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Abstract—Coronavirus disease 2019 (COVID-19) caused
by the severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) is spreading rapidly around the world, result-
ing in a massive death toll. Lung infection or pneumonia is
the common complication of COVID-19, and imaging tech-
niques, especially computed tomography (CT), have played
an important role in diagnosis and treatment assessment of
the disease. Herein, we review the imaging characteristics
and computing models that have been applied for the man-
agement of COVID-19. CT, positron emission tomography
- CT (PET/CT), lung ultrasound, and magnetic resonance
imaging (MRI) have been used for detection, treatment, and
follow-up. The quantitative analysis of imaging data using
artificial intelligence (AI) is also explored. Our findings indi-
cate that typical imaging characteristics and their changes
can play crucial roles in the detection and management of
COVID-19. In addition, AI or other quantitative image analy-
sis methods are urgently needed to maximize the value of
imaging in the management of COVID-19.

Index Terms—COVID-19, imaging, chest CT, artificial
intelligence.

I. INTRODUCTION

CORONAVIRUS disease 2019 (COVID-19), which is
caused by the severe acute respiratory syndrome coron-

avirus 2 (SARS-CoV-2), emerged in December 2019 and rapidly
developed into a global outbreak [1], [2]. COVID-19 presents
as an acute respiratory tract infection syndrome and is highly
infectious [3]. Critically ill patients with COVID-19 have a
high mortality rate [4]. By April 20, 2020, more than 84,000
COVID-19 cases have been confirmed in China, and more than
2.30 million cases contracted the disease globally.

The typical clinical characteristics of COVID-19 cases in-
clude fever, respiratory symptoms, pneumonia, decreased white
blood cell (WBC) count, and decreased lymphocyte count [5]–
[7]. The reverse-transcription polymerase chain reaction (RT-
PCR) testing is considered as the standard method for screening
suspected cases [8], [9]. However, the sensitivity of RT-PCR
screening is relatively poor in some situations. Thus, SARS-
CoV-2 infection cannot be entirely excluded, even if RT-PCR
results from a suspected patient are negative [10]–[12]. There-
fore, medical imaging, in particular, chest computed tomography
(CT), is often used as a complementary examination in the diag-
nosis and management of COVID-19. Typical imaging charac-
teristics of lung in COVID-19 include lesions with ground-glass
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Fig. 1. The flowchart of case definitions and clinical classification of adult COVID-19 patients in China [9]. S1-S7: the number of entries that meet
the conditions.

opacities (GGO), consolidation, bilateral patchy shadowing,
pulmonary fibrosis, multiple lesions and crazy-paving pattern,
and so on [13], [14]. These imaging interpretations played a
key role not only in the diagnosis of COVID-19 but also in
the monitoring of disease progression and the evaluation of
therapeutic efficacy [15], [16].

The latest Chinese diagnosis and treatment protocol for
COVID-19 (trial version 7) also highlights the value of imaging
for detecting COVID-19 [9]. As shown in the flowchart of
COVID-19 detection and staging of adult patients in China
(Fig. 1), chest imaging has played an important role in both
the case definitions and clinical classification.

Case definitions: For screening of the suspected cases, the
epidemiological history and clinical manifestations of a patient
are comprehensively analyzed, in which the chest imaging char-
acteristics is adopted as one of the clinical manifestations [9].
Abnormal chest imaging characteristics of COVID-19 include
multiple small patchy shadows and interstitial changes, more
apparent in the peripheral zone of lungs (early stage), multiple
GGO and infiltration in both lungs (progression stage), and
pulmonary consolidation (severe stage). A suspected case with
any positive etiological or serological results is confirmed as
COVID-19.

Clinical classification: Confirmed COVID-19 cases are clas-
sified as mild, moderate, severe, or critically ill cases. The clas-
sifications of the first three types all involve the chest imaging.
COVID-19 patients with mild clinical symptoms and with no

sign of pneumonia on chest imaging are confirmed as mild cases,
while patients with fever, respiratory symptoms, and chest imag-
ing findings of pneumonia are categorized as moderate cases.
Besides the respiratory distress, oxygen saturation, and arterial
partial pressure of oxygen (PaO2)/fraction of inspired oxygen
(FiO2), an adult patient with chest imaging showing obvious
lesion progression >50% within 24–48 hours is managed as a
severe case.

There are lots of studies investigating the imaging char-
acteristics during the diagnosis, follow-up, and treatment of
COVID-19 [5], [13], [17]. A comprehensive review of the role
of imaging in the detection and management of COVID-19 is
urgently needed. In this review, we searched Google Scholar,
PubMed, and Web of Science using the keywords “coronavirus,
or COVID-19, or 2019-nCoV, or pandemic” and “imaging” for
alternative literature published before April 20, 2020. The search
resulted in more than 1,000 publications. We then carefully
selected the most appropriate articles about the imaging of
COVID-19.

In Section II, we will first introduce the imaging characteris-
tics used for the detection of COVID-19. Then, the change of
imaging characteristics during the follow-up and the treatment of
COVID-19 patients is described in Section III. The quantitative
analysis could maximize the effectiveness of imaging, and the
AI-based image analysis is conducted in Section IV. Finally, we
provide a thorough discussion of key findings in Section V with
a conclusion in Section VI.
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II. IMAGING MODALITIES IN DIAGNOSIS OF COVID-19

Medical imaging is a useful supplement to RT-PCR testing
for the diagnosis of COVID-19. Typical imaging characteris-
tics, especially the CT characteristics, are found in COVID-19
patients. In the following subsections, we will introduce CT and
other imaging modalities in diagnosis of COVID-19.

A. The CT Characteristics in Diagnosis of COVID-19

1) CT Characteristics of Typical COVID-19: Chest CT
scan of COVID-19 patients could be evaluated for the following
characteristics [5], [13], [17]–[20]: (1) presence of GGO; (2)
presence of consolidation, (3) laterality of GGO and consoli-
dation; (4) number of lobes affected by GGO or consolidative
opacities; (5) degree of each lung lobe involvement in addition to
the overall extent of lung involvement; (6) presence of nodules;
(7) presence of pleural changes such as pleural effusion or
pleural thickening; (8) presence of thoracic lymphadenopathy;
(9) airway abnormalities; (10) axial distribution of disease; (11)
presence of underlying lung disease such as emphysema or
fibrosis; and other abnormalities including linear opacities and
opacities with a crazy-paving pattern.

The above mentioned CT characteristics have got extensive
attention from the clinicians [21]. The typical CT characteristics
for four COVID-19 cases are shown in Fig. 2. Table I shows
several studies about the CT characteristics in COVID-19.

GGO, defined as hazy increased lung attenuation with preser-
vation of bronchial and vascular margins [22], [23], is the most
common early finding of COVID-19 on chest CT. Guan et al.
[5] found that 56.4% COVID-19 patients had GGO in chest CT
imaging. Ai et al. [10] also reported that GGO was one of the
main CT signs of COVID-19 patients, even in suspected cases
with initial negative RT-PCR testing. Han et al. [24] pointed out
that early CT findings are multiple patchy pure GGO with or
without consolidation involving multiple lobes, mainly in the
peripheral zone, accompanied by a halo sign, vascular thicken-
ing, or air bronchogram signs. Salehi et al. [25] performed a
systematic review of imaging findings of COVID-19 and found
that GGOs are prone to increase in number and size, and often
progressively transform into multifocal consolidative opacities
and septal thickening in the intermediate stage of the disease.
Xu et al. [26] found that the density of lung lesion in COVID-19
was mostly uneven with GGO as the primary presentation ac-
companied by partial consolidation and fibrosis. Wu et al. [27]
investigated 80 patients diagnosed with COVID-19 and found
that 73% of the patients with clinical manifestations (e.g., cough
and fever) demonstrated multiple typical imaging features like
GGO, interlobular septal thickening, and consolidation. Similar
features and enlargement of vascular were also reported in Zhao
et al’s study [28].

Besides GGO, bilateral patchy shadowing is one of the most
common radiologic findings on chest CT [5], [16], [25]. Two
studies have investigated the percentage of bilateral involvement
in patients with COVID-19 [3], [17]. They studied the degree
of involvement in disease classification of the five lung lobes
and found up to almost 100% bilateral involvement of them for
patients with COVID-19. In a study of 41 patients in Wuhan,

TABLE I
SEVERAL STUDIES OF CT CHARACTERISTICS IN COVID-19
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Fig. 2. Four examples of COVID-19 patients from Beijing Youan Hos-
pital. (a) Early stage patient: Female, 44 years old, fever for 3 days,
body temperature 38.3 °C, fatigue, cough. CT characteristics: Multiple
pulmonary lobules involved, sub-pleural focal GGO accompanied by
bronchial passage, thickened blood vessels, no mutual fusion or con-
solidation opacity. (b) Progression stage patient: Female, 56 years old,
fever for 2 days, no cough, body temperature 37.3 °C. CT character-
istics: Multiple pulmonary lobules or involvement of lung segments in
the advanced stage, localized GGO accompanied by bronchi running
under the pleura, thickened blood vessels, merged pulmonary lobule
opacities, and local consolidation opacity. (c) Outcome stage patient:
Female, 30 years old, fever and cough for 5 days. CT characteristics:
Multiple focal high-density opacities in both lung fields on the 5th day
of onset (pre-treatment); absorption improved on the 8th day of onset
(post-treatment), showing streaky opacity only. (d) Severe (critically ill
stage) patient: Male, 53 years old, fever for 3 days with a dry cough, body
temperature up to 39 °C. CT characteristics: The consolidation of the
two lungs is known as “white lung”, high-density opacity occurs due to
the alveoli being filled with a large number of phagocytes and neutrophil
fragments, losing gas exchange capacity, and becoming consolidated.

China, Huang et al. [32] claimed that abnormalities in chest CT
images were detected among all patients, and most patients had
bilateral involvement. The typical CT findings of ICU patients
were bilateral multiple lobular and subsegmental areas of con-
solidation.

Consolidation and pulmonary fibrosis are also typical CT
signs in the late stage of COVID-19. In a study involving 51
COVID-19 patients, Song et al. [33] concluded that lesions with
consolidation could serve as either a marker of disease progres-
sion or of more severe disease. Consolidation was found to be
more common in pregnant women [22]. Sun et al. [34] found
that COVID-19 infection could increase the risk of pulmonary
fibrosis, and they suggested that pulmonary fibrosis could be-
come a critical complication in patients with COVID-19. Thus,
it is important for clinicians to be alert to the occurrence of
pulmonary fibrosis in COVID-19 patients.

Multiple lesions and crazy-paving pattern are also common
in COVID-19 patients. Zhou et al. [35] found that, even on the
initial CT scan, COVID-19 is more likely to manifest as multiple
lesions rather than a single lesion. Moreover, in the early stage
of the disease, the virus is more likely to invade the branches
of the right inferior lobar bronchus and cause infection. The
lesions showed a predominantly peripheral distribution, with

the middle and lower zones and the posterior area of both lungs
were significantly more involved. Li et al. [31] showed that
36% patients, especially the severe patients, have crazy-paving
patterns in chest CT images, which could be a sign of the poor
condition.

2) CT Characteristics in Asymptomatic COVID-19:
Screening of patients with an asymptomatic or atypical pre-
sentation is an important aspect of controlling the spread of
COVID-19. As a diagnosis tool, CT is also useful to explore
the imaging characteristics of asymptomatic and atypical pa-
tients. Hao et al. [36] found that, when the initial RT-PCR
results of some patients were negative, chest CT showed typical
radiographic findings, including GGO and/or mixed consol-
idation. Ai et al. [10] also reported the CT signs (bilateral
lung lesions, GGO, and consolidations) of suspected COVID-19
patients with negative RT-PCR testing. Similarly, Fang et al.
[37] reported that the CT signs of asymptomatic COVID-19
pneumonia included bifocal extra-zonal, bilateral and multifocal
distribution.

However, not all asymptomatic patients have typical radio-
graphic signs. Hu et al. [38] collected a total of 24 asymptomatic
patients in China who were confirmed to be positive for COVID-
19 by RT-PCR. Of these 24 patients, 12 patients showed typical
chest CT images, which included GGO shadows; 5 patients had
fever, cough, fatigue, and other symptoms during hospitaliza-
tion, with chest CT images showing atypical radiographic signs
(e.g., striped shadows in the lungs). The remaining 7 patients
showed normal CT images in addition to having no clinical
symptoms. In the statistical analysis of the patients’ clinical
characteristics, the authors found that 7 patients with normal
CT findings and no symptoms were significantly younger than
the other patients (median age: 14.0 years old, P = 0.012).
That study also confirmed that asymptomatic patients were
contagious as well. Ling et al. [39] drew the same conclusions
regarding the chest CT scans of asymptomatic patients: the
authors retrospectively collected the data of 295 patients and
found initial negative CT images in 49 patients. Of these 49
patients, 15 became positive after 3-6 days. The CT images
of the other 34 patients showed persistent negative (after 3–14
days), and it should be noted that 4 of them did not show any
clinical symptoms or imaging abnormalities. Therefore, not all
asymptomatic patients have typical CT signs. The combination
of chest CT imaging, RT-PCR, and close follow-up should be
used to detect these asymptomatic COVID-19 patients.

3) Use of CT Characteristics for Discriminating COVID-
19 Pneumonia From Other Pneumonia: The use of CT find-
ings for discriminating COVID-19 pneumonia from other pneu-
monia has attracted considerable attention. Upon reviewing
coronavirus cases associated with severe acute respiratory syn-
drome (SARS) and the Middle East respiratory syndrome
(MERS), GGO and/or lung consolidation were typically charac-
terized on chest CT, which is different from the characteristics
of other viruses [40]. Similarly, the typical radiological features
of COVID-19, multiple lobular GGO and subsegmental areas
of consolidation are met more often [41]. Beyond that, most
patients with COVID-19 pneumonia show bilateral involve-
ment and multiple mottling, whereas the typical features of



20 IEEE REVIEWS IN BIOMEDICAL ENGINEERING, VOL. 14, 2021

non-COVID-19 pneumonia are patchy shadows or density in-
creasing shadows [41]. Compared to other pneumonia, patients
with COVID-19 are more likely to exhibit CT abnormalities
characterized by peripheral distribution, fine reticular opacity,
vascular thickening, and reverse halo sign, but are less likely to
have significant levels of central-peripheral distribution, pleural
effusion, and lymphadenopathy [29]. As the disease progresses,
there is rapid infiltration in lobes of COVID-19 patients as sug-
gested by sequential CT scans [30]. A part of late infection stage
COVID-19 patients also exhibits spider web and crazy-paving
patterns [14], [41].

B. Other Imaging Techniques in COVID-19 Diagnosis

In addition to chest CT, other imaging modalities are also
used as complementary of chest CT in the diagnosis of COVID-
19, including positron emission tomography - CT (PET/CT),
lung ultrasound, and magnetic resonance imaging (MRI). In the
following sub-sections, a brief introduction of these imaging
techniques is provided.

1) PET/CT: PET is a sensitive but invasive imaging method
that plays an important role in evaluating inflammatory and
infectious pulmonary diseases, monitoring disease progression
and treatment effect, and improving patient management. Qin
et al. [42] reported that lung lesions of patients with COVID-
19 pneumonia were characterized by a high 18F-FDG uptake,
the lymph nodes were involved, and the disseminated disease
was absent on 18F-FDG PET/CT imaging. They suggest that
18F-FDG PET/CT can play an auxiliary diagnostic role in
COVID-19, especially in the early stage, when the differential
diagnosis is difficult. In one case report, high uptake of 18F-FDG
was found in the lymph nodes and bone marrow by PET/CT
evaluation [43]. Similarly, a high and significant 18F-FDG uptake
has been observed in patients with MERS-CoV infection [44]. In
a letter to the editor, Deng et al. [45] suggested that FDG uptake
may reflect non-specific inflammation or immune activation.
Chu et al. [46] found that the SARS-CoV-2 infection caused
inflammatory and significantly upregulated five inflammatory
mediators. That may be why the COVID-19 patients had a high
uptake of 18F-FDG. Therefore, PET/CT can play an important
role in identifying changes in uptake patterns and locations
during viral exposure, and patients with higher FDG uptake in
lesions may have a longer recovery period.

In contrast, another letter to the editor by Joob et al. [47], had
a different view, stating that 18F-FDG PET/CT is a more com-
plex test than chest CT, and longer testing period for 18F-FDG
PET/CT examinations may increase risk of disease transmission.
They conclude that further studies are needed to determine
whether 18F-FDG PET/CT is an appropriate testing modality
for COVID-19.

2) Lung Ultrasound: As a non-invasive, radiation-free, and
portable imaging method, lung ultrasound (LUS) allows for
the initial bedside screening of low-risk patients, diagnosis
of suspected cases in the emergency room setting, prognos-
tic stratification, and monitoring of the changes in pneumonia
[48]–[50]. Peng et al. [51] reported that lung ultrasonography
could provide results comparable with chest CT for evaluation

of COVID-19 pneumonia. For severe or critical patients, es-
pecially those admitted to the ICU and requiring ventilation,
LUS is necessary for patient management and monitoring the
effectiveness of treatments. More importantly, the use of LUS
can reduce the exposure risk between infected patients and health
care workers, and discriminate between low-risk and higher-risk
cases. Bunosenso et al. [52] reported a confirmed case that LUS
showed an irregular pleural line with small subpleural consol-
idations, areas of white lung and thick, confluent and irregular
vertical artifacts (B-lines). For pregnant women with suspected
COVID-19, chest CT examination should be avoided as much as
possible due to the high radiation. As an alternative, Moro et al.
[53] recommended that obstetricians and gynecologists could
perform lung examination using LUS.

3) MRI: MRI is a powerful radiation-free imaging technique
for visualizing soft tissues. However, it is not commonly applied
to COVID-19 diagnosis due to a relatively long scanning time
and high cost compared to CT and LUS. Nonetheless, the
non-invasive MRI may help evaluate COVID-19 in children and
pregnant women [54].

The infection of SARS-CoV-2 is mainly distributed in the
lung, but three minimally invasive autopsies showed that the
infection also involves in the damages of heart, vessels, liver, kid-
ney, and other organs [55]. At the molecular level, Angiotensin-
converting enzyme 2 (ACE2), the key host cellular receptor of
SARS-CoV-2, has been identified in multiple organs. The study
carried out by Chen et al. [56] confirmed that patients with basic
heart failure disease showed increased ACE2 expression at both
mRNA and protein levels and may have a higher risk of heart
attack and critically ill condition. Similarly, cardiac MRI also
showed cardiac involvements in patients with COVID-19, such
as acute myopericarditis with systolic dysfunction [57]. At the
RNA level, Zou et al. [58] identified other organs at risk like
the esophagus, kidney, bladder, and ileum that are vulnerable to
COVID-19 infection.

Due to excellent performance for visualizing structural and
functional information of various soft organs, MRI could be
used to study the vulnerability of different organs for a better
understanding of the pathogenesis and mechanisms of COVID-
19 infection. Meanwhile, similar to the studies of [59] and [60],
where the ability of MRI, CT, X-Ray, and LUS for diagnosing
pneumonia can be evaluated and compared, many researches can
be done for COVID-19 patients to not only compare different
modalities or their combinations but also systematically study
the organ damages and mechanisms of the disease.

III. THE CT CHARACTERISTICS DURING THE FOLLOW-UP

AND TREATMENT OF COVID-19

Follow-up CT scans are often performed for patients with
COVID-19 to assess the progression or improvement during
the disease course. Moreover, quantitative follow-up can also
improve the recognition of imaging characteristics with radiolo-
gists and assisted them in making a quick and accurate diagnosis.
In this section, we focus on the CT manifestations in different
stages of COVID-19; the quantitative CT metric changes with
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the advantage of COVID-19 progression are discussed; and the
remission of lung lesions on CT images is depicted.

A. CT Manifestations in Different Stages of COVID-19

Follow-up CT checking images reveal temporal changes in
imaging characteristics for COVID-19 [18], [22], [23], [32],
[61]–[65]. By grouping COVID-19 patients based on disease
courses, CT manifestations of lung lesions are analyzed based
on different stages. Table II summarizes the related findings.

The disease stages are mostly divided according to the time
after the onset of clinical symptoms. In [35], the disease was
roughly divided as the early phase (≤7 days) and advanced phase
(8–14 days). In the early phase, the frequency of GGO with
a reticular pattern, vacuolar sign, fibrotic streaks, a subpleural
line, a subpleural transparent line, air bronchogram, bronchus
distortion, and pleural effusion is very high. Bernheim et al. [18]
divided the patients into early group (0-2 days), intermediate
group (3-5 days), and late group (6-12 days). In the early group,
no lung opacities or slight GGO were observed among the
patients. GGO and consolidation were frequently observed in
patients in the intermediate group. In the late group, in addition
to GGO and consolidation, linear opacities and crazy-paving
patterns were observed.

On the other hand, disease stages were divided into a more
detailed description in the work of Pan [66] and Wang [67].
Pan et al. [66] divided patients into Stage-1 (0-4 days), Stage-
2 (5-8 days), Stage-3 (9-13 days), and Stage-4 (≥14 days).
Patients in Stage-1 had GGO with partial crazy-paving pattern
and consolidation. In Stage-2, the GGO extended to additional
lobes, with increased crazy-paving pattern and consolidation. In
Stage-3, consolidation became the main CT manifestation, and
the GGO and crazy-paving patterns decreased. In Stage-4, the
consolidation was partially absorbed without any crazy-paving
pattern. Wang et al. [67] investigated temporal changes of chest
CT characteristics, and divided the stages as < 0 days, 0-5 days,
6-11 days, 12-17 days, 18-23 days and ≥ 24 days (Fig. 3). The
lung lesions on CT images were predominantly manifested as
GGO in most stages. In the earlier stages, each lung was divided
into 3 zones: upper (above the carina), middle, and lower (below
the inferior pulmonary vein) zones; each zone was evaluated for
percentage of lung involvement on a scale of 0-4. They studied
the median values of the total CT score and the number of
zones involved as a function of time, and analyzed the temporal
changes of the main CT patterns (GGO and consolidation). It
can be drawn from previous studies that GGO was the main
manifestation of COVID-19, especially in the early stages. With
the progression of the disease, GGO gradually decreased, and
consolidation became the increased pattern of lung lesions.

Many studies have reported an association between COVID-
19 and the manifestation of clinical factors of RT-PCR results.
Ai et al. [10] enrolled 1014 suspected COVID-19 patients and
reported that there was a correlation between COVID-19 and
imaging manifestation of clinical factors. In the initial group
diagnosed as positive RT-PCR results, the authors reported
that 60% of patients showed consistent CT features, including
GGO, consolidation, reticulation/thickened interlobular septa,

TABLE II
SUMMARY OF THE CT MANIFESTATIONS OF COVID-19 IN

DIFFERENT STAGES

and nodules. Moreover, nearly all of the initial positive cases
showed positive chest CT scans within a week. The findings
revealed that chest CT detection is necessary to screen the
suspected cases early. The authors also analyzed the CT images
and serial RT-PCR assays, and found 60% to 93% of cases
had the same manifestation of positive chest CT before the
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Fig. 3. Temporal changes of main CT patterns and the subtypes of
GGO in [67]. (a) The distribution of CT manifestations of lung lesions;
(b) the distribution of GGO subtype.

RT-PCR test [10]. With the COVID-19 patients gradually turning
negative, the image manifestation also changed. CT images after
recovery (RT-PCT negative) do not necessarily turn to negative
at the same time, and the study suggests that CT examination
is highly sensitive, but absorption is relatively slow. Li et al.
[31] investigated the chest CT findings and clinical features
associated with severe and critical COVID-19 and found that CT
scores differed significantly between severe/critical and typical
patients (P <0.001).

Quantitative CT changes across the disease progression of
COVID-19. As the disease progressed, the review conducted
by Salehi et al. [25] suggests that progression is associated
with both increased numbers and sizes of GGO combined with
consolidative opacities and septal thickening, and severity can
occur around 10 days after symptom onset. Liu et al. [61]
estimated the temporal change on chest CT for pregnant women
with COVID-19 using a semi-quantitative scoring system. The
results showed that pregnancy and childbirth did not aggravate
the course of symptoms or CT characteristics of COVID-19,
and they were mostly mild type, presenting with clinical fea-
tures and CT imaging progression pattern similar to those of
non-pregnant women. Pan et al. [66] recorded the changes in
CT scans of 21 RT-PCR confirmed COVID-19 patients from
the initial diagnosis to recovery. The results showed that about
91% of patients reached the greatest severity (with the highest

score obtained) in the peak stage (9-13 days after onset). In con-
clusion, the authors suggested that lung abnormalities on chest
CT showed the greatest severity approximately 10 days after
initial onset of symptoms. These works showed that follow-up
CT characteristic analyses in a short time were feasible.

B. Remission of Lung Lesions on CT images

Several studies have described changes in CT images during
the recovery process in COVID-19 infection after treatment.
In a report by Liu et al. [68], the size of lung lesions had
decreased by more than half in 67% of patients at one week after
receiving antiviral and supportive treatment; this manifested on
CT images as remarkable absorption and residual interstitial
abnormalities with persisting septal lines. In a case report by
Fang et al. [69], the extent and density of the patient’s lung
lesions had significantly decreased after 3 days of antiviral and
anti-inflammatory treatment. Thus, it appears that detecting lung
recovery using CT scans is feasible.

IV. AI-BASED IMAGE ANALYSIS FOR COVID-19

Due to the rapid spread of COVID-19, medical resources be-
came insufficient in many regions. Using AI to assist the disease
management of COVID-19 is important. Manual diagnosis in
CT scanning requires a lot of manual labor and consumes a
lot of time. In order to reduce the workloads of radiologists,
computer-aided diagnostic tools have been developed based on
deep learning or machine learning technology. These tools have
shown the potentials to increase diagnostic efficiency and reduce
the pressure of radiologists (Table III).

Many recently published studies indicated that COVID-19
usually demonstrates GGO or lesions in CT images [13], [23].
Consequently, finding abnormal areas such as GGO or lesions in
CT images is important for the diagnosis of COVID-19 for radi-
ologists. Automatically detecting GGO or nodules in CT images
can help reduce human effort. Chen et al. [70] used UNet++
[82] to extract abnormal lung areas in CT images. UNet++ is
a modification of the UNet model, which is originally designed
for biomedical image segmentation. Given a CT image slice, the
UNet++model can segment the areas with lesions. Afterwards,
the bounding box of the segmented lesion is generated. In their
study, 2D CT image slices of 106 patients (51 with COVID-19,
and 55 with other diseases) were randomly divided into training
and internal validation sets at the image slice-level. To predict by
case, a logic linking the prediction results of consecutive images
was added. CT images with the above prediction results were
divided into four quadrants, and results would be output only
when three consecutive images were predicted to have lesions
in the same quadrant. In the internal validation set, the model
correctly diagnosed the patients with a per-patient sensitivity
of 100%, specificity of 93.55%, and accuracy of 95.24%. A
per-image sensitivity of 94.34%, specificity of 99.16%, and
accuracy of 98.85% were detected. Notably, this study used a
prospective set including 27 patients for further validation, and
the model achieved comparable performance to that of an expert
radiologist. With the assistance of the model, the reading time
of radiologists was greatly decreased by 65%.
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TABLE III
COVID-19 ANALYSIS WITH CT IMAGES AND AI

Note: ACC, AUC, SEN and SPE represent accuracy, area under the receiver operator
characteristics curve, sensitivity, and specificity.

Instead of only detecting abnormal or infectious areas, an
AI model that can directly diagnose COVID-19 is more conve-
nient to use. Fang et al. [71] used radiomics analysis method
to diagnose COVID-19. In their study, 77 radiomic features
were extracted from manually delineated ROI, and unsupervised
consensus clustering was used to select important features that
showed a relationship with COVID-19. Finally, support vector
machine (SVM) classifier was used to classify COVID-19 using
the selected features. In this study, 75 patients (46 COVID-19,
29 other pneumonia) from a single center were collected, and 25

patients were randomly selected as the testing set. The radiomic
model achieved an AUC of 0.826 in the testing center. Wang et
al. [72] designed a deep-learning model to screen COVID-19
from typical viral pneumonia. Radiologists first annotated the
infectious area as the region of interest (ROI). Afterwards, a
modified ResNet34 was used to extract the deep learning feature,
and a combination of decision tree and AdaBoost was used
to classify COVID-19 and typical viral pneumonia. In the 99
patients (44 COVID-19 and 55 typical viral pneumonia patients),
the model achieved an accuracy of 73.1% at the ROI-level. Since
human-annotated ROIs can be affected by different users and
are time-consuming, Xu et al. [73] proposed a deep-learning
model to automatically detect infectious areas in CT images,
and then used 3DResNet to identify whether the infectious
areas were COVID-19. The candidate infectious regions were
first segmented out using a 3D deep-learning model from a
pulmonary CT image set. These separated images were then
categorized into COVID-19, influenza-A viral pneumonia or
healthy groups, together with the corresponding confidence
scores using a location-attention classification model. Finally,
the infection type and total confidence score of this CT case were
calculated with noisy or Bayesian function. In the retrospec-
tive dataset (110 with COVID-19, 224 with influenza-A viral
pneumonia, 175 CT samples from healthy people), 85.4% CT
samples were randomly selected for training, and the rest 14.6%
CT samples were used for testing. The deep-learning model
achieved an accuracy of 86.7% in the testing set. Similarly,
Jin et al. [74] developed an AI-system for COVID-19 lesion
segmentation and classification. This model included three steps.
First, lung regions were extracted using 3D-UNet; then, specific
lesions were segmented in the lung regions; finally, a CNN-based
classifier divided the lesions as being positive or negative. This
system was trained with 1,136 training cases (723 positives for
COVID-19) from 5 hospitals. It achieved a sensitivity of 0.974
and specificity of 0.922 in the testing set, which satisfied the
requirement of clinical application.

Unlike detecting infectious regions for classification, Song et
al. [75] extracted the whole lung area for classification. First,
they extracted the main regions of the lungs and filled the
blank of lung segmentation with the lung itself to avoid noise
caused by different lung contours. Then, they designed a Details
Relation Extraction neural network (DRE-Net) to extract the
top-K details in the CT images and obtain image-level pre-
dictions. Finally, the image-level predictions were aggregated
to achieve patient-level diagnoses. Eighty-eight COVID-19 and
100 bacterial pneumonia patients were used to train and validate
the performance of the deep-learning model. In the testing set,
the model achieved an AUC of 0.95 and a sensitivity of 0.96.
Jin et al. [76] built a deep-learning-based diagnosis method to
accelerate the speed of COVID-19 diagnosis. This deep-learning
model was trained using only 312 cases’ images. However,
it achieved comparable performance with experienced radiol-
ogists. Among 1,255 independent testing cases, the proposed
deep-learning model achieved an accuracy of 94.98%, an AUC
of 97.91%, a sensitivity of 94.06%, and a specificity of 95.47%.
Another reader study was conducted, and only one radiologist’s
performance was slightly better than this deep-learning model,



24 IEEE REVIEWS IN BIOMEDICAL ENGINEERING, VOL. 14, 2021

while this model could finish the diagnosis in a much shorter
time.

Infectious areas can be distributed in many locations in the
lungs, and automatic infectious area detection may not guarantee
very high precision. Consequently, using the whole lung for
classification is more convenient in practice. Zheng et al. [77]
used UNet [83] to segment the lung area automatically, and then
used 3DResNet for classification. In their dataset including 313
COVID-19 and 229 patients without COVID-19, patients were
divided into a training set and a testing set according to their CT
scanning time. Patients who performed CT scanning before Jan.
23, 2020 were used for training, and patients who performed CT
scanning after Jan. 23, 2020 were used for testing. In the testing
set including 131 patients, the deep-learning model achieved
an AUC of 0.976. Similarly, Gozes et al. [84] used 157 patients
from both China and the US as the testing set. The deep-learning
model achieved an AUC of 0.996.

Due to the emergence of COVID-19, a big dataset for training
and validating AI models is necessary. In Li et al’s study [78],
3,506 patients (468 with COVID-19, 1,551 with Community
Acquired Pneumonia (CAP), and 1,303 with non-pneumonia)
were used to train and test the deep-learning model. They
first used U-net to extract the whole lung region as an ROI.
Afterwards, 2D RestNet50 was used for classifying COVID-19.
Since each CT scanning includes multiple 2D image slices,
the features in the last layer of ResNet50 were max pooled
and combined for prediction. In the testing set including 1/9
randomly selected patients, the deep-learning model achieved
an AUC of 0.96 in classifying COVID-19 from CAP and other
pneumonia. Shi et al. [79] included 1658 patients with COVID-
19 and 1,027 patients with CAP for classification. They first
used VBNet [85] to segment infected areas, bilateral lungs, 5
lung lobes, and 18 lung pulmonary areas. Then, hand-crafted
features such as infection size, location specific features and
radiomic features were extracted, and least absolute shrinkage
and selection operator (LASSO) was used for feature selection.
Random forest was used for classification. In the five-fold vali-
dation, the method achieved a sensitivity of 0.907, a specificity
of 0.833, and accuracy of 0.879. In another study, Wang et
al. [80] proposed a fully automatic deep-learning system for
COVID-19 classification and prognostic analysis. In their study,
an FPN network [86] with a DenseNet121 [87] backbone was
used to segment lung areas automatically. Afterwards, a network
using a DenseNet structure was built to classify COVID-19 and
other pneumonia. Instead of using transfer learning from natural
images, they collected 4106 lung cancer patients with EGFR
gene mutation status [88] to pre-train the model. Afterwards, 924
patients with COVID-19 and 342 patients with other pneumonia
were used to train and validate the model. Notably, they used
patients from 2 provinces in China (Heilongjiang and Anhui)
for external validation. In the two independent validation sets,
the deep-learning model achieved an AUC of 0.87 and 0.88.
In addition, the prognostic value of the deep-learning model
was explored. Features from the fully connected layer of the
deep-learning model were used for prognostic feature selection.
Afterwards, the Cox proportional hazard model was used to pre-
dict the hospital-stay time of patients with COVID-19. In another

2 external validation sets from Huangshi city and Beijing, the
Cox model could stratify patients into high-risk and low-risk
groups with different hospital-stay time (p<0.05, Kaplan-Meier
analysis).

Except for diagnosing COVID-19, AI also shows good per-
formance in predicting the severity of COVID-19. Shi et al. [81]
proposed a deep-learning-based quantitative assessment method
to predict the severity of COVID-19 (severe vs. non-severe). The
deep learning method calculated two indices named mass of in-
fection (MOI) and the percentage of infection (POI), which had
higher values in the severe group than the non-severe group of
patients. Then, the LASSO logistic regression model combined
POI and MOI with clinical features such as age, lactate dehy-
drogenase (LDH), C-reactive protein (CRP) and CD4+ T cell
counts to classify the patients as severe patients or non-severe
patients. The AUC in the testing dataset achieved 0.89, which
was significantly higher than the baseline pneumonia severity
index. Current studies indicated that AI shows good performance
in quickly diagnosing COVID-19. With the assistance of AI,
clinicians can be separated from patients to avoid infection. On
the other hand, CT image is easy to acquire. Using AI and CT
images to diagnose COVID-19 does not add an additional cost.

V. DISCUSSION

The COVID-19 pandemic has rapidly become a major global
health threat. Imaging techniques, in particular CT, play a critical
role in diagnosis and monitoring COVID-19 pneumonia. In
the majority of current studies, CT remains the primary tool
for assessing lung lesions in COVID-19 cases, and evaluating
changes in the severity of lung lesions. With the progression of
CIVID-19, different degrees of lung lesions can be observed by
multiple CT scans.

The most common CT manifestation of COVID-19 is GGO,
followed by consolidation. With the advance of the disease, a de-
crease in GGO and an increase in consolidation can be observed.
In addition, pure GGO also gradually becomes more diversified
CT features including crazy-paving pattern, reticular pattern,
vacuolar sign, fibrotic streaks, a subpleural line, a subpleural
transparent line, air bronchogram, and bronchus distortion in this
process. However, the clinical manifestations can vary between
patients, which helps to explain some discrepancies between
different studies. Changes in lung lesions are closely related to
the disease progression of COVID-19. For example, patients
with rapid disease progression also exhibit a rapid enlargement
of lung lesions on CT imaging within 24-48 hours. The response
to treatment also varies between patients. In most patients with
mild disease, the lung lesions are absorbed after receiving treat-
ment. However, lung lesions of patients with the severe or critical
diseases may be irreversible. Current studies on the follow-up
CT scans for COVID-19 are still dealing with a small number
of samples. Additional research, ideally multi-center data with
large sample sizes, is needed to provide further insights into the
evolution of lung lesions during and after an infection caused by
COVID-19.

In the clinical diagnosis of COVID-19, chest CT can sup-
plement RT-PCR testing and compensate for its relatively poor
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sensitivity. Ai et al. [10] compared the diagnostic value and
consistency of chest CT scans and RT-PCR results from the swab
samples of 1,014 patients in the epidemic area of China, all of
whom had undergone both chest CT and RT-PCR testing. They
demonstrated a higher sensitivity of chest CT than of RT-PCR
for the diagnosis of COVID-19. With the RT-PCR results as
a reference, the sensitivity, specificity, and accuracy of chest
CT in determining SARS-CoV-2 infection were 97%, 25%, and
68%, respectively. The PPV and NPV were 65% and 83%,
respectively. Moreover, Fu et al. [11] analyzed the data of 52
patients with COVID-19 who had been discharged and found
heterogeneity between chest CT findings and RT-PCR results,
especially in some of the recovered patients with negative RT-
PCR results. Some patients with COVID-19 will have negative
RT-PCR results, and yet they can still exhibit inflammatory
changes that are visible on chest CT images [12]. Thus, chest CT
combined with epidemiological history and laboratory tests is
useful for detecting COVID-19 and evaluating progression and
treatment effects [89]. However, it is important to note that Guan
et al. [5] reported that many patients do not exhibit abnormal
radiologic findings, and such patients should not be overlooked
in the screening and diagnosis of COVID-19. For asymptomatic
patients, especially for those who showed normal CT findings
without any clinical symptoms, the combination of chest CT
imaging, RT-PCR, epidemiological history, and close follow-up
is highly recommended to confirm these asymptomatic COVID-
19 patients.

Due to the emergent nature of COVID-19, the medical re-
sources in many parts of the world are insufficient. Quickly
diagnosing COVID-19 and predicting individualized prognosis
are important for the management of COVID-19. Recent studies
have reported promising results of the use of AI combined
with CT imaging, which can assist in the rapid diagnosis of
COVID-19 and prognostic predictions. As CT images exhibit
several prognostic and diagnostic characteristics of COVID-19,
the rapid and precise quantification of these characteristics us-
ing AI has garnered considerable attention. Three types of AI
strategies have been reported: 1) use AI to detect lesions to assist
fast screening of COVID-19 for clinicians; 2) use AI to diagnose
COVID-19 using partial or whole lung in CT images; 3) use AI to
predict other clinical outcomes of COVID-19 (e.g., the severity
of COVID-19). Among the studies using deep learning for
diagnosing COVID-19, UNet and its modifications were often
used for segmenting lung or lesions from CT images, and ResNet
(2D or 3D) were often used for classification. Compared with
studies using segmented lung lesions for classification, using
the whole lung for analysis achieved similar results, which may
suggest that segmenting or detecting lung lesions for analysis
may not be necessary. Since lesion segmentation is more difficult
than lung segmentation, and multiple lesions or infectious areas
can exist in lung, using the whole lung for analysis is more
reasonable and convenient.

Despite promising results in recent studies [71], [81], many
AI models were tested in small datasets. The studies using the
small dataset (e.g., <300 patients) often showed high AUC or
accuracy. However, in several studies with the larger dataset (>
1000 patients) [13], [80], the performance drops. Consequently,

the very high accuracy of AI models in a small dataset may
be caused by overfitting. The larger-scale studies with lower
accuracy may reflect the real ability of what AI could achieve
in diagnosing COVID-19. On the other hand, very few studies
used independent and external validation dataset to evaluate the
generalization ability of deep learning models. In the future,
a large external validation dataset should be used. Due to the
limited training data of COVID-19, transfer learning using chest
CT images could be a good strategy. In [80], the CNN model
was first trained using a lung cancer dataset including 4106
patients, and finally achieved good performance in diagnosing
COVID-19. Many transfer learning models in current studies
used ResNet that was pre-trained in ImageNet dataset. Using
chest CT image for transfer learning may be a better choice, such
as using the LIDC-IDRI dataset for pre-training. In addition,
many of the previous studies on AI have focused on the rapid
diagnosis of COVID-19. However, the prognostic analysis of
COVID-19 is essential to the management of COVID-19, and
combined AI and CT imaging can play an important role in
treatment and management. For example, AI and CT can be
used to identify patients with a high risk of progressing to severe
disease or even of death; it can also be used to evaluate or predict
the response of specific therapies.

Although CT is the primary tool for screening and evaluating
disease severity in patients with COVID-19, other clinical imag-
ing methods, such as PET, MRI, and ultrasound, have also added
value by identifying specific imaging features that can be used
for the diagnosis of pneumonia. These clinical imaging tools
can be used as a complement to chest CT in the examination
of COVID-19 pneumonia, especially for patients with comor-
bidities. MRI plays a key role in pediatric examinations and
evaluating cardiac involvement of COVID-19. PET can be used
for reviewing inflammatory and infectious pulmonary diseases.
In addition, PET is a promising imaging tool in monitoring
disease progression and treatment effects to improve patient
management. Additionally, LUS has also shown potential in
the examination and management of COVID-19. It is especially
suitable for screening pregnant women and children and for pa-
tients admitted to ICU, due to being radiation-free, low-cost, and
portable. However, LUS results may vary with different opera-
tors. Guidelines for LUS examinations of COVID-19 pneumonia
should be developed as soon as possible.

COVID-19 is highly transmissible, pathogenic, and deadly,
especially in the elderly and patients with underlying diseases.
Meanwhile, it is also very occult in terms of clinical symptoms.
Individual differences in clinical symptoms and laboratory in-
dicators (C-reactive protein, lymphocytes) of patients increase
in the acute phase, and decrease or return to normal in the
recovery phase. Altough Ai et al.’s report [10] highlighted the
sensitivity of chest CT in COVID-19 diagnosis, Raptis et al.
[90] have presented that Ai et al.’s study might overestimate
the sensitivity of CT at the expense of specificity. Therefore,
epidemiology, nucleic acid detection results, CT image features,
clinical symptoms, and laboratory indicators should be taken
into consideration to make a comprehensive and objective as-
sessment, so as to prevent a missed diagnosis or misdiagnosis
and effectively improve the clinical effects.
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VI. CONCLUSION

In summary, various imaging technologies can play important
roles in the management of COVID-19. Nucleic acid testing re-
mains the gold standard of clinical diagnosis. However, imaging
characteristics, especially those of CT scans, can reflect lung
parenchyma changes, bronchial changes, and pleural changes.
Typical CT signs of COVID-19 include GGO, consolidation,
vascular enlargement, and pleural thickening. The majority of
cases show bilateral involvement and multiple mottling. The
joint use of these imaging biomarkers and RT-PCR testing can
improve COVID-19 screening and diagnosis. The findings of
this review suggest that COVID-19 diagnosis should be based
on epidemiological history, nucleic acid detection, CT imaging,
clinical symptoms and signs, and laboratory findings. The com-
bined use of AI and CT imaging can offset limitations in medical
resources, as well as support the rapid diagnosis and prognostic
prediction of COVID-19.

Though the follow-up CT studies for COVID-19 is still limited
for now, common changing pattern of lung lesions can still be
observed, which includes appearance of GGO in the relatively
early stages and increased consolidation with the advance of
disease. In process of remission, the recovery patterns are mostly
manifested as lesion absorbing. CT scans have proved as an
efficient clinical tool in assessing the progression and remission
of lung lesions in COVID-19 infection. Multi-center studies
with large sample-size are still needed to ascertain the current
findings.
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