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The spread and severity of COVID-19 are alarming. The economy and life of countries worldwide have been
greatly affected. The rapid and accurate diagnosis of COVID-19 directly affects the spread of the virus and the
degree of harm. The X-ray and computed tomography (CT) can image the lungs of patients with COVID-19. Lung

imaging can reveal the niduses’ spatial location and the infection’s extent.

COVID-19 diagnosis deep learning convolutional neural networks CT images

| 1. Introduction

WHO declared COVID-19 as a global pandemic in March 2020. The COVID-19 pandemic has affected thousands
of people. It has affected people’s ordinary lives and the global economy. COVID-19 can cause respiratory,
gastrointestinal, and neurological syndromes . Cough, fever, and other respiratory issues are the most common
symptoms 2,

Rapid COVID-19 diagnosis is essential during the pandemic. Currently, the commonly used diagnostic methods
include the molecular assay, chest computed tomography (CT) scan combined with the evaluation of clinical
symptoms B, artificial intelligence (Al) methods &, potential electrochemical (EC) biosensors I, surface plasmon
resonance (SPR)-based biosensors [8, field-effect transistor (FET)-based biosensors [, etc. As a frequently
employed auxiliary detection technology, CT images can show the changes in the lung caused by virus infection (&,
Compared with CT images, X-ray images are more accessible to obtain. It is also an important means of medical
detection.

The most common diagnostic measure for COVID-19 is through reverse transcription-polymerase chain reaction
(RT-PCR) assays of nasopharyngeal swabs 2. However, the high false negative rate of RT-PCR X% may affect the
timely treatment of infected patients. The X-ray and CT can image the lungs of patients with COVID-19. Lung
imaging can reveal the niduses’ spatial location and the infection’s extent. CT images have a fast turnaround and
excellent sensitivity 1. They can visualize the degree of infection in the lung. Based on the significant features of
COVID-19 on X-ray or CT images, many researchers have used artificial intelligence and computer vision to
classify X-ray or CT images. These images were classified into two categories: those without COVID-19 and those
infected with COVID-19. Other researchers divided the images into healthy, infected with COVID-19, and infected
with pneumonia. Some algorithms can detect the extent of infection based on the features of X-ray or CT images.

This research is meant to help doctors diagnose COVID-19 accurately and quickly.
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Artificial intelligence is widely used in medical 2213141 |ts accuracy rates and prediction are high 22!, Al can be
applied to multiple phases, such as prediction, diagnosis, virus detection, response, prevention, and recovery, to
accelerate research 1871 Dyring the COVID-19 epidemic, Al recognized chest X-rays or CT images. Features in
X-ray or CT images are extracted for COVID-19 diagnosis by segmenting regions of interest and capturing fine
structures. One of the important subfields of Al is machine learning (ML) (28], It is already widely applied to medical
images 12l20121]  Deep learning (DL) is a promising technology in machine learning (2. Deep learning has multiple
hidden layers for learning and can perform classification or detection tasks well (22241, The role of deep learning in
image recognition is vital 1223261127 The convolutional neural network (CNN) is a kind of deep network. It is
popular in computer vision applications. CNN has been successfully applied to biological image segmentation 28],
traffic sign recognition [2ABYEL face recognition 2331 and other fields. Later studies added rectified linear units,
dropout, data augmentation, and other techniques to CNN. This decreased the error rate of deep learning for

image classification tasks to less than 3% in 2016 24 and exceeded human performance.

| 2. Imaging Modalities for COVID-19 Diagnosis

Computed tomography (CT), published in 1972 B3, has become a widely used tool for diagnostic imaging. CT is a
cross-sectional scan of a certain part of the human body one by one. Its advantages include clear images and fast
scanning. CT is widely used to detect a variety of diseases. X-rays penetrate a person’s body and take an X-ray

image. X-ray images are also an important basis for diagnosing diseases.

2.1. Chest Computed Tomography

CT takes images from different angles. One shot was taken for each rotation angle. Using a large number of
projection images taken from different angles, it can be back-calculated a fault plane image by a mathematical
algorithm. This is computed tomography. Many scholars have studied the features of COVID-19 on CT images. In
the study of patients in Rome and Italy &, ground glass opacity (GGO) was found in 100% of confirmed patients on
CT images. Ground-glass opacity (GGO) means that the density will be slightly increased on high-resolution CT
images, and the bronchovascular will still be visible. This sign is often the manifestation of early lung disease.
Timely detection and diagnosis of GGO are important for clinical management. Multilobe and posterior lung
involvement was present in 93% of patients. Bilateral pneumonia occurred in 91% of patients. Cellina et al. 28
concluded that GGO was more common bilaterally in the peripheral lung areas under the pleura on CT images of
COVID-19. During the disease, the number of consolidations increases, forming fibrotic stripes. Consolidation
refers to accumulating fluids, fibrin, and cellular components in the alveolar airspaces. It reduces alveolar air
content and increases parenchymal density. Wang et al. B2 found that CT manifestations of mild/common-type
infection were multifocal lesions, GGO, involving multiple segments or lobes. CT manifestations of heavy/critical-
type infection show consolidation of multiple lesions and interlobular septal thickening. In the paper 28, Bernheim
et al. mentioned that the CT image features of COVID-19 are consolidative pulmonary opacities and bilateral and
peripheral ground glass. The longer the onset of symptoms, the more findings on CT images. These findings
include bilateral and peripheral disease, consolidation, linear opacities, greater total lung involvement, the “reverse

halo” sign, and a “crazy-paving” pattern. In Guan’s study [2, 56.4% of the COVID-19 subjects showed GGO.
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2.2. Chest X-ray

X-rays are emitted from one end, passed through the body, and picked up by a detector at the other end. What is
received is a two-dimensional image. So X-ray imaging is fast and cheap. Chest X-ray images of patients
diagnosed with COVID-19 show air space consolidation and the bilateral distribution of peripheral hazy lung
opacities 29, When COVID-19 is suspected, the preferred imaging modality for the chest is the X-ray “9. The
radiation dose of chest X-rays is lower than CT, and chest X-rays are cheaper 41, Because portable chest X-ray is
easy to carry and clean, chest X-ray can reduce the risk of COVID-19 transmission during testing 42!, According to
Oh 43 although the sensitivity of chest X-ray results is not high (69%) 22, chest X-rays can be used to determine
the sequence of treatment for patients infected with COVID-19. Diagnosing chest X-rays can alleviate the saturated
healthcare system during the COVID-19 pandemic.
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