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 The COVID-19 global pandemic impacts people's health and way of life all over the world, and it is crucial that it is caught 

early to stop the spread of cases and mortality. The Reverse Transcription Polymerase Chain Reaction (RT-PCR) is the real test 

used to diagnose leaders, but because of their lengthy turnaround times and expensive costs, alternative quick and practical 

diagnostic methods are required. This paper's method processes chest X-ray images and categorises them as positive or negative 

for COVID-19 using existing deep learning models (VGG19 and U-Net). It was inspired by recent research that links the presence 

of COVID-19 to results in Chest X-ray images. The proposed system includes three stages: lung segmentation for preprocessing, 

which removes background data that is irrelevant to the task and could lead to biassed results; the classification model trained 

using a transfer learning scheme; and, finally, results analysis and interpretation using heat maps. The best models were able to 

detect COVID-19 with an accuracy of about 97%. 
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1. INTRODUCTION 

The coronavirus causes both SARS (Severe Acute 

Respiratory Syndrome) and MERS (Middle East 

Respiratory Syndrome) (MERS). SARS-CoV-2 is caused 

by a brand-new coronavirus known as COVID-19 

(Zhang, 2020). The first COVID-19 cases were reported 

in December 2019 in Wuhan, Hubei Province, China. 

(Xu and colleagues, 2020) The World Health 

Organization (WHO) declared COVID-19 a pandemic 

on March 11, 2021. (Ducharme, 2020). There had been 

188,404,506 documented cases worldwide by July 13 of 

that year, resulting in 4,059,220 fatalities (Worldometer, 

2020). 

These illnesses cause respiratory problems that can 

be treated without the use of special medications or 

equipment. Nonetheless, underlying medical conditions 

such as diabetes, cancer, cardiovascular disease, and 

respiratory disease may aggravate this illness (World 

Health Organization, 2020). transcription in reverse 

Polymerase chain reaction (RT-PCR) and gene 

sequencing for respiratory or blood samples are the 

primary methods for COVID-19 detection today (Wang 

et al., 2020). According to other studies, COVID-19 

exhibits pathologies similar to those seen in pneumonic 

sickness, leaving chest pathologies visible on x-rays. 

RT-PCR research has been linked to chest CT, while 

other studies have looked at its relationship to X-ray 

ABSTRACT 

https://doi.org/10.46501/IJMTST0807047
http://www.ijmtst.com/vol8issue07.html
https://doi.org/10.46501/IJMTST0807047
https://journals.sagepub.com/keyword/COVID-19
https://journals.sagepub.com/keyword/X-ray
https://journals.sagepub.com/keyword/Convolutional+Neural+Networks
https://doi.org/10.46501/IJMTST0807047
http://www.ijmtst.com/vol7issue11.html


  

 

 
314  International Journal for Modern Trends in Science and Technology 

 

 

chest imaging (Ai et al., 2020). (Kanne and colleagues, 

2020) 

The most common finding in these images is typical 

opacities or attenuation, with ground-glass opacity 

accounting for approximately 57% of all instances 

(Kong & Agarwal, 2020). Expert radiologists can 

identify the visual patterns in these photos, but given 

the financial constraints of low-level healthcare facilities 

and the steady increase in cases, this diagnostic 

procedure is incredibly impractical. Recent AI research, 

particularly in Deep Learning approaches, 

demonstrates how these algorithms performed well 

when applied to medical imagery. 

Because it is one of the few large open access 

datasets of COVID-19 X-ray images, the COVID-19 

Image Data Collection (Cohen et al., 2020) is used as a 

foundation in the majority of published studies. It was 

built with images from COVID-19 reports or articles in 

collaboration with a radiologist to confirm pathologies 

in the pictures taken. Transfer learning, data 

augmentation, and combining different datasets were 

previously used methods for dealing with small 

datasets. In papers such as Civit-Masot et al. (2020), who 

used a VGG16 and achieved an accuracy of 86 percent; 

and Ozturk et al. (2020), who used a Dark Covid Net 

and achieved an accuracy of 87 percent when classifying 

three classes that included Covid. 

Yoo et al. (2020) achieved 95% accuracy with a 

ResNet18; Sethy et al. (2020) achieved 95.33 percent 

accuracy with a ResNet50; and Minaee et al. (2020) 

achieved 95.45 percent accuracy with a Squeeze Net; 

Panwar et al. (2020) achieved 97.62 percent accuracy 

with a nCovnet; Apostolopoulos and Mpe. 

It focuses on improving the preprocessing stage to 

achieve accurate and reliable results when classifying 

COVID-19 from Chest X-ray images. The preprocessing 

step includes a network that filters the images based on 

the projection (lateral or frontal), some common 

operations such as normalisation, standardisation, and 

resizing to reduce data variability, which may harm the 

performance of the classification models, and a 

segmentation model (U-Net) that extracts the lung 

region that contains the target. 

After preprocessing, the classification model 

(VGG16-19) is used, which employs the transfer 

learning scheme, which uses pre-trained weights from a 

much larger dataset, such as ImageNet, to aid the 

network's training process in terms of performance and 

time to convergence. It is worth noting that the dataset 

used in this study is ten times larger than those used in 

previous studies. Finally, the visualisation of heatmaps 

for various images provides useful information about 

the regions of the images that contribute to the 

network's prediction, which should in ideal conditions 

focus on the appearance of the lungs, reinforcing the 

importance of lung segmentation in the preprocessing 

stage. Following this section, the paper is organised as 

follows: first, consider the methodology employed. 

2. METHODOLOGY 

Our methodology consists of three major 

experiments to assess the performance of the models 

and the impact of the various stages of the process. Each 

experiment adheres to the workflow depicted in. The 

dataset used in each experiment is what distinguishes 

them. For COVID-19 positive cases, the same images 

were used in all cases. Meanwhile, three different 

datasets were used for negative cases. Experiments 1 

and 2 evaluate positive vs. negative case datasets in that 

order, and Experiment 3 involves images from the 

pre-COVID era (images from 2015-2017). 

 

COVID-19 classification datasets 

The classification models were trained using the 

following datasets: BIMCV-COVID19+ (Vayá et al., 

2020), BIMCV-COVID- (Medical Imaging Databank of 

the Valencia region BIMCV, 2020), and Spain 

Pre-COVID era dataset. The Medical Imaging Databank 

of the Valencia Region provided these datasets 

(BIMCV). We also use two additional databases to 

compare these processes to previous works. Positive 

cases can be found in the COVID-19 Image Data 

Collection by Cohen et al. (2020), and negative cases can 

be found in the Normal, Viral Pneumonia, and Bacterial 

Pneumonia database by Daniel Kermany et al. (2018). 

(COVID-19 X rays, 2020). 

Image projection filtering 

The images in the COVID-19 datasets are labelled 

according to their projection: frontal (posteroanterior 
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and anteroposterior) and lateral. Several mismatched 

labels were discovered during manual inspection, 

affecting model performance due to the difference in 

information available from the two views and the fact 

that not every patient had both views available. To 

automate the process of filtering images based on 

projection, a classification model was trained on a 

subset of the BIMCV-Padchest dataset (Bustos et al., 

2020), which included 2481 frontal images and 815 

lateral images. This model enabled us to efficiently filter 

the COVID-19 datasets and keep the frontal projection 

images, which provide more information than lateral 

images. 

Finally, the positive dataset (BIMCV-COVID19+), 

once separated, contains 12,802 frontal images for 

training COVID-19 classification models. Experiment 1 

used 4610 frontal images from the 

BIMCV-COVID-dataset as negative cases. 

BIMCV-COVID — was not organised; additionally, 

some of the patients in this dataset were later confirmed 

to be COVID-19 positive. As a result of the dataset size 

and false positives identified by radiologists, models 

trained on this data may have biassed or unfavourable 

performance. Experiment 2 used a curated version of 

BIMCV-COVID — for negative patients to avoid this 

bias, 1370 images were excluded by excluding patients' 

images that correlate with the positive dataset. Finally, 

in Experiment 3, images collected from European 

patients between 2015 and 2017 were used from a 

Pre-COVID dataset. 

 

Lung segmentation 

The U-Net models for these segmentations were trained 

using three datasets: Montgomery (Jaeger et al., 2020) 

with 138 images, JSTR (Shiraishi et al., 2020) with 240, 

and NIH (Tang et al., 2020) with 100. Despite the 

apparent lack of data, the number and variability of the 

images was sufficient to produce a useful segmentation 

model. 

 

Image separation 

For the classification task, data were partitioned into 

train (60%), validation (20%), and test (20%) partitions, 

with clinical information used to avoid images from the 

same subject appearing in two different partitions, 

which could cause bias and overfitting in the models. 

As a result, the data was distributed as follows: 

Frontal images, 1,150, 723, and 608 for train, test, and 

validation partitions, were used in the classification 

model to filter images based on projection. In contrast, 

the separation of lateral images in the same partitions 

was 375, 236, and 204 images, respectively. 

 

The positive cases dataset for the COVID-19 

classification model contains 6475 images for train, 3454 

for test, and 2873 for validation. Meanwhile, the 

BIMCV-COVID dataset is divided into 2342, 1228, and 

1040 images for train, test, and validation, respectively. 

Following the curation of the BIMCV-COVID-dataset, 

there were 1645 images, 895 images, and 700 images for 

the train, test, and validation sets, respectively. Finally, 

the Pre-COVID era dataset was subdivided into 2803 

images, 1401 images, and 1265 images for the train, test, 

and validation sets, respectively. 

The COVID cases dataset contains 286 images for the 

train set, 96 for the test set, and 96 for the validation set 

for the COVID-19 comparison with previous works. 

Meanwhile, Normal images are divided into 809 for 

training and 270 for test and validation sets for the 

negative cases datasets. There are 2329 images for 

Pneumonia, and 777 for each of the other two groups. 

Because the image quantity was significantly lower 

for the segmentation task, a test dataset was not created, 

leaving a distribution of 80 percent (382 images) for the 

train set and 20 percent (96 images) for validation data. 

 

3. EXPERIMENTS AND RESULTS 

In part a, a VGG19 model filters the dataset to 

determine whether a Chest X-ray image is lateral or 

frontal. To distinguish it from the other classification 

model, this network will be referred to as VGG19 FL. 

Part b involved lung segmentation using a U-Net model 

and only images that passed as frontal from the 

previous stage. In parts c, d, and e, a VGG19 

classification model was used to predict COVID-19 

positive and negative cases. We use the name VGG19 

Covid to distinguish it from the other VGG19 model. 

The datasets in variation c passed through the 

classification without lung segmentation. Variation d 

used segmented images obtained by multiplying the 

predicted mask from part b and the original images and 

passing them through the VGG19 Covid classifier; 

finally, variation e inverted and applied the mask from 

part b.to the original images, which will be processed by 
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the VGG19 Covid classifier;These three variants enabled 

us to assess the significance of thesegmentation stage, 

by providing the model with complete or partial 

information and determining which aspects of the 

images contribute to the prediction 

VGG19 FL 

A subset of samples from the BIMCV-Padchest and 

BIMCV-COVID datasets were labelled manually to 

filter frontal and lateral images; experiments were 

carried out using the VGG16 and VGG19 models with 

pre-trained weights from the Imagenet dataset. Table 1 

shows the accuracy for these experiments, with VGG19 

producing the best results, making it the model to be 

used for future parts in the Experiment diagram. With a 

batch size of 64, each model was trained for 30 epochs. 

A U-Net model was used to segment the lungs using 

a combination of three datasets. As shown in section 2.4 

Segmentation, three different models were used, with 

the filter number in convolutional layers for each U-Net 

changing. Table 2 displays the Dice and Intersection 

over Union metrics are used to evaluate segmentation 

tasks for each model. With a batch size of 64, all 

networks were trained for 200 epochs. 

Figure 3 depicts an example of image reconstruction 

from the BIMCV-COVID19+ dataset for a specific type 

of image. Despite the fact that U-Net 1 has a higher IoU 

value, some images are missing a lung portion. In most 

cases, U-Net 3 reconstructs the lungs better. For all 

future processes, U-Net 3 was used. 

VGG19 covidien 

The implementation for COVID case prediction for 

each of the three variations was by selecting the best 

model between VGG16 and VGG19. The model was 

trained for 30 epochs with a batch size of 64 for each of 

them. 

Experiment No. 1 

Table  1 displays the results of Part C, where no 

segmentation was used. In the meantime, Table 2 

displays the results of part d and lung segmentation 

applied to this data. Table 3 also shows the results of 

part e, which involved inverting segmentation masks 

and applying them to images. The models used in all of 

the preceding Tables were a VGG16 and a VGG19. 

Table 4 displays the accuracy, sensitivity, specificity, 

and F1 score in the COVID label of parts c,d, and e with 

a 0.5 threshold. 

Table 1 

Accuracy of   

Model 

 

part c models in Experiment 1.  

Train Validation 

 

Test 

VGG16 VGG19 0.9883 

0.9863 

0.8898 

0.9478 

0.8374 

0.8886 

 

Table 2 

Accuracy of   

Model 

 

 

part d models 

in Expe 

Train 

 

 

riment 1.  

Validation 

 

 

 

Test 

VGG16 VGG19 0.9835 

0.9628 

0.9036 

0.9379 

0.8565 

0.9213 

 

Table 3 

Accuracy of   

Model 

 

 

part e models in Experiment 1.  

Train Validation 

 

 

 

Test 

VGG16 VGG19 0.9872 

0.9954 

0.9366 

0.9639 

0.8883 

0.9547 

 

Table 4 

Performance metrics of parts c, d , and e in COVID-19 label for Experiment 1.  
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Part Accuracy Sensitivity Specificity F1 Score 

c 0.949 0.965 0.846 0.975 

d 

e 

0.936 

0.957 

 0.969 

0.968 

0.875 

0.927 

0.972 

0.973 
 

 

 

Figure 1: Heatmaps of the last layer in some images from Experiment 1's Part C experiment. 

 

 

Experiment No. 2 

Part c results are shown in Table 5. Table 6 currently 

displays the results of part d. Table 7 also displays the 

results of part e. The models used for all of them were a 

VGG16 and a VGG19.Table 8 displays the COVID label 

accuracy, sensitivity, specificity, and F1 score for 

Experiment 2 parts c,d, and e with a threshold of 0.5. 

Table 5 

Accuracy of   

Model 

 

part c models in Experiment 2.  

Train Validation 

 

Test 

VGG16 VGG19 0.9883 

0.9763 

0.8898 

0.9578 

0.8374 

0.8866 

 

Table 6 

Accuracy of   

Model 

part d models 

in Expe 

Train 

riment 2.  

Validation 

 

 

 

Test 

VGG16 VGG19 0.9835 

0.9528 

0.9036 

0.9279 

0.8565 

0.9223 

 

Table 7 

Accuracy of   

Model 

 

 

part e models in Experiment 2.  

Train Validation 

 

 

 

Test 

VGG16 VGG19 0.9872 

0.9954 

0.9366 

0.9639 

0.8883 

0.9547 

 

Table 8 

Performance metrics of parts c, d , and e in COVID-19 label for Experiment 2.  

Part Accurac

y 

Sensitivit

y 

Specificity F1 Score 

c 0.939 0.964 0.856 0.973 
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d 

e 

0.937 

0.945 

 0.971 

0.969 

0.87

6 

0.92

8 

0.971 

0.976 

 

 

 

 

 

Figure 2: Heatmaps of the last layer in some images 

from Experiment 2's Part C and Part D experiment. 

Experiment No. 3 

Tables 9-11 show the results of parts c, d, and e for 

models VGG16 and VGG19, respectively.Table 14 

shows the COVID positive label accuracy, sensitivity, 

specificity, and F1 score metrics for Experiment 3 parts 

c,d, and e with a 0.5 threshold. 

Table 9 

Accuracy of   

Model 

 

part c models in Experiment 3.  

Train Validation 

 

Test 

VGG16 VGG19 0.9883 

0.9763 

0.8898 

0.9577 

0.8375 

0.8466 

 

Table 10 

Accuracy of   

Model 

 

 

part d models 

in Expe 

Train 

 

 

riment 3.  

Validation 

 

 

 

Test 

VGG16 VGG19 0.9826 

0.9537 

0.9136 

0.9269 

0.8789 

0.9123 

 

Table 11 

Accuracy of   

Model 

 

 

part e models in Experiment 3.  

Train Validation 

 

 

 

Test 

VGG16 VGG19 0.9872 

0.9944 

0.9366 

0.9539 

0.8883 

0.9542 

 

Table 12 

Performance metrics of parts c, d , and e in COVID-19 label for Experiment 3.  
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Part Accurac

y 

Sensitivit

y 

Specificity F1 Score 

c 0.949 0.963 0.846 0.972 

d 

e 

0.947 

0.946 

 0.972 

0.979 

0.87

5 

0.92

7 

0.981 

0.975 

 

4. CONCLUSIONS AND FUTURE SCOPE 

This approach demonstrates how existing models 

can be useful for multiple tasks, especially when the 

changed U-Net models do not perform better. It is also 

demonstrated how image noise can cause bias in the 

models. The images without segmentation are better for 

classifying COVID disease according to most metrics. 

Further investigation reveals that, even if the metrics are 

improved, these models are based on visible 

pathologies across the lungs as clear evidence of 

COVID, implying that true accurate models must centre 

on lungs parts for classification. In this case, 

segmentation is required to achieve reliable results by 

reducing bias. Transfer learning was critical to the 

outcomes presented. As demonstrated, classification 

models using this technique require between 20 and 30 

epochs to converge, whereas segmentation models do 

not require more than 200. A series of models was 

presented with a general accuracy of 92.72 percent in 

determining COVID-19 Disease in Chest X-ray images, 

classifying COVID and NO-COVID images. Meanwhile, 

the approach has a 95.63 percent accuracy in the test 

dataset for the COVID label for a threshold of 0.5. 

Changing the threshold increases model accuracy by up 

to 98 percent. 
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