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Featured Application: This work has direct applications to COVID-19 diagnosis.

Abstract: The spread of the SARS-CoV-2 virus has made the COVID-19 disease a worldwide epidemic.
The most common tests to identify COVID-19 are invasive, time consuming and limited in resources.
Imaging is a non-invasive technique to identify if individuals have symptoms of disease in their
lungs. However, the diagnosis by this method needs to be made by a specialist doctor, which limits
the mass diagnosis of the population. Image processing tools to support diagnosis reduce the load by
ruling out negative cases. Advanced artificial intelligence techniques such as Deep Learning have
shown high effectiveness in identifying patterns such as those that can be found in diseased tissue.
This study analyzes the effectiveness of a VGG16-based Deep Learning model for the identification
of pneumonia and COVID-19 using torso radiographs. Results show a high sensitivity in the
identification of COVID-19, around 100%, and with a high degree of specificity, which indicates that
it can be used as a screening test. AUCs on ROC curves are greater than 0.9 for all classes considered.
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1. Introduction

Coronaviruses are enveloped, unsegmented, and positive-sense single-stranded RNA viruses.
Six species of coronavirus are known to cause disease in humans, most of them generally cause
mild respiratory disease; however, fatal coronaviruses have periodically emerged in recent decades,
such as the 2002 Severe Acute Respiratory Syndrome Coronavirus (SARS-CoV) and the Middle
East Respiratory Syndrome Coronavirus in 2012. In December 2019, the Office of the World Health
Organization in China was informed of cases of pneumonia of unknown etiology detected in Wuhan,
and a new coronavirus, called SARS-CoV-2, was extracted from samples of the lower respiratory tract
of several patients [1].

Since then, until June 1st of 2020, more than 6.18 million cases have been confirmed worldwide,
and the infection has spread to many countries around the world. USA has the highest rate in America
with more than 1.79 million cases and more than 104,000 deaths. In Europe, Spain has one of the
highest rates with more than 239,000 confirmed infections and more that 27,000 deaths [2]. On March
11th of 2020, the World Health Organization (WHO) declared the infection as a pandemic and, since
then, several countries have applied restriction measures to their population in order to reduce the
spread of the disease [3].

The most common symptoms of the disease related to SARS-CoV-2, called Coronavirus Disease
2019 or COVID-19 by WHO on Feb 11th of 2020, are fever, weakness, cough, and diarrhea. More than
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half of patients report shortness of breath and few develop acute respiratory distress syndrome.
After septic shock, refractory metabolic acidosis and coagulation dysfunction can lead to death, with a
fatality rate about 6% worldwide [4]. Some countries has a higher death rate, like United Kingdom
and Italy with a value around 14%, and Spain with a 11.3%.

Person-to-person transmission occurs primarily through direct contact or air drops. The highest
risk of transmission is within about 1 meter of the infected person; however, the maximum distance is
still undetermined [5].

Most countries are using a huge amount of clinical and epidemiologic information to determine
who should be tested. According to empirical studies like Reference [6] or Reference [7], most patients
with confirmed COVID-19 develop fever and/or symptoms of acute respiratory illness (like cough
or difficulty breathing). If a person is under investigation, it is recommended that practitioners
immediately put in place infection control and prevention measures.

The first recommendation is testing for all other sources of respiratory infection (to exclude
COVID-19). Moreover, in order to assist in the decision making process and to determine who to test,
some epidemiologic factors are recommended to be used. These factors include anyone who has had
close contact with a patient with laboratory-confirmed COVID-19 within 14 days of symptom onset or
a history of travel from affected geographic areas [8].

Once, these factors determine that testing should be done, the WHO recommends collecting
specimens from both the upper respiratory tract (naso and oropharyngeal samples) and lower
respiratory tract such as expectorated sputum, endotracheal aspirate, or Bronchoalveolar Lavage
(BAL) [9]; but the collection of BAL samples should only be performed in mechanically ventilated
patients as lower respiratory tract samples seem to remain positive for a more extended period. All the
samples require storage at four degrees celsius.

In the laboratory, the amplification of the genetic material extracted from the saliva and/or mucus
samples are carried out through a Reverse Transcription Polymerase Chain Reaction (RT-PCR), which
involves the synthesis of a double-stranded DNA molecule from an RNA mold [10]. Once the genetic
material is enough, the search is done for those portions of the genetic code of the COVID-19 that are
conserved. This comparison is performed using the initial gene sequence released by the Shanghai
Public Health Clinical Center & School of Public Health (Fudan University, Shanghai, China), and
subsequent confirmatory evaluation by additional labs. If the test result is positive, it is recommended
that the test is repeated for verification. In patients with confirmed COVID-19 diagnosis, the laboratory
evaluation should be repeated to evaluate for viral clearance prior to being released from observation.

As detailed above, actual procedures to diagnose COVID-19 patients require several hours to
obtain a result. Moreover, those exams may be negative if the patient was infected recently.

In other viral diseases that affects breathing, such as influenza or SARS, the damage produced to
the lungs can be observed using pulmonary X-ray images. The works presented in Reference [11,12]
detailed these effects in influenza, while other works like Reference [13,14] explain the effects in
SARS patients.

So, it is logical to think that this relationship is maintained with COVID-19 patients, since this
disease mainly attacks the lungs. However, classic pneumonia patients experience some symptoms
similar to those COVID-19 patients in the early stages of the contagion, although with lower virulence.
Even so, this fact must be taken into account to correctly diagnose this disease.

However, the study of medical images has experienced a great progress with the inclusion of
Machine Learning systems capable of automatically extract the necessary characteristics to make a
correct diagnosis [15].

Moreover, in the last years these technology has evolved to a concrete branch known as Deep
learning. While in Machine Learning the user gives the system a huge amount of rules to solve the
problem, in Deep Learning the user gives the system a network model and only a few instructions
to modify the model when errors occur. So, using Deep Learning, it is easier and faster to train the
classification system.
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All of them require a dataset made up of several images corresponding to ill patients and healthy
patients (all of them previously labeled by a professional). Using this knowledge, neural network-based
systems are able to automatically analyze those images and extract the characteristics necessary to
diagnose the illness.

These systems require several steps like a pre-processing stage, the correct choice of the network
architecture, a training stage (that sometimes requires supervision), among others. In Deep Learning
systems, although the network model is already established, it is very common to use a pre-processing
step to adapt the inputs to the ones needed by that model.

These techniques have been used in multiple industrial and medical systems, obtaining very
good results [16,17]. Regarding its application to the medical images analysis, there are several studies
that demonstrate that the results obtained are better that the ones obtained by classical diagnostic
systems [18]. Furthermore, its application and effectiveness have been proven in other works [19–21].

So, based on these premises, this work consists of using Machine Learning techniques applied to
medical X-ray images of the lung of the patients to obtain an aid system for COVID-19 diagnosis. It is
important to emphasize that there are other imaging tools to detect COVID-19 like RM or CT; however,
the objective of this work is not to obtain images from patients, but using an existing dataset that meets
all the requirements.

And, to achieve this purpose, a public dataset that contains X-ray images about healthy,
pneumonia and COVID-19 patients all over the world is used. This dataset has mainly X-ray images
and this is the justification of choosing X-ray images.

With the information included in the dataset, a Deep Learning system is trained and the
classification results are detailed in this work.

The rest of the paper is divided in the following way—first, the dataset and the system’s
architecture are described in the Materials and Methods section, including the different stages
implemented for it. Next, the results obtained after the training process in Keras and the evaluation
of them are detailed and explained in the Results and Discussion section. Finally, conclusions
are presented.

2. Materials and Methods

In this section, the dataset used for this work and the system’s architecture are detailed. First, the
dataset is presented.

2.1. Dataset

We are using a publicly available dataset with X-ray images from healthy, pneumonia and covid-19
patients publicly available at https://public.roboflow.ai/classification/covid-19-and-pneumonia-
scans. The dataset was split for training and assessment using the Hold-out technique, consisting of
randomly selecting a sample subset for the training of the models, and using the remaining subset to
assess the model performance. A subset with the 80% of dataset samples was used for training, while
the remaining 20% subset was used for evaluation. Table 1 shows the distribution.

Table 1. Dataset distribution for each subset.

Subset COVID-19 Healthy Pneumonia Total

Total 132 132 132 396
Training 105 105 106 316

Test 27 27 26 80

Preliminary results using the established data set provided some outliers, with confidence values
far removed from the rest of true positives. An analysis of these specific cases established that they
were particular X-ray images showing the patient’s torso from a lateral perspective. Additionally,
the dataset also included few Magnetic Resonance images. Due to the small number of images in the
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dataset of these two types, and the fact that they are all of the COVID-19 class, a model with so many
parameters cannot assimilate and generalize the characteristics necessary to classify them correctly.
Considering that the X-rays taken from the front are the most common and that their performance in
medical centers do not imply any type of difficulty in relation to other anatomical planes, restricting
the use of the model to classify frontal images is not a relevant limitation.

So, finally those images were not taken into account for training nor for testing, including a
pre-processing stage to eliminate them before starting with the training process.

2.2. Processing Architecture

The architecture used for this work is based on a VGG-16 model trained using TensorFlow with
Keras, a pre-processing stage and a final classification using the confidence parameter obtained after
the training. This architecture can be observed in Figure 1. These stages are detailed below:

• Pre-processing: the images stored in the original dataset contains lung X-ray images of healthy
patients, patients with pneumonia and COVID-19 positives. However, some images of the
COVID-19 positive cases were not obtained with the same parameters as detailed above, so
these images must not be taken into account. Moreover, in order to work with images of the
same characteristics, an histogram equalization is applied. These two treatments compose the
pre-processing stage. The results of the pre-processing step can be observed in Figure 2.

• Training: using TensorFlow framework with Keras, a VGG-16 architecture [22] is implemented
and combined with a final inference layer to train a classification system with three classes
(healthy, pneumonia and COVID-19). The output of this stage is the convolutional neural
network model.

• Assessment: after the model is obtained, the testing dataset is used to evaluate the classification
effectiveness, obtaining a confidence factor. This one is used to analyze the CNN performance in
order to evaluate the usefulness as a diagnostic tool.

Figure 1. Processing architecture used in this work.
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Figure 2. Pre-processing results.

Once the system architecture and the dataset used to obtain the classification mechanism have
been specified, the results obtained will be presented in the next section.

3. Results and Discussion

The model training was performed with an initial learning rate of 0.001, a batch size of 32 images
and 40 epochs. The used optimizer was an Adam with a learning rate decay equal to the initial learning
rate divided by the number of training epochs.

Effectiveness Results

We compared the effectiveness using different metrics, distinguishing between micro and
macro metrics.

Macro metrics average the unweighted mean per label. They include accuracy, sensitivity (also
named macro recall), specificity, macro precision and macro F1-score.

Speci f icity = ∑
c

TNc

TNc + FPc
, c ∈ classes, (1)

Precisionm = ∑
c

TPc

TPc + FPc
, c ∈ classes, (2)

Recallm(sensitivity) = ∑
c

TPc

TPc + FNc
, c ∈ classes, (3)

F1− scorem = 2× precisionm × recallm
precisionm + recallm

, (4)

where m index refers to macro metric and classes = {COVID− 19, healthy, pneumonia}. The term TPc

refers to the number of samples with class c that were classified correctly as c. The term FPc means the
set of samples with different class of c that were classified as c by the model. FNc refers to the set of
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samples with class c that were classified as other different class. TNc indicates the number of samples
with a class other than c that were not classified as c.

The results obtained for macro metrics are shown in Table 2. Both models presents effectiveness
values over 0.85 for each metric. The higher results are the specificity values, which implies that in
general the model has a low probability of generating false positives. The rest of the metrics, however,
also present high values, denoting a good performance of the models identifying both true positives
and negatives.

Table 2. Results for Macro average metrics.

Model Accuracy Precision F1-Score Specificity Sensitivity

Original 0.86 0.86 0.86 0.93 0.86
Equalized 0.85 0.85 0.85 0.92 0.85

As opposed to macro metrics, micro metrics shows the results averaging the total true positives,
false negatives and false positives. The results for each class and model are shown in Tables 3 and 4.
Overall, both models obtain a high effectiveness in relation to COVID-19. The metrics reveal that the
model is quite sensitive to the identification of this disease with this type of images, with a low rate of
false negatives. In contrast, the model is less sensitive identifying cases of pneumonia.

Table 3. Results for micro average metrics for each class (model with original images).

Class Precision Recall F1-Score

COVID-19 0.87 0.96 0.91
Healthy 0.83 0.93 0.88

Pneumonia 0.90 0.69 0.78

Table 4. Results for micro average metrics for each class (model with equalization).

Class Precision Recall F1-Score

COVID-19 0.84 1.00 0.92
Healthy 0.81 0.81 0.81

Pneumonia 0.90 0.73 0.81

Macro metric results indicate that on average the first model has a slightly better performance.
However, the micro average metrics values and the confusion matrices (Figure 3) reveal that the model
using images without preprocessing achieves a higher hit rate in healthy individuals. On the other
hand, the model that uses equalized images has a higher hit rate in the other two classes. The first
model distinguishes better between patients with or without one of the pathologies considered, but it
is not as effective as the second model distinguishing between pneumonia and COVID-19 disease.

This fact could, in principle, be expected as contrast enhancement increases details in the X-ray
image and, in this way, increases the deferential characteristics between different deceases but may
create some unexpected details in healthy images that may led to their classification as pathological.
Several authors have use adaptive equalization on chest X-ray images (e.g., Reference [23] but they use
it a preprocessing step before segmentation and do not try to directly classify the enhanced images.

Given the purpose of the detection system, as a diagnostic support tool, the second model can be
considered more suitable, since it is more sensitive to disease identification, with few false negatives
for these two classes. False positives could be discarded by a specialist doctor.

Although the numerical results obtained reflect the goodness of the implemented system, it is
very interesting to observe the X-ray images that have been used on it to appreciate the similarities and
differences between patients with COVID-19, patients with pneumonia and healthy patients. Some of
the images used in this work and the classification results of the system can be seen in Figure 4.
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Figure 3. Confusion matrix of each model.

Figure 4. Classification results on X-ray images.

In Figure 4, the first row shows five COVID-19 pulmonary X-ray images; the second row shows
five healthy pulmonary X-ray images; and the third row shows five pneumonia pulmonary X-ray
images. As can be observed, the first row only contains images that have been classified correctly
(remember that COVID-19 class has a 100% success in the classification results, so no mistake has been
done in this class). Healthy and Pneumonia classes do not have a 100% success rate, that is why this
figure includes some images that have been wrongly predicted. So, Figure 4, includes a subset of the
dataset used for this work with all the different cases (positive and negative) in order to show the
positive and negative aspects of this classification mechanism.

If we observe deeply Figure 4 in order to extract the medical details that cause these classes
distinctions, a severe inflammation in the alveoli and bronchioles can be distinguished in images of
COVID-19 patients; this is related to the damage that these patients suffer in their lungs. As for healthy
patients, both the alveoli and bronchioles are less inflamed. Finally, those patients with pneumonia
show appreciable inflammation too, but not as marked as in patients with COVID-19.

Even so, in the red box some erroneously classified cases can be seen. Among these cases, images
of healthy patients are shown who, due to inflammation in the lungs (without becoming serious) are
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erroneously classified as patients with pneumonia or with COVID-19. On the other hand, some of
the images of patients with pneumonia have also been misclassified: in some cases, they are mild
pneumonia that is classified as healthy; and, in other cases, they have a more severe pneumonia that is
erroneously classified as COVID- 19.

However, two important aspects should be highlighted in these results: on the one hand, the
images of patients with COVID-19 are correctly classified at 100%; and, on the other hand, the images
used of patients with pneumonia come from a previous study (older database) and, therefore, were
not taken with current instruments (and, in some cases, with a different zoom). This last aspect may be
the trigger for why the pneumonia class has been the worst performer.

The Receiver Operating Characteristic (ROC) curves (see Figure 5) per each model and class
reveal a good reliability in the classification. These curves were obtained from the results for each node
of the output layer by changing the confident threshold. The Areas Under the Curve (AUC) are higher
than 90%. The pneumonia class is the one with the lowest confidence index. However, the trained
model with previous treatment of the images shows a higher confidence index for the identification
of COVID-19. The ROC curve together with the rest of the results previously shown reveal that the
model has great sensitivity regarding the classification of this disease.

Figure 5. ROC curves of each model.
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4. Conclusions

In this work, a Deep-Learning classification system based on a particular convolutional neural
network model (VGG16) has been trained and assessed to identify symptoms of pneumonia and
COVID-19 patients. The database used is a combination of Healthy, Pneumonia and COVID-19 X-ray
images from patients around the globe of both genders with different ages, and it is growing up day
by day. The inputs used to train and test the system are those lung radiographs and the outputs is a
classification between Pneumonia, COVID19 or Healthy, as well as a confidence value.

A pre-processing stage was done to all the X-ray images due to be obtained from different
machines with different calibrations, which caused a significant variation in the histogram of
the images.

After this stage, a complete study of the model in effectiveness has been made. The results indicate
that the model behaves well discriminating healthy cases with respect to disease when a contrast
technique is applied prior to training. In fact, 100% COVID-19 cases were successfully classified,
while the other two classes obtain good results too (but not as well as the first one).

So, the model has a high sensitivity regarding the identification of COVID-19 and a remarkable
specificity with respect to the three classes. This turns the model into a well-behaved tool to screen
cases and support diagnosis.
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Abbreviations

The following abbreviations are used in this manuscript:

SARS-CoV Severe Acute Respiratory Syndrome Coronavirus
COVID-19 Coronavirus Disease 2019
RT-PCR Reverse Transcription Polymerase Chain Reaction
BAL Bronchoalveolar Lavage
MR Magnetic Resonance
CT Computerized Tomography
VGG-16 Visual Geometry Group 16
ROC Receiver Operating Characteristic
AUC Area Under Curve
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