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A B S T R A C T   

Objective: SARS-CoV-2 is a worldwide health emergency with unrecognized clinical features. This paper aims to 
review the most recent medical imaging techniques used for the diagnosis of SARS-CoV-2 and their potential 
contributions to attenuate the pandemic. Recent researches, including artificial intelligence tools, will be 
described. 
Methods: We review the main clinical features of SARS-CoV-2 revealed by different medical imaging techniques. 
First, we present the clinical findings of each technique. Then, we describe several artificial intelligence ap-
proaches introduced for the SARS-CoV-2 diagnosis. 
Results: CT is the most accurate diagnostic modality of SARS-CoV-2. Additionally, ground-glass opacities and 
consolidation are the most common signs of SARS-CoV-2 in CT images. However, other findings such as reticular 
pattern, and crazy paving could be observed. We also found that pleural effusion and pneumothorax features are 
less common in SARS-CoV-2. According to the literature, the B lines artifacts and pleural line irregularities are 
the common signs of SARS-CoV-2 in ultrasound images. We have also stated the different studies, focusing on 
artificial intelligence tools, to evaluate the SARS-CoV-2 severity. We found that most of the reported works based 
on deep learning focused on the detection of SARS-CoV-2 from medical images while the challenge for the ra-
diologists is how to differentiate between SARS-CoV-2 and other viral infections with the same clinical features. 
Conclusion: The identification of SARS-CoV-2 manifestations on medical images is a key step in radiological 
workflow for the diagnosis of the virus and could be useful for researchers working on computer-aided diagnosis 
of pulmonary infections.   

1. Introduction 

The emergence of a novel coronavirus SARS-CoV-2 in china has 
affected more than 213 countries and nearly 49 million peoples world-
wide.1 The World Health Organization (WHO) has considered this virus 
as a global pandemic and several control measures have been taken to 
attenuate the spread of this outbreak.2 The SARS-CoV-2 infection is a 
member of the “coronaviruses” family. It belongs especially to the beta 

group, which contains the highly pathogenic viruses in humans, such as 
SARS-CoV and MERS-CoV.3 Although there is a strong similarity be-
tween SARS-CoV-2 and SARS-CoV, the origin and the transmission 
mechanism of this newly emerged virus are still unknown.4 Thus, The 
SARS-CoV-2 continues to spread rapidly over the world with the absence 
of a vaccine or specific treatment.5 
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2. Clinical characteristics of SARS-CoV-2 

While the highly pathogenic virus mainly affects peoples through 
respiratory droplets, it can be transmitted by way of environmental 
contact.6,7 Other studies8,9 suggested that, unlike the other respiratory 
viruses, the SARS-CoV-2 could be transmitted via the oral-fecal route. A 
recent study, carried out by Xia et al.,10 on stool specimens of 71 patients 
with SARS-CoV-2, demonstrated that 39 patients were tested positives 
for fecal SARS-CoV-2 RNA which support the hypothesis that fecal-oral 
transmission could be an additional route for the spread of the virus. The 
commonly SARS-CoV-2 symptoms are fever, cough and fatigue.11–13 

Other gastrointestinal symptoms could be observed in the infected 
peoples such as diarrhea, nausea and loss of appetite.14,15 It is also im-
ported to note, that the virus transmission could occur without any 
symptom; therefore, the asymptomatic persons are a potential source of 
virus transmission. For this reason, strict adherence to the environment, 
hand hygiene and contact isolation are required to ensure a viral control. 
The angiotensin-converting enzyme 2 (ACE2) is the cell receptor for 
SARS-CoV-2 and other severe respiratory syndrome viruses.16 It plays an 
essential role in the regulation of intestinal inflammation and the control 
of cardiac physiology. However, it has been reported that the ACE2 is 
the cell-surface receptor for the virus, which facilitates viral RNA entry 
in the lungs.17,18 

3. The role of medical imaging techniques in the diagnosis of 
SARS-CoV-2 

The reverse-transcription polymerase chain reaction (RT-PCR) is the 
commonly used technique for the detection of SARS-CoV-2. This 
biochemical reaction uses Ribo Nucleic Acids (RNA) instead of Deoxy-
ribo Nucleic Acids (DNA) as a first template.19 In the reverse tran-
scription process, the reverse transcriptase enzyme uses the RNA to 
produce a complementary single-stranded DNA. Then the new comple-
mentary single DNA is converted into double-stranded DNA before its 
use as a template for a PCR reaction.20,21 

Although many efforts have been conducted to maximize the number 
of PCR tests per day, this technique still suffers from some limitations, 
among them, we can note the high rate of false-negative detected in 
patients presenting SARS-CoV-2, the non-availability of PCR reagent and 
kits and the relatively long time process of this technique.22 In such a 
setting, other more accurate techniques or methods are needed to help in 
the diagnosis of persons with suspected SARS-CoV-2. 

In this context, medical imaging techniques play an important role in 
the stratifying of patients selected from first-line clinical triage and in 
the characterization of pulmonary involvement of SARS-CoV-2. In the 
following of this section, the role of medical imaging in combating the 
outbreak of SARS-CoV-2 and obtained results of each imaging tech-
niques are discussed. 

3.1. Chest X-ray 

Considering the high number of clinical suspicions of SARS-CoV-2, 
the Chest X-ray (CXR) technique could be a useful tool for the detec-
tion of the virus, since its availability compared to CT devices. In some 
countries like Spain, CXR is the first imaging modality used for the 
diagnosis of patients with suspected infection.23 

3.1.1. CXR findings 
The main features observed in radiographic images of patients with 

SARS-CoV-2 were ground-glass opacities (GGO), pulmonary nodules 
and interstitial changes.24,25 

The GGO were defined as hazy areas with increased lung density 
without obscuration of bronchial structures and vessels (see Fig. 1).26 

In a recent study, carried out by Wong et al.27 on 64 patients with 
confirmed SARS-CoV-2, the consolidation and GGO features were pre-
sent in CXR images associated with 51 patients. Another finding of this 

study is that the peripheral and lower zones are the most common 
location of these abnormalities, which could be explained by the fact 
that cells in those areas express more ACE2.28 Similarly, a retrospective 
study established by Weinstock et al.29 based on a database of 718 pa-
tients with SARS-COV-2, showed that 33.8% of pulmonary abnormal-
ities were identified in the lower lobe. In another study, including 99 
patients with confirmed SARS-COV-2, bilateral pneumonia was identi-
fied in 75% of CXR images.30 Yoon et al.31 demonstrated that GGO and 
post-inflammatory focal atelectasis were frequently found in the chest 
radiography of SARS-COV-2 patients and 80% of the opacities were 
identified in the peripheral lungs. 

A comparative study between Chest X-ray and Computed Tomogra-
phy (CT) findings for COVID-affected patients was introduced by NG 
et al.32 Authors showed several cases of normal CXR, which present 
pulmonary abnormities on the CT thorax. This finding highlights the less 
specificity of CXR in comparison with CT. 

Furthermore, other studies reported that a proportion of patients 
with positive RT-PCR test had initially a normal CXR or CT findings,33,34 

which support the hypothesis that radiological findings of SARS-CoV-2 
correlate with disease stage. 

Given the increased number of suspected cases, the use of CXR could 
play a discriminable role. It may prevent the need for CT examination, 
particularly in the countries with limited access to the RT-PCR tech-
nique. However, in the case of highly clinically suspected, an RT-PCR 
test or CT should be performed. 

3.2. Chest computed tomography (CT) 

According to recent clinical experience, Chest Computed Tomogra-
phy (CT) is considered as the most accurate diagnostic modality of 
SARS-CoV-2 infection.35 Although the presence of other early diagnosis 
tests of viral diseases such as RT-PCR and biomarkers,36,37 The CT im-
ages provide more evidence of virus progression and it is recommended 
mainly for asymptomatic patients with negative nucleic acid testing.38 

In fact, sensitivity of chest CT is greater than RT-PCR in the identifica-
tion of SARS-CoV-2 infection as shown in Fang et al.39 works. and as was 
demonstrated in a study that covered 1014 patients with positive RT- 
PCR test that showed a sensitivity of 97% of chest CT in the detection 
of SARS-CoV-2.40 

3.2.1. Chest CT findings 
Several studies in literature showed that GGO and consolidation are 

the most common signs of SARS-CoV-2 in CT images.41,42 Li et al.43 

conducted a study on 51 patients with SARS-CoV-2 confirmed by RT- 
PCR and they reported that 96.1% of CT images reveal GGO or 

Fig. 1. A 71-year-old female, with SARS-CoV-2, CXR shows extensive paren-
chymal peripheral opacities in all pulmonary lobes. 
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consolidation sign. 
Chen et al.44 reported that 75% of SARS-CoV-2 patients had bilateral 

pneumonia on CT images. Other interesting features were also found in 
CT images of SARS-COV-2 patients; among them, we can note the 
reticular pattern, which manifests as a collection of small linear opaci-
ties in the lung (see Fig. 2).45,46 Another common CT finding is the crazy- 
paving pattern that consists of linear patterns superimposed on a 
background of GGO (see Fig. 3).47,48 Other atypical features were 
demonstrated in CT images such as pleural effusion,49,50 lung fibrosis 
(see Fig. 4) and airway changes.51,52 

3.2.2. Differential diagnosis 
Although the characterization of SARS-CoV-2 features plays a critical 

role in the identification of the disease and follow-up, the CT manifes-
tations are still nonspecific and the disease is difficult to isolate in the 
case of other severe pneumonia diseases such as SARS and MERS 
infections.53 

In fact, multifocal GGO and consolidation are seen in patients with 
SARS, MERS and more recently in patients with SARS-CoV-2. Some 
works report that bilateral lung involvement is observed in patients with 
SARS-CoV-2, while SARS and MERS are characterized by unilateral 
chest abnormalities.54 Furthermore, pleural effusion and pneumothorax 
features are less common in SARS-CoV-2 and SARS while they are more 
common in MERS infection.55,56 Since the symptoms of SARS-CoV-2 are 
very similar to those of other viral infections, the association between CT 
imaging findings and epidemiological histories is needed to improve the 
diagnosis and to control the pandemic. 

Although the importance of CT clinical features in the diagnosis and 
the monitoring of the virus, the CT examination still time-consuming in 
comparison with the other rapid tests.57 In addition, the CT scan is 
relatively less available because of the high volume of examination per 
day. 

3.3. Chest ultrasound 

While most published papers focused on the role of CXR and chest CT 
findings in the diagnosis of SARS-CoV-2, less attention was paid to the 
thoracic ultrasound imaging and their possible contributions to the 
identification of the virus. A preliminary study carried out by Peng et al. 
showed that thoracic ultrasound findings were similar to those of CT 
scans.58 

3.3.1. Chest ultrasound findings 
The screening of lung diseases is based on ultrasound artifacts 

interpretation arising from the pleural surface and the chest wall. Ac-
cording to Volpicelli et al.’s study, the B lines artifacts with their 
different forms are a common sign of SARS-CoV-2 in chest ultrasound 
images,59 particularly for subjects with middle severity. This artifact has 
gained a growing interest as a discriminative feature of pulmonary 
diseases and it is defined as discrete long wide bands that arise from the 
pleural line and moving synchronously with lung sliding.60 Addition-
ally, pleural line irregularities can be seen as another sign of SARS-CoV- 
2 in ultrasound images. In normal lungs, the horizontal lines under the 
pleural line are separated by regular distance. For the patient with SARS- 
CoV-2, these pleural lines present an irregularity, discontinuity, and 
increased thickness. 

Ultrasound modality could be useful to assess the presence of the 
new virus, given its availability and its low cost. Nevertheless, this 
technique is not able to examine the deep field of the lung due to several 
artifacts such as ring-down artifacts, mirroring, and acoustic shadowing. 
In clinical practice, the chest ultrasound is reserved for the screening of 
peripheral pulmonary abnormalities.61 Besides, most results on the 
characterization of SARS-CoV-2 using chest ultrasound are still pre-
liminary and further studies should be conducted to confirm the role of 
this technique in the diagnosis of the virus. The main advantages and 
limitations of each medical technique used for the diagnosis of SARS- 
CoV-2 are summarized in Table 1: 

4. The clinical impact of medical imaging based on artificial 
intelligence on the diagnosis of SARS-CoV-2 

With the aim of dealing with the pandemic of SARS-CoV-2, the ma-
jority of countries adopted the strategy of isolation at home for sus-
pected people which develop mild or moderate complications. The 
hospitalization is only required for subjects with severe complications 
like respiratory failure, cardiac injury, and severe pneumonia. However, 
this strategy resulted in a very high mortality rate compared to the 
number of affected subjects. The increase in mortality rate can be 
explained by the rapid health deterioration of subjects with SARS-CoV-2 
and the lack of oxygen support.62 The majority of people with COVID-19 
come to the emergency room with very serious complications.63,64 

The use of medical imaging techniques in conjunction with artificial 
intelligence (AI) systems could play an important role by providing a fast 
and early identification tool of patients with severe diseases. Addition-
ally, AI could be suitable to identify the main risk factors associated with 
the quick development of severe complications for patients with SARS- 
CoV-2, which will allow the optimization of the treatment plan. Based 
on intelligent scanning, some studies have already been conducted to 
detect SARS-CoV-2 and assess its severity using various medical imaging 
techniques. 

Many machine learning algorithms, especially those based on deep 
learning, have been very successful in classification, segmentation, and 
quantification of pulmonary diseases. In fact, the main steps to detect 
lung abnormalities using deep learning approaches include a selection of 
the lung, extraction of image features from the region of interest and the 
use of the deep learning model to detect pulmonary abnormalities or 
infection. A state of the art on the different deep learning techniques 
used in the processing of SARS-CoV-2 patient images is presented. The 
main keywords used for identifying the relevant papers are the 
following: deep learning, artificial intelligence, SARS-COV-2, CT im-
ages, CXR images, COVID 19, prediction, feature extraction. All the 
returned results have been carefully reviewed and filtered. In the 
following section, we describe only the papers from literature that 
explicitly used deep learning models to predict SARS-CoV-2 from chest 
CT and CXR images. The recent studies including machine-learning 
approaches were not considered in this review. 

It is important to note that computerized tomography is the most 
used medical imaging technique for the diagnosis of SARS-CoV-2 in 

Fig. 2. A 73-year-old female, with SARS-CoV-2, presenting fever and wors-
ening cough. Axial non-enhanced CT scan shows GGO and initial fine linear 
reticulations in the left and right lobes. 
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many countries. This frequent use has made databases available to re-
searchers. Recently, Li et al.65 developed a new fully automatic algo-
rithm called COV-Net, able to detect SARS-CoV-2. The algorithm is 
based on the ResNet-50 for the selection of SARS-CoV-2 features. In their 
study, they used a large dataset of chest CT images including 
community-acquired pneumonia (CAP) and other non-pneumonia CT 
exams. The GGO, consolidation and bilateral involvement were used as 
features in the training stage to predict whether the virus infection is 
confirmed or not. Although the COV-Net algorithm can accurately 
identify the SARS-CoV-2 in CT images, it is not able to assess the level of 
severity of this infection. For the same purpose, Jin et al.66 used another 
algorithm based on 2D Convolutional Neural Network (CNN) to classify 
10,250 CT images into four categories: SARS-CoV-2, non-pneumonia, 
CAP, and Influenza A/B. The dataset was collected from different centers 
and from publicly available datasets. The algorithm achieved a sensi-
tivity of 90.19% and a specificity of 95.76%. However, its performance 
is still highly dependent on infection size. Additionally, the CNN clas-
sification algorithm focuses on some clinical features while others are 
ignored which could result in a misclassification between different 
categories. Another study, including 35,355 CT images, used UNet++ to 

detect viral pneumonia and specifically the SARS-CoV-2 infection.67 The 
average time to predict the presence of infection using this architecture 
is 41.34 s per patient and the algorithm includes the following CT fea-
tures of SARS-CoV-2: GGO, paving and consolidation. It reached a 
sensitivity of 94.34% and a specificity of 99.16%. The main drawback of 
this classification algorithm is the use of manual annotation of training 
segmentation, which is prone to inter-observer variability. 

To overcome this limitation, Zheng et al.68 used a weakly supervised 
algorithm based on 3D deep neural network (DNN) to reduce radiolo-
gist’s annotation efforts. The DNN algorithm is able to predict the 
probability of SARS-CoV-2 infection with a sensitivity of 90.7% and a 
specificity of 91.1%. Since the algorithm has been tested on a limited 
number of training CT volumes, other studies based on larger datasets 
should be conducted to validate its performance. Similarly, Xu al.69 used 
a 3D CNN to classify CT images into three categories: SARS-CoV-2, 
influenza viral pneumonia and no infection. In their algorithm, they 
used nodules, focal opacities, and the detection of larger-sized diffuse 
opacities as features to differentiate between SARS-CoV-2 and other 
influenza viral pneumonia. The findings of their study reported an area 
under the ROC curve (AUC) of 0.86. 

Fig. 3. A 57 year-old male with SARS-CoV-2: (a) CT scan demonstrated an initial consolidation in the superior left lobe and a reticular pattern superimposed on the 
GGO, which the sign of crazy paving pattern, (b) Sagittal view non-enhanced CT scan reveals peripheral focal ground glass opacity in the left upper lobe; (c) 3 days 
after admission, a follow-up CT scan shows worsening multifocal GGO with extensive interlobular thickening. 
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Ying et al.70 developed a new algorithm called “Details Relation 
Extraction neural network (DRE-Net)” to discriminate between patients 
with SARS-CoV-2 and bacteria pneumonia infected patients. As a result, 
they achieved a sensitivity of 96% but this study is still preliminary since 
they only used GGO abnormality as SARS-CoV-2 feature. More recently, 
Gozes et al.71 used the Unet model combined with ResNet-50 to classify 
the lung as normal or infected with SARS-CoV-2. The main advantage of 
this technique is the integration of new metric score based on the size of 
patient lung as criteria of SARS-CoV-2 severity. 

While many researches have reported promising results based on AI 
for the diagnosis of SARS-CoV-2 using CT Images, a few studies have 
focused on the detection of this virus using CXR images.72,73 Among 
them, we can point out the study of Abbas et al.74 that applied the CNN 
model on 1764 CXR images to detect SARS-CoV-2 infection. Although 
they achieved a sensitivity of 97.91% and a specificity of 91.87%, the 
algorithm performance is still constrained by the irregularities of the 
CXR data. Similarly, another study, conducted on 13,800 CXR images, 
used a DNN algorithm for the same purpose.75 The main specificity of 
this algorithm is that a human specified design requirement was added 
to optimize the microarchitecture design and to accurately identify the 
positive SARS-CoV-2. In addition to the methods described above, Narin 
et al.76 established a comparison between five pre-trained CNN based 
models for the detection of the SARS-CoV-2 virus: ResNet-50, inception 
V3, ResNet-101, ResNet-152 and Inception-ResNet2. In their study, they 
demonstrated that the ResNet-50 gives the highest accuracy (98%). 
However, this study was conducted on 7406 CXR images including only 
341 with SARS-CoV-2 while the remaining images are associated to 
healthy, viral, and bacterial pneumonia cases. 

The detection of SARS-CoV-2 infection using CXR is very chal-
lenging, especially with the limited availability of large datasets and 
annotated data. To overcome this issue, some works have attempted to 
use Generative Adversarial Network (GAN) combined with other deep 
learning models to overcome the limited number of CXR dataset.77 The 
GAN algorithm can be defined as a data augmentation approach able to 
increase the number of training images, even with limited data.78 

Table 2 shows an overview of the literature on this topic, where the deep 
learning technique used to detect SARS-CoV-2, the imaging modality, 
the number of images studied, and the sensitivity, specificity and AUC 
are summarized: 

Fig. 4. A 63-year-old male with SARS-CoV-2: (a) CT scan shows mosaic distribution of GGO in all pulmonary lobes (b) after three weeks of intubation, a follow-up CT 
scan shows extensive peripheral fibrosis linear pattern. 

Table 1 
A summary of clinical SARS-CoV-2 features of chest CXR, chest CT and ultra-
sound techniques with main advantages and disadvantages.  

Medical 
imaging 
techniques for 
the diagnosis 
of SARS-CoV-2 

Main clinical 
SARS-CoV-2 
features 

Advantages Disadvantages 

Chest CXR  • GGO 
pulmonary 
nodules  

• Interstitial 
changes  

• Consolidation  
• Bilateral 

pneumonia  
• Post- 

inflammatory 
focal atelectasis  

• Easy to perform at 
the bed of the 
patient for follow 
up.  

• Availability  

• Insufficient 
sensitivity to 
identify low 
density GGO  

• Unable to detect 
pulmonary 
embolism and 
crazy paving 

Chest CT  • GGO  
• Consolidation  
• Bilateral 

pneumonia  
• Reticular 

pattern  
• Crazy-paving 

pattern  
• pleural effusion  
• Lung fibrosis  
• Airway 

changes  

• Good 
reproducibility to 
follow evolution 
of pneumonia  

• High sensibility to 
identify 
pulmonary 
embolism.  

• Early detection of 
SARS-CoV-2 im-
aging 
manifestations.  

• Less available  
• Dose exposure 

may become 
significant for 
young patients if 
several scans are 
needed. 

Chest 
Ultrasound  

• B lines artifacts  
• Pleural line 

irregularities  

• Available  
• Low cost  
• Noninvasive 

technique  

• The technique is 
affected by 
several artifacts 
such as ring- 
down artifacts, 
mirroring and 
acoustic 
shadowing.  

• Unable to 
examine the 
deep field of the 
lung.  

• Operator 
dependent.  
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Table 2 
A summary of existing deep learning approaches applied for the detection of SARS-CoV-2 infection using CT and CXR images.  

Selected 
works 

Algorithm name Type 
of data 

Number of 
images (N) 

Data source Data 
distribution 

Application Performances 

Li et al.65 ResNet-50 CT N = 4352 
30% SARS-CoV- 
2 40% CAP 
30% non- 
pneumonia. 

Six hospitals in China Training. =
90% 
Testing =10% 

Prediction of the presence or 
not of the virus infection 

AUC: 0.96 
Specificity: 96% 
Sensitivity: 90% 

Chen 
et al.67 

UNet++ CT N = 35,355 
60% SARS-CoV- 
2 40% controls 

Renmin Hospital of Wuhan 
University, China 

Training. =
80% 
Testing =20% 

Detection of SARS-CoV-2 
infection 

Specificity: 
99.16% 
Sensitivity: 
94.34% 
Accuracy:98.85% 
PPV:88.37% 
NPV:99.61% 

Jin et al.66 2D CNN CT N = 10,250  - Three centers from Wuhan  
- Three publicly database 

(LIDC-IDRI, CC-CCII, Tri-
anchi Alibaba)79–81 

Random 
distribution 

Detection of SARS-CoV-2 AUC: 0.97 
Specificity: 
95.76% 
Sensitivity: 
90.19% 

Zheng 
et al.68 

3D DNN CT N = 630 
58% SARS-CoV- 
2 42% controls 

Three hospitals from Wuhan, 
China 

Training =
80% 
Testing =20% 

Prediction of the probability 
of SARS-CoV-2 infection 

AUC: 0.95 
Specificity: 91.1% 
Sensitivity: 
90.7% 

Xu et al.69 3D CNN CT N = 618 
35.4% SARS- 
CoV-2 
36.2% Influenza 
viral pneumonia 
28.3% controls 

Three hospitals from Zhejiang, 
China 

Training+
validation 
=85% 
Testing 
=14.6% 

Classification of the lung into 
three categories:   

- Normal  
- SARS-CoV-2  
- Influenza viral pneumonia 

AUC: 0.86 

Ying 
et al.70 

Details Relation 
Extraction neural 
network (DRE-Net) 

CT N = 1990 
39% SARS-CoV- 
2 
25.37% bacteria 
pneumonia 
35.57% controls 

Renmin Hospital of Wuhan 
and two affiliated hospitals of 
Sun Yat-sen University, China 

Training. =
60% 
Testing =30% 
Validation =
10% 

Discrimination between SARS- 
CoV-2 patients and bacteria 
pneumonia infected patients 

AUC: 0.95 
Sensitivity: 96% 

Gozes 
et al.71 

UNet architecture and 
ResNet-50 

CT N = 1865 
44.45% SARS- 
CoV-2 
55.54% controls  

- Zhejiang hospitals, china  
- El Camino hospital, USA  
- Hospital of Geneva. 

Random 
distribution 

Classification of the lung as 
normal or abnormal (SARS- 
CoV-2) 

AUC: 0.94 

Javaheri 
et al.82 

UNet architecture CT N = 89,145 
36.1% SARS- 
CoV-2 
28.8% CAP or 
other viral 
infections 
35% controls 

Five hospitals from Iran Training. =
90% 
Testing =10% 

Classification of the lung into 
three categories:   

- SARS-CoV-2  
- CAP  
- Other infections 

AUC: 0.96 
Specificity: 94% 
Sensitivity: 
87.5% 

Wang 
et al.83 

Transfer learning 
neural network based 
on the inception 
network 

CT N = 1065 
30.5% SARS- 
CoV-2 69.5% 
controls 

Three hospitals from China Random 
distribution 

Identification of viral 
pneumonia images 

AUC: 0.93 
Specificity: 88% 
Sensitivity: 87% 

Abbas 
et al.74 

CNN CXR N = 1764  - Japanese Society of 
Radiological Technology 
(JSRT)  

- Publicly available 
database84 

Training. =
70% 
Testing =30% 

Detection of SARS-CoV-2 
infection 

AUC: 0.93 
Specificity: 
91.87% 
Sensitivity: 
97.91% 

Ozturk 
et al.85 

Modified CNN model 
called “Darknet” 

CXR 1125 
11.1% SARS- 
CoV-2 
44.4% 
Pneumonia 
44.4% No 
finding 

Two publicly database84,86 Training +
validation. =
80% 
Testing =20% 

Classification of CXR images 
in two categories:   

- SARS-CoV-2  
- No finding 

Specificity: 95.3% 
Sensitivity: 
95.13% 
Accuracy: 
98.08% 

Classification of CXR images 
into three categories:   

- SARS-CoV-2  
- No finding  
- Pneumonia 

Specificity: 
92.15% 
Sensitivity: 
85.35% 
Accuracy: 
87.02% 

Wang 
et al.72 

DNN CXR 13,800 
2.56% SARS- 
CoV-2 
57.7% 
Pneumonia 
39.6% healthy 

Five publicly database84,87–90 Training. =
80% 
Testing =20% 

Classification of the lung into 
three categories:   

- No infection  
- SARS-CoV-2  
- Viral/bacterial infection 

Sensitivity: 91% 
Accuracy: 93.3% 
PPV: 91.9% 

Zhang 
et al.91 

CNN CXR 43,637 Two publicly database84,92 Random 
distribution 

Identification of SARS-CoV-2 AUC: 0.951 
Specificity: 
97.97% 
Sensitivity: 72%  
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5. Future works 

While many studies based on AI have been conducted to diagnose 
SARS-CoV-2 using medical imaging, further clinical validation should be 
performed to support their inclusion in clinical practice. Several recent 
studies trained their deep learning algorithm on medical images, 
including advanced infections. Therefore, they are less sensitive to 
detect the early sign of the virus. Additionally, most of the reported 
works focused on the detection of SARS-CoV-2 from medical images 
while the main challenge for the radiologists is how to differentiate 
between SARS-CoV-2 and other viral infections with the same clinical 
features such as SARS and MERS infections. To address this issue, other 
future works are needed to extract the most relevant features and 
anatomical signatures able to differentiate between different viruses. 
Furthermore, large, manually labeled training data are required. Finally, 
more attention should be paid on how to predict patient outcomes and to 
track disease evolution. 

6. Available datasets 

CT open datasets can be found in their corresponding websites listed 
below: 

SARS-CoV-2 Chest CT Datasets 
http://medicalsegmentation.com/covid19/ 
https://www.kaggle.com/raju406907/computed-tomograph 
y-of-lungs-datase-for-covid19#2020.03.26.20041426-p11-124. 
png 
https://github.com/UCSD-AI4H/COVID-CT 

SARS-CoV-2 CXR Datasets 
https://www.kaggle.com/khoongweihao/covid19-xray-data 
set-train-test-sets 
https://www.kaggle.com/tawsifurrahman/covid19-radiography 
-database 
https://www.kaggle.com/nabeelsajid917/covid-19-x-ray-10000 
-images 
https://www.kaggle.com/darshan1504/covid19-detection-xra 
y-dataset 
https://www.kaggle.com/masumrefat/chest-xray-images-pn 
eumonia-and-covid19 
https://www.kaggle.com/rupeshs/covid19-chest-x-rays 
https://www.sirm.org/category/senza-categoria/covid-19/ 

A SARS-CoV-2 Mixed Datasets (CXR and CT) 
https://www.kaggle.com/bachrr/covid-chest-xray 
https://github.com/ieee8023/covid-chestxray-dataset 

7. Conclusions 

Identification and localization of SARS-CoV-2 manifestations on 
medical images is a key step in radiological workflow for the diagnosis of 
the new virus. In this review, we highlight the main signs of SARS-CoV-2 
in CXR, CT and US images. Most of the reported studies reveal that CT 
imaging findings play an important role in the diagnosis of a patient 
with suspected SARS-CoV-2 infection. Moreover, the development of 
computational algorithms based on deep learning models has shed new 
light on the detection of SARS-CoV-2 using medical images analysis. 
However, many efforts are still required to assess disease progression 
and futures multicenter studies on large datasets are needed to improve 
the diagnosis and to control the transmission. Beyond medical images 
analysis, other promising AI studies, including robotics, vaccine dis-
covery, protein structure prediction and molecular modeling, could be 
used to fight against the virus. 
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