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Abstract: In the present scenario, a novel virus called COVID-19 is one of the substantial snags to the humans in this
contemporary era. The present pace at which the virus is spreading has led to a significant spike in death rates across the globe,
including in all countries and towns. In order to treat the ailment, one must therefore come up with a quick and accurate
diagnosis. Deep learning has made a significant contribution to medical research, opening up new paths and opportunities for
disease diagnosis methods. To counteract the COVID-19 outbreak, here we create a classifier distinguishing between positive
and negative COVID scans. This study suggests a technique that utilizes chest X-ray images to first classify a patient into one of
the bacterial or viral classifications, then further subclassifies them into one of the COVID-19 classes (Positive-1 & Negative-0).
Keywords: X-Ray, COVID-19, Pneumonia, Bacterial, Viral

I. INTRODUCTION
An infectious sickness known as the new coronavirus (COVID-19) started in late December 2019 and has since expanded worldwide
throughout the globe. The WHO declared this novel virus know as COVID-19 to be a pandemic on 11" March, 2020. This illness
continues to have a devastating impact on the health and well-being of individuals worldwide. Creating a reliable classification
system is a crucial phase in the COVID-19 battle cycle so that patients can start receiving immediate medical attention, treatment, and
control transmission.
During this little time frame, scientists and researchers have created a variety of diagnostic methods and categorization methods. For
instance, one of the most widely used method that is RT-PCR is a critical is an essential screening technique screening tool to identify
SARS-COV-2 and as well as COVID-19. Despite being the most used screening approach for the identification of COVID-19, the
RT-PCR assay has certain limitations.
There is a lot of time and effort involved in the RT-PCR process, and it may be extremely difficult so in order to identify COVID-19,
medical experts have turned to chest radiography imaging techniques including CT or chest x-ray visuals images. In the case of
COVID-19, for instance, CT chest scans were found to be more effective than RT-PCR in making a diagnosis. Researchers found that
chest CT has a higher sensitivity for identifying COVID-19.
RT-PCR genetic diagnosis are presently the most commonly used to diagnose COVID-19. These evaluations are highly precise. It is
possible to identify and test viruses in patient samples, even if they are very little. It is important to remember that now the PCR
analysis is quite challenging, requires a lot of time, and is very costly. As a direct consequence of this, not all medical institutions
have the necessary equipment to execute it out. In light of these limitations, radiographic scanning may serve as a stand-in diagnostic
approach for the sickness. It is possible to evaluate chest radiography images in order to search for the new coronavirus or its
symptoms. According to studies, this family of viruses exhibits a strong radiographic manifestation [4,5,6,7,8,9,10,11].
As a result, it may be argued that categorization using radiographic images, such as a chest X-ray (CXR), is not only significantly
quicker and less expensive than a PCR test, but also more accurate. Additionally, chest X-rays may be obtained in practically every
clinic and are more affordable than other radiological examinations like CT scans.
The only issue with CXR-based detection of COVID-19 patients, particularly in remote places, is that qualified physicians might not
always be accessible. Additionally, many professionals lack prior expertise with COVID-19 positive patient CXRs and are unfamiliar
with the radiological symptoms associated with COVID-19. Therefore, utilising CXR pictures, we have suggested a straightforward
and low-cost deep learning-based method to categorise COVID-19 +ve and -ve cases. This method allows for the quick and nearly
exact identification of COVID-19 positive patients.
As a part of this research, We have also supplied a tool to this study that may be used to identify COVID-19 positive patients. This
deep learning-based tool will always provide an opinion without the need for human interaction, regardless of the presence or absence
of a radiologist or any discrepancies between the doctors' opinions.
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Il. STATEOF THE ART (LITERATURE SURVEY)

A. Purpose

In light of this, research that were listed in trustworthy databases were retrieved, examined, judged, and synthesised. Comparing the
sensitivities, specificities, and AUC Scores of the final 11 articles that were shortlisted. Their models were evaluated, and the best two
were selected to form the ensemble for the optimal strategy.

B. Results Obtained
The results obtained is shown below :
TABLE I. COMPARING VARIOUS DL MODEL’S

Deep Sensi | Speci
Dataset Learning ti- fi- AUC
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C. Al vsRadiologist Perfomance
TABLE I. Al Vs RADIOLOGIST

RADIOLOGIST
Al PERFOMANCE PERFOMANCE
SENSITIVITY | SPECIFICITY | SENSITIVITY | SPECIFICITY
0.92 0.97 0.90 0.88
0.92 0.99 0.77 0.90
0.92 0.91 0.96 0.72
0.84 0.83 0.75 0.94
111. PROPOSED WORK

The objective is to build a classifier that can distinguish between a Healthy and Infected (Viral & Bacterial) Chest X-Ray.
Additionally, another model takes in viral chest X-Rays and further divide into one of the COVID-19 classes (Positive & Negative).
At this moment, the general public is only authorized to see a tiny subset of the X-ray pictures associated with the COVID-19
investigation. As a consequence, it is unable to construct these models from the very base. In this investigation, we have used a two-
pronged strategy to address the dearth of COVID-19 visual images. Both of these strategies will be addressed in further detail below:
1) We construct a slightly different version of the COVID-19 imagery by increasing the total number of samples and improving the
data in a variety of ways (such instance by inverting the data, rotating it slightly, or gently distorting it).
2) The process of training the model now requires less labelled examples of each category than it did before we performed some
fine-tuning on the very last layer of the model. As a direct result of this, we were able to go through the steps more quickly.
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B. Dataset
For the initial model which divides the given X-Ray into Healthy, Bacterial or Viral, we use the dataset available on Kaggle.
The data are split into two folders:
1) 4672 train photographs are in the folder train_images, of which:
0 1227 images belong to class 0
0 2238 images belong to class 1
0 1207 images belong to class 2
2) 1168 train photographs are in the folder test_images
3) The class labels for the photos are listed in pairs (file_name, class_id) in the file labels_train.csv.
4) Where,
o0 class_id = 0 if the picture depicts a person who is healthy (normal)
0 class_id = 1 if the patient in the picture has bacterial pneumonia
0 class_id = 2 if the patient in the picture has viral pneumonia

For second model, which further divides into one of the COVID-19 classes (Positive & Negative). We use another dataset from

Kaggle.

5) Folder train_images contains 15264 train images.

6) Folder test_images contains 400 test images.

7) The file train_labels.csv is a CSV file with two columns. The first column lists the names of the photos in the train set, and the
second lists their labels. There are two possible labels: 1 and 0. For positive samples, the number is 1, and for negative samples,
0. You must handle uneven data in this challenge because the dataset is unbalanced and almost only 10% of the samples are
positive.

C. Deep Learning Model to be used — VGG16
The Visual Geometry Group is referred to as VGG. It is an example of a conventional DCNN architect and consists of numerous
layers. The number of convolutional layers determines how "deep™ a network is, hence the “VGG-16" and “VGG-19” each contain
16 or 19 layers. Innovative item recognition models are developed with the help of the VGG algorithm. The VGGNet, which was
designed as a DNN, outperforms benchmarks in a variety of activities and datasets that are not related to ImageNet. It has remained
the most often used paradigm of image recognition.

VGG-16
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D. Ensemble Method

1) For better accuracy on predictions made the confidence predicted by the model can be ensembled for even more closer/better
prediction.

2) For this case we use a simple averaging, where the output accuracy of each model is averaged with another to predict the final
accuracy.

1IV. IMPLEMENTATION
This complete project can be divided into 3 main modules as described below:
1) MODULE - I: Build Model for Pneumonia Classification into Healthy, Viral and Bacterial.
2) MODULE - II: Build second model for COVID-19 detection.
3) MODULE - IlI: Build a user-friendly dashboard & Integrate the Models into it.

A. Module -1
Begin with data Augmentation, some samples of augmentation are shown below.

X

Then train a VGG-16 model. Accuracy of the VGG-16 model after training and hyper tuning is 94.23%.
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B. Module - 11
Epoch to Accuracy graph indicates the final accuracy after 16 epochs is 98%
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V. RESULTSDISCUSSION

The COVID-19 has recently presented new difficulties in all human beings' daily lives. There are now much more infectious
individuals carrying this virus. Therefore, prompt diagnosis and treatment of this infection are quite essential. Within the scope of this
investigation, we propose a technique for the prompt and reliable identification of pneumonia. Chest X-rays are used in this procedure
for the purpose of classifying patients between two to four distinct groups, with the groups' membership being determined by a variety
of different factors. The accuracy of the suggested method is at least 90% and consistently beats the performance of the most
advanced approaches currently available for detecting pneumonia.

VI. CONCLUSION

For the future scope, Additionally, a model can be developed which can predict and work with the GGO (Ground Glass Opacity)
along with the pneumonia detected which can help in a better accuracy of the model.
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