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A B S T R A C T

Coronavirus Disease 2019, is an infectious respiratory disease caused by the
virus called SARS-CoV-2 which in November 2020 recorded more than 60

million cases and approximately 1.45 million deaths worldwide. The most
widely used diagnostic test is the Reverse transcriptase-polymerase chain
reaction (RT-PCR), accompanied by chest X-Rays (CXR) designated as the
main diagnostic tool in high-risk areas and for symptomatic subjects await-
ing response from the RT-PCR test for which up to 24 hours are required.
Although CXR is a quick and valid diagnostic test, its discrimination against
viral pneumonia is the main clinical challenge, due to the similar lung dam-
age that is reported in alveolar tissue in the early stages of COVID-19. In
this study, has been proposed an automated algorithm for detecting COVID-
19 lung damages from CXR images using ResNet convolutional neural net-
works: ResNet-18 and ResNet-34. In particular the supervised learning tech-
nique has been followed in order to learn the network in the COVID-19 and
viral pneumonia recognition using the CXR images database present in the
Kaggle CXR image repository. After the training both the networks have
been tested on a test dataset providing the following results: accuracy of
98.33%, precision of 100.00%, sensitivity of 96.67%, specificity of 100% and
F1-score of 0.98 for the ResNet-18. The results of the ResNet-34 have been
the following ones: accuracy of 95.00%, precision of 100.00%, sensitivity of
90.00%, specificity of 100% and F1-score of 0.95 for the ResNet-34. In con-
clusion the ResNet-18 provided better results of the ResNet-34 resulting the
best candidate for the COVID-19 lung damage detection and discrimination
from viral pneumonia being an optimum tool for overcoming the main clin-
ical challenge.
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I N T R O D U C T I O N

Coronavirus Disease 2019, or simply COVID-19, is an infectious respiratory
disease caused by the virus called SARS-CoV-2 which in November 2020

recorded more than 60 million cases and approximately 1.45 million deaths
worldwide. SARS-CoV-2 has a high rate of contagion, being transmitted by
air, by direct and indirect contact, sometimes being fatal. The most widely
used diagnostic test is the Reverse transcriptase-polymerase chain reaction
(RT-PCR), although other diagnostic measures are present, accompanied by
chest imaging tests, such as: chest computed tomography (CCT) and chest
X-Rays (CXR). Although CCT has a high spatial resolution, it is mainly used
for differential diagnoses, while CXR has been designated as the main di-
agnostic tool in high-risk areas and for symptomatic subjects awaiting re-
sponse from the RT-PCR test. Therefore, CXR contributes to reducing diag-
nostic evaluation times by speeding up the adoption of containment proto-
cols which in turn would decrease the spread of COVID-19. Although CXR
is a quick and valid diagnostic test, its discrimination against viral pneumo-
nia is the main clinical challenge, due to the similar lung damage that is
reported in alveolar tissue in the early stages of COVID-19. In this regard,
several studies have relied on AI algorithms that have helped the automatic
recognition of COVID-19 compared to normal cases and viral pneumonia.
The image recognition algorithms are based on convolutional neural net-
works, i.e. mathematical models, which allow the identification of the main
characteristics of the images under examination. In this study, among the
different deep convolutional neural networks proposed, two networks were
experimentally analyzed: ResNet-18 and ResNet-34. These neural networks,
published by the team Kaiming He. et al, analyzed and already applied in
different diagnostic imaging contexts have proved to be excellent candidates
for medical purposes. In this regard, attention has been paid to these net-
works, having already been studied, tested and present in all deep learning
libraries, certainly helping to speed up scripting times for the creation of an
efficient algorithm of automatic learning. In this way, time would be gained
by avoiding the creation of a new mathematical model from scratch but an ef-
ficient network already present in the literature could be optimized in order
to pro- mote a diagnostic tool in the shortest possible time. The implementa-
tion of a COVID-19 detection algorithm and its discrimination with respect
to viral pneumonia would not only decrease the diagnostic time and spread
of COVID-19, but above all, it would save the many lives. So the aim of the
study has been examining the capacity of two version of an already built
convolutional network on the detection of COVID-19 lung damages from
CXR images, in order to speed up the release of a potential classifier for
COVID-19 avoiding the entire building process of a new network.
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1.1 introduction

COVID-19, from COronaVIrus Disease 19, also known as SARS-CoV-2 acute
respiratory disease or coronavirus disease 2019, as it has spread since 2019,
is an acute infectious respiratory disease caused by SARS-CoV-2 (Figure 1.1),
a virus belonging to the coronavirus family. [1] The first cases of COVID-19

reside in China, exactly in the city of Wuhan, from which SARS-CoV-2 has
undergone an exponential spread to the rest of the world, defining a real
pandemic, the so-called pandemic. COVID-19 of 2019-2020. [2] Despite the
data relating to the infection, the survival and mortality rates, as of Novem-
ber 11, 2020, his apparent death rate was 2.47%. [3] From a virology point of
view, SARS-CoV-2 shows an average incubation period of 5.2 days with the
95th percentile of 12.5 days, during which the subject presents the first virus
symptoms. Starting from the early stages of the development of the virus, the
infected subject has a high rate of contagiousness and transmission, which
occurs according to an exponential trend, reaching a virus reproduction in-
dex (R0) between 1.4 and 3.8. R0 represents the potential for transmission,
or transmissibility, of an uncontrolled infectious disease, only in the initial
stages, when normally specific interventions (pharmacological or otherwise)
are not carried out to control the infectious phenomenon. Another index of
reproduction of a virus is the Rt which, unlike the R0, represents the repro-
duction of the virus calculated over time, or better, in the states subsequent
to the initial one, when control measures are adopted. For obvious reasons,
the WHO has indicated an isolation period of at least 14 days from the al-
leged exposure of a suspected or confirmed case [4] to try to contain the
virus. The ways in which the virus is transmitted are mainly by air, most
often through respiratory droplets. With governmental obligation, to limit
its transmission, various preventive and containment measures have been
defined, such as maintaining a safety distance of at least 1.5 meters, follow-
ing correct hygiene behavior such as periodically washing and disinfecting
hands, sneezing or coughing into a handkerchief or with the elbow bent
and the obligation to wear masks and gloves where necessary. The govern-
ment and regulatory bodies advise those who believe they are infected to
remain in quarantine, wear a surgical mask, observe hygiene regulations,
and contact a doctor as soon as possible for further guidance. [5] SARS-CoV-
2 primarily affects the lower respiratory tract causing a number of symptoms
described, especially early stage, as flu-like [6], including cough, fever, body
aches, difficulty breathing, fatigue and gastrointestinal disorders such as di-
arrhea [7]; in even more severe cases it is possible to find pneumonia, sepsis,
acute respiratory distress syndrome, septic shock and finally a storm of cy-
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Figure 1.1: Image of SARS-CoV-2.

tokines, which lead to the death of the patient. COVID-19 is one of 11 viruses
that belong to the coronavirus family that cause respiratory tract infections
ranging from mild to lethal symptoms. Mild diseases include the common
cold (which is also caused by other viruses, mainly rhinoviruses) while the
more lethal varieties can cause SARS, MERS and COVID-19. Coronaviruses
are known for their corona shape. Corona comes from the Latin word corōna,
which means garland, garland, crown (Figure 1.1). [9]

1.2 epidemiology

Around the first half of December 2019, the health authorities of the Chinese
city of Wuhan with its approximately 11 million inhabitants reported the first
cases of patients presenting symptoms of "pneumonia of unknown cause."
According to reports Pneumonia of Unknown Cause in China - Watch - Level
1, Practice Usual Precautions - Travel Health Notices, this first group of sick
people was in some way connected to the local wet market, consisting of
a thousand stalls where different types of animals were sold such as chick-
ens, pheasants, bats , marmots, snakes, spotted deer and rabbits as well as
other wild animals. The origin is still uncertain, but the most accepted hy-
pothesis is that it is a new coronavirus coming from an animal source. [10]
The spread of the disease was first reported by the Chinese authorities to
the World Health Organization exactly on 31 December 2019 [11] where the
strain responsible for The pandemic, later referred to as the COVID-19 pan-
demic, was identified in early January 2020 and formulated SARS-CoV-2 or
"Wuhan’s New Coronavirus," while its genome was released on January 10.
[12] On February 11, 2020, WHO announced that the respiratory system dis-
ease caused by SARS-CoV-2, a novel coronavirus was named Coronavirus
Disease 19 or simply COVID-19. As of March 2020, the mortality and mor-
bidity rates due to the 2019 coronavirus disease are not yet fully understood;
while mortality tends to change over time in the current pandemic, the per-
centage of infections that progress to a diagnosable disease still remains un-
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Figure 1.2: Cumulative confirmed COVID-19 cases per million people, in October
19, 2020.

defined. [13] However, preliminary research on COVID-19 found a mortality
rate of between 9% and 11% [14] and, in January 2020, WHO suggested that
this value could be around 3%. A subsequent study of 55 fatal cases found
that early lethality estimates were too high as asymptomatic infections were
not taken into account, thus estimating a mortality rate (mortality among
the infected) of between 0.8% including asymptomatic carriers and 18% in-
cluding symptomatic cases only from Hubei Province. [15] On March 22, a
modeling approach based on French data provides an effective mortality rate
(IFR, mortality rate from infection) of 0.8%. [16] The cumulative confirmed
COVID-19 cases per million people, in October 19, 2020 is reported in the
(Figure 1.2)

1.3 symptoms

Symptoms of coronavirus disease 2019 are quite variable, although they usu-
ally include cough and fever. [19] In fact, people who come into contact with
the virus and develop COVID-19, with the same infection may have different
symptoms that can immediately change over time. An infected person may
develop cough, high fever, and fatigue, while another person, also infected,
may show low fever at the onset of the disease and develop breathing diffi-
culties a week later. However, in people with no previous ear, nose and throat
(ENT) disorders, loss of taste combined with loss of smell is most often as-
sociated with COVID-19 with a specificity of 95%. [20] Some symptoms of
COVID-19 can be relatively nonspecific; the two most common symptoms
are fever in 88% of cases and dry cough in 68% of cases. Although early
comebacks can lead to a simple cold, about one in five may become more
seriously ill and later also have difficulty breathing. The COVID-19 emer-
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gency symptoms include breathing difficulties, being a respiratory disease,
chest pressure and persistent pain, difficulty waking up and bluish face or
lips, sudden confusion. In case of the above symptoms, the government ad-
vises to immediately consult a doctor who can suggest ways of treatment
and prevention. [21] Further development of the disease can lead to com-
plications including pneumonia, acute respiratory distress syndrome, sepsis,
septic shock, and renal failure. As with all infections, before the infected
person shows the first COVID-19 symptoms, there is a delay, known as the
incubation period, between the time a person is first infected and the first
ones appear. symptoms. The average incubation period for coronavirus 19

disease is between four and five days. Most symptomatic people experience
symptoms within two to seven days of exposure, and nearly all symptomatic
people will experience one or more symptoms by day 12. [22] Some symp-
toms usually appear earlier than others. In August 2020, scientists from the
University of Southern California reported the "probable" order of the initial
symptoms of COVID-19 disease such as fever followed by cough and mus-
cle pain, and that nausea and vomiting usually appear before diarrhea. This
contrasts with the more common pathway of the flu, where it is common to
develop a cough first and then a fever. [23] Some people may be infected with
the virus but not develop any obvious symptoms, for the entire development
of the virus at any time. These asymptomatic carriers are the main reason
for the spread of the disease, being the primary source of transmission to the
population without respecting any type of containment since, not showing
any type of sign, they tend not to be tested and can spread the disease. In
this way, other people will be infected, who may develop significant symp-
toms later (called pre-symptomatic) or show very mild symptoms, and not
being buffered, they can also spread the virus. [24] Fever indicates the most
common symptom of COVID-19, and it can present in two ways: both high
and low. Most people with COVID-19 develop a fever at some point in the ill-
ness accompanied by a dry or productive cough. [25] Other symptoms, such
as pneumonia, difficulty breathing, are more common in patients requiring
hospital care. Shortness of breath tends to develop later in the disease. About
40% of people temporarily lose their sense of smell (called anosmia), experi-
ence changes in the taste of food (dysgeusia), or have other disturbances to
their normal sense of smell or taste. This symptom, if present, often appears
early in the disease. A disturbance of smell or taste is found more commonly
in young people and, perhaps because of this, is associated with a lower risk
of medical complications. Although most people with COVID-19 do not ex-
perience these symptoms, it is an unusual symptom for other respiratory
diseases, so it is used for symptom-based screening. [26] The mortality rate
for subjects between 0-9 years varies between 0-0.3 %, between 10-19 between
0.2-0.3%, between 20-29 between 0.1-0.2% , between 30-39 between 0.1-0.3%,
between 40-49 between 0.2-0.9%, between 50-59 between 0.6-2.7%, between
60-69 between 2.3-10.6%, between 70-79 between 8-25.9% while for people
over the age of 80 between 14.8-31.6%. Patients with coronavirus 19 disease
may exhibit neurological symptoms that can cause damage to nerve tissue
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and can be broadly divided into central: central nervous system involve-
ment, such as headache, dizziness, altered mental status and disorientation,
and peripheral ones: involvement of the peripheral nervous system, such as
anosmia and dysgeusia. In addition to the aforementioned symptoms, some
SARS-CoV-2 patients have also exhibited various rashes including livedo
reticularis, morbilliform rash, and vesicular vesicles. The so-called "COVID
toes" are pink to purplish papules that form on the hands and feet. These
chilblains-like lesions often occur only in younger patients, with mortality
rates between 0-0.3% and do not appear until the end of the illness or dur-
ing convalescence. Typical symptoms also include fatigue and joint pain. [25]
Other symptoms are less common among people with COVID-19. Some peo-
ple experience gastrointestinal symptoms such as loss of appetite, diarrhea,
or nausea. Some people instead show dizziness, sore throat, headache. Less
common symptoms include chills, vomiting, coughing up blood, diarrhea,
and a rash. [26]

1.4 transmission

The SARS-CoV-2 virus, responsible for coronavirus disease 29, spreads in
the person-to-person population, primarily through the respiratory tract, af-
ter an infected person sneezes, coughs, talks, sings, or breathes. Once the
SARS-CoV-2 particles, exhaled by an infected person, respiratory droplets
or aerosols, enter the mouth, nose or eyes of people nearby or in close con-
tact with the infected person, a new infection occurs, therefore the people in
the circumstances become infected too becoming in turn, contagious. [2] Res-
piratory droplets can evaporate in droplet cores, which remain suspended
in the air for quite prolonged periods of time, [2] causing airborne trans-
mission particularly in crowded and inadequately ventilated indoor spaces,
such as restaurants, discos or choirs in which the contagiousness rate reaches
maximum values. Being crowded too, the contagion can also occur in health
facilities, with some medical procedures that generate aerosols performed
on COVID-19 patients. [2] Obviously physical contact, and other forms of
direct contact absolutely facilitate the transmission of the virus and there-
fore can transmit SARS-CoV-2 in people exposed to such contact who could
develop COVID-19. [8] Every person can contract COVID-19 also by means
of indirect contact by touching for example a surface or a contaminated
object before touching their mouth, nose or eyes, [8] although this is not
considered the main mode of transmission of the virus. There is currently
no significant evidence of transmission of the COVID-19 virus through food,
drinking water, breast milk, urine, feces, urine, vectors of animal or mother-
to-child disease during pregnancy, although research is ongoing and rec-
ommended. caution. [27] Social distancing and the use of cloth face masks,
surgical masks, respirators or other face coverings are droplet transmission
controls, made mandatory in several world governments to limit global con-
tagion. Transmission can be reduced indoors with well-maintained heating
and ventilation systems to maintain good air circulation and increase out-
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door air use. [2] The number of people generally infected with an infected
person varies; [28] As of September 2020, it was estimated that one infected
person, on average, will infect two to three other people. This is more conta-
gious than the flu, but less so than measles. [29] It often spreads in clusters,
where infections can be traced to an index case or geographic location. [30]
There is an important role of "super spread events" in which many people
become infected with one person. [10] It can be transmitted as early as two
days before symptoms develop and even if symptoms never appear. People
remain contagious in moderate cases for 7-12 days and up to two weeks in
severe cases. In October 2020, medical scientists reported evidence of rein-
fection in one patient. [31]

1.5 pathogenesis

COVID-19 acts on the affected person by affecting the entire respiratory tract,
the upper respiratory tract such as sinuses, nose and throat and the respec-
tive lower respiratory tract such as the trachea and lungs. The lungs, as well
as the last organs of the respiratory system inflicted, are the organs most af-
fected and devastated by COVID-19 as the SARS-CoV-2 virus accesses host
cells via angiotensin converting enzyme 2 (ACE2), which it is most abundant
in type II alveolar cells of the lungs. [32] This explains why the devastating
consequences of the disease lie when the virus reaches the lungs causing
sometimes lethal effects. The virus uses a special surface glycoprotein called
a "spike" (peplomer) (Figure 1.3) to connect to Angiotensin Converting En-
zyme 2 (ACE2) and enter the host cell for internalization and aided by the
TMPRSS2 protease. The high infectivity of the virus is related to mutations
in the binding domain of the receptor and the acquisition of a furan cleavage
site in the S spike protein. The interaction of the virus with ACE2 may re-
duce the anti-inflammatory function and increase the effects of angiotensin
II in predisposed patients [7]. ACE-2 is a type I transmembrane metallo-
carboxypeptidase with homology to ACE, an enzyme long-known to be a
key player in the Renin-Angiotensin system (RAS) and a target for the treat-
ment of hypertension. It is mainly expressed in vascular endothelial cells,
the renal tubular epithelium, and in Leydig cells in the testes. PCR analysis
revealed that ACE-2 is also expressed in the lung, kidney, and gastrointesti-
nal tract, tissues shown to harbor SARS-CoV. The major substrate for ACE-2
is Angiotensin II. ACE-2 degrades Angiotensin II to generate Angiotensin
1-7, thereby, negatively regulating RAS. [33] ACE-2 has also been shown
to exhibit a protective function in the cardiovascular system and other or-
gans. The density of ACE2 in each tissue correlates with the severity of the
disease in that tissue and some have suggested that the decrease in ACE2

activity may be protective, [33] although another view is that the increase
in ACE2 using Angiotensin II receptor blocking drugs might be protective.
[34] As alveolar disease progresses, respiratory failure may develop and
death may follow. Invasion of the virus into lung cells, myocytes and en-
dothelial cells of the vascular system causes inflammatory changes including
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edema, degeneration and necrotic changes, which are mainly related to pro-
inflammatory cytokines including interleukin (IL) -6, IL-10 and tumor necro-
sis factor α, granulocyte colony stimulating factor, monocyte chemoattractive
protein 1, macrophage inflammatory protein 1a and increased expression
of programmed cell death 1, T cell immunoglobulin and mucin domain 3

(Tim-3). [9] These changes contribute to the pathogenesis of lung damage,
hypoxia-related myocyte damage, the body’s immune response, increased
myocardial cell damage, and intestinal and cardiopulmonary changes. SARS-
CoV-2 infection has also been shown to cause hypoxemia. These changes
lead to the accumulation of oxygen free radicals, changes in intracellular
pH, accumulation of lactic acid, electrolyte changes, and further cell dam-
age. The respiratory system is the primary system affected by SARS-CoV-
2, and there may be more infiltrates than either lung. The clinical picture,
which includes shortness of breath, increased respiratory rate, decreased
oxygen saturation, and increased protein C is non-specific.Although lung
pathology shows microscopic bilateral diffuse alveolar damage, cellular fi-
bromyxoid infiltrates and interstitial mononuclear inflammatory infiltrates
with lymphocyte domination, the cardiovascular system is also involved in
COVID-19 infection. Biomarkers such as highly sensitive elevated troponin
T, natriuretic peptides and IL-6 are prognostic and their progressive increase
is associated with negative outcomes. Inflammation of the vascular system
causes diffuse microangiopathic thrombi, inflammation of the heart mus-
cle (myocarditis) and cardiac arrhythmias, heart failure and acute coronary
syndrome. These cardiovascular complications can cause death [11,12]. Lym-
phocytopenia seen during infection potentially involves CD4 + and some
CD8 + T lymphocytes. These changes disrupt innate and acquired immune
responses, causing delayed virus clearance and overstimulated macrophages
and neutrophils. Acute heart injury has been found in 12 percent of infected
people admitted to hospital in Wuhan, China, and is more common in se-
vere illness. [36] Cardiovascular symptom rates are high, due to the sys-
temic inflammatory response and immune system disorders during disease
progression, but acute myocardial injury can also be related to ACE2 recep-
tors in the heart. The virus also affects the gastrointestinal organs as ACE2 is
abundantly expressed in glandular cells of the gastric, duodenal and rectal
epithelium [35], as well as in endothelial cells and enterocytes of the small
intestine. Gastrointestinal manifestations of COVID-19 reported include di-
arrhea, nausea, vomiting, and abdominal pain. Finally, early reports show
that up to 30% of hospitalized patients in both China and New York have
also suffered kidney injuries, including some people with no previous kid-
ney problems. [36] Although the spread of SARS-CoV-2 involves the respi-
ratory, cardiovascular, gastrointestinal and renal systems, the lungs are the
most affected organ with the most visible alveolar damage caused by virus
particles followed by the confused immune response to cells infected and
healthy target. In fact, since the first autopsies of people who have died due
to COVID-19 they have found a high diffuse alveolar damage (DAD) and
inflammatory infiltrates containing lymphocytes inside the lung. [37]



1.6 diagnostic tests 8

Spike Glycoprotein S

Membrane Protein M

E Protein 

RNA genome

Envelope

Figure 1.3: Structure of SARS-CoV-2.

1.6 diagnostic tests

The diagnostic procedures adopted to examine the presence of COVID-19 in-
volve the analysis of samples in the laboratory and medical imaging tests to
confirm the presence of SARS-CoV-2 in the subject examined. In this regard,
the diagnostic paths followed are mainly two: the analysis on the current
presence of the SARS-CoV-2 virus by means of laboratory tests or medical
imaging or the analysis on the presence of antibodies produced as a result
of virus infection once related to a past presence of SARS-CoV-2. [45] The
tests performed to identify the current presence of the virus are followed
with the aim of diagnosing individual cases of COVID-19 in order to allow
public health authorities to adopt virus containment protocols from single
cases to entire outbreaks. Antibody tests, on the other hand, identify the past
presence of the virus or rather indicate whether someone has contracted the
virus previously developing COVID-19. Such measures are the least suit-
able for examining the current presence of the disease as antibodies may
not develop for weeks after the virus is contracted. [46] However, these mea-
sures have more statistical value or rather are performed to calculate the
total number of subjects who have contracted the virus, useful for giving an
estimate of the mortality rate. [47] The WHO suggested adopting test proto-
cols, analysis protocols, sample collection and uses on test results. [48] Since
the individual jurisdictions have adopted different protocols, these estimates
are not accurate but have had a significant impact on the statistics as well
as the total number of cases of tests performed, mortality rate and data case
demographics. [49] Since transmission of SARS-CoV-2 occurs quickly and
before symptoms appear, rapid availability of results and frequent surveil-
lance are of relative importance. [50] Test analysis is performed in automated,
high-productivity medical laboratories, while point-of-care tests can be per-
formed in doctor’s offices and also in car parks, workplaces, institutional
facilities or transit hubs, helping authorities to take containment measures.
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In the following section will be treated the main COVID-19 diagnostic meth-
ods including tests for detecting the actual presence of COVID-19 such as
Reverse Transcription Polymerase Chain Reaction (RT-PCR), Antigen, Chest
Imaging Techniques (like Chest X-Ray CXR and Chest Computed Tomogra-
phy CCT) that identify an infection in progress, and also a serology test for
detecting an infection previously had.

Reverse Transcription Polymerase Chain Reaction

Reverse Transcription Polymerase Chain Reaction (RT-PCR) is a particu-
lar type of Polymerase Chain Reaction (PCR). PCR is a molecular biology
technique that is used for the multiplication (amplification) of nucleic acid
fragments of which the initial and terminal nucleotide sequences are known.
In simpler words, it is a process that multiplies a small DNA sequence many
hundreds of thousands of times, creating a considerable amount of data for
bio-molecular analysis. The Reverse Transcription, on the other hand, identi-
fies the reverse transcription of DNA or rather a biological process that con-
verts RNA into DNA. Consequently it is possible to understand the nature of
the Reverse Transcription Polymerase Chain Reaction process, this technique
uses the first reverse transcription to obtain the DNA (RT) followed by the
Polymerase Chain Reaction (PCR) to multiply the DNA fragment, with a fac-
tor of hundreds thousands, yielding enough for analysis. [51] SARS-CoV-2 is
an RNA virus, or rather it contains only an RNA sequence while PCR works
only with DNA sequences. Therefore RT-PCR can then detect SARS-CoV-2,
which contains only RNA. The terms sensitivity, specificity and accuracy will
be used below. The sensitivity of a test measures the proportion of true posi-
tives that are correctly identified (e.g., the proportion of those who truly have
a condition (affected) who are correctly identified as having some condition).
The specificity of a test measures the proportion of true negatives (e.g. the
proportion of those who truly do not have the condition (unaffected) who
are correctly identified as not having the condition). Accuracy, on the other
hand, measures the proportion of correct predictions (both true positives
and true negatives) among the total number of cases examined. These sta-
tistical measures are reported with more detail in the Chapter 3, section 3.2:
Statistical Measures. The RT-PCR process generally takes a few hours. [52]
The sensitivity of the RT-PCR test for the identification of COVID-19 has a
value that varies between 68-100% (with an average of 95.2%) while a speci-
ficity (for more detail see Chapter 3) that varies between 92-100% (with an
average 98.9%) considering the test results of different company brands and
sampling methods. Moreover the RT-PCR has shown an accuracy of about
71% [30] Virus samples can be obtained by nasopharyngeal swab (cough-
ing substance), [53] throat swab (deep airway substance), [54] or saliva. The
sensitivity of clinical specimens by RT-PCR is 63% for nasal swab, 32% for
throat swab, 48% for faeces, 72-75% for sputum and 93-95% for bronchoalve-
olar lavage. The probability of identification of the virus depends on the
type of material collected and the time elapsed for infection. According to
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Figure 1.4: Demonstration of a nasopharyngeal swab and throat swab for COVID-19

testing.

the Drosten study, throat swab tests are fairly reliable during the first week
of COVID-19 while deep airway swab tests are preferable starting in week
two of the virus. As regards the tests on swabs on saliva, these tests have a
reliability equal to nasal and pharyngeal swabs even if this information is
not fully proven. Although testing on saliva samples has not been shown to
be as effective as nasal and throat swabs, such sampling reduces the risk of
healthcare professionals contracting the virus by decreasing operator-patient
contact. [55] This procedure is also more comfortable for the patient himself,
who can collect his own samples. Saliva collection can be as effective as nasal
and throat swabs, [56] although this is not certain. [57] Saliva sampling can
reduce the risk to healthcare professionals by eliminating close physical in-
teraction. It is also more comfortable for the patient. [39] Quarantined people
can collect their own samples. The diagnostic value of a saliva test depends
on the sample site (deep throat, oral cavity, or salivary glands). Some stud-
ies found that saliva produced greater sensitivity and consistency than swab
samples. [40]

Antigen Test

The term antigen refers to a part of a pathogen that develops an immune
system response. Antigen tests aim to identify the antigen protein starting
from the viral surface. SARS-CoV-2 antigens can be detected even before the
patient develops the first symptoms, or rather, when the virus particles begin
to spread in the body, showing faster test results but with a lower sensitivity
value than the process DNA amplification as in RT-PCR. [59] Despite the
slightly lower results in terms of sensitivity compared to RT-PCR, antigen
tests can be used on a large scale, or better to analyze several samples at a
time. In fact, the nucleic acid amplification test (RT-PCR) can process only
one sample at a time per machine, requiring much more time, energy and
qualified personnel, while the antigen test can speed up diagnostic times
with a decrease in sensitivity. Samples for the antigen test can be obtained
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from samples of the anterior nostrils, nasopharyngeal and throat (Figure 1.4).
Next, the sample is exposed to paper strips containing artificial antibodies
designed to bind to coronavirus antigens. The antigens bind to the strips
and make a visual reading. The process takes less than 30 minutes, can de-
liver point-of-care results, and requires no expensive equipment or extensive
training. [60] Regarding this test, there are several assumptions, according
to some scientists the antigen test can represent a valid substitute against
RT-PCR to detect the virus when subjects have a high viral load and are con-
tagious [61]; others argue instead that the antigen test is completely useless
to detect the virus. The WHO states that the sensitivity of the antigen test
varies between 34% and 80%, so about half of COVID-19 patients may not be
detected. Routine antigen testing can quickly identify when asymptomatic
people are contagious, while follow-up PCR can be used if a confirmatory
diagnosis is needed. [62]

Chest Imaging

The COVID-19 disease can be diagnosed, also by means of a radiology test,
or rather through the so-called diagnostic imaging. The diagnostic imaging
allows the visualization of the internal part of the chest of the patient under
examination through an X-ray image that allows the radiologist to analyze
any alveolar damage caused by SARS-CoV-2. There are two main diagnostic
imaging techniques (for further details see Chapter 2: Chest Imaging), there
are two: Chest Computed Tomography (CCT) and Chest X-Rays (CXR) (Fig-
ure 1.5). CCT is a diagnostic medical imaging technique that allows tomogra-
phy visualization of different sections of the patient’s chest, through which
it is then possible to calculate a three-dimensional graphic representation of
the anatomical part examined. This technique allows to obtain different to-
mographic images corresponding to different transverse planes, placed at a
certain distance from each other. This technique allows to obtain images with
high spatial resolution. Although the CCT allows to obtain high resolution
images, the duration of the entire test is longer than the CXR and moreover
it subjects the patient to a greater dose of X radiation, ionizing radiation
that can damage biological tissue. The CXR test, on the other hand, is much
faster and subjects the patient to a lower dose of X radiation, however, losing
in what is the spatial resolution. The CXR allows a planar visualization of
the patient’s chest while the CCT, as already indicated above, a tomographic
visualization; this planar representation, in reality, with a single acquisition
allows the visualization of the entire lung area, while the CCT of only a slice.
Therefore, to ensure a complete visualization of the lung area it is necessary
to visualize more sections at the same time, greatly extending the duration
of the entire diagnostic procedure. In the next chapter 2, both techniques
will be described in more detail.
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Figure 1.5: Example of chest imaging for COVID-19: left) AP CXR; middle) AL CCT;
right) AP CCT.

Serology Test

The serology test is a medical test that allows you to check whether the
body has come into contact with the virus by developing antibodies against
it as well as a measure of the immune system’s response to infection. The
serology test has as its primary purpose the identification and quantification
of the immunoglobulins produced by the body against a certain microorgan-
ism, allowing to verify the presence of a possible immune response against
an infectious agent. [72] Nothing to do, therefore, with the diagnosis of infec-
tion in progress, since the presence of an immune response does not reflect
the contextual presence of the virus (and therefore there is the risk of gener-
ating false positives), as well as the absence of a response. immune system
does not allow to exclude that there is an infection in progress (risk of gener-
ating false negatives). There are two different types of serological tests: the
qualitative rapid test and the quantitative test. The rapid test takes place by
means of capillary sampling of a drop of blood (’lancing aid’) which allows
to check if the immune system has developed an antibody response against
the virus, thus identifying whether the patient has come into contact with
the SARS-CoV 2. The qualitative test gives a result after about 15 minutes.
The quantitative test, on the other hand, consists in taking a larger sample
of venous blood which, in addition to identifying the presence of antibod-
ies in the blood, also allows you to estimate the quantity. Both tests report
the presence or quantity of IgM, IgA and IgG antibodies. At the time of in-
fection, IgM immunoglobins are the first to be produced and then decrease
in contraction while decreasing over time. At the same time the IgG im-
munoglobins begin to increase remaining in the blood as an immunological
memory. Although the typing of the antibody response, and its characteri-
zation by identifying immunoglobins with different structure and biological
significance, may allow with a certain approximation to classify an infec-
tion as "recent" or "past", serology in the diagnosis of COVID-19 appears
exceptionally problematic. This is partly due to the recent onset of the dis-
ease, which does not allow conclusive conclusions to be drawn, but also to
the bizarre behavior of the virus, both as regards its interaction with the im-
mune system in general, but also as regards its specific behavior in the single
patient. In the first case, it has now been widely demonstrated that the im-
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Figure 1.6: Immune response to COVID-19.

mune response to the virus makes use of the constant generation of IgG-type
immunoglobulins (they generally arise from the 10th to the 18th day from
the onset of symptoms and are therefore present in almost all patients after
3 -4 weeks after infection), the appearance of IgA-type immunoglobulins in
a substantial number of patients (generally occurring 7-15 days after the on-
set of symptoms and are present in over 90-95% of patients after 3-4 weeks
from infection), while the appearance of IgM-type immunoglobulins appears
more inconstant (generally occurring from the 5th to the 12th day from the
onset of symptoms, in a very variable percentage, from 50% to 90%, of pa-
tients ) and are less stable over time, tending to disappear after 4-6 weeks
(Figure 1.6). [73] Of particular importance is the study of the positivization
and kinetics of IgA immunoglobulins, as recently illustrated by Padoan et al.
[74] In this study, not only was the serum IgA titre consistently higher than
that of IgM, but also the percentage of patients who developed neutralizing
IgA (directed against the viral protein S) was 100% after 2 weeks, a confirms
that this antibody response could represent a valid barrier to prevent infec-
tion, considering that IgA are secretory immunoglobulins, present on the
surface of the mucous membranes. It is interesting to note that in some stud-
ies, such as the one published by Long et al [75], IgG against SARS-CoV-2
were identified in all patients infected by the virus after 19 days from the
onset of symptoms, while IgM were appeared in less than 95% of patients
within 22 days of the onset of symptoms, and then progressively diminished
in the subsequent period.Surprisingly, and confirming what was previously
stated, the percentage of patients with IgG positivity against SARS-CoV-2 is
always higher than that for IgM, both in the early and late phase of the dis-
ease. Cumulatively, the sum of the positivity for IgG and IgM appears only
marginally, but not significantly, higher than the positivity for IgG alone
during the early phase of the disease (5-15 days). The difference then van-
ishes completely 2 weeks after the onset of symptoms, which suggests that
the combined determination of the two immunoglobulins probably adds
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little in terms of epidemiological surveillance to that of IgG alone. These
considerations find valid support in the results of other recently published
studies. [76] The peculiar ongoing antibody kinetics of COVID-19 would
therefore allow us to conclude that serological diagnostics, at least in the
light of current knowledge, cannot and should not replace the process of
identifying RNA using molecular biology techniques to diagnose a ongoing
SARS-CoV-2 infection, but it remains an essential prerequisite in identify-
ing patients who have come into contact with the virus and have therefore
developed an immune response. Regardless of the validity of the concepts
previously expressed, the insufficient diagnostic accuracy of molecular biol-
ogy on materials of the upper respiratory tract opens some perspectives to
serology, but only as an auxiliary tool in the diagnosis of acute SARS-CoV-2
infection. In fact, Zhao et al showed that the combination of serology with
molecular biology could allow to increase the overall diagnostic sensitivity
from 70% to over 90%, even if the improvement during the early phase of
the infection (<7 days from the onset of symptoms ) appears substantially
modest (from 67% to 79%). [77] Although it is not possible to completely
dissolve the doubts raised several times regarding the neutralizing efficacy
of the antibodies produced during COVID-19, there is some concrete evi-
dence, which seems to reassure us. Partly comforting evidence comes from
the previous SARS epidemic, originating at the turn of the years 2002 and
2003, in which it was possible to demonstrate that the antibodies produced
against that homologous virus (now called SARS-CoV-1, and having about
85% genetic identity with SARS-CoV-2), produced a relatively long-lasting
immunity (from 2 to 6 years), but above all characterized by the appearance
of neutralizing antibodies. With regard more specifically to SARS-CoV-2 in-
fection, To et al. have recently shown that 94% and 100% of patients in whom
a quantifiable immunological response appears have neutralizing antibodies
of the IgM or IgG class, respectively. Indirect confirmation of the neutraliz-
ing capacity of antibodies is then obtained from studies that have repeatedly
demonstrated the effectiveness of the so-called hyperimmune plasma in pa-
tients with COVID-19. [78] The mean specificity of the antigen tests is found
to be 99.5% while the mean sensitivity is 56.8%, but there is an extreme vari-
ation in the sensitivity results (0 to 94%) between the test results of different
corporate brands. [79]

1.7 prevention

A COVID-19 vaccine is not expected until 2021 at the earliest. The US Na-
tional Institutes of Health guidelines do not recommend any medication for
prevention of COVID-19, before or after exposure to the SARS-CoV-2 virus,
outside the setting of a clinical trial. Without a vaccine, other prophylactic
measures, or effective treatments, a key part of managing COVID-19 is try-
ing to decrease and delay the epidemic peak, known as "flattening the curve".
[38] This is done by slowing the infection rate to decrease the risk of health
services being overwhelmed, allowing for better treatment of current cases,
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and delaying additional cases until effective treatments or a vaccine become
available. [38] Preventive measures to reduce the chances of infection in-
clude staying at home, wearing a mask in public, avoiding crowded places,
keeping distance from others, ventilating indoor spaces, washing hands with
soap and water often and for at least 20 seconds, practising good respiratory
hygiene, and avoiding touching the eyes, nose, or mouth with unwashed
hands. [39] Those diagnosed with COVID-19 or who believe they may be
infected are advised by the CDC to stay home except to get medical care,
call ahead before visiting a healthcare provider, wear a face mask before
entering the healthcare provider’s office and when in any room or vehicle
with another person, cover coughs and sneezes with a tissue, regularly wash
hands with soap and water and avoid sharing personal household items.
For health care professionals who may come into contact with COVID-19

positive bodily fluids, using personal protective coverings on exposed body
parts improves protection from the virus. [40] Breathable personal protec-
tive equipment[clarification needed] improves user-satisfaction and may of-
fer a similar level of protection from the virus.[108] In addition, adding tabs
and other modifications to the protective equipment may reduce the risk
of contamination during donning and doffing (putting on and taking off
the equipment). [40] Implementing an evidence-based donning and doffing
protocol such as a one-step glove and gown removal technique, giving oral
instructions while donning and doffing, double gloving, and the use of glove
disinfection may also improve protection for health care professionals. [40]
The World Health Organization (WHO) and most government health agen-
cies (such as the US Centers for Disease Control and Prevention (CDC), the
UK National Health Service (NHS), or the New Zealand Ministry of Health)
recommend individuals wear non-medical face coverings in public settings
where there is an increased risk of transmission and where social distanc-
ing measures are difficult to maintain. [41] This recommendation is meant
to reduce the spread of the disease by asymptomatic and pre-symptomatic
individuals and is complementary to established preventive measures such
as social distancing. Face coverings limit the volume and travel distance of
expiratory droplets dispersed when talking, breathing, and coughing. Many
countries and local jurisdictions encourage or mandate the use of face masks
(Figure 1.7) or cloth face coverings by members of the public to limit the
spread of the virus. [41] Masks are also strongly recommended for those
who may have been infected and those taking care of someone who may
have the disease. Social distancing strategies aim to reduce contact of in-
fected persons within large groups by closing schools and workplaces, re-
stricting travel, and cancelling large public gatherings. Distancing guidelines
also include that people stay at least 2 metres apart. After the implementa-
tion of social distancing and stay-at-home orders, many regions have been
able to sustain an effective transmission rate over the time (Rt) of less than
one, meaning the disease is in remission in those areas. [42] When not wear-
ing a mask, the CDC, WHO, and NHS recommends covering the mouth and
nose with a tissue when coughing or sneezing and recommends using the
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Figure 1.7: Example of gloves and mask for COVID-19 prevention.

inside of the elbow if no tissue is available. Proper hand hygiene after any
cough or sneeze is encouraged. The WHO also recommends that individu-
als wash hands often with soap and water for at least 20 seconds, especially
after going to the toilet or when hands are visibly dirty, before eating and af-
ter blowing one’s nose. The CDC recommends using an alcohol-based hand
sanitiser with at least 60% alcohol, but only when soap and water are not
readily available. For areas where commercial hand sanitisers are not readily
available, the WHO provides two formulations for local production. In these
formulations, the antimicrobial activity arises from ethanol or isopropanol.
Hydrogen peroxide is used to help eliminate bacterial spores in the alco-
hol; it is "not an active substance for hand antisepsis". Glycerol is added as
a humectant. [43] Sanitizing of frequently touched surfaces is also recom-
mended or required by regulation for businesses and public facilities; the
United States Environmental Protection Agency maintains a list of products
expected to be effective. [44]
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2.1 introduction

Available modalities for chest disease imaging include chest X-ray, computed
tomography (CT), and nuclear medicine, including ventilated perfusion lung
scan and positron emission tomography (PET). Magnetic resonance imaging
(MRI) is a standard tool for evaluating congenital heart and vascular disease,
but is not currently generally used for imaging primary lung diseases. In
many simple disease processes, such as uncomplicated infections, imaging
may not be necessary. In this chapter, we will discuss the two most common
techniques used to assess chest disease and briefly mention some lesser-used
or emerging techniques.

2.2 chest computed tomography

CT is usually the second stage when the chest X-ray has identified an abnor-
mality that requires further evaluation, or when the disease course is pro-
longed and another condition is suspected. Standard CT using current tech-
nologies actually uses the same minimum resolution as high resolution CT,
but is reconstructed with greater slice thickness in multiple imaging planes.
Thinner slices can be reconstructed to visualize smaller structures with finer
details. Thicker reconstructions are used to make small lung lesions more
evident. The use of intravenous contrast medium is usually preferred but
is contraindicated in patients with a history of anaphylactic reactions to
iodine. Intravenous contrast should be used with caution in patients with
underlying renal insufficiency due to the increased risk of contrast-induced
nephropathy. The duration of the test is a total of approximately 30 minutes
in which the patient remains approximately lying down for approximately
10 minutes during positioning and scanning. [98-100] CT carries a greater
risk of radiation-induced malignancy than a chest X-ray and should only
be considered if management changes. This is within the capabilities of any
primary care physician who is interested in mastering the skill. CT can be
considered a high resolution chest x-ray taken on a slice separating it into
the mediastinum, lungs, pleura, skeleton, and surrounding soft tissues. As
announced, CT is usually done for a differential diagnosis, allowing smaller
lung lesions to be visualized more easily than torch x-rays. CT is superior
to chest x-ray for evaluating pleural diseases. [5] The tomographic slices
are separated by 5–10 mm so that lung damage that occurs between the
slices may not be more easily appreciated. Common indications for high-
resolution CT are evaluation of suspected pulmonary fibrosis (in which chest
x-ray is normal or abnormal), solitary pulmonary nodule (PET/CT may be
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Figure 2.1: Temporal evolution of COVID-19 pneumonia on CCT.

more accurate where nodules are larger than 8-10 mm), bronchiectasis and,
finally, response to treatment of diffuse lung disease (for example, alveolitis
or bronchiectasis). According to recent studies carried out in China on 6218

patients from China and abroad, CCT for COVID-19 (Figure 2.1)showed a
sensitivity of 94% (91-96%) even higher than RT-PCR which reported sensi-
tivity values lower than 89% (81–94%) for the diagnosis of COVID-19 pneu-
monia. [69] In another analysis, however, the sensitivity of CCT even reached
99% in the region with the most serious epidemic. Thanks to its high sen-
sitivity, CCT has been proposed as a primary diagnostic tool in epidemic
areas with a high level of contagion, in order to recognize suspicious cases
early and possibly limit the spread of the infection, as well as to adopt virus
containment protocols by of entire outbreaks. However, a more recent meta-
analysis including 37 studies with 9610 patients found that CCT sensitivity
significantly decreases from 94% to 75% when low risk bias studies are in-
cluded. Additionally, the possibility that CCT may be normal within the first
3 days of symptom onset (day 0-2) in up to 56% of cases should be consid-
ered when evaluating patients with suspected COVID-19 pneumonia. CCT
can also detect abnormalities in asymptomatic patients, with a rate of 54%,
according to Inui S. et al. [70]. The reported specificity of CT is moderate
to low; it was only 37% (26-50%) in the meta-analysis by Kim et al. [69].
The same authors observed that in regions with a prevalence of disease <
10%, the PPV of RT-PCR was more than ten times higher than that of CT,
which means that the application of CT as a screening tool in these areas
could potentially lead to a large number of false positive results, with an
unjustified increase in medical costs [69]. Due to the above limitations, some
authors suggest considering CT as an additional diagnostic tool, especially
in symptomatic patients. In addition to these considerations, the WHO also
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expressed itself, considering the use of CCT particularly useful in patients
with pre-existing lung disease. Therefore, it can be concluded that due to the
pandemic spread of SARS-CoV-2 infection, it is essential to be familiar with
the common and uncommon imaging findings of COVID-19 pneumonia and
their evolution over time on CXR and HRCT. [100]

2.3 chest x-rays

The primary chest imaging technique is chest x-ray, as well as the starting
point in the imaging armamentarium. It typically includes posterior-anterior
(PA) and lateral views and provides an overview of the lungs and cardiovas-
cular system. For PA imaging, which is preferable, patients should stand
with their arms around a rectangular imaging system (film cassette or elec-
tronic imaging system). Anterior-posterior (AP) imaging is used when the
patient is not ambulatory, but usually results in reduced image quality, in-
cluding enlargement of the heart size and poorer detail of the lung structure.
The AP technique can obscure the present pathology and produce artifi-
cial opacities. It is always helpful to view imaging results in the context of
clinical findings to avoid overdiagnosis or misdiagnosis. For example, an
infiltrate in the lungs could be fluid (edema), pus, blood, or cells (in the
case of a malignant tumor); correlation with the clinical situation usually
discriminates between these possibilities. [95] Reading a chest X-ray is sim-
ple if a systematic approach is used. Usually, there will be a working di-
agnosis based on clinical suspicion. This will guide the practitioner to the
most important structures (e.g. lungs and cardiac / diaphragmatic profile in
pneumonia), but the use of a checklist will ensure that relevant results are
not missed.Becoming familiar with the normal structures seen forming the
mediastinal contour will allow you to appreciate when the normal shape is
lost and point to a diagnosis. For example, in the case of consolidation, part
of the cardiomediastinal silhouette may become clouded by an abnormally
increased density of fluid or pus-filled alveoli. The development of a mass
in the mediastinum will result in an alteration of the contour without losing
the well-defined border. Understanding the anatomical structures present
in different parts of the mediastinum narrows the differential diagnosis of
the origin of a mass. [96] The mediastinum is anatomically divided into
superior and inferior, based on the aortic arch. The superior mediastinum
contains the airways, the aortic arch and its branches, as well as the superior
vena cava and the brachiocephalic vein. The mediastinum is also divided
into anterior, middle and posterior compartments: the anterior one largely
contains lymphatic structures; the middle mediastinum contains the heart
and pericardium; and the esophagus is the main occupant of the posterior
compartment. Therefore, a right upper mediastinal mass could result from
an abnormal vascular structure, lymph nodes, dilated esophagus, or an en-
larged thyroid. Where a lung mass abuts the mediastinum, it will obliterate
the normal interface between the air in the lung and the soft tissue density
of the mediastinum; it may therefore appear to come from the mediastinum.



2.3 chest x-rays 20

Figure 2.2: Temporal evolution of COVID-19 pneumonia on chest X-ray (CXR)

[97, 100] When a mass is suspected, CT is usually indicated. Characteriz-
ing pulmonary infiltrates as nodular (round) or reticular (lines) is the key
to the differential diagnosis of pulmonary infiltrates which, on initial eval-
uation of patients and their chest radiographs, are obviously not caused by
infectious consolidation. Pulmonary edema commonly presents as a linear
infiltrate in the periphery of the lungs, usually in the lower areas ("Kerley"
lines), caused by the accumulation of fluid in the interstitium of the lungs.
Later, in the course of decompensated heart failure, fluid will appear in the
alveoli. This fluid can appear as a small nodular infiltrate 3–5 mm in diame-
ter or as "soft" confluent areas of consolidation when thousands of adjacent
alveoli fill with transudated fluid. [6] Other causes of a small nodular infil-
trate are atypical infection (including mycobacterial infection), sarcoidosis,
and disseminated metastatic disease. The correlation with the clinical sce-
nario is therefore fundamental. When smaller airway or interstitium disease
is suspected, the next imaging step is usually high-resolution CT. Radiolog-
ical imaging is a further test to detect the current presence of COVID-19,
offering valuable and rapid information in diagnosing COVID-19 pneumo-
nia [63]. The standard method adopted for the identification of viral RNA
is represented by RT-PCR in real time by means of samples obtained from
nasopharyngeal, oropharyngeal or bronchoalveolar lavage swabs. However,
the sensitivity of RT-PCA is very variable from 68% to 100% depending on
the different instrumentation kits adopted by different companies, the stage,
the severity of the disease and the type of swab. For this reason some tests
have reported false positives with RT-PCR while radiological tests sugges-
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tive of a presumed COVID-19 pneumonia. [64] Another point against the
RT-PCR test lies in the delay of the results that require from several hours to
24 hours for the analysis of the samples after the RNA multiplication process.
Normally it is possible to have patients suspected of COVID-19 undergo ra-
diological examination before results are available. Chest x-ray imaging has
been indicated for diagnostic purposes in symptomatic patients while RT-
PCR is not available or test results are late in coming, or in the recent WHO
advisory guide for diagnosis. case of a negative test in the presence of a
high clinical suspicion of COVID-19. [65] The medical imaging tests used
are Chest Computer Tomography (CCT) and Chest X-Ray (CXR). The table
1 shows the typical radiation dose from common imaging studies used to
evaluate the chest. The lifelong risk of inducing cancer from a chest X-ray is
low, but strategies to reduce the dose, such as omitting the lateral view of
the chest X-ray in children and pregnant women, are regularly employed. A
low-risk study (1 in 10,000 risk of fatal cancer) is one in which the chance
of death is only slightly higher than that resulting from road trauma in
Australia. Additional images are rarely needed in children as masses and in-
terstitial diseases for example are relatively rare. CXR (Figure 2.2) is easy to
use and is usually performed through an anterior-posterior (AP) and supine
projection, using mobile CXR units within a dedicated and isolated diagnos-
tic room to reduce the risk of spreading infection (Figure). CCT, on the other
hand, is performed through thin sections (<1.5 mm) through the high reso-
lution technique (HRCT) which allows to improve the spatial resolution of
the anatomical structures related to the lung parenchyma, without contrast
injection (Figure). The reported sensitivity of CXR for COVID-19 pneumo-
nia is relatively low in early disease and mild cases and is lower than that of
baseline RT-PCR (69% vs 91%, respectively) [66]. The baseline negative CXR
rate tends to decrease as the time interval between symptom onset and CXR
increases. In a retrospective study of 240 symptomatic patients with RT-PCR
confirmed COVID-19 infection, the negative CXR rate was 36.7% at 0-2 days
after the onset of symptoms and 16.1% a > 9 days [67]. However, the diagnos-
tic performance of CXR increases in clinical settings with high disease preva-
lence as described by Schiaffino et al. in their experience based on real life

Table 2.1: Radiation dose and associated risk of fatal cancer for common imaging
studies.

Test Typical Dose (mSv) Equivalent NBR1 Additional CLR 2

CXR 0.1 18 days Minimal

CCT 7 3.5 years Low

PET/CT 25 12 years Moderate

NBR1: Natural Background Radiation (1.5-2.0% mSv/y). CLR2: Cancer Lifetime
Risk. [65]
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reports without independent image review during the COVID-19 outbreak
in northern Italy. CXR upon admission to the emergency room showed a
sensitivity of 89.0% (85.5% - 91.8%) and a specificity of 60.6% (51.6% - 69,
2%) [68]. In this regard, the CXR imaging technique can be adopted as a
first-line modality in areas with a high rate of contagion and with a high
probability of pre-test disease, especially when RT-PCR is not available or
reports negative results in patients with symptoms.CXR could be used as
a first-line imaging modality in areas with high levels of contagion offer-
ing a sensitivity value of 89.0% (85.5% - 91.8%) and a specificity of 60, 6%
(51.6% - 69.2%), as well as in the serial evaluation of hospitalized and criti-
cally ill patients. On the other hand, the CCT shows a low specificity even
reaching values equal to 37% but with a sensitivity instead that has reached
94% in areas with low disease prevalence, and the modality of choice in the
evaluation should be considered. differential diagnosis with other infectious
and non-infectious lung diseases and in the management of patients with
preexisting lung disease. Awareness of the relationship between the imag-
ing results and the underlying pathogenesis helps radiologists to increase
the level of confidence in diagnosing the disease at its first presentation, as
well as in recognizing possible complications and differential diagnosis. [71]
The predominant imaging findings of possible differential diagnosis with
COVID-19 pneumonia occurring during outbreak can be seen in the Table 2.

2.4 other chest imaging techniques

In addition to chest CT, other imaging modalities are also used in the diagno-
sis of COVID-19 as a complement to chest CT, including PET/CT, lung ultra-
sound, and magnetic resonance imaging (MRI). In the following subsections,
a brief introduction of these imaging techniques is provided. Positron Emis-
sion Tomography (PET) is a sensitive but invasive imaging method that plays
an important role in evaluating inflammatory and infectious lung disease,
monitoring disease progression and treatment effect, and improving patient
management . Chu et al. [101] found that SARS-CoV-2 infection caused five
inflammatory and significantly upregulated inflammatory mediators, indi-
cating that PET 18F-FDG could be a potential imaging tool for COVID-19.
Qin et al. [102] reported that lung lesions of patients with COVID-19 pneu-
monia were characterized by high absorption of 18F-FDG and the lymph
node was involved, disseminated disease was absent in 18F-FDG PET/CT
imaging (Figure 2.3). [143] They suggest that 18F-FDG PET/CT may play an
auxiliary diagnostic role in COVID-19, especially early on, when differen-
tial diagnosis is difficult. In one clinical case, a high absorption of FDG was
found in the lymph nodes and bone marrow by the 18F-FDG PET/CT eval-
uation. Similarly, a high and significant absorption of 18F-FDG has been ob-
served in patients with MERS-CoV infection. In a letter to the editor, Deng et
al. [103], have suggested that the absorption of FDG may reflect non-specific
inflammation or immune activation. FDG PET/CT may play an important
role in identifying changes in uptake patterns and locations during viral
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exposure, and patients with increased FDG uptake in lesions may have a
longer recovery period. Conversely, another letter to the editor of Joob et al.
[104], had a different view, stating that 18F-FDG PET/CT is a more complex
test than chest CT and a longer trial period for 18F-FDG PET/CT exams
may increase the risk of transmission of the disease. They conclude that fur-
ther studies are needed to determine if 18F-FDG PET/CT is an appropriate
testing modality for COVID-19 and this is not currently recommended for di-
agnosing COVID-19. As a portable, radiation-free, and non-invasive imaging
method, lung ultrasound (LUS) enables initial bedside screening of low-risk
patients, diagnosis of suspected cases in the emergency department, prog-
nostic stratification, and monitoring of changes in pneumonia. Peng et al.
[105] reported that pulmonary ultrasound can provide comparable results
to chest CT for assessing COVID-19 pneumonia. For severe or critically ill
patients, particularly those admitted to ICU and requiring ventilation, LUS
is required for patient management and monitoring of treatment efficacy.
More importantly, the use of LUS can reduce the risk of exposure between
infected patients and healthcare professionals and discriminate between low
and high risk patients. Bunosenso et al. [106] reported a confirmed case that
LUS showed an irregular pleural line with small subpleural unions, white
lung areas, 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 risk of radiation dose to the
fetus. Alternatively, Moro et al. [107] recommended that obstetricians and gy-
necologists perform lung examination using LUS. Magnetic resonance imag-
ing (MRI) is a powerful radiation-free imaging technique for visualizing soft
tissue. However, it is not commonly applied to COVID-19 diagnosis due to
a relatively long scan time and high cost compared to CT and LUS. How-
ever, non-invasive magnetic resonance imaging can aid in the assessment of
COVID-19 in children and pregnant women [108]. SARS-CoV-2 infection is
mainly distributed in the lung, but three minimally invasive autopsies have
shown that the infection also involves damage to the heart, vessels, liver,
kidneys and other organs [109]. At the molecular level, the angiotensin con-
verting enzyme 2 (ACE2), the key cellular receptor host of SARS-CoV-2, has
been identified in multiple organs. The study conducted by Chen et al. [110]
confirmed that patients with underlying heart failure disease showed higher
expression of ACE2 at both the mRNA and protein levels and may have
a higher risk of heart attack and critical illness. Similarly, cardiac MRI has
also shown cardiac implications in patients with COVID-19, such as acute
myopericarditis with systolic dysfunction. At the RNA level, Zou et al. [111]
identified other at-risk organs such as the heart, esophagus, kidneys, bladder
and ileus that are vulnerable to COVID-19 infection. Due to excellent perfor-
mance 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 study of Syrjala et al. [112], the ability of
MRI, CT, and X-Ray can be evaluated, and in, the value and performance of
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Figure 2.3: A) PET maximum intensity projection (MIP) image demonstrates two hy-
permetabolic areas in the right lung (arrows) with an SUV max of 9.5 in
the right lower lobe. There are also hypermetabolic mediastinal and hilar
lymph nodes (arrowhead) with an SUV max of 9.6 in a subcarinal nodal
conglomerate. Axial images (B, low dose CT; C, PET/CT fusion) demon-
strate a large area of peripheral ground glass in the right lower lobe (ar-
row) with associated increased FDG uptake. Additional axial PET/CT
fusion image (D) shows hypermetabolic mediastinal lymph nodes (ar-
rowheads) as well as areas of increased FDG uptake in the periphery
of both lungs (arrows), corresponding to subtle areas of parenchymal
ground glass opacities on axial CT (E).

LUS, X-Ray, CT, and MRI are compared for complicated pneumonia, many
researches can be done for COVID-19 patients to not only compare differ-
ent modalities or their combinations but also systematically study the organ
damages and mechanisms of the disease.



3
T E C H N I Q U E S A N D D ATA F O R A U T O M AT I C D E T E C T I O N
O F C O V I D 1 9 L E S I O N

3.1 introduction

With regard to what was defined in the previous chapter 2 on the diagnostic
tests of COVID-19, one of the methods treated for the current diagnosis of
SARS-CoV-2 as well as the current development of COVID-19, is represented
by radiology imaging relating to the chest of the subject under consideration.
As highlighted, CXR could be adopted as a first-line technique in high-level
areas by decreasing the time required to perform the test through RT-PCR
and therefore increasing the number of tests performed on patients at risk
of COVID-19 in areas with high level of contagion. According to several
meta-analyzes, reported in the previous chapter, the CXR demonstrated an
average sensitivity value of 89.0% (85.5% - 91.8%) and an average specificity
of 60.6% (51.6% - 69.2%) compared to CCT which instead showed a high
average sensitivity of 92% (86% - 96%) and a low average specificity of 37%
(26% - 50%). Therefore, CCT should be considered as a differential diagnosis
tool with other infectious and non-infectious lung diseases and in the man-
agement of patients with pre-existing lung diseases, while as just mentioned,
CXR could be adopted as a first line modality in the current diagnosis. In
this regard, it was decided to implement an algorithm based on artificial
intelligence that can increase the sensitivity and specificity of CXR, help-
ing the clinical staff in the diagnostic evaluation of COVID-19 even in areas
with a lower level of contagion. The algorithm involves the use of a convo-
lutional neural network that guarantees automatic recognition of COVID-19

starting from CXR radiology images, thus speeding up the entire diagnostic
process of COVID-19. Artificial intelligence, as defined by Marco Somalvico,
Italian engineer specialized in the field of artificial intelligence, is a disci-
pline belonging to computer science that studies the theoretical foundations,
methodologies and techniques that allow the design of hardware systems
and program systems software capable of providing the electronic computer
with performance that, to a common observer, would seem to be the exclu-
sive domain of human intelligence. This intelligence, therefore, is nothing
more than an index on the performance demonstrated by machines, such as
a computer, which are able to imitate the cognitive functions that humans
associate with learning and problem solving. [80] The overall goal of artifi-
cial intelligence research is to create a technology that allows computers and
machines to function intelligently as well as mimic human cognitive abilities.
There are two different types of artistic intelligence model: the structuralist
model and the functionalist model. Structural models aim to loosely mimic
basic intelligence operations of the mind such as reasoning and logic. The
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functional model refers to the data related to its calculated counterpart. [81]
AI is still used today to fulfill various tasks, explained below. There are sev-
eral objectives of AI such as reasoning and solving problems through logi-
cal deductions, the representation of knowledge, planning, learning, natural
language processing, perception, manipulation, movement, social and gen-
eral intelligence. AI is therefore used in various fields such as cybersecurity,
against large-scale hacking attacks creating billions of dollars in damage to
businesses; in education, through artificial intelligence tutors allowing stu-
dents to obtain individual help to reduce stress, anxiety and increase their
preparation; in finance, through the use of artificial neural networks to detect
charges or complaints outside the norm. AI has had and is having a wide use
also in the government sector for facial recognition systems; in the military
field, for the coordination of sensors and effectors, detection and identifica-
tion of threats, acquisition of targets, and obviously also in the health sector.
Artificial intelligence is having more and more ingenuity in the health sector
such as assisted surgical robotic systems, elderly care robots [82], creation of
medical devices, cancer diagnosis and above all in the interpretation of medi-
cal images (image recognition). Image recognition (IR) is a branch of artificial
intelligence whose purpose is to develop algorithms and methodologies for
the automatic or semi-automatic reproduction of mechanisms typical of bi-
ological vision systems, such as our visual system or the Facial recognition.
These include the recognition of shapes and colors, the extraction of spatial
and geometric information, or the ability to segment and track moving ob-
jects. Therefore the IR is essentially involved in recognizing images starting
from the detection of particular characteristics that make this image recogniz-
able. [83] The IR is part of the branch of Computer Vision, part of computer
science, which includes the set of processes that aim to simulate the human
sight, mainly intended as the interpretation of the content of a specific image
that can be acquired by the system itself or provided by an external system.
A Computer Vision system is based on two main objectives: identification,
in which a specific instance of a class is identified and detection in which
the image is scanned up to the identification of particular characteristics ex-
tracted. For this detection to take place successfully, the system must have
already been familiar with these images from which, by means of training
algorithms, it has been able to identify the main characteristics. [84] These
characteristics are then used to identify the object while trying to locate the
object in a test image containing multiple objects. It is important that the
set of features extracted from the sample image is insensitive to image scale
variations, noise, lighting and geometric distortions, in order to make recog-
nition reliable. When we talk about image recognition we refer to digital
type images, in which the image is transformed from an analog signal (cur-
rent) to a corresponding numerical value (digital), then storing the same in
the matrix. A digitized image is the transformation of a real image into a
corresponding numerical representation of it. In the digitization phase, the
image is transformed from optical dots (pixels) to digital values in memory,
with correspondence in the matrix. Between the physical pixel in the camera



3.1 introduction 27

Figure 3.1: Examples of a) normal, b) COVID-19, and c) SARS chest x-ray images.

CCD matrix and the relative numerical value in the memory matrix, there
is not only a coordinate correspondence, but also a relationship between the
brightness read by the pixel during the acquisition phase and the digital
value stored for the same. Subsequently, the recognition takes place auto-
matically using algorithms that receive it as input and are able to extract
various information from it and predict a class. The information extracted
can be placed on several levels: low level (such as statistics on the presence
of various shades of gray or colors, on sudden changes in brightness, etc.);
intermediate level (characteristics related to image regions and relations be-
tween regions) or high level (determination of objects with semantic value).
There are systems capable of recognizing two images as similar that are
based solely on the extraction of low-level characteristics, while algorithms
that are capable of giving a semantic interpretation of the content of an im-
age, even if restricted to certain domains, are still being researched. [85] In
the healthcare field, image recognition is widely used especially in medical
imaging, as it allows for better characterization and faster identification of
metastases that can improve the outcomes of therapies. In particular, deep
learning techniques are mostly used for aspects related to medical imaging.
One of the first uses of deep learning algorithms in medical imaging con-
cerns image classification. Usually there is a certain number of images as
input and a single diagnostic variable as output (presence/absence of the
disease). [86] As for the datasets, they are much more restricted in medical
imaging than in computer vision in general (hundreds/thousands of sam-
ples versus millions). For this reason, the transfer learning technique is often
used, which basically consists in pre-training the machine to circumvent the
data requirement for training the program. IR has been adopted for diagnos-
tic image recognition in several fields of medicine. With regard to the latest
research, IR has been used in mammography to detect the presence of breast
cancer, one of the most common cancers affecting women today. Among the
various application of IR in healthcare, it is worth mentioning the work car-
ried out by Asmaa A. et al, where IR has been adopted to detect COVID-19

disease from chest X-Ray images (Figure 3.1), as also done by Linda W. et al,
Gioncalo M. et al and Subrato B. et al that are described in the 3, section 3.4.
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3.2 statistical measures

To better understand the performance of a specific test, or predictive model
(algorithm), very often reference is made to statistical measures that tend to
highlight particular aspects of the proposed test. In this regard, the follow-
ing are mainly mentioned: sensitivity (or recall, hit rate, true positive rate),
specificity (or selectivity, true positive rate), precision (or positive predictive
value), accuracy and the F1 score. All the aforementioned statistical mea-
sures are obtained starting from the Confusion Matrix, which is calculated
based on the answers proposed by the test or model. Given a specific test or
model (predictive) we define:

• True Positive (TP): number of sick people correctly identified as sick
by the test

• False Positive (FP): number of healthy people incorrectly identified as
sick by the test

• True Negative (TN): number of healthy people correctly identified as
healthy by the test

• False Negative (FN): number of Sick people incorrectly identified as
healthy by the test

Confusion Matrix

The confusion matrix, also called as an error matrix, is a specific table
layout that allows visualization of the performance of a test or algorithm,
where each row of the matrix represents the instances in a predicted class
while each column represents the instances in an actual class (or vice versa).
[113] The name stems from the fact that it makes it easy to see if the sys-
tem is confusing two classes (i.e. commonly mislabeling one as another). It
is a special kind of contingency table, with two dimensions ("actual" and
"predicted"), and identical sets of "classes" in both dimensions (each combi-
nation of dimension and class is a variable in the contingency table). The
Figure 3.2 shows an example of a confusion matrix. As you can see, starting
from left to right, the values of true positives, false positives, false negatives
and true negatives are shown, where P and N indicate positive and negative
respectively.

Sensitivity

Sensitivity (also called TPR), instead, refers to the test’s ability to correctly
detect ill patients who do have the condition. [114] In the example of a medi-
cal test used to identify a disease, the sensitivity (sometimes also named the
detection rate in a clinical setting) of the test is the proportion of people who
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Figure 3.2: Structure of a binary confusion matrix.

test positive for the disease among those who have the disease. Mathemati-
cally, this can be expressed as:

Sensitivity =
TP

TP + FN
(3.2.1)

A negative result in a test with high sensitivity is useful for ruling out dis-
ease. [114] A high sensitivity test is reliable when its result is negative, since
it rarely misdiagnoses those who have the disease. A test with 100% sen-
sitivity will recognize all patients with the disease by testing positive. A
negative test result would definitively rule out presence of the disease in a
patient. However, a positive result in a test with high sensitivity is not neces-
sarily useful for ruling in disease. Suppose a ’bogus’ test kit is designed to
always give a positive reading. When used on diseased patients, all patients
test positive, giving the test 100% sensitivity. However, sensitivity does not
take into account false positives. The bogus test also returns positive on all
healthy patients, giving it a false positive rate of 100%, rendering it useless
for detecting or "ruling in" the disease.

Specificity

Specificity (also called TNR) relates to the test’s ability to correctly reject
healthy patients without a condition. Specificity of a test is the proportion of
healthy patients known not to have the disease, who will test negative for it.
Mathematically, this can also be written as:

Speci f icity =
TN

TN + FP
(3.2.2)

A positive result in a test with high specificity is useful for ruling in disease.
The test rarely gives positive results in healthy patients. A positive result
signifies a high probability of the presence of disease. [115] A test with a
higher specificity has a lower type I error rate.

Precision

Precision (also called PPV) is the proportion of positive and negative re-
sults in statistics and diagnostic tests that are true positive results. [116] The
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PPV describe the performance of a diagnostic test or other statistical mea-
sure. A high result can be interpreted as indicating the accuracy of such a
statistic. The PPV is not intrinsic to the test (as true positive rate and true
negative rate are); it depends also on the prevalence. [117] The PPV derives
from the Bayes’ theorem. Mathematically PPV is defined as follows:

Precision =
TP

TP + FP
(3.2.3)

Accuracy

The accuracy (ACC) of a measurement system is a statistical measure that
expresses the degree of proximity of measurements of a quantity to the true
value of that quantity. [118] The accuracy of a measurement system, related
to reproducibility and repeatability on the other hand, is the degree to which
repeated measurements under unchanged conditions show the same results.
[119] Although the two words precision and accuracy may be synonymous
in colloquial usage, they are deliberately contrasted in the context of the sci-
entific method (Figure 3.3). In statistics, the terms bias and variability are
often used instead of accuracy and precision, where bias is the amount of
inaccuracy (how inaccurate a system is) and variability is the amount of
imprecision (how inaccurate a system is). Accuracy can be defined in two
different ways. The first defines accuracy as the description of a systematic
error, or rather the measure of statistical bias; low accuracy causes a differ-
ence between a result and a true value. ISO calls this trueness. Alternatively,
ISO defines [120] accuracy as describing a combination of both types of ob-
servational error above (random and systematic), so high accuracy requires
both high precision and high trueness. Precision, instead, is a description
of random errors, a measure of statistical variability. A measurement sys-

Probability
density

Accuracy

Precision

Value

Reference value
Average value

Figure 3.3: Accuracy and precision from a probability density function.

tem can be accurate but not accurate, accurate but not accurate, neither or
both. For example, if an experiment contains a systematic error, increasing
the sample size generally increases accuracy but does not improve accuracy.
The result would be a coherent but inaccurate set of results from the flawed
experiment. Eliminating systematic error improves accuracy but does not
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Figure 3.4: ROC curve and the AUC.

change accuracy. A measurement system is considered valid if it is accurate
and precise. Related terms include bias (non-random or direct effects caused
by one or more factors unrelated to the independent variable) and error (ran-
dom variability). The terminology is also applied to indirect measurements,
i.e. to values obtained through a calculation procedure from observed data.
In numerical analysis, accuracy is also the proximity of a calculation to the
real value; while precision is the resolution of the representation, typically
defined by the number of decimal or binary digits. [120] Mathematically,
accuracy is defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(3.2.4)

F1 Score

F-score or F-measure is a measure of a test’s accuracy. It is calculated from
the precision and recall of the test, where the precision is the number of
correctly identified positive results divided by the number of all positive
results, including those not identified correctly, and the recall is the number
of correctly identified positive results divided by the number of all samples
that should have been identified as positive. The F1 score is the harmonic
mean of the precision and recall. The highest possible value of an F-score is
1, indicating perfect precision and recall, and the lowest possible value is 0,
if either the precision or the recall is zero. Mathematically it can be defined
as follows:

F1 − score =
2TP

2TP + FP + FN
(3.2.5)
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Receiver Operating Characteristic Curve

The Receiver Operating Characteristic curve is a graphical representation
for a binary classification. The graph (Figure 3.4) shows sensitivity along the
vertical axis and 1-specificity on the horizontal axis, respectively represented
by True Positive Rate and False Positive Rate, showing the relationships be-
tween true alarms (hit rate) and false alarms. The ROC curve is created by
plotting the True Positive Rate value against the False Positive Rate at various
threshold settings. The true positive rate is also known as sensitivity, recall
or probability of detection [121]. The false positive rate is also known as a
fall-out or false alarm probability [121] and can be calculated as 1-specificity.
It can also be thought of as a diagram of power versus type I error: when
performance is calculated from a single sample of the population, it can be
considered as an estimate of these quantities. The ROC curve is therefore
the true positive rate as a function of the false positive rate. In general, if the
sensitivity and 1-specificity distributions are known, the ROC curve can be
generated by plotting the cumulative distribution function (area under the
probability distribution from −∞ to the discrimination threshold) of the de-
tection probability in the axis y with respect to the cumulative distribution
function of the probability of false alarm on the x axis. By analyzing the ROC
curves, the ability of the classifier to discern, for example, between a set of
healthy and sick populations is assessed, by calculating the area under the
ROC curve (Area Under Curve, AUC). The AUC value, between 0 and 1, is
in fact equivalent to the probability that the result of the classifier applied to
an individual randomly extracted from the group of patients is higher than
that obtained by applying it to an individual extracted at random from the
group of healthy people. [122] The ROC curves pass through the points (0,0)
and (1,1), also having two conditions that represent two limit curves: one
that cuts the graph at 45°, passing through the origin. This line represents
the case of the random classifier ("no benefit" line), and the area under the
AUC is equal to 0.5; the second curve, on the other hand, is represented by
the segment that from the origin rises to the point (0,1) and by the one that
connects the point (0,1) to (1,1), having an underlying area of value equal to
1, that is, it represents the perfect classifier.

3.3 convolutional neural networks

In the field of machine learning, more properly of deep learning, a CNN is
a type of feed-forward artificial neural network in which the connection be-
tween artificial neurons is inspired by the organization of the tissue nervous
system of the human visual cortex, in which neurons are arranged in layers
defining different levels of nerve interaction [123]. To better understand what
a convolutional neural network is, therefore, it is necessary to recall the def-
inition of an artificial neural network (often abbreviated with ANN), which
represents a computational model (a cascade of mathematical calculations)
composed of multiple calculation units (neuron), called nodes, connected to
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each other so as to form a network, precisely neural network. The Figure
shows the structure of an artificial neural network, from which it can be
deduced, an input layer, a hidden layer and an output layer, in which the
term layer identifies a linear (column) arrangement of neurons. The size of
each layer is given by the number of computation units, therefore neurons,
present in each layer that receive data from previous layers, process them
and pass them to subsequent layers for further calculations. These mathe-
matical models are too simple to gain an understanding of biological neural
networks [123, 124], but they are used to try to solve artificial intelligence en-
gineering problems such as those that arise in different technological fields
(in electronics, computer science, simulation, and other disciplines). In most
cases, an artificial neural network is an adaptive system that changes its
structure based on external or internal information flowing through the net-
work itself during the learning phase. In practical terms, neural networks are
non-linear structures of statistical data organized as modeling tools. They
can be used to simulate complex relationships between inputs and outputs
that other analytic functions cannot represent. An artificial neural network
receives external signals on a layer of input nodes (processing units), each
of which is connected with numerous internal nodes, organized in several
layers. Each node processes the received signals and transmits the result to
subsequent nodes. The concept of a neural network arises because a func-
tion f (x) is defined as a composition of other functions G(x), which can in
turn be further defined as a composition of other functions. This can be con-
veniently represented as a network structure, with arrows depicting depen-
dencies between variables. A widely used representation is the non-linear
weighted sum, where:

f (x) = k

(
∑

i
wigi(x)

)
(3.3.1)

where k is a predefined function, and G refers to a set of functions as a
vector:

G = (g1, g2, .., gn) (3.3.2)

Returning to convolutional networks, a CNN, as already indicated, is a
class of neural networks (deep: with many layers), most commonly applied
to the analysis of visual images. [125] They are also known as displace-
ment invariant or spatial invariant artificial neural networks (SIANN), based
on their shared weight architecture and translation invariance characteris-
tics. An example of CNN can be seen on the Figure 3.5. [126, 127] They
have applications in image and video recognition, recommendation systems,
image classification, medical image analysis, natural language processing,
brain-computer interfaces and financial time series. [128-131] CNNs are reg-
ularized versions of multilayer perceptrons. Multilayer Perceptrons usually
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Figure 3.5: Example of Convolutional Neural Network.

mean fully connected networks, meaning each neuron in one layer is con-
nected to all neurons in the next layer. The "full connection" of these net-
works makes them prone to data overfitting. Typical ways of regularization
include adding some form of measurement of the magnitude of weights to
the loss function. CNNs take a different approach to regularization: they
take advantage of the hierarchical model in the data and assemble more
complex models using smaller, simpler models. Therefore, on the scale of
connection and complexity, CNNs are at the lower end. Convolutional net-
works have been inspired by biological processes [132] since the connectivity
pattern between neurons resembles the organization of the animal visual cor-
tex. Individual cortical neurons respond to stimuli only in a narrow region
of the visual field known as the receptive field. The receptive fields of dif-
ferent neurons partially overlap in such a way that they cover the entire
visual field. CNNs use relatively little pre-processing compared to other im-
age classification algorithms. This means that the network learns the filters
that in traditional algorithms were designed by hand. This independence
from prior knowledge and human effort in feature design is a major advan-
tage. It is possible to visualize a convolutional neural network in the Figure.
A convolutional neural network consists of an input and an output layer, as
well as multiple hidden layers. The hidden layers of a CNN typically con-
sist of a series of convolutional layers that convolve with a multiplication or
other dot product. The activation function is commonly a ReLU layer, and
is subsequently followed by additional convolutions such as pooling layers,
fully connected layers and normalization layers, referred to as hidden layers
because their inputs and outputs are masked by the activation function and
final convolution. [133]

Convolution

When programming a CNN, the input is a tensor with shape (number of
images) x (image height) x (image width) x (image depth). Then after pass-
ing through a convolutional layer, the image becomes abstracted to a feature
map, with shape (number of images) x (feature map height) x (feature map
width) x (feature map channels). A convolutional layer within a neural net-
work should have the following attributes: 1) Convolutional kernels defined
by a width and height (hyper-parameters), 2) the number of input channels
and output channels (hyper-parameter); 3) the depth of the Convolution fil-
ter (the input channels) must be equal to the number channels (depth) of
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Figure 3.6: Two-dimensional convolution operation. The shaded portions are the
first output element as well as the input and kernel tensor elements
used for the output computation: 0x0 + 1x1 + 3x2 + 4x3 = 19.

the input feature map. Convolutional layers convolve by the convolution op-
eration the input and pass its result to the next layer. This is similar to the
response of a neuron in the visual cortex to a specific stimulus. [134] Each
convolutional neuron processes data only for its receptive field. Although
fully connected feed-forward neural networks can be used to learn features
as well as classify data, it is not practical to apply this architecture to im-
ages. A very high number of neurons would be necessary, even in a shallow
(opposite of deep) architecture, due to the very large input sizes associated
with images, where each pixel is a relevant variable. For instance, a fully con-
nected layer for a (small) image of size 100 x 100 has 10,000 weights for each
neuron in the second layer. The convolution operation brings a solution to
this problem as it reduces the number of free parameters, allowing the net-
work to be deeper with fewer parameters. [135]. Let us ignore the channels
for now and see how the convolution works. In Figure 3.6, the input is a two-
dimensional tensor with a height of 3 and width of 3. We mark the shape
of the tensor as 3 × 3 or (3, 3). The height and width of the kernel are both
2. The shape of the kernel window (or convolution window) is given by the
height and width of the kernel (here it is 2 × 2). The shaded portions are the
first output element as well as the input and kernel tensor elements used for
the output computation: 0 × 0 + 1 × 1 + 3 × 2 + 4 × 3 = 19. In general the out-
put size is given by the input size nh × nw minus the size of the convolution
kernel kh × kw via:

(nh − kh + 1)× (nw − kw + 1) (3.3.3)

Padding

One tricky issue when applying convolutional layers is that we tend to
lose pixels on the perimeter of our image. Since we typically use small ker-
nels, for any given convolution, we might only lose a few pixels, but this
can add up as we apply many successive convolutional layers. One straight-
forward solution to this problem is to add extra pixels of filler around the
boundary of our input image, thus increasing the effective size of the image.
This process i called padding. Typically, we set the values of the extra pixels
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Figure 3.7: Maximum pooling with a pooling window shape of 2×2. The shaded
portions are the first output element as well as the input tensor elements
used for the output computation: max(0, 1, 3, 4) = 4.

to zero. So, few words, padding is simply a process of adding layers of zeros
to our input images. In Figure 3.7, we pad a 3×3 input, increasing its size to
5×5. The corresponding output then increases to a 4×4 matrix. The shaded
portions are the first output element as well as the input and kernel tensor
elements used for the output computation: 0 × 0 + 0 × 1 + 0 × 2 + 0 × 3 = 0.
In general, if we add a total of ph rows of padding (roughly half on top and
half on bottom) and a total of pw columns of padding (roughly half on the
left and half on the right), the output shape will be:

(nh − kh + ph + 1)× (nw − kw + pw + 1) (3.3.4)

Stride

When computing the convolution, we start with the convolution window
at the top-left corner of the input tensor, and then slide it over all locations
both down and to the right. In previous examples, we default to sliding one
element at a time. However, sometimes, either for computational efficiency
or because we wish to downsample, we move our window more than one
element at a time, skipping the intermediate locations. We refer to the num-
ber of rows and columns traversed per slide as the stride. So far, we have
used strides of 1, both for height and width. Sometimes, we may want to
use a larger stride. Figure 3.8 shows a convolution operation with a stride of
3 vertically and 2 horizontally. The shaded portions are the output elements
as well as the input and kernel tensor elements used for the output compu-
tation: 0×0+0×1+1×2+2×3 = 8,0×0+6×1+0×2+0×3 = 6. We can see that when
the second element of the first column is outputted, the convolution win-
dow slides down three rows. The convolution window slides two columns
to the right when the second element of the first row is outputted. When
the convolution window continues to slide two columns to the right on the
input, there is no output because the input element cannot fill the window
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Figure 3.8: Maximum pooling with a pooling window shape of 2×2. The shaded
portions are the first output element as well as the input tensor elements
used for the output computation: max(0, 1, 3, 4) = 4.

(unless we add another column of padding). In general, when the stride for
the height is sh and the stride for the width is sw, the output shape is:

[(nh − kh + ph + sh)/sh][(nw − kw + pw + sw)/sw] (3.3.5)

Pooling

Convolutional networks may include local or global pooling layers to
streamline the underlying computation. Pooling layers reduce the dimen-
sions of the data by combining the outputs of neuron clusters at one layer
into a single neuron in the next layer. Local pooling combines small clusters,
typically 2 x 2. Global pooling acts on all the neurons of the convolutional
layer. [136] In addition, pooling may compute a max or an average. Max
pooling uses the maximum value from each of a cluster of neurons at the
prior layer (see Figure 3.9). [137] Average pooling uses the average value
from each of a cluster of neurons at the prior layer. [138]

Activation Functions

Figure 3.9: Maximum pooling with a pooling window shape of 2×2. The shaded
portions are the first output element as well as the input tensor elements
used for the output computation: max(0, 1, 3, 4) = 4.
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Figure 3.10: Left: relu function. Middle: sigmoid function. Right: tanh function.

Activation functions decide whether a neuron should be activated or not
by calculating the weighted sum and further adding bias with it. They are
differentiable operators to transform input signals to outputs, while most
of them add non-linearity. Because activation functions are fundamental to
deep learning, let us briefly survey some common activation functions. The
main used activation function are relu, sigmoid and tanh funcions.

• The relu function (Figure 3.10, left) retains only positive elements and
discards all negative elements by setting the corresponding activations
to 0 (Figure ). The relu function is mathematically defined as follows:

relu(x) = max(x, 0) (3.3.6)

• The sigmoid function (Figure 3.10, middle) transforms its inputs, for
which values lie in the domain R, to outputs that lie on the interval (0,
1). For that reason, the sigmoid is often called a squashing function: it
squashes any input in the range (-inf, inf) to some value in the range
(0, 1):

sigmoid(x) =
1

1 + e−x (3.3.7)

• Like the sigmoid function, the tanh (hyperbolic tangent) function (Fig-
ure 3.10, right) also squashes its inputs, trans- forming them into ele-
ments on the interval between -1 and 1:

tanh(x) =
1 − e−2x

1 + e−2x (3.3.8)

Fully connected

Fully connected layers connect every neuron in one layer to every neuron
in another layer. It is in principle the same as the traditional multi-layer
perceptron neural network (MLP). The flattened matrix (matrix reported in
a single array form) goes through a fully connected layer to classify the
images. See the Figure 3.11, where the flattened matrix 2x2 is reported in
the form of 4x1 array (input array: xi) fully connected to 5 neurons (hidden
layer: hi). The output layer (oi) is represented by three neuron.
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Figure 3.11: An MLP with a hidden layer of 5 hidden units.

Receptive field

In neural networks, each neuron receives input from some number of lo-
cations in the previous layer. In a fully connected layer, each neuron receives
input from every element of the previous layer. In a convolutional layer,
neurons receive input from only a restricted subarea of the previous layer.
Typically the subarea is of a square shape (e.g., size 5 by 5). The input area
of a neuron is called its receptive field. So, in a fully connected layer, the
receptive field is the entire previous layer. In a convolutional layer, the recep-
tive area is smaller than the entire previous layer. The subarea of the original
input image in the receptive field is increasingly growing as getting deeper
in the network architecture. This is due to applying over and over again a
convolution which takes into account the value of a specific pixel, but also
some surrounding pixels.

Weights

Each neuron in a neural network computes an output value by applying
a specific function to the input values coming from the output of the pre-
vious layer. The function that is applied to the input values is determined
by a vector of weights and a bias (typically real numbers). Learning, in a
neural network, progresses by making iterative adjustments to these biases
and weights. The vector (or matrix) of weights and the bias are called filters
and represent particular features of the input (e.g., borders, shape etc). A dis-
tinguishing feature of CNNs is that many neurons can share the same filter.
This reduces memory footprint because a single bias and a single vector of
weights are used across all receptive fields sharing that filter having its own
bias and vector (or matrix) weighting. [139] The main convolutional neural
network architectures used in image recognition are LeNet AlexNet, VGG,
GoogLeNet, ResNet.
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Comparison among the main CNNs

LeNet was the first Deep Neural Network that came into existence in 1998

to solve the digit recognition problem. It has 7 layers which are stacked up
one over the other to recognize the digits written in the Bank Cheques. De-
spite the introduction of LeNet, more advanced data such as high-resolution
images can’t be used to train LeNet. Moreover, the computation power of
computer systems during 1998 was very less. The Deep Learning community
had achieved groundbreaking results during the year 2012 when AlexNet
was introduced to solve the ImageNet classification challenge. AlexNet has
a total of 8 layers which are further subdivided into 5 convolution layers
and 3 fully connected layers. Unlike LeNet, AlexNet has more filters to per-
form the convolution operation in each convolutional layer. In addition to
the number of filters, the size of filters used in AlexNet was 11×11, 5×5 and
3×3. The number of parameters present in the AlexNet is around 62 million.
The training of AlexNet was done in a parallel manner i.e. two Nvidia GPUs
were used to train the network on the ImageNet dataset. AlexNet achieved
57% and 80.3% as its top-1 and top-5 accuracy respectively. Furthermore,
the idea of Dropout was introduced to protect the model from overfitting.
Consequently, a few million parameters were reduced from 60 million pa-
rameters of AlexNet due to the introduction of Dropout. After the AlexNet,
the next champion of ImageNet (ILSVRC-2014) classification challenge was
VGG-16. There are a lot of differences between AlexNet and VGG-16. Firstly,
VGG-16 has more convolution layers which imply that deep learning re-
searchers started focusing to increase the depth of the network. Secondly,
VGG-16 only uses 3×3 kernels in every convolution layer to perform the con-
volution operation. Unlike AlexNet, the small kernels of VGG-16 can extract
fine features present in images. The architecture of VGG-16 has an over-
all 5 blocks. The first two blocks of the network have 2 convolution layers
and 1 max-pooling layer in each block. The remaining three blocks of the
network have 3 convolution layers and 1 max-pooling layer. Thirdly, three
fully connected layers are added after block 5 of the network: the first two
layers have 4096 neurons and the third one has 1000 neurons to do the clas-
sification task in ImageNet. Therefore, the deep learning community also
refers to VGG-16 as one the widest network ever built. [142] Moreover, the
number of parameters in the first two fully-connected layers of VGG-16 has
around a contribution of 100 million out of 138 million parameters of the
network. The final layer is the Soft-max layer. The top-1 and top-5 accu-
racy of VGG-16 was 71.3% and 90.1% respectively. After the VGG-16 show,
Google gave birth to the GoogleNet (Inception-V1): the other champion of
ILSVRC-2014 with higher accuracy value than its predecessors. Unlike the
prior networks, GoogleNet has a little strange architecture. Firstly, the net-
works such as VGG-16 have convolution layers stacked one over the other
but GoogleNet arranges the convolution and pooling layers in a parallel
manner to extract features using different kernel sizes. The overall intention
was to increase the depth of the network and to gain a higher performance



3.3 convolutional neural networks 41

LeNet

AlexNet

VGG GoogleNet

Figure 3.12: Block diagram representation of the main CNNs.

level as compared to previous winners of the ImageNet classification chal-
lenge. Secondly, the network uses 1×1 convolution operation to control the
size of the volume passed for further processing in each inception module.
The inception module is the collection of convolution and pooling operation
performed in a parallel manner so that features can be extracted using dif-
ferent scales. Thirdly, the number of parameters present in the network is
24 million which makes GoogleNet a less compute-intensive model as com-
pared to AlexNet and VGG-16. Fourthly, the network uses a Global Average
Pooling layer in place of fully-connected layers. Ultimately, GoogleNet had
achieved the lowest top-5 error of 6.67% in ILSVRC-2014. All the CNNs men-
tioned above are reported in the Figure 3.12. The winner of the ImageNet
competition in 2015 was ResNet152 i.e. Residual Network having 152 lay-
ers variant released by the team consisting of Kaiming He, Xiangyu Zhang,
Shaoqing Ren, Jian Sun [142] that showed a residual-based learning frame-
work to ease the training of networks that are substantially deeper than
those used previously. Prior to the explanation of the deep residual network,
it is necessary to talk about simple deep networks (networks having more
number of convolution, pooling and activation layers stacked one over the
other). Since 2013, the Deep Learning community started to build deeper
networks because they were able to achieve high accuracy values. Further-
more, deeper networks can represent more complex features, therefore the
model robustness and performance can be increased. However, stacking up
more layers didn’t work for the researchers. While training deeper networks,
the problem of accuracy degradation was observed. In other words, adding
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more layers to the network either made the accuracy value to saturate or
it abruptly started to decrease. The culprit for accuracy degradation was
vanishing gradient effect which can only be observed in deeper networks.
During the backpropagation stage, the error is calculated and gradient val-
ues are determined. The gradients are sent back to hidden layers and the
weights are updated accordingly. The process of gradient determination and
sending it back to the next hidden layer is continued until the input layer
is reached. The gradient becomes smaller and smaller as it reaches the bot-
tom of the network. Therefore, the weights of the initial layers will either
update very slowly or remains the same. In other words, the initial layers of
the network won’t learn effectively. Hence, deep network training will not
converge and accuracy will either starts to degrade or saturate at a partic-
ular value. Although vanishing gradient problem was addressed using the
normalized initialization of weights, deeper network accuracy was still not
increasing. Deep Residual Network is almost similar to the networks which
have convolution, pooling, activation and fully-connected layers stacked one
over the other. The only construction to the simple network to make it a
residual network is the identity connection between the layers. The picture
below shows the residual block used in the network (Figure 3.13). You can
see the identity connection as the curved arrow originating from the input
and sinking to the end of the residual block. As discussed earlier, increasing
the number of layers in the network suddenly reduces accuracy. The deep
learning community wanted a deeper network architecture that could work
as well or at least as well as shallower networks. Now, trying to imagine
a deep network with layers of convolution, pooling, etc. Stacked on top of
each other, suppose the actual function we are trying to learn after each
layer is given by Ai (x) where A is the i-th level output function for the
specified input x. In this way of learning, the network directly tries to learn
these output functions, i.e. without any additional support. In practice, it is
not possible for the network to learn these ideal functions (A1, A2, A3,. . . .
An) but it can only learn the functions let’s say B1, B2, B3,. . . . Bn which are
closer to A1, A2, A3,. . . . An but they are not A1, A2, A3, ... However, the
alleged deep net is so much worse that even it cannot learn B1, B2, B3, ...
Bn which will be closer to A1, A2, A3,. . . . because of the vanishing gradient
effect and also because of the unsupported training mode. Training support
will be given by identity mapping in addition to residual output. First, let’s
see what the meaning of identity mapping is. Applying identity mapping to
the input will give you the output which is the same as the input (AI = A:
where A is the input matrix and I is Identity Mapping). Traditional networks
like LeNet, AlexNet, VGG, GoogleNel etc. (see Figure 3.12) They try to learn
A1, A2, A3,. . . . A directly. In the forward pass, the input (image) is passed
to the network to get the output. The error is calculated and the gradients
determined and the backpropagation helps the network to approximate the
functions A1, A2, A3,. . . , An in the form of B1, B2, B3,. . . , Bn. In this regard,
the creators of the ResNet convolutional network thought that if the multi-
ple non-linear layers can asymptotically approximate complicated functions,
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then it is equivalent to hypothesize that they can asymptotically approximate
the residual function. The residual function (also known as residual map-
ping) is the difference between the input and output of the residual block
under question. In other words, residual mapping is the value that will be
added to the input to approximate the final function (A1, A2, A3,. . . , An) of
the block. You can also assume that the residual mapping is the amount of
error which can be added to input so as to reach the final destination i.e. to
approximate the final function. The Residual Mapping is acting as a bridge
between the input and the output of the block. Now, the function which
should be learned as a final result of the block is represented as H(x). The
input to the block is x and the residual mapping. For this purpose the team
thought that rather than expecting stacked layers to learn to approximate
H(x), it was better to let the layers to approximate a residual function i.e.
F(x) = H(x)− x. The above statement is explaining that during training the
deep residual network, the main focus is to learn the residual function i.e.
F(x). So, if the network will somehow learn the difference F(x) between the
input and output, then the overall accuracy can be increased. In other words,
the residual value should be learned in a way such that it approaches zero,
therefore making the identity mapping optimal. In this way, all the layers in
the network will always produce the optimal feature maps i.e. the best case
feature map after the convolution, pooling and activation operations. The
optimal feature map contains all the pertinent features which can perfectly
classify the image to its ground-truth class. During the time of backpropa-
gation, there are two pathways for the gradients to transit back to the input
layer while traversing a residual block (see Figure 3.13). A residual block can
be expressed mathematically as follows:

y = F(x, Wi) + x (3.3.9)

where y is the output function, x is the input to the residual block and
F(x, Wi) is the residual block. Note that the residual block contains weight
layers which are represented as Wi where 1 ≤ i ≤ number of layers in a
residual block. Also, the term F(x, Wi) for 2 weight layers in a residual block
can be simplified and can be written as follows:

F(x, Wi) = W2σ(W1x) (3.3.10)

where σ is the ReLU activation function and the second non-linearity is
added after the addition with identity mapping i.e. H(x) = σ(y). When
the computed gradients pass from the Gradient Pathway-2, two weight lay-
ers are encountered which are W1 and W2 in our residual function F(x). The
weights or the kernels in the weight layers W1 and W2 are updated and
new gradient values are calculated. In the case of initial layers, the newly
computed values will either become small or eventually vanish. To save the
gradient values from vanishing, the shortcut connection (identity mapping)
will come into the picture. The gradients can directly pass through the Gra-
dient Pathway-1 shown in the previous diagram. In Gradient Pathway-1, the
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Figure 3.13: A regular block (left) and a residual block (right).

gradients don’t have to encounter any weight layer, hence, there won’t be
any change in the value of computed gradients. The residual block (Figure
3.13) will be skipped at once and the gradients can reach the initial layers
which will help them to learn the correct weights. Also, ResNet version 1

has ReLU function after the addition operation, therefore, gradient values
will be changed as soon as they are getting inside the residual block. The
addition of the identity connection does not introduce extra parameter with-
out increasing complexity. The dimensions of x and F, that must be the same,
can be matched by padding an extra zero for increasing dimensions or by
performing a 1x1 convolution. The architecture of ResNet-18 and ResNet-34

(block diagram representation Figure 3.14) has 4 stages as shown in the dia-
gram below. The network can take the input image having height 224, width
224 and 3 channels (224 x 224 x 3). Pytorch works with 3x224x224 instead
of 224x224x3. Both ResNet architectures perform the initial convolution and
max-pooling using 7×7 and 3×3 kernel sizes respectively with 2 stride. Af-
terward, stage 1 of the RsNet-18 starts with 2 Residual blocks containing 2

layers each, while stage 1 of the ResNet-34 starts with 3 Residual blocks con-
taining 2 layers each. The size of kernels used to perform the convolution
operation in all 2 (for ResNet-18) or 3 (for ResNet-34) layers of the block of
stage 1 are 64, 64. Stage 2 of the RsNet-18 starts with 2 Residual blocks con-
taining 2 layers each, while stage 2 of the ResNet-34 starts with 4 Residual
blocks containing 2 layers each. The size of kernels used to perform the con-
volution operation in all 2 (for ResNEt-18) or 3 (for ResNet-34) layers of the
block of stage 2 are 128, 128. Stage 3 of the RsNet-18 starts with 2 Residual
blocks containing 2 layers each, while stage 2 of the ResNet-34 starts with
6 Residual blocks contiaining 2 layers each. The size of kernels used to per-
form the convolution operation in all 2 (for ResNEt-18) or 3 (for ResNet-34)
layers of the block of stage 2 are 256, 256. Stage 4 of the RsNet-18 starts with
2 Residual blocks containing 2 layers each, while stage 2 of the ResNet-34

starts with 3 Residual blocks containing 2 layers each. The size of kernels



3.3 convolutional neural networks 45

used to perform the convolution operation in all 2 (for ResNet-18) or 3 (for
ResNet-34) layers of the block of stage 2 are 512, 512. All the convolution
operation in the Residual Block is performed with stride 2, hence, the size
of input will be reduced to half in terms of height and width but the chan-
nel width will be doubled. As we progress from one stage to another, the
channel width is doubled and the size of the input is reduced to half. Finally,
the network has an Average Pooling layer followed by a fully connected
layer having 1000 neurons (ImageNet class output). The ouput channel, has
2 outputs for classifying exactly the COVID-19 and viral pneumonia.

x 2

x 2

x 2

x 2

x 3

x 4

x 6

x 3

ResNet-18 ResNet-34

Figure 3.14: ResNet-18 (left) and ResNet-34 (right) Block Diagram representation.
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3.4 ai-based algorithms for covid-19 detection

Image recognition, as introduced in the previous paragraph, has been used
for diagnostic purposes in various medical fields, such as cardiovascular, ner-
vous, oncological, pneumatic, helping clinical staff to identify, with greater
precision, a possible cardiovascular malformation, a brain dysfunction a tu-
mor or lung damage. These are just some of the many examples that can
be found in the literature, which have reported excellent results in terms
of sensitivity, specificity and accuracy. In this paragraph we will review the
most current studies on the automatic detection of COVID-19 through image
recognition algorithms starting from chest radiographic images. As antici-
pated in the previous Chapter 2, the computational model used for IR was a
convolutional neural network. In order to better understand the studies on
the automatic detection of COVID-19, the concept of a convivial neural net-
work will be briefly explained. The convolutional neural network is a type
of feed-forward artificial neural network in which the connectivity pattern
between neurons is inspired by the organization of the human visual cortex;
where the neurons are units of calculation, while the pattern is a network of
connections between the neurons themselves: precisely the neural network.
It is defined as convolutional, as the network uses the mathematical convolu-
tion operation to perform the calculations. One of the first studies to report
is certainly the analysis conducted by Linda W. et al [91]. on the introduction
of COVID-Net, a deep convolutional neural network architecture for detect-
ing and discriminating COVID-19 cases versus viral pneumonia from open
source CXR images available to the public. The architecture of COVID-Net is
shown in the Figure 3.15. The team also presented COVIDx, an open source
benchmark dataset that includes 13,975 CXR images in 13,870 patient cases
from five different open source databases: (1) COVID-19 Image Data Collec-
tion, (2) COVID-19 Chest X-ray Dataset Initiative, (3) ActualMed COVID-19

Chest X-ray Dataset Initiative, (4) RSNA Pneumonia Detection Challenge
dataset, which used publicly available CXR data from, and (5) COVID-19

radiography database. In this study, the team examined how COVID-Net
makes classification about normal, viral and COVID-19 using an explain-
ability method in an effort to gain a deeper insight into the critical factors
associated with COVID cases, thereby helping clinicians improve screening,
confidence, and transparency using COVID-Net for computer-assisted accel-
erated screening. The test has been done on a dataset of 300 CXR images, 100

images for each class. The results reported were as follows: test accuracy of
93.33%, test sensitivity of 93.33%, test precision about 93.57% and F1-score
of 0.94%. As reported by Linda W. et al, the model is not a manufacturing
solution, but a tool that can be used by other researchers and data scientists
to develop an even more efficient solution for detecting COVID-19 cases
from CXR images and accelerating the treatment of those who need it most.
Another interesting study conducted by Gioncalo M. et al [92], reported ex-
cellent results on binary classification, detection of COVID-19 cases with re-
spect to a normal and multiclass condition, for the discrimination of COVID-



3.4 ai-based algorithms for covid-19 detection 47

Figure 3.15: COVID-Net architecture. High architectural diversity and selective
long-range connectivity can be observed as it is tailored for COVID-19

case detection from CXR images.

19 with respect to viral pneumonia and normal cases as also followed by the
team Linda W. et al reported previously, proposing a convolutional neural
network architecture called EfficientNet. The team used CXR image database
coming from Kaggle website and from the COVID-19 Image DataSet. The
first one consists of 1230 normal CXR images, 1252 COVID-19 CXR and
1050 viral pneumonia images and the second one consists of 20 COVID-19

CXR images. The classification that took place has been two: binary (COVID-
19 vs normal) and multiclass considering also the viral penumonia images.
The testing has been done on the validation dataset of 196 images, 100 CXR
images for COVID-19 and 96 CXR images for normal class. The proposed ar-
chitecture was tested reporting the following statistical values for the binary
classification between COVID-19 and normal subjects: average accuracy of
99.62%, average recall of 99.63%, average accuracy of 99.64% and F1 score of
99.62%. The results of the multiclass model instead reported an accuracy of
96.70%, a sensitivity of 96.69%, accuracy of 97.59% and an F1 score of 97.11%.
According to the authors, there is no similar study proposing an automated
method to COVID-19 detected using EfficientNet. The block scheme of the
EfficientNet is illustrated above in the Figure 3.16. A team consisting of As-
maa A. et al [93]. with regard to the detection of COVID-19 cases, has instead
adapted the architecture of the deep CNN DeTraC, which is based on a class
decomposition approach for the detection of COVID-19 X-ray images from
normal, and severe acute respiratory syndrome cases. The database has been
obtainied combaining two datasets: 80 samples of normal CXRs (with 4020

× 4892 pixels) from the Japanese Society of Radiological Technology (JSRT)
and Chest X-ray images, which contains 105 and 11 samples of COVID-19

and SARS (with 4248 × 3480 pixels). The dataset was then divided into two
groups; 70% for training the model and 30% for evaluation of the classifi-
cation performance. The DeTraC convolutional neural network architecture
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Figure 3.16: Block Diagram of the proposed EfficientNet.

has been the Resnet18 as ImageNet pre-trained network in transfer learning.
The decomposition, transfer and composition is illustrated in the Figure 3.16.
In this case the team has chosen a 6-channel classification, using two differ-
ent learning rate values, one for the convolutional part and one for the full
connected part. DeTraC-ResNet18 was trained based on deep learning mode.
For performance evaluation, we adopted some metrics from the confusion
matrix such as accuracy, sensitivity, specificity, and precision. The average
values reported are: sensitivity equal to 97.91%, specificity equal to 91.87%
and accuracy equal to 95.12%. As reported by Asmaa A. et all, DeTraC has
shown effective and robust solutions for the classification of COVID-19 cases
and its ability to cope with the irregularity of the data and also the limited
number of training images. As concluded by the team, the goal is to extend
the experimental validation work of the method with larger data sets, add
an explainability component to improve the usability of the model, and ul-
timately enable implementation on portable devices. To conclude, we want
to present the work done by Subrato B. et al [94]. In this work, a new hy-
brid deep learning framework called VDSNet is proposed for detecting lung
disease from X-ray images. This model was applied to the NIH chest radio-
graphic image dataset collected from the Kaggle repository. For the case of
the full dataset, the VDSNet network architecture showed the best valida-
tion accuracy of 73%, while vanilla gray, vanilla RGB, hybrid CNN VGG, ba-
sic CapsNet, and modified CapsNet reported slightly more accuracy values
lows of 67.8%, 69%, 69.5%, 60.5% and 63.8%, respectively. VDSNet showed
a validation accuracy value of 73%, which is better than the 70.8% accuracy
value in the case of a sample dataset. On the other hand, VDSNet, as stated,
required a training time of 431 s for the full dataset case, much longer than
the 19 s required for the sample dataset. To make the proposed VDSNet
useful in hospitals, as announced by the team, further progress is needed to
improve model accuracy especially for classifying rotated, skewed or other
images for which the model has poor performance. All the architecture men-



3.4 ai-based algorithms for covid-19 detection 49

Figure 3.17: Top: Structural design for the model of vanilla CNN; Middle: Full archi-
tecture of VDSNet; Capsule network for lung X-ray images prediction.

tioned are reported in the Figure 3.17 In this regard, the team ran hybrid
systems to improve accuracy without increasing the training time. The re-
sults described in the paper suggest that deep learning models can be used
to improve diagnosis over traditional methods. In conclusion, the team an-
nounced the real scientific goals, such as creating a hybrid algorithm with
the fusion of the GoogLe-Net, AlexNet and ResNet-152 architecture. As it
could therefore be deduced, there have been numerous studies for the au-
tomatic detection of COVID-19, based on different types of architecture of
deep convolutional neural networks, as well as chest radiography images.
The aim was not only to apply the proposed methods to detect COVID-19

with respect to a normal condition, too, but above all to discriminate it from
a possible viral pneumonia, which has proved to be one of the most difficult
challenges.



4
A N E W P R O P O S E D A I - B A S E D A P P R O A C H F O R
C O V I D - 1 9 L E S I O N D E T E C T I O N

4.1 introduction

In this chapter we will propose a new AI-based algorithm that uses a par-
ticular CNN architecture known as ResNet. The convolutional neural net-
work will be trained starting from chest radiographic images of patients
with COVID-19 and viral pneumonia, present in the database available on
kaggle contract thanks to the contribution of universities and doctors around
the world. The study is based on the discrimination of COVID-19 and viral
pneumonia, excluding cases of healthy patients, as it represents the greatest
challenge today, as well as the most complicated from a diagnostic point of
view. As already mentioned in Chapter 2, in fact, radiography is performed
in the case of patients with symptoms that can lead to viral pneumonia or
COVID-19, for which a diagnostic evaluation is required in order to adopt
and follow containment protocols. Therefore, a classification that included
healthy patients would not have helped to delineate the main differences be-
tween COVID-19 and viral pneumonia. The database used will be exposed
below, and subsequently the technique based on the deep convolutional neu-
ral network ResNet which has given the possibility of obtaining excellent
results in terms of discriminatory and diagnostic terms of COVID-19 and
viral pneumonia. The versions of ResNet used were ResNet-18 and ResNet-
34 (see Figure 4.4), this to analyze the differences in the performance of the
algorithm for the two versions by defining which of the two reported bet-
ter results in statistical terms. So the aim was to be able to use a network
architecture already present in the literature, starting from the simpler ver-
sion of 18 layers and then comparing it with the next one with 34 layers that
preserve the same structure, thus analyzing the performances of the two
networks convolutional on the detection of COVID-19 with respect to vi-
ral pneumonia excluding normal cases unnecessary in the diagnostic phase.
The algorithm has been implemented in Python, in particular, through the
pytorch library, an open source machine learning framework optimized for
the construction of fully connected and convolutional neural networks for
computer vision. The work took place in the workplace of Jupyter Lab.

4.2 database

A team of researchers from the universities of Qatar, Doha, Dhaka, Bangladesh,
together with collaborators from the universities of Pakistan and Malaysia
and doctors from around the world, have created a database of chest X-ray
images containing CXR images of COVID-19 positive cases. CXR images
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Figure 4.1: CXR images. On top COVID-19 CXR images, on bottom Viral CXR im-
ages.

of healthy patients and CXR images of patients with viral pneumonia. This
database, accessible through the following website https://www.kaggle.com
/tawsifurrahman/covid19-radiography-database, was used for the design of
an artificial intelligence algorithm based on a particular convolutional neu-
ral network structure for COVID-19 classification which will be illustrated
in the next section. The database consists of 219 CXR images of COVID-19

positive cases, 1341 CXR images of normal cases, and 1345 CXR images of
viral pneumonia cases. The database includes COVID-19 radiographic im-
ages granted by the Italian Society of Medical and Interventional Radiology
(SIRM) [140], the Novel Corona Virus 2019 Dataset developed by Joseph Paul
Cohen, Paul Morrison and Lan Dao on GitHub [141] and other radiographic
images extracted from around 43 different publications. The references of
each image are provided in the metadata reported in csv format. All images
are in Portable Network Graphics (PNG) file format and the resolution is
1024 x 1024 pixels, which can be easily converted to 224 x 224 or 227 x 227

pixels typically required by CNNs. For the study that will be illustrated be-
low, only CXR images of patients affected by COVID-19 and those affected
by viral pneumonia will be used. This choice is explained by the simple fact,
that the chest X-ray is performed where the patient is symptomatic, there-
fore, in case there is suspicion of COVID-19. Since the symptoms associated
with COVID-19 are very similar to simple viral pneumonia, it was decided
to focus directly on the classification that is able to discriminate COVID-19

cases from viral pneumonia (see Table 4.1). The database was divided in
three datasets: train dataset, validation dataset and test datasets. The train
dataset contains 142 CXR images of COVID-19 and 986 CXR images of viral
pneumonia; the validation dataset contains 47 CXR images of COVID-19 and
329 CXR images of viral pneumonia while the test dataset contains 30 CXR
images of COVID-19 and 30 CXR images of viral pneumonia (see Figure
4.1).
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Table 4.1: CXR images for each dataset.

Train dataset Validation dataset Test dataset

142 Covid 47 Covid 30 Covid

986 Viral 329 Viral 30 Viral

4.3 resnet-based approach for covid-19 automated detection

This section will illustrate the entire procedure followed for detecting COVID-
19 lung damages from chest X-Rays images by Resnet-based algorithm, or
rather, the procedure followed for the construction of the algorithm that is
able to recognize COVID-19 with respect to viral pneumonia from CXR im-
ages by means of the deep convolutional neural network called ResNet. In
particular, the first two versions with 18 layers and 34 layers called ResNet-
18 and ResNet-34 respectively were chosen. The choice of ResNet-18 and
32 two is due to a very similar network architecture, with the difference in
the number of layers, but the same size and the same number of kernels
for each convolution process (Figure 4.4). As can be seen from the Figure,
there are three other versions of ResNet: ResNet-50, 101 and 152 which have
a very similar network architecture. The ResNet-18 and ResNet-34 will be
explained in the following section ResNet Model.

Libraries

The first step, as with most python operations, was to import the libraries,
which will be used for different purposes. The main ones include: torch,
torchvision, numpy, sklearn, PIL and matplotlib. Torch is an open-source
machine learning library, a scientific computing framework, and a script lan-
guage based on the Python programming language. It provides a wide range
of algorithms for deep learning, and uses the scripting language Python,
and an underlying C implementation. However PyTorch, an open source
machine learning framework optimized for deep learning is based on the
Torch library and actively developed as of June 2020. The torch library has
been used for all the operations concerning the manipulation of tensors, as
well as for the whole procedure of implementation of the convolutional neu-
ral network. A tensor is nothing more than a set of numbers organized in
dimensions. For example, a tensor of 0 dimensions is simply a number, of 1

dimension is a row of numbers (vector), of 2 dimensions is a grid (matrix)
of numbers, of 3 dimensions is a succession of grids of numbers (cube), of
4 dimensions is a succession of cubes of numbers (vector of cubes), of 5 di-
mensions is a grid of cubes of numbers (matrix of cubes) etc. This concept
is very important as the network works with data arranged in 4 dimensions,
4-dimensional tensors, to work with images. To better understand this con-
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Figure 4.2: Tensor dimensions. From 1D tensor (top left
to 5D tensor (bottom right.)

cept, see Figure 4.2. The torchvision library, part of Pytorch was used to load
the ResNet-18 and 34 network and to perform all transformations such as
resize, normalization and conversion of images into 4-dimensional tensors.
Numpy was used for all operations where it was necessary to work with
vectors instead of with tensors. The sklearn library, on the other hand, was
necessary for the construction of the ROC curve and for the calculation of
the area under the curve (AUC); PIL for opening images in PNG format and
their conversion to RGB (without conversion to tensor) and matplotlib for
visualizations of images represented by tensor and graphs.

Functions

Subsequently the importation of the libraries, several utility functions have
been defined, which will then be recalled during the display and conversion
of images, for the prediction, the calculation of statistical measures such as
sensitivity, specificity, precision, F1-score and finally for the construction of
the ROC curves. With regard to the display functions, the show data function
is worthy of note, which allowed the display of the CXR images and the
relative label; show train, show validation and show test set which were used
to display the images present only in their respective databases. The show
prediction function for calculating the accuracy every 20 steps with respect
to the validation set during training, it was also used for the display of 6

random images of the validation dataset every 20 steps during training to
observe the progress of the training . As regards the statistical measures, we
recall the sensitivity specificity functions which made it possible to calculate
the sensitivity and specificity of the model and finally the ROC function for
tracing the ROC curve and the calculation of the AUC.
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Figure 4.3: Tensor representation of a RGB image.

Data Loading

After loading all the necessary libraries and defining the main functions
for viewing the CXR images and converting them into tensors, the data load-
ing, or rather, the images has taken place. The database consists of three
different folders, training, validation and test folders which will soon be
loaded into the workspace, separately. Each folder comprises two subfold-
ers covid and viral, which include CXR images for COVID-19 patients and
CXR images for patients with viral pneumonia, respectively. Before the ac-
tual loading of the database, a transformation function torchvision.transform
was defined which performs the resize, the 90° flip, the normalization and
the conversion into a 4 dimensional tensor of each single dataset: train-
ing, validation and test dataset. In this way, by directly calling this trans-
formation function, the three datasets will already have all the character-
istics necessary to be used. The transformation function used was torchvi-
sion.transform.Compose by inserting all the transformations to be carried
out on the images to be loaded. All 3-channel RGB images in the database in
PNG format with a resolution of 1024 x 1024, have been resized to 224 x 224,
rotated 90° in order to have a vertical representation of the chest and not a
horizontal one, normalized and converted into tensors. Each image that can
be viewed on the computer is defined as digital, as each color point (pixel)
is represented by a number that can vary for example from 0 to 1 (or from
0 to 255, in case of non image normalization) based on the tone and type
of color reported. Each single image is therefore represented by a computer
as a 3-dimensional tensor, since an RGB image is nothing more than the
superposition of three matrices of numbers corresponding to the red, green
and blue channel, respectively. Therefore, since each image has 3 channels
(even if the images appear in gray scale, and therefore one could think of
a mono channel images, the images are all RGB channels) and therefore
represented by 3 overlapping matrices that define a cube of numbers, a set
of images (dataset) will be nothing more than a 4-dimensional tensor, that
is a succession of cubes of numbers (set of images). The Figure 4.3 shows
the numerical representation of an RGB image. The combination of torchvi-
sion.transform.Compose and dataset.ImageFolder allowed the loading of the
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three datasets in terms of 4-dimensional tensors with the following dimen-
sions: (1128, 3, 224, 224), (376, 3, 224, 224) and (60, 3, 224, 224) for the train,
validation and test dataset respectively. The first digit indicates the number
of images in that dataset, the second indicates the number of channels of
each image which in our case is 3 being RGB images, while the last two
respectively indicate the number of pixels along the horizontal (width of
the image) and along the vertical (image height). In conclusion, to represent
each CXR image resized to 224x224, 150528 (3x224x224) numerical values
are required, each of which represents the red, green or blue hue of each
pixel. After importing the datasets with the desired characteristics, reported
above, all these three datasets have been inserted within three different ob-
jects, or rather, data loader objects called train loader, validation loader and
test loader using the function torch.utils.data.DataLoader, in order to make
them iterable. The batch size choosen has been 6, 6, 60 for the train, valida-
tion and test loader, respectively.

ResNet Model

After loading the three datasets in the three dataloaders: train loader, vali-
dation loader and test loader, the ResNet-18 was loaded into the workspace
using the torchvision.models.resnet18 function. In fact, remember that the
torchvision library includes all the main CNNs including ResNet-18 and
ResNet-34. ResNet-18, as discussed in Chapter 3, is made up of 18 layers
and built in blocks, called residual blocks. In the first level the net performs,
first of all a 3x3 padding (discussed in Chapter 3) and then proceeds with
the first convolution process (1st convolution of the net) between the ten-
sor obtained after the 3x3 padding and 64 filters (or kernels) of size 7x7.
The output after the first convolution is of size 64x112x112 (see Chapter
3 section convolution). After the first convolution, the network performs a
max-pooling between the output obtained (64x112x112) and a 3x3 filter, thus
obtaining in output a tensor of size 64x64x56. At this point the tensor enters
the first residual block consisting of two convolutions that will be performed
twice for a total of four total convolutions (see Figure 4.4). Before the first
convolution of the block (second convolution of the network), the network
performs a 1x1 padding at the input of the block (output of the max pool-
ing previously discussed), and then carries out the convolution between the
tensor after padding and 64 filters of 3x3 size with a stride equal to 1. The
output, which will keep the size of 64x56x56, passes afterwards in the next
convolution layer performing what has been done in the first convolution of
the block. At the end of the four convolutions made in the block, the output
will be kept in the 64x56x56 size. Subsequently this output will enter the
second block, also made up of four total convolutions. In the first convolu-
tion of the second block, the padding remains fixed at 1x1, while the stride
will be 2x2 with 128 kernels of 3x3 size. At the end of the second block the
output will be 128x28x28. The third and fourth blocks also consist of 4 total
convolutions each, which follow the same number of padding and stride as
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layer name output size 18-layer 34-layer 50-layer 101-layer 152-layer
conv1 112×112 7×7, 64, stride 2

conv2 x 56×56

3×3 max pool, stride 2

3×3, 64
3×3, 64

×2 3×3, 64
3×3, 64

×3
1×1, 64
3×3, 64

1×1, 256
×3

1×1, 64
3×3, 64

1×1, 256
×3

1×1, 64
3×3, 64
1×1, 256

3

conv3 x 28×28 3×3, 128
3×3, 128

×2 3×3, 128
3×3, 128

×4
1×1, 128
3×3, 128
1×1, 512

×4
1×1, 128
3×3, 128
1×1, 512

×4
1×1, 128
3×3, 128
1×1, 512

×8

conv4 x 14×14 3×3, 256
3×3, 256

×2 3×3, 256
3×3, 256

×6
1×1, 256
3×3, 256
1×1, 1024

×6
1×1, 256
3×3, 256
1×1, 1024

×23
1×1, 256
3×3, 256

1×1, 1024
×36

conv5 x 7×7 3×3, 512
3×3, 512

×2 3×3, 512
3×3, 512

×3
1×1, 512
3×3, 512
1×1, 2048

×3
1×1, 512
3×3, 512

1×1, 2048
×3

1×1, 512
3×3, 512

1×1, 2048
×3

1×1 average pool, 1000-d fc, softmax
FLOPs 1.8×109 3.6×109 3.8×109 7.6×109 11.3×109

Figure 4.4: ResNet architectures. Top: ResNet-18; Bottom: ResNet-34.

for block two. The only difference with block two is the number of kernels
which in block three will be 256 while in the fourth block it will be 512. At
the end of the fourth block, the output will be 512x7x7. At this point the
total number of features given by the product 512x7x7 = 25088. This tensor,
subsequently follows an average pool (discussed in Chapter 3) thus obtain-
ing a vector of dimension 1x1x512, that is with 512 elements. This vector
then performs a full-connection with 1000 neurons, having 2 neurons as out-
put, which will identify the two classes for the classification COVID-19 vs
viral pneumonia. All the outputs of ResNet-18 are displayed in the Figure
4.5 (top). In the case of the ResNet-34, the same loading procedure was fol-
lowed using the torchvision.models.resnet34 function. The structure of the
ResNet-34 is shown in the Figure 4.4, while the outputs are shown in the
Figure 4.5 (bottom). As you can see from the Figure 4.4, the structure of the
ResNet-34 is very similar to the ResNet-18, the only thing that changes is the
number of repetitions which for the ResNet-34 is 6, 8, 12, 6 instead of 4, 4,
4, 4. The total of the ResNet-18 layers is given by the first convolution plus
the 16 convolutions in the four total blocks plus the full-connection layer,
for a total of 1+4+4+4+4+1=18. For the ResNet-34, however, there will be
1+6+8+12+6+1=34.

Training

Once the network has been defined, it is ready to be trained. The weights,
as well as all the values of the kernels matrix, are initialized randomly, since
there is no a-priori knowledge about the pixel weighting of the input im-
age. After initialization, the training process (machine learning) takes place.
The learning technique followed for both ResNets was the supervised learn-
ing technique (see Figure 4.6. Supervised learning is the machine learning
task of learning a function that maps an input to an output based on exam-
ple input-output pairs. [144] It infers a function from labeled training data
consisting of a set of training examples. [145] Each example (or data point,
data instance or sample) typically consists of a set of attributes called fea-
tures (or covariates), from which the model must make its predictions. In
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224x224x3
112x112x64

56x56x64
28x28x128

14x14x256

7x7x512
1x1x512

512
1000

2

conv7x7, 64
stride (2, 2)

maxpool3x3
stride (2, 2)

conv3x3, 128
stride (2, 2)

[3x3, 64] x 4

conv3x3, 256
stride (2, 2)

[3x3, 128] x 4

conv3x3, 512
stride (2, 2)

[3x3, 256] x 4

avepool7x7
stride (7, 7)

[3x3, 512] x 4

flatten fc

out

224x224x3
112x112x64

56x56x64
28x28x128

14x14x256

7x7x512
1x1x512

512
1000

2

conv7x7, 64
stride (2, 2)

maxpool3x3
stride (2, 2)

conv3x3, 128
stride (2, 2)

[3x3, 64] x 6

conv3x3, 256
stride (2, 2)

[3x3, 128] x 8

conv3x3, 512
stride (2, 2)

[3x3, 256] x 12

avepool7x7
stride (7, 7)

[3x3, 512] x 6

flatten fc

out

ResNet-18

ResNet-34

Figure 4.5: ResNet architectures. Top: ResNet-18; Bottom: ResNet-34.

the supervised learning, the thing to predict (detecting COVID-19 from vi-
ral pneumonia CXR images) is a special attribute that is designated as the
label (or target). In short, each example includes two information: an input
image (CXR images) and a desired output value (COVID-19 or viral). In the
algorithm implemented, COVID-19 CXR images are labeled as 1 while viral
pneumonia as 0. If we are working with CXR image data, each individual
photograph might constitute an example, each represented by an ordered list
of numerical values corresponding to the brightness of each pixel. A 224 ×
224 color photograph would consist of 224×224×3 = 150528 numerical values
(even Pytorch works with transpose tensors of 3x224x224 there is no loss of
meaning speaking about 224x224x3 or 3x224x224 since it provides the same
information), corresponding to the brightness of the red, green, and blue
channels for each spatial location (see Figure 4.3). Each image is also accom-
panied by a label that identifies the image in question: COVID-19 = 1, viral
pneumonia = 0. The supervised learning algorithm consists of a for loop,
in which 6 images are taken from the train loader (train dataset inserted
inside an object to make it iterable), together with the 6 labels that iden-
tify COVID-19 (1) or viral pneumonia (0). The number 6 indicates the batch
size, previously introduced, which represents the number of images used
for each iteration. In general, larger batch sizes result in faster progress in
training, but don’t always converge as fast. Smaller batch sizes train slower,
but can converge faster. It’s definitely problem dependent. Trying different
batch size, 6 has been chosen. Once the six pairs of information have been
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Figure 4.6: Schematic representation of supervised learning.

collected, the network applies all the convolution, pooling and activation
functions in cascades to the six input images, obtaining two outputs from
the network, or better a 6x2 matrix, where 6 is the number of examples
used for the single iteration and 2 represent the two possible outputs, one
for COVID-19 and the other for viral pneumonia. All this process, from im-
ages (x) and labels (y) to the output (z)is identified as forward propagation.
In particular, the output is nothing more than the probability values associ-
ated with the two classes, for each image. After the first iteration, where the
network used the random initialization values of the kernels to perform all
convolution, pooling and activation operations, the network calculates the
loss in terms of cross entropy loss. Given the true distribution P with prob-
ability distribution p (x), and the estimated distribution Q with probability
distribution q (x), the equation will be:

H(p, q) = − ∑
x∈X

p(x) log q(x) (4.3.4)

The output of this function, therefore, will identify in quantitative terms
how much our model (ResNet) deviates from the expected output, that is,
it indicates the model’s error in detecting the COVID-19 and viral pneu-
monia classes. The higher the loss, the more the model reports values far
from the desired (labels), the lower it is and the more accurate the model
will be. Remember that the network is trained by analyzing the examples of
the train dataset, therefore the loss refers to the difference between the out-
puts reported by the network and the labels (desired outputs) of the train
dataset. Cross entropy loss was calculated using the built-in Pytorch func-
tion nn.CrossEntropyLoss (z, y), where z indicates the network output and
y the labels of the CXR images.After calculating the loss l, the algorithm
computes the gradient of the loss with respect to each weight wi and bias bi
related to:

∂l
∂wi

,
∂loss
∂bi

(4.3.6)

This calculation is very important as it will be used to update the weights
and biases values. This was done using the loss.backward () function. After
calculating the gradient, or rather all the partial derivatives of the loss w
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Figure 4.7: Schematic representation of training process.

with respect to each weight and bias, the algorithm updates the w and bi
parameters using the following equation:

∗wi = wi − lr
(

∂loss
∂wi

)
, ∗bi = bi − lr

(
∂loss
∂bi

)
(4.3.6)

This calculation was done using the optimizer.step () function which allows
you to update all parameters according to the equation above. In the equa-
tion, wi, bi and lr represent the single weight, bias and the learning rate. The
learning rate is a tuning parameter that determines the step size at each it-
eration while moving toward a minimum of a loss function, since the aim
is to find the minimum of the loss. The process that starts from calculating
the loss to get to updating the parameters is called backward propagation.
The whole process described so far can be seen in the Figure 4.7. During
the training process, the validation process was carried out, using the vali-
dation dataset. In particular, the validation process consists in applying the
network to the images of the validation dataset and evaluating its accuracy.
Remember that the validation dataset contains images that the network has
never seen. Therefore, after updating the weights and biases values, the al-
gorithm applies these values to observe the behavior of the network on a
different dataset (validation dataset) and calculate the accuracy. In this way
it is possible to monitor (validation process) the behavior of the network and
calculate its accuracy on the validation dataset, while the loss is calculated
on the train dataset. Accuracy was calculated as the total number of correctly
identified images in the validation dataset versus the total number of images
in the validation dataset. Therefore, at each iteration there will be the loss
values (referred to the train dataset) and the accuracy value (referred to the
validation dataset). The validation dataset is used to overcome the prediction
of the network on a dataset other than the training one, which it has already
seen and for which it has updated its parameters. Everything we have seen
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so far refers to the first iteration, or rather the first group of images. After
the first iteration, the second, third and so on will happen. All the forward
and backward propagation process will be repeated until certain specifica-
tions are met. The defined specifications have been defined on the accuracy
values of the validation dataset and the loss of the train dataset, which the
network will have to achieve. Obviously, these values were the result of var-
ious simulations, testing different values of learning rates, batch sizes and
observing the network trend without any specification. After a series of sim-
ulations, the optimal values of train loss and validation accuracy has been
found and used as stop criteria. These results are reported in the Chapter 5.

4.4 statistical parameters

The statistical parameters used to evaluate the goodness of the model are
calculated by applying the trained network on the test dataset containing 30

CXR images of COVID-19 and 30 CXR images of viral pneumonia. All the
statistical measures reported below refers to the test dataset. The calculated
parameters were accuracy, precision, sensitivity, specificity and the F-1 score
starting from the confusion matrix calculated for the test dataset. All these
values are reported in the Chapter 5.

Confusion Matrix

The confusion matrix (see Chapter 3) was calculated using the confusion-
matrix function available in the sklearn.metrics library. For the construction
of the confusion matrix, it was first of all necessary to calculate the prediction
of the classes on the test dataset through the trained network. Since the total
CXR images of the test dataset equal to 60, the prediction of the classes on
the dataset is a vector of size 60x1 containing 0 and 1. The confusionmatrix
function requires two inputs: the labels of the test images (y) and the pre-
dictions ( ŷ). Being a binary classification, the matrix will be 2x2 in size. The
confusion matrix reports the values of true positives (COVID-19 correctly
identified), true negatives (viral pneumonia correctly identified), false pos-
itives (COVID-19 wrongly identified) and false negative (viral pneumonia
wrongly identified). The confusion matrix is explained in detail in Chapter
3 and is reported, for the COVID-19 and viral pneumonia classification in
Chapter 5.

Accuracy

Once the confusion matrix was constructed, the values of true positive
(tp), true negative (tn), false positive (fp), and false negative (fn) were extrap-
olated directly from the matrix recalling the Figure 3.2. The accuracy (for the
test dataset) has been calculated according to the Equation 3.2.4. This statis-
tical parameter indicates the proportion between the number of the correctly
identified COVID-19 and viral pneumonia images with respect the total ones
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(true positive/negative and false positive/negative). The accuracy explains
quantitatively how well the binary classification test correctly identifies or
excludes a COVID-19. That is, the accuracy is the proportion of correct pre-
dictions (both true positives and true negatives) among the total number
of cases examined. Test accuracy values for ResNet-18 and ResNet-34 are
reported in the next chapter. The accuracy was calculated according to the
Equation 3.2.2.

Precision

Precision (also called positive predictive value) is the fraction of relevant
instances among the retrieved instances as well as represents the number of
correctly identified positive results (COVID-19) divided by the number of all
positive results (COVID-19 and viral pneumonia) including those not iden-
tified correctly. For more in detail see Chapter 3 where is also reported the
difference between the precision and the sensitivity being different statistical
measures. Prediction of COVID-19/viral pneumonia classification for both
Resnets are reported in the results. The precision was calculated according
to the Equation 3.2.3.

Sensitivity

In a diagnostic test, sensitivity is a measure of how well a test can identify
true positives. Sensitivity can also be referred to as the recall, hit rate, or true
positive rate. In particular, the sensitivity is the percentage, or proportion, of
true positives (COVID-19) out of all the samples that have the condition
true positives (correct COVID-19 identified) and false negatives (wrong vi-
ral pneumonia identified). The sensitivity of a test can help to show how
well it can classify samples that have the condition. A high sensitivity value
means a test correctly classifies a sample without the condition as negative
more than another test that has a lower sensitivity. The obtained results are
reported in the next chapter. The sensitivity was calculated according to the
Equation 3.2.1.

Specificity

In a diagnostic test, specificity is a measure of how well a test can identify
true negatives. Specificity can also be referred to as selectivity or true neg-
ative rate. In particular, the specificity is the percentage, or proportion, of
the true negatives out of all the samples that do not have the condition true
negatives (correct viral pneumonia identified) and false positives (COVID-
19 wrong identified). A test with a high specificity value means that it is
correctly classifying samples with the condition more often than a test with
a lower specificity. The specificity was calculated according to the Equation
3.2.4.
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F1-Score

F-measure is a measure of a test’s accuracy. It is calculated from the pre-
cision and recall of the test, where the precision is the number of correctly
identified positive results divided by the number of all positive results, in-
cluding those not identified correctly, and the recall is the number of cor-
rectly identified positive results divided by the number of all samples that
should have been identified as positive. The F1 score is the harmonic mean
of the precision and sensitivity. The highest possible value of an F-score is 1,
indicating perfect precision and recall, and the lowest possible value is 0, if
either the precision or the recall is zero. The F1-scores for both the ResNets
are reported in the following chapter. The F1-score was calculated according
to the Equation 3.2.5.



5
R E S U LT S

This chapter reports all data results of the detection of lung damage caused
by COVID-19 starting from CXR images of COVID-19 and viral pneumonia.
Within this chapter it will be possible to see the trend of the train loss and
validation accuracy curves reaching the optimal values, the sensitivity, speci-
ficity, precision and F1-score values for both the ResNet-18 and ResNet-34

models.

5.1 resnet-18

Loss and Accuracy

The first result reported is the trend of the respective loss and accuracy of
the train dataset and validation dataset during the training process (Figure
5.1). The optimal train loss and validation accuracy values for ResNet-18,
monitored during the training process, were 0.003 and 0.98 for train loss
and validation accuracy, respectively. The graph on the left shows the loss
with respect to the train dataset while the graph on the right shows the
accuracy with respect to the validation dataset. On the vertical axis it is
reported the actual value while on the horizontal one the total number of
iterations that the network has performed to reach these values. Remember
that these values have been defined as training stop parameters, representing
the optimal points after which the network tended to diverge by increasing
the loss values and decreasing the accuracy values.

Figure 5.1: Training loss and validation accuracy for ResNet-18.
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ROC Curve

The second reported result is the ROC curve, in which the True Positive
Rate (or Sensitivity) is shown on the vertical axis and the False Positive
Rate (or 1-Specificity) on the horizontal axis. The purple line that cuts the
graph in half represents a random classifier. This graph visually illustrates
the quality of the model, where the more the graph tends to the upper left
corner, the better the graph. The AUC (Area Under Curve) is 0.98 as shown
below. The more this value tends to 1.00, the better the model. The ROC
curve, therefore, reports a rather high AUC value, sign of a model so good
that is able to discriminate COVID-19 from viral pneumonia without any
difficulty, which however remains the greatest clinical challenge. This result
can therefore be commented on in various ways. First of all, we can think
of a database perhaps not very suitable for the discrimination of COVID-19

compared to viral pneumonia, or on the other hand, it could be commented
as if the trained machine is able to grasp unique aspects of COVID-19 lung
damage that the human eye is unable to detect, thus allowing the machine
to discriminate COVID-19 without difficulty. This result, therefore, could be
the subject of analysis and discussion for other studies.

Figure 5.2: ROC curve for ResNet-18.
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Statistical Measurement

The table below shows all the values of the statistical parameters used
to evaluate the goodness of the model. As already anticipated in Chapter 3,
section 4.3, the accuracy, precision, sensitivity, specificity and F1-score values
were calculated on the test dataset. The reported values for ResNet-18 were
98.33%, 100.00%, 96.67%, 100.00% and 0.98 for accuracy, precision, sensitivity,
specificity and F1-score.

Table 5.1: Statistical measures for ResNet-18 classification.

Accuracy Precision Sensitivity Specificity F1-score

98.33% 100.00% 96.67% 100.00% 0.98

Confusion Matrix

The confusion matrix reports the values of tp, tn, fp, fn in the four cells (see
Chapter 3). The predicted classes are shown on the horizontal axis, while the
labeled classes are shown on the vertical axis. The reported values are 30, 0,
1, 29 for tn, fp, fn, tp respectively.
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Figure 5.3: Confusion matrix on the test dataset for ResNet-18.
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Prediction on the Test Dataset

The prediction of the entire test dataset for ResNet-18 is shown below. The
ticks on the vertical axis report the prediction, while the ticks on the hori-
zontal axis report the true class. The green color indicates that the prediction
was correct while the red tick indicates the wrong prediction. Below only one
prediction was wrong (as can be confirmed by the confusion matrix).
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Figure 5.4: Prediction on the test dataset for ResNet-18.
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5.2 resnet-34

Loss and Accuracy

The first result reported for ResNet-34 also is the trend of the respec-
tive loss and accuracy of the train dataset and validation dataset during
the training process (Figure 5.5). The optimal train loss and validation accu-
racy values for ResNet-18, monitored during the training process, were 0.003

and 0.98 for train loss and validation accuracy, respectively. The left picture
shows the loss with respect to the train dataset while the right one shows the
accuracy with respect to the validation dataset. Vertical axis and horizontal
axis are the same as discussed fro ResNet-18.

Figure 5.5: Training loss and validation accuracy for ResNet-34.

ROC Curve

The second reported result is also the ROC curve showing the quality
of the model. The AUC reported for the ResNet-34 classification is 0.95

as shown below. The ROC curve for ResNet-34, therefore, reports a rather
higher AUC value with respect to the ResNet-34, a sign of an almost per-
fect model able to discriminate COVID-19 from viral pneumonia without
difficulty, which however remains the greatest clinical challenge. This result
can be the consequence of two possible scenarios. First, we can confirm that
the database perhaps not very suitable for the discrimination of COVID-19

compared to viral pneumonia, or on the other hand, it could be commented
as if the trained machine is able to grasp unique aspects of COVID-19 lung
damage that the human eye is unable to detect, thus allowing the machine
to discriminate COVID-19 without difficulty. This result, therefore, could be
the subject of analysis and discussion for other studies.
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Figure 5.6: ROCU curve for ResNet-34.

Confusion Matrix

The predicted classes are shown on the horizontal axis, while the labeled
classes are shown on the vertical axis. The reported values are 30, 0, 3, 27 for
tn, fp, fn, tp respectively.
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Figure 5.7: Confusion matrix on the test dataset for ResNet-34.
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Prediction on the Test Dataset

The prediction of the entire test dataset for ResNet-34 is shown below. The
ticks description is the same as for ResNet-18. Below three predictions were
wrong (as can be confirmed by the confusion matrix).
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Figure 5.8: Prediction on the test dataset for ResNet-18.
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Statistical Measures

The reported statistical measures for ResNet-34 were 95.00%, 100.00%,
90.00%, 100.00% and 0.95 for accuracy, precision, sensitivity, specificity and
F1-score.

Table 5.2: Statistical measures for ResNet-34 classification.

Accuracy Precision Sensitivity Specificity F1-score

95.00% 100% 90.00% 100.00% 0.95

Comparison with other studies.

Considering the analyzes carried out by the teams described in Chapter 3,
it is possible to see a comparison between the different solutions proposed.
The Linda W. et al team used a different dataset from the one proposed here,
identified with COVIDx, a dataset that includes 13,975 CXR images in 13,870

patient cases coming from five different open source databases: (1) COVID-
19 Image Data Collection , (2) COVID-19 Chest X-ray Dataset Initiative, (3)
ActualMed COVID-19 Chest X-ray Dataset Initiative, (4) RSNA Pneumonia
Detection Challenge dataset and (5) COVID-19 radiography database. The
proposed network is described in Chapter 3, and tests 300 CXR images for
a three-class classification between COVID-19, viral pneumonia and normal
cases. The results reported were: test accuracy of 93.33%, test sensitivity of
93.33% and test precision about 93.57%. The second line shows the statis-
tical values of the team of Gioncalo M. et al who proposed a particular
network defined by them, identified with EfficientNet. The team used CXR
image database coming from Kaggle website and from the COVID-19 Image
DataSet. The first one consists of 1230 normal CXR images, 1252 COVID-19

CXR and 1050 viral pneumonia images and the second one consists of 20

COVID-19 CXR images. The classification that took place has been two: bi-
nary (COVID-19 vs normal) and multiclass considering also the viral penu-
monia images. The testing has been done on the validation dataset of 196

images, 100 CXR images for COVID-19 and 96 CXR images for normal class.
The proposed architecture was tested reporting the following statistical val-
ues for the binary classification between COVID-19 and normal subjects:
accuracy of 99.62%, recall of 99.63% and specificity of 99.64%. The results
of the multiclass model instead reported an accuracy of 96.70%, a sensi-
tivity of 96.69% and specificity of 97.59%. The results of the team Asmaa
A. et al [93] with regard to the detection of COVID-19 cases, has instead
adapted the architecture of the deep CNN DeTraC, which is based on a class
decomposition approach for the detection of COVID-19 X-ray images from
normal, and severe acute respiratory syndrome cases. The database has been
obtainied combaining two datasets: 80 samples of normal CXRs (with 4020

× 4892 pixels) from the Japanese Society of Radiological Technology (JSRT)
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and Chest X-ray images, which contains 105 and 11 samples of COVID-19

and SARS (with 4248 × 3480 pixels). The dataset was then divided into two
groups; 70% for training the model and 30% for evaluation of the classifica-
tion performance. The results of the 3 classes classification have been 95.12%
accuracy, 97.91% of sensitivity, 91.87% of specificity.

Table 5.3: Comparison with other studies.

CNN Architecture Accuracy Precision Sensitivity Specificity

COVID-Net (MC2)

(Linda W. et al)
93.33% 93.57% 93.33%

Efficient-Net (BC1)

(Gioncalo M. et al)
99.62% 99.63% 99.64%

Efficient-Net (MC)

(Gioncalo M. et al)
96.70% 96.69% 97.59%

DeTrac-R18 (MC)

(Asmaa A. et al)
95.12% 97.91% 91.87%

ResNet-18 (BC)

(Proposed)
98.33% 100.00% 96.67% 100.00%

ResNet-34 (BC)

(Proposed)
95.00% 100.00% 90.00% 100.00%

BC1: Binary classification, COVID-19 vs normal. MC2: Multiclass classification,
COVID-19 vs viral pneumonia and normal.
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In conclusion, the deep convolutional neural networks proposed by ResNet-
18 and ResNet-34 are excellent candidates for detecting lung damage caused
by COVID-19 from chest X-ray images. These neural networks, appropri-
ately implemented in an AI-based algorithm, have reported excellent sta-
tistical results in terms of accuracy, sensitivity, precision and specificity for
the discrimination of COVID-19 versus viral pneumonia, which represents
the most difficult diagnostic challenge due to symptoms. similar initials that
complicate the diagnostic evaluation. As previously stated, chest X-ray rep-
resents a primary solution in diagnostic evaluation in areas where there is
a high rate of contagion, and where the patient has symptoms but is await-
ing response to the RT-PCR test which is still the most test. popular. Al-
though the test takes anywhere from a few hours to 24 hours to provide
results, a clinical evaluation based on chest X-ray could help to follow con-
tainment protocols, appropriately defined by their respective governments.
In this regard, the convolutional neural networks ResNet-18 and ResNet-34

proved to be excellent choices for the automatic detection of COVID-19 and
its discrimination with respect to viral pneumonia, guaranteeing the results
reported in the Table. The choice of ResNet-18 and ResNet-34 is due to the
fact that these are networks already present in reading and integrated in all
deep learning libraries, allowing the creation of a fast and efficient algorithm
without the need for where to create a ad-hoc architecture for detecting lung
damage caused by COVID-19. The easy accessibility to the networks, and
their particular architecture, can guarantee an excellent diagnostic tool of
COVID-19 especially in areas of high health emergency, to reduce the dif-
ficulty of COVID-19-viral pneumonia discrimination and the time required
for diagnostic evaluation. helping clinical staff to implement containment
procedures in a short time, helping not to spread the pandemic. Notably,
ResNet-18 reported better results than ResNet-34, in terms of accuracy, sen-
sitivity, albeit the same 100 % accuracy and specificity on both networks. A
major disadvantage of COVID-19 image recognition algorithms lies in the
scarcity of CXR images available in databases, which prevent the algorithms
from obtaining even more accurate and satisfactory results than previous
proposals. As the CXR image database is continuously growing due to the
increase in COVID-19 infections around the world, a larger database can be
used in future studies that can provide sufficient examples for machine learn-
ing based algorithms. on supervised learning, achieving ever higher recogni-
tion performance and helping the diagnostic test with greater accuracy and
precision. Remember that the networks used were ResNet-18 and ResNet-34,
which are the simpler, easily deployable versions of ResNet that have a sim-
ilar architecture. In future studies it will be possible to analyze the behavior
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of the remaining versions of ResNet-50 ResNet-101, ResNet-152 trained with
certainly larger databases able to provide better results than those currently
presented. ResNet-18 exhibits greater accuracy than DeTrac-R18 proposed by
Asmaa A. et al team, EfficientNet MC and COVID-Net proposed by Linda W.
team although lower accuracy than Efficient-Net BC proposed by Gioncalo
et al. The accuracy of ResNet-18 was higher than all previous proposals,
while a lower sensitivity than that of the Efficient-Net BC and that of the
DeTrac-R18 proposed by Gioncalo et al and Asmaa A. et al, respectively. Its
sensitivity, on the other hand, was superior to the COVID-Net proposed by
Linda W. et al. Regarding specificity, ResNet-18 reported a 100 %, outlining
an excellent result. The ResNet-34, had less striking results than the first
version, showing itself to be inferior to all the other networks proposed in
terms of accuracy except the COVID-Net and with a lower sensitivity to all
the proposals. Despite the low sensitivity and accuracy, it has instead shown
excellent specificity and excellent accuracy as 100 % ResNet-18. To conclude,
the COVID-19 pandemic is spreading more and more causing death, public
and health unrest, putting public and health workers in difficulty in clini-
cal evaluation, therapy and prevention and containment measures. In this
regard, an artificial intelligence algorithm, applied in the healthcare in the
shortest possible time would certainly decrease diagnostic times by anticipat-
ing the adoption of containment measures which, by decreasing the spread
of COVID-19, would save many lives.
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