details of the modified ver-
sion depending on ResNet50 V2 are shown in Table 7.

Table 7. The proposed modified-based ResNet50 V2 model architecture.

Designation Output Shape Parameter Number
Original model resnet50_v2 7 x7 %2048 23,564,800
conv2d_1 (Conv2D-1) 7 x7x1024 2,098,176
mp_1 (MaxPooling2D) 3 x3x1024 0
flatten (Flatten) 9216 0
Additional Layers Dense-1 1024 9,438,208
Dense-2 512 524,800
Dense-3 256 131,328
Dense-4 4 1028

The total parameters of this resulting model are 35,758,340, of which 35,712,900 them
trainable and 45,440 are non-trainable.

3.3.5. Modified MobileNet V2 Model

The MobileNet V2 model [57] is a CNN network including 53 layers and 88 depths.
A million images from the ImageNet-database were used for training in 2018. This model
achieved a 90.1% accuracy for this dataset. Table 8 shows the complexity of our proposed
modified architecture model.

Table 8. The proposed modified-based MobileNet V2 model architecture.

Designation Output Shape Parameter Number
Original model mobilenet_v2 7 x7 %1280 2,257,984
conv2d_1 (Conv2D) 7 x7x1024 1,311,744
mp_1(MaxPooling2D) 3 x3x1024 0
flatten (Flatten) 9216 0
Additional Layers dense_1 (Dense) 1024 9,438,208
dense_2 (Dense) 512 524,800
dense_3 (Dense) 256 131,328
dense_4 (Dense) 4 1028
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The modified MobileNet V2 architecture contains 13,930,680 total parameters, of
which 13,896,568 are trainable and 34,112 are non-trainable parameters.

3.3.6. Modified DenseNet201 Based Model

The DenseNet is a DL model used in the classification of images. In this paper, we
will use the new version for this model named DenseNet201 [58]. The architecture of this
version contains 201 layers as indicated by the name. Furthermore, the accuracy of this
model is 93.6% for the images in ImageNet Database. The architecture details of the pro-
posed modified model based on DenseNet201 are presented in Table 9.

Table 9. The proposed modified-based DenseNet201 model architecture.

Designation Output Shape Parameter Number
Original model DenseNet201 7 x7 %1920 18,321,984
conv2d_1 (Conv2D) 7 x7x1024 1,967,104
mp_1 (MaxPooling2D) 3 x3x1024 0
flatten (Flatten) 9216 0
Additional Layers dense_1 (Dense) 1024 9,438,208
dense_2 (Dense) 512 524,800
dense_3 (Dense) 256 131,328
dense_4 (Dense) 4 1028

The last modified pre-trained model consists of 30,384,452 total parameters. In this
architecture, 30,155,396 parameters are trainable and 229,052 are non-trainable.

3.3.7. Summary of the Modified Pre-Trained Models
Table 10 shows the summarized parameters of all modified CNN based models.

Table 10. The proposed modified-based DenseNet201 model architecture.

Modified Models Trainable No Trainable Total
Parameters Parameters Parameters
Xception based model 49,777,708 54,528 49,832,236
Inception V3 based model 41,301,924 34,432 41,336,356
InceptionResNet V2 based model 73,285,476 60,544 73,346,020
ResNet50 V2 based model 35,712,900 45,440 35,758,340
MobileNet V2 based model 13,896,568 34,112 13,930,680
DenseNet201 based model 30,155,396 229,052 30,384,452

3.4. Proposed Concatenation Model Based on TL Technique

The first phase of any developed model involves of features extraction from the in-
put-data. An efficient feature extraction approach will improve the accuracy of learned
models. By reducing unnecessary data, this interesting phase of the general framework
development decreases the dimensionality of data. In this study, we apply a parallel deep
feature extraction [59] approach based on TL models in the feature extraction phase of our
concatenation-based models.

3.4.1. Concatenation Model Based on the Modified Resnet50 V2 and MobileNet V2
Models

We developed our proposed concatenation model with the default input shape of
224-by-224 using two modified pre-trained TL models, ResNet50 V2 and MobileNet V2,
with the same default input shape. This model architecture is shown Figure 3. On the
other hand, Table 11 describes the parameters for each layer in this architecture, to clarify
our proposed model.
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Figure 3. The architecture of the proposed concatenation model based on the modified ResNet50
V2 and MobileNet V2 models.

Table 11. The detailed architecture of the proposed concatenation model based on the modified
ResNet50 V2 and MobileNet V2 models.

Proposed Concatenation Model Based on Resnet50 V2 and MobileNet V2

TL1 Layer-type Parameters TL1 Layer-type Parameters
TL1_resnet50v2 23,564,800 TL2_mobilenetv2 2,257,984
TL1_Conv2D-1 2,098,176 TL1_Conv2D-1 1,311,744
TL1_MaxPooling2D-1 0 TL1_MaxPooling2D-1 0
TL1_Flatten 0 TL1_Flatten 0
TL1_Dense-1 9,438,208 TL1_Dense-1 9,438,208
TL1_Dense-2 524,800 TL1_Dense-2 524,800
TL1_Dense-3 131,328 TL1_Dense-3 131,328
Concatenate Layer Output Shape Parameters
concatenate_model (concatenate) 512 0
concatenate_dense_1 (Dense) 4 2052

The architecture of the first proposed Concatenation model based on the modified
ResNet50 V2 and MobileNet V2 models contains 49,423,428 as total parameters 49,343,876
of which are trainable and 79,552 are non-trainable.

3.4.2. Concatenation Model Based on the Modified Xception and Inception V3 Models

Two modified pre-trained TL based models were used, these models are Xception
and Inception V3, with the same default input shape to develop our proposed concatena-
tion model with the default input shape of 299-by-299. The model architecture is depicted
in Figure 4. Table 12, on the other hand, details the parameters for each layer in this archi-
tecture to better understand and interpret our suggested model.
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Figure 4. The proposed architecture of concatenation model based on the modified Xception and
Inception V3 models.

Table 12. The detailed architecture of the proposed concatenation model based on the modified
Xception and Inception V3 models.

Proposed Concatenate Model Based on Xception and Inception V3

TL1 Layer type Output Shape Parameters TL1 Layer type Output Shape Parameters
TL1_xception 10 x 10 x 2048 20,861,480 TL2_inceptionv3 8 x 8 x 2048 21,802,784
TL1_Conv2D-1 10 x 10 x 1024 2,098,176 TL2_conv2d_1 (Conv2D) 8 x 8 x 1024 2,098,176
TL1_MaxPooling2D-1 5x5x1024 0 TL2_mp_1(MaxPooling2D) 4 x4 %1024 0
TL1_Flatten 25,600 0 TL2_flatten (Flatten) 16,384 0
TL1_Dense-1 1024 26,215,424 TL2_dense_1 (Dense) 1024 16,778,240
TL1_Dense-2 512 524,800 TL2_dense_2 (Dense) 512 524,800
TL1_Dense-3 256 131,328 TL2_dense_3 (Dense) 256 131,328
Concatenate Layer Output Shape Parameters
concatenate_model (concatenate) 512 0
concatenate_dense_1 (Dense) 4 2052

The second proposed concatenation model based on the modified Xception and In-
ception V3 models contains 91,168,588 total parameters, 91,079,628 of which are trainable
parameters and 88,962 are non-trainable parameters.

4. Results and Discussion

Before we discuss the obtained results, we first go through some basic performance
evaluation methodologies commonly utilized to assess the models of ML during the
stages of training and testing. We begin by calculating some evaluation metrics and draw-
ing the confusion matrix to assess the classification that has been obtained by the models.
The metrics and experimental findings acquired by the examined models are presented in
this section.

4.1. Confusion-Matrix and Metrics for Performance Evaluation

A confusion—-matrix presents the actual and predicted values. This table is utilized to
categorize the predictions achieved by the classifiers. Each row of the confusion-matrix's
dimension contains the same set of classes. By calculating four elements, it is possible to
check the confusion between the various classes. These elements are True-Positive (TP),
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False-Positive (FP), True-Negative (TN), and False-Negative (FN). The following equa-
tions give the confusion-elements for each class ClassX:

TPcissx = C;; 1)

FNcusx = Xi=q Gy - TPclassx @)

FPcissx = Yy Cy; - TPaassx 3)

TNCssx = Yjeq 2= Cii - (FPClassx + FNClassx + TPcussx) 4)

where:

e  The sample number successfully classified for a given class is denoted by the letter
Ci,i.

e  The samples number of negatives that are mistakenly classified for another class is
givenby C; .

e  The samples number of positives that are mistakenly classified for another class is
denoted by the letter Cj;.

e  The total of all samples is C .

The following are the five scoring metrics employed in this study. These metrics are
denoted by Equations (5)—(8) as follows:

Accuracy = TP+ TN ®)
TP+TN +FP+FN

Precision = T;:k—PFP (6)

Sensivity = TPZ% @)

Specificity = % ®)

NPV = % ©)

4.2. Experimental Results

The core experimental data from this research are presented in this subsection. First,
we plot the accuracy and loss curves for all the models employed to display the training
results. The confusion matrix is then drawn for each model.

4.2.1. Results of CNN Models Training

Tensorflow 2.1 library was used to get the original pertained models and apply the
proposed modified-based models depending on the TL technique. Python standard pack-
age of API was utilized. The default Keras implementation is used to create models. To
combine the model’s performances, we built the concatenation method in Python and uti-
lized the Jupyter Library to evaluate the results quickly. Furthermore, we trained the mod-
ified TL models and our suggested concatenation models based on the TL approach using
the open Google Colab platform—a cloud service provided by Google called Colab that
uses Jupyter Notebook to train and research ML and DL algorithms. This platform had a
Tesla K80 GPU with 12GB of GDDR5 VRAM, an Intel Xeon Processor with two cores run-
ning at 2.20 GHz, and 13 GB of RAM. We utilized the Adam optimizer and the cross-
entropy loss function to train all the algorithms we used. The input images sizes for all
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arrays are determined by the network's input structure. Table 13, illustrates the hyper-
parameters utilized to tweak the modified models and our proposed concatenation mod-
els employed in this article.

Table 13. The best hyper-parameters were used for the modified models and the two proposed
concatenation models in the training phase.

Models All Modified Models Proposed Model ! Proposed Model 2
Hidden 1
L. ) Hidden 2 Relu
Activation functions .
Hidden 3
Output Softmax
Optimizer Adam
Learning rate le-04
Batch Size 16
Loss Function Categorical cross-entropy
Epochs 25

! Proposed concatenation model based on the modified ResNet50 V2 and MobileNet V2 models. 2
Proposed concatenation model based on the modified Xception and Inception V3 models.

To ensure similar findings, we trained all modified pre-trained models: Xception, In-
ception V3, InceptionResNet V2, ResNet50 V2, MobileNet V2, and DenseNet201 across 25
epochs with the same configuration. The plots for our Chest X-ray Datasets training and
validation sets are shown. To achieve this, the accuracy and loss functions of the six clas-
sifiers tested are plotted in Figure 5.
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Figure 5. The accuracy and Loss of all modified pre-trained models. (a) Xception model, (b) Incep-
tion V3 model, (c) InceptionResNet V2 model, (d) ResNet50 V2 model, (e) MobileNet V2 model, (f)
Dense-Net201 model.

On the x-axis epochs denote curves, while y-axis reflects improvement. The training
curve illustrates how well a model is trained. It is calculated using the training data. In
fact, all the models were sufficient to converge only in 25 epochs. For a given range of
hyper-parameter values, the validation curve indicated whether the model was under-
titting, overfitting, or just right. Furthermore, all the models had a low degree of overfit-
ting. Consequently, the accuracy convergence on the training-set is quite near to theccu-
racy convergence on the validation-set. We deduced from these curves that throughout
the validation phase, all the models achieved a 99% accuracy. However, for the second
category of the input form 224-by-224, the ResNet50 V2 and DenseNet201 models attained
a high accuracy rating of 99.51%. In addition, the first category, 299-by-299, has a high
accuracy value of 99.42% for the Xception, as well as InceptionResNet V2 models. More-
over, 0.02% is the average loss value for the loss curves for all these models.

To understand the concatenation models we have proposed in this stud, the accuracy
and loss functions for these models will be plotted, as shown in Figure 6.
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Figure 6. Accuracy and Loss curves for proposed concatenation model. (a) Proposed concatena-
tion model of the modified ResNet50 V2 and MobileNet V2 models, (b) Proposed concatenation
model of the modified Xception and Inception V3 models.

The first system, which was based on the concatenation of two modified pre-trained
models: ResNet50 V2 and MobileNet V2, was particularly accurate, with 99.71% accuracy.
The second system, which is based on the concatenation of two modified pre-trained mod-
els: Xception and Inception V3, attained a 99.80% accuracy rate.

4.2.2. Testing of CNN Models Results

The performance of the investigated models is tested and evaluated using a previ-
ously produced entirely independent data subset. We begin by creating a confusion ma-
trix. Figure 7 depicts the confusion matrix of the six modified pre-trained models.
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Figure 7. The confusion-matrix for classification models. (a) Xception model, (b) Inception V3
model, (c) InceptionResNet V2 model, (d) ResNet50 V2 model, (e) MobileNet V2 model, (f) Dense-
Net201 model.
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According to these tables, it can be seen that many models provide good classifica-
tions. Some models, on the other hand, are causing certain confusion about the Corona-
virus class and tuberculosis. Nevertheless, most models perform perfectly in all four clas-
ses. Besides, we move to the 2nd training level by integrating the model’s classification
based on these results. The confusion matrix of the created model’s categorization utiliz-
ing the concatenation technique based on the modified pre-trained models is shown in
Figure 8. This matrix visualizes the performance of generated models. Based on the re-
sults, it is obvious that the True Positive is higher than the False Positive and False Nega-
tive in all classes based on this classification. Furthermore, as compared to the Corona-
virus Class, the FP and FN of 3 classes Normal, Viral-Pneumonia and Tuberculosis, are
bigger. Moreover, the concatenation Model Based on two Modified Model ResNet50 V2
and MobileNet V2, as well as the concatenation Model Based on two modified models
Xception and Inception V3, has successfully classified all cases for the four classes, with
only 4 and 2 cases classified as an error class, respectively. We used the confusion matrices
data to create the evaluation metrics for each model to explain these experimental

outcomes.
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Figure 8. The confusion-matrix demonstrates the Proposed Concatenation classifier. (a) Proposed
concatenation model based on the modified ResNet50 V2 and MobileNet V2 models, (b) Proposed
concatenation model based on the modified Xception and Inception V3 models.

To study these findings, an ROC curve illustrating the sensitivity vs. specificity of a
diagnostic test might be employed. In general, this type of curve helps in evaluating mul-
tiple models based on the AUC variable value. This value represents the whole area under
the ROC curve between two dimensions. This article depicts that, for each modeal, ROC
curve was used in this investigation. Figure 9 depicts the False Positive Rate (TPR) vs.
True Positive Rate (TNR) in the adjusted pre-trained models for the various classes. Figure
10 depicts a plot of TPR vs. TNR for the various classes in our suggested concatenation
models.
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Figure 9. ROC curves were obtained by the studied models. (a) Xception based model, (b) Incep-
tion V3 based model, (c) InceptionResNet V2 based model, (d) ResNet50 V2 model, (e) MobileNet
V2 based model, (f) DenseNet201 based model.
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Figure 10. ROC curves obtained by the Proposed Concatenation classifier. (a) Proposed concatena-
tion model based on the modified ResNet50 V2 and MobileNet V2 models, (b) Proposed concate-
nation model based on the modified Xception and Inception V3 models.

Based on ROC curves, it can be seen that all the models tested had an AUC of 0.99. It
is obvious that our proposed models, which are based on concatenation, are the best mod-
els for classifying the X-ray image classes employed in this research. Furthermore, we dis-
covered that all the classes have an area rate of 0.99-1. As a result, our proposed generated
models based on the concatenation technique outperform the other models. In fact, for the
Coronavirus class, the proposed concatenation models achieved an AUC value of 1.00,
which is a significant clinical benefit.

This means that Coronavirus instances are nearly never labeled to other classes, low-
ering the likelihood of COVID cases being missed on chest X-rays. Table 14 presents the
performance evaluation indicators of the modified pre-trained models and our proposed
concatenation models to help elucidate these findings.

Table 14. Evaluation Models’ performance based on metrics scoring.

Modified Models Accuracy Loss Precision  Sensitivity  Specificity NPV
Xception based Model 99.42% 0.0342 99.46% 99.04% 99.79% 99.83%
Inception V3 based Model 99.23% 0.0309  98.96%% 99.34% 99.75% 99.72%
InceptionResNet V2 based Model 99.42% 0.0268 99.46% 99.13% 99.80% 99.82%
ResNet50 V2 based Model 99.51% 0.0219 99.50% 99.32% 99.83% 99.85%
MobileNet V2 based Model 98.36% 0.0518 98.40% 97.99% 99.45% 99.46%
DenseNet201 based Model 99.51% 0.0329 99.64% 99.17% 99.82% 99.86%
Proposed Model ! 99.71% 0.015 99.40% 99.67% 99.88% 99.86%
Proposed Model 2 99.80% 0.005 99.85% 99.71% 99.93% 99.94%

! Proposed concatenation model based on the modified ResNet50 V2 and MobileNet V2 models. 2

Proposed concatenation model based on the modified Xception and Inception V3 models.

We can see from this table that most models have a loss in the range of 0.02-0.03,
except for the modified pre-trained MobileNet V2 model, which has a loss of 0.05. Our
proposed concatenation models, on the other hand, have a loss of 0.015-0.005 respectively,
for the two proposed models based on ResNet50 V2, MobileNet V2, as well as Xception
and Inception V3. Furthermore, our proposed concatenation models achieve the largest
value for all computed performance metrics. However, for the accuracy metric, all the
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models have a 99% accuracy rate, except for the MobileNet V2 model (98.36%). The Res-
Net50 V2 and DenseNet201 models, on the other hand, achieve a high accuracy rating of
99.51% for the second category of the input form 224-by-224. Furthermore, for the Xcep-
tion and InceptionResNet V2 models, the first category, 299-by-299, has a high accuracy
rating of 99.42%. However, the generated models: the concatenation model based on Res-
Net50 V2, MobileNet V2, and the model based on Xception, Inception V3, reach an accu-
racy of 99.13% and 99.23%, respectively.

4.2.3. The Execution Time Results

Execution time is a significant parameter for proficiency and dependability of system
improvement. The approximate training phase change time from one model to the next is
shown in Table 15. This because the enormous number of parameters in every model.
Furthermore, when the parameters number increase for the model, the required time in-
creased needed for training. It does not matter if it for runtime or the amount of time
needed for every epoch.

Table 15. Models runtimes and time by epoch description.

Modified-Models Accuracy Runtime Time/Epoch Total Parameters (Millions)
Xception Based Model 99.42% 1h25min46s 206s 49
Inception V3 Based Model 99.23% 33min7s 79s 41
InceptionResNet V2 Based Model 99.42% 1h14min37s 178s 73
ResNet50 V2 Based Model 99.51% 20 min 59 s 50s 35
MobileNet V2 Based Model 98.36% 19 min 50 s 47s 13
DenseNet201 Based Model 99.51% 42 min 31 s 101s 30
Proposed Model ! 99.71% 2h36min45s 386s 49
Proposed Model 2 99.80% 3h1min36s 434s 91

! Proposed concatenation model based on the modified ResNet50 V2 and MobileNet V2 models. 2
Proposed concatenation model based on the modified Xception and Inception V3 models.

4.3. Discussion

A novel Coronavirus diagnosis system based on concatenation approach TL models,
and modified pre-trained TL models is suggested in this research. The goal is to develop
the optimal diagnostic algorithm for Coronavirus infected patients. Furthermore, the
model was created using the following six TL networks: Xception, Inception V3, Incep-
tionResNet V2, ResNet50 V2, MobileNet V2, and DenseNet201 These algorithms were
trained and validated using a collection of X-ray pictures generated by six separate
databases. This dataset has four classes: (i) normal, (ii) tuberculosis, (iii) pneumonia, and
(iv) Coronavirus. In reality, we discovered in the experimental findings section that, all of
the analyzed models achieve a 99% of accuracy which is very high. Besides, the majority
of models have a loss value of less than 2%. Figure 11 shows a graphic that summarizes
all of the experimental findings presented in this research.
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Figure 11. Metrics for Performance Evaluation for all studied models.
Figure 11 depicts the relationship between, one hand a loss and on the other hand 3
scoring metrics which are (i) accuracy, (ii) precision, and (iii) sensitivity. The value of the
3 measures reduces as the loss value increases. All the models utilized in this study, in-
cluding the created proposed models, had good specificity and NPV values. In general,
the proposed diagnostic systems outperformed earlier research. Especially, the first sys-
tem, which was based on the concatenation of two modified pre-trained models: ResNet50
V2 and MobileNet V2, achieved a 99.71% accuracy, while, the second system, based on
concatenation between two modified pre-trained models: Xception and Inception V3
achieved a value of accuracy of 99.80%. Table 16 shows a comparison of our proposed
system with the other efforts discussed in the literature.
Table 16. Comparative results for the obtained model with previous research in the literature.
Works Methods Accuracy Precision Sensitivity Specificity
A.S. Ashour et al. [39] BoF 98.6% 97.7% 99.4% N.A
H. Koyuncu et M. Barstugan [40] Hybrid Classifier 99.53% N.A N.A N.A
D. Sharifrazi et al. [41] CNN-SVM + Sobel 99.61% N.A 99.80% 99.56%
Y. Fan et al. [42] MKSC 98.2% 97.52% 98.05% 97.82%
S. Das et al. [43] Bi-level classification 99.26% 99.23% 99.26% N.A
S. Thakur et A. Kumar [44] CNN 98.28% 98.22% 98.25% N.A
T. Ozcan [45] FFB3 87.64% 90.87% 88.13% 92.59%
M. Shorfuzzaman et al. [46] ResNet50 V2 95.49% 96.85% 99.19% 98.27%
M. D. K. Hasan et al. [47] VGG16 91.69% 92.33% 95.92% 100%
L. Gaur et al. [49] EfficientNetB0 92.93% 88.30% 90.00% 95.00%
M. A. Zulkifley et al. [50] Residual-Shuffle-Net 97.39% 97.40% 97.39% 98.69%
Proposed models Con RN50V2_MNV2! 99.71% 99.40% 99.67% 99.88%
P Con Xcep_IncepV3 2 99.80% 99.85% 99.71% 99.93%

! Proposed concatenation model based on the modified ResNet50 V2 and MobileNet V2 models. 2
Proposed concatenation model based on the modified Xception and Inception V3 models.
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Although the results obtained in this research are satisfactory, we encountered many
technical limitations:

¢ Due to the lack of Coronavirus images in comparison to the other diseases, six pub-
licly available datasets were considered to construct a relatively equilibrated dataset.
The enrichment of our COVID-19 images cases would ameliorate the proposed sys-
tem accuracy.

e  Despite the concatenation of pre-trained models contributing to the enhancement of
the prediction accuracy, the computational complexity in terms of execution time in-
creased considerably. This is an expected trade-off for enhanced accuracy, but the
usage of parameter optimization in future work will ameliorate our results not only
in terms of accuracy but also in terms of execution time.

5. Conclusions and Perspectives

The Coronavirus pandemic outbreak affects the healthcare facilities and makes it dif-
ficult to provide effective care without the risk of infections. The core contribution of this
research is a proposal of a Coronavirus diagnosis system based on concatenation tech-
nique and TL technique. Indeed, the Coronavirus diagnosis system is employing a six of
different transfer-learning techniques. Moreover, the aim was to enhance Coronavirus
recognition accuracy by developing a novel diagnostic model that integrates the perfor-
mance of TL algorithms by employing a concatenation approach. This allows for more
consistent predictions and enhances the learning model. In this research, the best-tested
DL models have been selected from the recent literature of image-classification algo-
rithms. Moreover, we have developed a new modified pre-trained model based on basic
TL models, such as Xception, Inception V3, InceptionResNet V2, ResNet50 V2, MobileNet
V2, and finally DenseNet201. Indeed, we used two prediction levels according to the input
shape using the concatenation technique between two modified pre-trained models. Fi-
nally, we have proven that this technique can contribute to improving the performance of
basic TL models, especially that the two generated models achieved a high accuracy com-
pared to the six basic TL models studied.

The proposed architecture will be used to detect other chest illnesses and diseases in
the future, such as cancer [60], Parkinson [61,62], heart diseases [63], cystic fibrosis [64],
and chronic obstructive pulmonary disease (COPD) [65]. On the other hand, We propose
to employ Artificial Intelligence of Things (AloT) to improve the resilience and accuracy
of our system for detecting epidemic or dangerous diseases. [66—68]. This area or this new
method is known as AloT, and it mixes artificial intelligence (AI) technologies and
Internet of Things (IoT) infrastructure. In reality, IoT adds to IA connectivity and data
interchange, while IA contributes to the ML capabilities of devices.
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