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Abstract

Coronavirus disease (COVID-19) is a current global severe health concern that causes a high death risk due to
significant alveolar injury and gradual respiratory failure. There are increasing numbers of COVID-19 patients, and they
are difficult to be diagnosed and classified. Thanks to one of its primary symptoms, which is Pneumonia, the diagnosis
typically involves chest x-ray imaging interpreted by a specialized medical doctor or a radiologist. In this study, artificial
intelligence based on Convolutional Neural Network has been developed to identify and classify patients with Pneumonia
and assist medical practitioners and doctors in diagnosis as a second opinion. This deep learning software aims for the
rapid diagnosis of an X-ray image. Here, the deep learning model was trained with more than 3,000 chest X-ray images
with Pneumonia and healthy cases. The Resnet-50 convolutional neural network can successfully perform the
classification task of Pneumonia with a classification accuracy of 99.66%.
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1. Introduction

An outbreak of a novel coronavirus disease (COVID-19, previously named 2019-nCoV) (Wu, Leung
& Leung, 2020) has been firstly reported in Wuhan City, Hubei Province, China, since late December 2019
(Huang, Chaolin, et al., 2020; Qun Li, 2020). The outbreak has been continually evolving, affecting other
parts of China and other countries (World Health Organization, 2020). The COVID-19 is a life-threatening
disease that causes a high death risk due to significant alveolar injury and gradual respiratory failure (Chan
et al., 2020). Coronaviruses (CoV) are a large family of viruses that cause severe lung infection, such as
Pandemic influenza (Cooper et al., 2006; Ferguson et al., 2006; Lemey P et al., 2014; Leonid A. Rvachev
and Ira M. Longini, 1985), Severe Acute Respiratory Syndrome (SARS) (Hollingsworth and T Déirdre et al.,
2006; Hufnagel, L et al., 2004), and Middle East respiratory syndrome coronavirus (MERS- CoV) (Poletto
et al., 2014). In 2003, Asia reported the first case of SARS (severe acute respiratory syndrome (Skowronski,
Danuta M, et al., 2005)). The total incidence accounted for 8,422 cases of SARS from 29 countries (Centers
for Disease Control and Prevention, 2003). Middle Eastern Respiratory Syndrome (MERS) first appeared in
2012 in Saudi Arabia, in which 27 countries were affected worldwide, and 2,494 laboratory-confirmed
infection cases have been reported to the World Health Organization (WHO), including 858 related deaths
(de Wit, Emmie, et al., 2013). In comparison, the outbreak of the COVID-19 has spread to over 99,864,391
people in 224 countries, accounting for 2,149,700 deaths (Velavan, Thirumalaisamy P, and Christian G
Meyer, 2020).

The increasing number of people infected with the COVID-19 causes insufficient medical staff (e.g.
doctors, radiologists, and nurses), resulting in delayed treatment of infected patients, which may increase
mortality and widespread infection. It is also difficult to pinpoint the viral infection. Two patients with
erroneous-positive results from dengue testing in Singapore were later confirmed to have a severe acute
COVID-19 (Yan, Gabriel, et al., 2020).

Recently, deep learning approaches can achieve expert-level performance in medical image
interpretation tasks (Chapmanet al., 2001). There is an observation that through machine learning algorithms,
the analysis made can be more precise compared to manual pathologists (Greenspan, van Ginneken and
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Summers, 2016). It is explained that most respiratory diseases can be spatially distinguished under chest X-
ray imaging and can be identified by supervised multi-label image classification through artificial neural
networks and an X-ray image dataset (Shin et al., 2016). It would be an additional preamble to doctors to
diagnose these cases precisely to mitigate the problem of misdiagnosis and mitigate the problem of shortage
of doctors diagnosing these cases for better and faster providing of treatments to the patients and taking
preventive measures more quickly.

2. Objectives

This research aims to study and enhance the accuracy in diagnosing Pneumonia disease from chest
X-ray images using a deep convolutional neural network (CNN) with Resnet-50 artificial neural network
architecture.

3. Materials and Methods
3.1 Dataset

The chest X-ray images analyzed in this study were downloaded from the NIH Clinical Center
database (Xiaosong Wang et al., 2017). It is an open-source database consisting of 112,120 images of
1024x1024 pixel resolution of chest X-ray from 32,717 patients. There are 14 abnormalities, including
Atelectasis, Cardiomegaly, Consolidation, Edema, Effusion, Emphysema, Fibrosis, Hernia, Infiltration,
Mass, Nodule, Pleural Thickening, Pneumonia, Pneumothorax, and 1 No finding case that is resulted from
Chest X-ray. These chest X-ray images are in 8-bit greyscale format. All the training was performed under
an Intel(R) Core (TM) i5-9400F @ 2.90 GHz laptop with integrated NVIDIA GeForce GTX1660, Window
10, 16 GB memory. The CNN software was implemented in MATLAB 2019b using the deep learning
toolbox.

In this study, the selected images are summarized in Table 1.

Table 1 Distribution of selected images in the dataset

Types Number of images
Pneumonia 1,500
No Finding 1,500

Total 3,000

3.2 Dataset preparation

Once all the 3,000 selected chest X-ray images were downloaded from the opensource NIH database,
all photos were resized to 224 x 224 pixels with three color channels of RGB and sorted with corresponding
symptom names. The sorted images were employed as the input dataset for neural network training, and the
folder names were used as the corresponding label during the training. The artificial neural network structure
details are described in detail in the next section.

3.3 Convolution Neural Network architecture

This paper introduces and assesses the Convolution Neural Network (CNN) architecture’s
performance in the pre-trained Resnet-50 Model (RCNN) network, and its network architecture is shown in
Figure 1 and Table 2 for Pneumonia disease classification. The CNN structure operates and relies on two
main types of transformations: convolution, in which pixels in the analyzed image are convolved with a kernel
filter. The width and height of the filter can be set to any square matrix size. The usual length of the kernel
for the convolutional operator is set to a 3 x 3 matrix. The filter’s depth is usually set to the same as the depth
of input — secondly, subsampling operators, such as max pooling, min pooling, and average pooling. The user
selects the size of pooling, generally be used in odd numbers. The pooling layer is responsible for minimizing
the data's size by excluding the image regions containing no information like a blank region or regions that
are not the main characteristic features of illnesses.
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Figure 1 The network architecture shows the Resnet-50 model or RCNN architecture.
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Figure 2 The network architecture with the input and output employed in this study.

Table 2 Parameters of the RCNN architecture (Saining Xie et al., 2017)

Group layer Output size Structure # of group layer
Convl 112x112 7X7, 64, stride 2 1
Max pooling 112x112 3x3 max pool, stride 2 1
Conv2 56x56 1x1, 64 3
3x3, 64
1x1, 256
Conv3 28x28 1x1, 128 4
3x3, 128
1x1, 512
Conv4 14x14 1x1, 256 6
3x3, 256
1x1, 1024
Conv5 X7 1x1, 512 3
3x3, 512
1x1, 2048
Classification 1x1 Global average pool 1

2-d fc, SoftMax,
classification
# of parameter 25.5x10°
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The RCNN network consists of 177 layers of convolutional filter and pooling layer pair. Here only
2 cases from the dataset were included in this study: Pneumonia and No finding due to their larger database
size for training and the urgency needed by the current COVID-19 outbreak. 3,000 images were randomly
selected from each group of the two mentioned cases. Each of the folders used all images for training the
network. During the training, each image was subdivided into small sub-images with 224 pixels x 224 pixels
with three channels of colors and the total minibatch size of 8 sub-images for one x-ray image. Finally, test
validation accuracy or overall accuracy with 40 pictures of X-ray images was not included in the training
dataset. There were 10 cases of general Pneumonia, 10 cases of COVID-19 Pneumonia, and 20 cases of No
finding in the validation set.

4. Results and Discussion

In this study, the authors have employed the RCNN architecture described in the earlier section and
trained the RCNN to classify the two types.

Table 3 All test images and their diagnosis comparison between the proposed Al and medical doctor.

Diagnosis by the Diagnosis by a medical

Image number [ref] Figure proposed Al doctor

F1 Pneumonia Covid-19

(Chong, KS. et al., 2020) Confirm 93% Pneumonia
F2 Pneumonia Covid-19

(Phan, Lan T, et al., 2020) Confirm 99% Pneumonia
F3 Pneumonia Covid-19

(Liu, Ying-Chu, et al., 2020) Confirm 99% Pneumonia
F4 Pneumonia Covid-19

(Chen, Nanshan, et al., Confirm 99% Pneumonia

2020)

F5 Pneumonia Covid-19

(Silverstein, William Kyle, Confirm 77% Pneumonia

et al., 2020)
F7 Pneumonia Covid-19
(Holshue, Michelle L., etal., Confirm 90% Pneumonia

2020)
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Image number [ref]

Diagnosis by the

Diagnosis by a medical

proposed Al doctor
F8 Pneumonia Covid-19
(Aljondi, Rowa, and Salem Confirm 99% Pneumonia
Alghamdi, 2020)
F9 Pneumonia Covid-19
(Aljondi, Rowa, and Salem Confirm 99% Pneumonia
Alghamdi, 2020)
F10 Pneumonia Covid-19
(Kong, Weifang, and Prachi Confirm 81% Pneumonia
P. Agarwal)
F11 Pneumonia Pneumonia
(Chong, KS. et al., 2020) Confirm 98%
F12 Pneumonia Pneumonia
(Sheikh, Y., 2020) Confirm 99%
F13 Pneumonia Pneumonia
(Dixon, A., 2020) Confirm 99%
F14 Pneumonia Pneumonia
(Khateeb, A., 2020) Confirm 93%
F15 Pneumonia Pneumonia
( Gaillard, F., 2020) Confirm 99%
F16 Pneumonia Pneumonia
(Alasaly, K et al., 1995) Confirm 69%
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Image number [ref] Figure Diagnosis by the

Diagnosis by a medical

proposed Al doctor
F17 Pneumonia Pneumonia
(Heyworth, P., 2020) Confirm 99%
F18 ' Pneumonia Pneumonia
(Knipe, H., 2020) ’ y Confirm 99%
Ly
F19 Pneumonia Pneumonia
f" " 4
(Knipe, H., 2020) P Confirm 92%
F20 §"1 No finding Pneumonia
N
(Dixon, A., 2020) " Confirm 58%
F21 No finding No finding
(Xiaosong Wang et al., Confirm 99% (Normal)
2017).
F22 No finding No finding
(Xiaosong Wang et al., Confirm 81% (Normal)
2017).
F23 No finding No finding
(Xiaosong Wang et al., Confirm 93% (Normal)
2017).
F24 No finding No finding
(Xiaosong Wang et al., Confirm 99% (Normal)
2017).
F25 No finding No finding
(Xiaosong Wang et al., Confirm 99% (Normal)

2017).
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Diagnosis by the

Diagnosis by a medical

2017).

Image number [ref] Figure proposed Al doctor
F26 No finding No finding
(Xiaosong Wang et al., Confirm 65% (Normal)
2017). 5
F27 3% No finding No finding
(Xiaosong Wang et al., , Confirm 98% (Normal)
2017). =
F28 No finding No finding
(Xiaosong Wang et al., Confirm 94% (Normal)
2017). .
F29 No finding No finding
(Xiaosong Wang et al., Confirm 99% (Normal)
2017).
-
F30 . No finding No finding
(Xiaosong Wang et al., ! Confirm 99% (Normal)
2017). l =
' l
F31 No finding No finding
(Xiaosong Wang et al., Confirm 98% (Normal)
2017).
F32 No finding No finding
(Xiaosong Wang et al., Confirm 99% (Normal)
2017).
F33 No finding No finding
(Xiaosong Wang et al., Confirm 99% (Normal)
2017).
F34 No finding No finding
(Xiaosong Wang et al., ] Confirm 99% (Normal)
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. Diagnosis by the Diagnosis by a medical
Image number [ref] Figure proposed Al doctor
F35 No finding No finding

(Xiaosong Wang et al., Confirm 76% (Normal)

2017).

F36 w No finding No finding

Confirm 70% (Normal)
(Xiaosong Wang et al.,
2017).
F37 No finding No finding
(Xiaosong Wang et al., Confirm 95% (Normal)
2017).
F38 No finding No finding
(Xiaosong Wang et al., Confirm 71% (Normal)
2017).
F39 No finding No finding
iaosong Wang et al., onfirm 87% orma
Xi W | Confirm 87% N |
2017).
F40 No finding No finding
(Xiaosong Wang et al., Confirm 79% (Normal)

2017).

NORMAL

True Class

Pneumonia

NORMAL Pneumonia
Predicted Class

Figure 3 Confusion matrix of the prediction of validation dataset using the RCNN.
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The results can be summarized as shown in Figure 3, the overall accuracy is 99.66%, and there were
five false-positive images from 40 validation images. On the other hand, this proposed Al has a false positive
rate of 0.34%. All the detailed validation results are listed in Table 3. It is important to note that some
validation images had similar probabilities on both categories, such as image number F20 with its possibilities
of No-finding (normal condition) and Pneumonia (abnormal infection) of 58% and 42%, respectively, which
could lead to a false-positive decision of the proposed Al.

This proposed Al (RCNN) can classify between a No-finding case and a Pneumonia case. As the
overall accuracy is more than 99%, this proposed Al can serve as a second opinion for medical diagnosis and
hopefully as a provisional screen tool to reduce the heavy burden on the medical.

5. Conclusion

This paper has demonstrated that the described CNN architecture and pre-trained network RCNN
can be employed to accurately classify x-ray images identifying Pneumonia disease, which is strongly related
to the COVID-19. The classification accuracy was 99.66%. Although the trained network has achieved an
acceptable accuracy, the number of datasets employed in training was somewhat limited. As the proposed Al
(RCNN) was trained with only 3,000 images for the Pneumonia case and the normal case, it still has the false-
positive decreasing overall accuracy. In the current state, the authors cannot further classify between
conventional Pneumonia and the COVID-19 due to insufficient chest X-ray images from the COVID-19
patients. Therefore, this project’s future plan is to increase accuracy, reduce false-positive, and classify the
COVID-19 from the conventional Pneumonia by collaborating with hospitals and relevant sections to combat
and overcome the harmful virus as soon as possible.
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