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Abstract: The COVID-19 pandemic has heavily affected the well-being of people worldwide.
Current diagnostic tools, like the RT-PCR, are expensive and time-consuming; thus, there is a
need for cheaper and faster means of COVID-19 detection. This study proposes using a desktop
application with a convolutional neural network (CNN) and visual analysis as a
supplementary diagnostic tool for detecting COVID-19 pneumonia in chest X-ray images. The
CNN used is a sequential Keras model that was trained and tested through eight epochs using
an augmented dataset. Random data augmentation techniques applied were rotation and
horizontal flipping, which increased the total images used to 13,584. Visual analysis was
created using the Grad-CAM algorithm to determine patterns in chest X-ray images. These
were implemented in a desktop application and evaluated by a professional pulmonologist.
Results showed that the CNN achieved an average accuracy rate of 97.96% among the three
classes, which was superior among related studies. The CNN also achieved a precision, recall,
and F1-score of 99.67%, 99.62%, and 99.64% respectively for COVID-19 pneumonia, 99.26%,
94.83%, and 96.99% respectively for viral pneumonia, and 95.12%, 99.42%, and 97.22%
respectively for normal chest X-ray images. Meanwhile, the visual analysis was also accurate,
as evaluated by a professional pulmonologist, where patterns of haziness were determined.
Hence, this could serve as an effective supplementary diagnostic tool for healthcare
professionals for faster and more accurate diagnosis of COVID-19 and viral pneumonia
patients.
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1. INTRODUCTION (2020) suggested that chest X-rays are faster to
The Novel coronavirus or COVID-19 has operate than RT-PCR kits which take days to get

become a global pandemic since 2020, caused by the results. The presence of X-ray machines in medical
severe acute respiratory syndrome coronavirus 2 facilities adds to the availability and accessibility of
(SARS-CoV-2) (Gunraj et al., 2020). The World Health ~ the said testing method. Testing can also be done in a
Organization, as cited by Khan et al.t (2020), stated fixed X-ray machine instead of transporting the test

that a patient that is positive for COVID-19 may kits from one location to another. However, present
develop symptoms such as fever and dry cough research on automated detection of COVID-19

pneumonia, multi-organ failure, chest pain, loss of pneumonia using deep learning techniques were
speech or movement, and death upon infection. challenged by 'the insufficient amount of 1dent1f12.1ble
As of the present, several testing methods are ches§ X-rays since the outbreak was recent, possibly
used in testing COVID-19 among the possible carriers causing overfitting in some neural networks that
of the virus. However, these tests can be quite would yield less accurate results.
inaccurate as the most used testing method which is Thus, this research study alme_d to develop a
the RT-PCR test has a sensitivity rate of 71% to 98%  convolutional neural network trained on an
and a specificity rate of 98% to 100% in COVID-19 augmented dataset, implemented through a desktop
diagnosis (Agarwal et al.,, 2020). Hence, there is a application with visual analysis, as a low-cost,

need for faster and more efficient means for COVID- automatic, supplementary diagnostic tool for novel
19 detection. coronavirus (COVID-19) pneumonia and viral

pneumonia from chest X-ray images utilizing deep
learning techniques. Data augmentation will be
implemented to a chest X-ray dataset to produce more

Recently, studies have been done to further
detect and analyze COVID-19 pneumonia using deep
learning through chest X-ray images. Wang et al.
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images with different variations and obtain more
accurate results.

To support this, the effectiveness of the
developed model in terms of accuracy, precision,
sensitivity, and F1 score in detecting the COVID-19,
viral pneumonia and normal chest X-Ray images was
determined. Additionally, the accuracy of the
developed model was compared to other existing CNN
models or architectures that also detected the same
diseases. A qualitative feedback on the desktop
application from an expert pulmonologist was also
obtained to further assess its effectiveness.

This study may be deemed significant to
COVID-19 positive patients as they can have a real-
time assessment of the status of COVID-19
pneumonia if they are symptomatic. Also, medical
frontliners, radiologists, and specialized virology
doctors, can be greatly assisted through fast and
automated detection of COVID-19 pneumonia by
analyzing X-ray images among possible COVID-19
positive patients. Along with this, hospitals and
specialized COVID-19 facilities can be benefited from
this research as automated COVID-19 pneumonia
detection can be done using X-rays and computers
which are readily available across most health
establishments.

2. METHODOLOGY

2.1. Development of Augmented Dataset

The dataset utilized in this study is the
COVID-19 Radiography Database developed by
Chowdhury et al. (2020), which is made up of 1200
COVID-19 pneumonia, 1,345 viral pneumonia, and
1,341 normal chest X-ray images. To maximize the
size of the dataset, data augmentation was applied
using scikit-image, where two transformational
techniques were utilized: rotation and horizontal
flipping. Using data augmentation, overfitting is
significantly reduced from image processing models
(Gunraj et al.,, 2020). This resulted in an augmented
dataset that is composed of 13,584 chest X-ray images,
as seen in Table 2.1.

Table 2.1. Number of Images Before and After Data
Augmentation of the Dataset.

Number of Number of
Images Before Images  After
Augmentation Augmentation
COVID-19 1200 4205
Pneumonia
Viral 1345 4697
Pneumonia
Normal 1341 4682
Total 3886 13,584
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2.2. Development of the Convolutional
Neural Network (CNN)

A sequential CNN was constructed using
Keras and Tensorflow, where its architecture is seen
in Figure 2.1. The chest X-ray is inputted in the model
and enters the rescaling layer, where its dimension is
resized to 256 x 256. Afterward, it undergoes 3
repetitions of a convolutional layer and a max-pooling
layer. A convolutional layer extracts the features from
the images. Meanwhile, a max-pooling layer attains
the maximum element from the feature map extracted
by the convolutional layer. Lastly, it undergoes two
dense or fully connected layers, which takes the
output of the previous layers, then flattens and
converts them into a single vector. The probability for
each class is then calculated.

After constructing the convolutional neural
network, the model ran through eight epochs for
training and testing. 80% of the dataset was utilized
for training the model, while the remaining 20% was
utilized for testing the model.

Figure 2.1. CNN Architecture of the Model

PREDICTION

2.3. Development of the Desktop

Application with Visual Analysis

The developed CNN was implemented
through a desktop application using Tkinter. The user
interface, as seen in Figure 2.2, shows the draft of the
elements of the desktop application. The “Upload
Chest X-ray Image” button allows users to upload
chest X-ray images to be classified among the three
groups. Once uploaded, the image would be seen in the
left region, while a visual analysis using Gradient-
weighted Class Activation Mapping (Grad-CAM) is
provided on the right. The results of the classification
would be provided at the classification label at the
bottom side of the application.

COViDetect COViDetect
I ! l
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Figure 2.2. General User Interface of the Desktop
Application

24 CNN and Desktop Application

FEvaluation
To assess the performance of the
convolutional neural network, the following specific
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metrics were obtained: True Positives (TP), True
Negatives (TN), False Positives (FP), and False
Negatives (FN). These were visualized using a
confusion matrix, which showed the true values of the
specific metrics by arranging the data in terms of its
classification.

Afterward, the following performance metrics
were calculated: accuracy, precision, sensitivity and
F1 score. These performance metrics assess the
performance and effectiveness of the developed model
in classifying the chest X-ray images. The formulas for
these performance metrics are:

Accuracy = (TP+TN) / (TP+TN+FP+FN)

Precision = TP / (TP+FP)

Recall = TP / (TP + FN)

F1 Score = 2 x (Recall x Precision) / (Recall +
Precision)

The average accuracy of the model was then
compared to the average accuracy of other studies that
classify the same groups.

Meanwhile, to assess the performance of the
desktop application, a professional pulmonologist
tested the application and evaluated it through an
interview.

3. RESULTS AND DISCUSSION

The confusion matrix in Table 3.1 showed that
the model predicted most chest X-ray images
correctly. Therefore, it could be said that the
developed model is successful in classifying these
images efficiently since convolutional neural networks
have the property of extracting similar features or
patterns in the chest X-ray images (Khan et al., 2020).
The convolutional layers in the model serve as
successive filters in detecting significant features in
an image. Meanwhile, max-pooling layers reduce the
complexity of the image by returning only the
maximum value of sub-regions in the image. Lastly,
fully connected or dense layers are connected to
previous layers and flatten the previous output to
convert it into a single vector (Albawi et al., 2018).

Table 3.1. Confusion Matrix Result of
COVIDetect in Classifying COVID19, Viral
Pneumonia, and Normal Chest X-ray Images

Predicted Value
COVID19 Viral Pneumenia Normal
True Value
COVID19 8 8
Viral Pneumonia 12 231
Normal g 25

S Correctly Classified Images Misclassified Images’

Overall, it has been observed that the
convolutional neural network performed efficiently in
classifying these images, where performance metrics
obtained were above 90% for all classifications as seen
in Table 4.2.

Table 4.2. Performance Metrics of the CNN in
Classifying COVID-19, Viral Pneumonia, and Normal
Chest X-ray Images

Class Precision / Recall /| F1 Average
Specificity Sensitivity  score Accuracy

COVID-19 99.67% 99.62% 99.64% 97.96%

Viral 99.26% 94.83% 96.99%

Pneumonia

Normal 95.12% 99.42% 97.22%

The high precision rate of 99.67% for COVID-
19 is essential since this indicates that there would be
fewer false-positive cases of misclassified COVID-19
diagnosis. Meanwhile, the high recall rate of 99.62%
for COVID-19 is also necessary since this indicates
that there would be less false-negative diagnosis of
COVID-19. Decreasing the chances of these types of
misdiagnosis would further decrease the spread of the
COVID-19 virus in the community through immediate
and proper detection (Wang et al, 2020). Meanwhile,
high performance metrics were also obtained by the
convolutional neural network for viral pneumonia and
normal chest X-ray images, implying that it would
also be less likely to misdiagnose normal patients and
those with viral pneumonia.

The average accuracy of the developed model
was then compared to related studies that detect the
same classifications, as seen in Table 4.3. It has been
observed that the results obtained by the model were
relatively higher compared to other studies that detect
the same three classes.

Table 4.3. Comparison of Average Accuracy
with Other Related Studies

COMPUTER AND SOFTWARE
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Study Architecture Average Accuracy
for Three Classes
(%)

COVIDetect Keras 97.96%

Sequential

Apostolopoulos VGG-19 93.48%

et al.

Wang et al. COVID-Net 93.3%

Apostolopoulos MobileNet v2 92.85%

et al.

Apostolopoulos Inception 92.85%

et al.

Apostolopoulos Xception 92.85%

et al.

Apostolopoulos Inception 92.85%

et al. ResNet v2

Khan et al. CoroNet 89.60%

Despite using a simpler convolutional neural
network, the obtained average accuracy in detecting
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the three classes was the highest among related
models. This is possibly caused by the sequential
neural network being trained on an augmented
dataset.

Related studies face the challenge of using an
insufficient number of COVID-19 chest X-ray images
due to limited data available since the pandemic was
recent. It could be observed that most studies that
attained a relatively lower average accuracy used
fewer images for training and testing their models.
Apostolopoulos et al. (2020) made use of 305 COVID-
19, 2780 pneumonia, and 1583 normal chest X-ray
images for the use of 4 of their model architectures
that attained 93.48% for VGG-19 and 92.85% for
MobileNet v2, Inception, Xception, and Inception
ResNet v2. Meanwhile, Khan et al. (2020) made use of
290 COVID-19, 327 viral pneumonia, and 310 normal
chest X-ray images.

Through wusing data augmentation and
developing an augmented dataset, this limitation is
resolved. In a study by Wang & Perez (2017), they
explored the use of data augmentation in the field of
deep learning. Models that made use of small datasets
often encounter overfitting since these do not
generalize data well. Through data augmentation,
more data is generated from the training data for an
algorithm to perform better.

Through an evaluation of the COVIDetect
desktop application by a professional pulmonologist,
he stated that it accurately classifies COVID-19 and
viral pneumonia, while there were minor
misclassifications for normal chest X-ray images
where these were misidentified as viral pneumonia.
These misclassifications could be attributed to the
haziness present in some normal chest X-ray images
that were similar to those with viral pneumonia.
Meanwhile, the visual analysis using Grad-CAM was
also evaluated as accurate since the red spots
effectively cover affected areas or areas with haziness.

Asides from the features of the desktop
application, its wusability and design were also
assessed, and the professional pulmonologist stated
that the application was simple, practical, and easy to
use. He recommends adding the personal details of
patients such as name and age, as well as including
bacterial pneumonia in the application’s
classification.

4. CONCLUSION

Based on the gathered results and findings of
the study, the following conclusions were drawn.
First, the developed model achieved an average
accuracy of 97.96% for detecting COVID-19
pneumonia, viral pneumonia, and normal chest X-ray
images. Specifically, it achieved a precision, recall,
and Fl-score of 99.67%, 99.62%, 99.64% respectively
for COVID-19 pneumonia, 99.26%, 94.83%, 96.99%
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respectively for viral pneumonia, and 99.26%, 94.83%,
96.99% respectively for normal chest X-ray images.
Second, the developed model achieved the highest
average accuracy compared to other related studies
that detect the same classifications, mainly attributed
to the CNN being trained on an augmented dataset.
Lastly, the COVIDetect desktop application was
evaluated by a professional pulmonologist and its
CNN was assessed as accurate with minor
misclassifications, while its visual analysis was also
assessed as accurate since it effectively covers all
affected areas with haziness. The application was also
determined to be simple, practical, and easy to use.

Future studies might consider using different
architectures for the construction of their CNN. It is
also recommended to further expand the scope of the
study by including bacterial pneumonia classification
and detection of other COVID-19 variants such as the
UK variant and P3 variant. Future researchers might
also determine the severity of COVID-19 present in
the chest X-ray images so people with severe COVID-
19 disease can easily be diagnosed. Furthermore,
other related methods which are equally available and
accessible as chest X-ray image classification can be
explored by future researchers. The study can also be
improved once more training data are publicly
available.
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