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Abstract

Early detection of COVID-19 based on chest CT will enable timely treatment of patients and
help control the spread of the disease. With rapid spreading of COVID-19 in many countries,
however, CT volumes of suspicious patients are increasing at a speed much faster than the
availability of human experts. Here, we propose an artificial intelligence (Al) system for fast
COVID-19 diagnosis with an accuracy comparable to experienced radiologists. A large dataset
was constructed by collecting 746 CT volumes of 359 patients with confirmed COVID-19 and
387 negative cases from publicly available chest CT datasets. In this paper, we propose a deep
learning architecture to detect Covid-19 Coronavirus in CT Images. This architecture contains
one network to classify images as either Covid-19 or Non-Covid-19. The experiment results
evaluated by three parameters including accuracy, sensitivity, and specificity. For the ResNet-
50 deep learning, these outcomes refer to the maximum sensitivity being 91.69% by the
training dataset for the ResNet-50. ResNet-50 can be considered as a high sensitivity model to
characterize and diagnose Covid-19 Coronavirus and can be used as an adjuvant tool in
radiology departments.
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1. Introduction

Actually, COVID-19 has had a major effect
on industrialized and growing countries'
economic and social systems [1,2]. In
Wuhan, China, in December 2019, the
initial case of COVID-19 illness was
identified [3]. However, we also have to
overcome the recent pandemic position
[4,5]. By producing a volatile healthcare
crisis infinitely more damaging than the
Second World War, this disastrous impact
has devastated human experience. COVID-
19's clear communicable characteristics
make the situation in the world a grave
pandemic. A number of countries such as
the U.S.A [6], Brazil [7], China [8] and

Italy [9] are seriously affected by this virus.
Numerous study topics are therefore
constructing  policies, vaccines and
innovative approaches to addressing this
pandemic scenario [10]. Many scientists in
the field of medicine create drugs to avoid
virus prefoliation on the one side [11, 12].
Firstly, new ways of helping infected
individuals must be developed [13-15].
Secondly, the development of health
policies to avoid the spread of the virus by
infected patients is also crucial [16,17]. In
the development of new methods to support
virus diagnostic [18,19] computer science
researchers have a critical role in this.



Al-Azhar Un. Journal for Research and Studies. Vol 2(1) Dec.2020

utilized a relatively recent methodology,
CNN, where the learning methodology is
developed to classify persons with COVID-
19 with a Resnet50. We follow the ResNet-
50 architecture as it has proven to be very
successful for different medical imaging
applications. Utilizing a collection of
various technologies, many inventions
have been made, for example the creation
of mobile applications to control and follow
interactions between persons [20,21].
Artificial intelligence (Al) is moreover
essential in this area and in developing
diagnostic ~ support  solutions  [22].
Automated COVID-19 diagnostic systems
were developed using Al methods [23-25].
Such approaches could never substitute
human therapy. However, they could be an
essential solution to the war against the
virus. Al is generally utilized in medicine.
Despite the ethical issue in the current
pandemic scenario about the application of
Al to patient data, these approaches should
be utilized to assist medical personnel [27—
29]. Radiological images for the detection
of COVID-19 cases utilizing typical deep
learning methods were frequently utilized
recently. Mohamed Loey et al. [30]
introduced a computer-aided detection
method based on deep learning that was
able to detect COVID and Non-COVID
from CT images. Techniques were used
based on AlexNet, VGG16, VGG19,
GoogleNet, and ResNet50. The CNN based
pre-trained models are trained on 742 chest
CT scans into two binary classes, i.e.,
COVID and Non-COVID. The highest
accuracy of 82.91% is achieved with the
ResNet50 pre-trained CNN model. The
main objective of this study is to provide
accurate measures for the identification of
CT-image patients with COVID-19 via
CNN.

2. MATERIALS AND METHODS

We used a publicly accessible dataset [31]
[32] that includes Covid-19 or Non-Covid-
19. The dataset contains 746 CT images.
The CT datasets images divided into 359
patients with confirmed COVID-19 and
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387 non-COVID-19 CT images. Figure 1
represents certain sample images marked as
normal by an expert reader. Figure 2
represents certain sample images marked as
COVID-19 cases by an expert reader.

(a) (b)

Figure 1. CT scans (a) for coronavirus and (b) for
non-coronavirus images.

2.1 Covid-19 Coronavirus Detection
Architecture

The transfer learning-based CNN model
approved for the classification of images as
normal or COVID-19 is described in this
portion. At first, in conjunction with the
used architecture, we re-sample all images
to 224 x 224. We used well-established
networks such as ResNet-50 for transition
learning purposes, as described above. The
use of these well-established networks
allows us to maintain a riches of knowledge
for classifying various artefacts from
previous training. Both weights and layers
are maintained awaiting the final fully
linked layer. Based on our data we will
update ResNet-50. Since 1000 classes are
trained in ResNet-50 million photos. In our
case we have 746 images with 2 classes.
With our own completely linked and
softmax our last three layers are replaced.
Particularly for image-based classification
issues, these approaches have proven to be
highly effective. The block diagram of the
transfer learning method applied in this
paper is presented in Figure 3. Cross-
validation is a model assessment technique
used to evaluate a deep learning
algorithm’s  performance in making
predictions on new datasets that it has not
been trained on. This is done by
partitioning the known dataset, using a
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subset to train the algorithm and the
remaining data for testing. Each round of
cross-validation involves randomly
partitioning the original dataset into a
training set and a testing set. The training
set is then used to train a supervised
learning algorithm and the testing set is
used to evaluate its performance. This
process is repeated several times and the
average cross-validation error is used as a
performance indicator. We split the dataset
into 10-folds for analysis i.e. 10 different
algorithms would be trained using different
set of images from the dataset. The 10
different algorithms contain set of training
images and set of testing images from the
dataset. This type of validation study would
provide us a better estimate of our
performance in comparison to typical hold-
out validation method.

~
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¢ Non-Covid
J
~
* 359 Images for Non-Covid-19
* 387 Images for Covid
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e Replace the last 3 layers with new layers in)
ResNet-50

¢ Define training parameters, like what will be initial
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different set of images from the dataset.
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Figure 2. Block diagram of our algorithm.

3. Experimental Results

The results achieved for the method
mentioned in sections 2 are discussed in
this partition. The COVID-19 identification

3

is determined on the basis of the datasets
that composed of 746 CT images and the
data divided into 359 CT images of patients
with confirmed COVID-19 and 387 CT
images for Non-COVID-19 CT images.
First, the ResNet-50 model is trained to
detect two classes: COVID-19 and Non-
COVID-19 CT images categories. The
performance of the proposed model is
evaluated using the 10-fold cross-
validation procedure for the binary
classification problem. Ninety per cent of
CT images are used for training and ten per
cent for testing. The experiments are
repeated ten times. We have trained
ResNet-50 for 30 epochs. Fig. 8 the training
of the binary class classification graph is
shown for the Fold-1. The overlapped as
well as each separate confusion matrix
(CM) are shown in Fig. 3, Fig. 4, Fig. 5,
Fig. 6, and Fig. 7. The overlapped CM is
created using the sum of CMs obtained in
all folds. Thus, it is aimed to obtain an idea
about the general perforations of the model.
The ResNet-50 model achieved an average
classification accuracy of 91.69% to
classify COVID-19 CT images and Non-
COVID-19 CT images. Sensitivity,
specificity, precision, F1-score, and
accuracy values are shown in Table 1 for
the detailed analysis of the model for the
two-class problem. It can be noted from the
overlapped confusion matrix of the binary-
class classification task that the deep
learning model classified COVID-19. The
obtained  sensitivity, specificity, and
accuracy values are 97.14%, 95%, and
91.69%, respectively. It can be noted from
Table 3 that the proposed model has
achieved an average accuracy of 91.69% in
detecting COVID-19 and the obtained
average sensitivity, specificity, and F1-
score values of 97.14%, 95%, and 91.69%,
respectively. In the COVID-19 epidemic,
radiological imaging plays an important
role in addition to the diagnostic tests
performed for the early diagnosis,
treatment, and isolation stages of the
disease. CT images can detect a few
characteristic ~ findings in the lung
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associated with COVID-19. Deep learning
models are sensitive in detecting COVID-
19 lung involvement and hence the
diagnostic accuracy rate is high. During the
evaluation of the model, CT images of
COVID-19 patients confirmed positive by
the PCR Test are used. The model can
easily detect GGO, consolidation areas, and
nodular  opacities, which are the
pathognomic findings of patients for
COVID-19 on CT images. In COVID-19,
bilateral, lower lobe, and peripheral
involvement is observed, and the proposed
model can detect the localization of the
lesion. These models are particularly
important in identifying early stages of
COVID-19 patients. Early diagnosis of the
disease is important to provide immediate
treatment and to prevent disease
transmission. The models can also play an
indispensable role in patients lacking early
symptoms. The clinical and radiological
images of later-stage patients are well
established, and it is easier to detect the
findings by experts. The role of deep
learning models is more prominent in
screening and diagnosis when the infection
is at its early stages time can be
significantly reduced, and it will alleviate
clinician workload.

4. Conclusion

In order to get an early detection of
COVID-19 from CT images with the
assistance of a computer-aided automated
method, the contribution of this research is
explained. The epidemic status scheme
requires the correct CT images reader for
COVID-19 via deep learning algorithms to
minimize the prevalence of the virus,
especially in  low-income countries.
Moreover, the usefulness of a system is
supported by the vision of CT images of
COVID-19. The satisfactory results were
declared by the CNN classifier with high
accuracy of 91.69%. Lastly, this type of
architecture would be highly essential for
COVID-19 detection and its diagnosis and
would enhance the workflow of
radiologists.

Table 1: Sensitivity, specificity, precision, F1-score, and accuracy values for Normal and

COVID-19 classes of the proposed model.

Folds Sensitivity | Specificity | Precision | F1-score | Accuracy

1 97.14 95 94.44 95.77 96

2 94.29 95 94.29 94.29 94.67

3 82.86 95 93.55 87.88 89.33
4 97.14 87.50 87.18 91.89 92
5 88.57 95 93.94 91.18 92

6 91.43 90 88.89 90.14 90.67

7 97.14 87.18 87.18 91.89 91.89

8 97.14 87.18 87.18 91.89 91.89

9 91.43 87.18 86.49 88.89 89.19

10 88.24 90 88.24 88.24 89.19

Overlapped| 92.55 90.93 89.97 91.24 91.69
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Fig. 3. The two-folds confusion matrix (CM) results of the binary classification task: (a) Fold-1 CM
and (b) Fold-2 CM.
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Fig. 4. The two-folds confusion matrix (CM) results of the binary classification task: (a) Fold-3 CM
and (b) Fold-4 CM.
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Fig. 5. The two-folds confusion matrix (CM) results of the binary classification task: (a) Fold-5 CM
and (b) Fold-6 CM.
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Fig. 6. The two-folds confusion matrix (CM) results of the binary classification task: (a) Fold-7,8 CM
and (b) Fold-9 CM.
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Fig. 7. The two-folds confusion matrix (CM) results of the binary classification task: (a) Fold-10 CM
and (b) overlapped confusion matrix.
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