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ABSTRACT

In late December 2019, China announced the novel COVID-19 coronavirus. And after that, it spread all around the world, taking the place of a pandemic. In the meantime, there are many testing kits available but it takes time to get test results so we need to fast disease detection. for that reason, there is some work done on neural network models. all those images are performed on CXR data that are publicly available. In this study, we also work on five different pre-trained models(resnet-50, Inception V3, Inception Resnet V2, Resnet-101, Resnet-152) for the classification and detection of these diseases and we also have compared their accuracy on different epoch values. After evoluted all the models throughout the accuracy, recall, f1-scores we have got that resnet-50 perform 100% accuracy, Recall 100% and Precision 100% with 30 epoch value and also Resnet-101 perform 100% accuracy on epoch value 40. Those two models have given better results to compare with the other models.
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CHAPTER 1
Introduction

1.1 Overview
One of the biggest challenges that face in the 21st century is the Corona Virus (covid-19). It started as a simple infectious disease of Severe acute respiratory syndrome (SARS-CoV-2) in China in the last of 2019 [1]. After some days it transforms into a pandemic with its high contagiousness and it suddenly spreads very quickly all over the world. Till October 2020 around 42.7million people affected and 1.15million people passed away by Covid-19 [2]. The affected cases of COVID-19 worldwide by country are shown in Fig. 1.1.1 [7]. 
These diseases can affect every age of people and it can spread from animals to the human body [3][4]. Coronavirus is a broad group of viruses that cause by SARS-CoV(Severe Acute Respiratory Syndrome) and MERS-CoV (Middle East Respiratory Syndrome) arising from colds. This new form of disease (COVID-19) that has not been previously observed in the human body was first discovered in 2019 [5]. The most common symptoms for Covid-19 are Fever, Coughing, Shortness of Respiration, Breathing problems, Loss of scent or flavor. And in some cases, we can see Tiredness, Chills with shaking occasionally, Aches of the body, Headaches, Soreness of throat, Runny nose / Congestion, Nausea, Diarrhoea [6].
[bookmark: _GoBack]
[image: IMG_256]
Figure 1.1.1: The affected cases of COVID-19 worldwide by country.

The total death all over the world is 2.69%. Till now the highest mortality rate in the USA, India, Brazil, Russia, and Spain [2].


1.2 Problem Definition
Nowadays this virus is conducting human life in risky situations. Because This Virus spread from human to human by droplets [8][9]. To prevent rapid spreading in the absence of Applicable Vaccine and proper medicine we need to detect these diseases very quickly in the early stages and Immediate diagnosis and medication, as well as isolation to limit the transmission of the virus. 

The primary standard test used for identification is RT-PCR (Reverse Transcribe-Polymerase Chain Reaction) testing, approved by WHO and granted as the ideal tool for detecting the worldwide for Covid-19 virus. [6][10]. 
But The low RT-PCR sensitivity, however, causes several patients of COVID-19 to be unknown. It is also stated that the test results are collected over a period of a few hours to two days [11-13]. Moreover, the RT-PCR procedure may have to be tested several points for some patients to be diagnosed with COVID-19 [14][15]. In the beginning, inability to detect this infection causes the sufferer not to get adequate treatment on time also raises the risk of this epidemic spreading to a larger community given the fastest infectiousness of the existence of the virus.The reality that the amount of RT-PCR test kits is inadequate currently, it takes a long time to collect the results and the high probability that health care employees will be harmed during the test means must need other testing methods alternative to RT-PCR test.

Radiography analysis has also become an alternative diagnostic tool that has been used for COVID-19 detection, Whether CT (Computed Tomography) or CXR (Chest X-ray) imaging is done and studied by radiologists for visual markers consistent with viral SARS-CoV-2 disease in chest radiography [16]. CT images are very high detailed images than CXR images. But due to Consider some terms in this CoV test the best images will be CXR images. Because of 

· CXR imaging allows for fast triage.
· In many clinical places, CXR imaging is easily accessible and affordable.
· The presence of portability of CXR results showed imaging can be carried out inside insulation chambers, thus effectively decreasing the chance of transmission of coronavirus.

With the help of Chest X-ray images and advanced Deep Learning Algorithms, we can detect the Covid-19 virus numerically at the early stage in any place.

1.3 Motivation
Corona virus is spreading very fast because of the lack of corona positive person identification. Normally this virus stays in the human body for some days without any symptoms. Also motivated By Expensive and Lack of testing kits, Complex procedure, and physically present when it is tested. Inspired by the research community's open source and open access activities, This research presents a deep convolutionary architecture of the neural network designed for defining coronavirus cases from open-source and publicly accessible CXR photos, with a more commonly available and relatively CXR imaging technique. To achieve a higher prediction accuracy for X-ray datasets for this reason ,we have used some pre-trained model of Inception-ResNetV2, ResNet101, ResNet152, and InceptionV3.

1.4 Objectives
This diseases spreading very rapidly. To detect as many as patients to stop over spreading this disease we are working on it. Also to identify the risk factors of corona virus diseases. And to reduce the costing and complex procedures during test of corona virus. To prevent the spread of these diseases and minimize the sudden death of patients we are working on it. Some work has already done so also to identify the best epoch for the best model to get the highest accuracy we are working on this paper.

1.5 Contribution
But In this study, Our main participation is to work with five different models with three different combination of epochs and propose an efficient deep learning-based model with higher accuracy. We are going to discussed an automated COVID-19 prediction using deep neural network models with CXR images.

CHAPTER 2
Literature Review

2.1 Literature Review
It can be seen from previous empirical research that it is more easy for CNN to label complex images data. There is a lot of work that has been done recently in this field which shown that Arman Haghanifar, Ali Narin, and many others take a vital part in automatic coronavirus identification with chest CXR images. Here mentionable some are 

Arman Haghanifar et al [17].  They have worked on a model based on DenseNet that is constructed with the initial weights set by the CheXNet model. In their paper they use DenseNet-121 with different epoch values on different data sets in 100 images they get 96.72%. But it does not consider the best accuracy for best epoch value for a single model that is very important. 

Ali Narin et al [18]. In their paper, they also work on a huge dataset and five models(ResNet50, ResNet101, ResNet152, InceptionV3, and Inception-ResNetV2) with 5 folds and three binary classifications. They proposed that among the models ResNet50 has a heights accuracy of 99.7%.  They also did not mention the epoch value for the best accuracy result. The change of accuracy depends on epoch value and its effect on run time execution.

Ahmad Waleed Salehi et al [35].In this paper, they try to grasp this novel virus epidemiology as well as the main prevention from spreading of SARS-CoV_2. They evaluate the machine and deep learning-based structures performance of coronavirus images for classification. But we see the same thing here. They didn’t show any kind of epoch variation which affects the performance most.

Heidari et al [36].For development and research, a new computer-aided diagnostic system for CXR images is suggested in this study to diagnose Covid-19 infected pneumonia.
They demonstrate here that a crucial part of generating a deep learning computer-aided design(CAD) of CXR images is to apply two moves of image preprocessing and produce a pseudo-color image. So that they can increase accuracy in the identification of contaminated COVID-19 pneumonia. But here above all the analysis, they didn't touch the epoch variation part which impacts on accuracy.

In this research, a deep learning-based model was suggested to classify the coronavirus using the CXR image dataset. Epoch plays a key role in proposing a deep learning-based platform. But the aforementioned studies did not consider the epoch value. The study explains the role of epoch and finds a suitable epoch value that significantly increases the effectiveness of the recommended model. The research primarily suggests an efficient model focused on deep learning with greater accuracy. we are going to discussed an automated COVID-19 prediction using deep neural network models with CXR images.






CHAPTER 3
Methodology

3.1 Deep Transfer Learning Architecture:
Deep learning, inspired by brain structure, is included in machine learning as a sub-branch. Nowadays Deep learning techniques are using in vast areas of our life and we are getting very impressive results in all sectors also in the medical sector for image processing. It getting useful patter and information from medical data by applying deep learning methods in medical sectors. Deep learning models are using successfully in many sectors like the classification of data, lesion detection, segmentation of data in medical sectors. Study of signal and image data with image processing methods are X-ray Images(CXR) ,Computed Tomography (CT),Magnetic Resonance Imaging (MRI), by using deep learning models. For this reason, disease analysis, detection, and diagnosis are very efficient for brain tumors, breast cancer, skin diseases, diabetes mellitus [19-24].

There are a lot of sectors in deep learning study. The image processing problems are solved by the Convolutional neural network which is the sector of the deep neural network [25]. If we talk about how CNN models work, we input image data, and the image is recognized by computers, and it converts the image in a matrix format that can be processed later. The system can classify the categories of images by recognizing the difference in image patterns. When we input image data to train the model learn from test image and make the different labels of images. after that when we enter the test set image data it can predict the output of the image. And can predict all images in different categories. The CNN mainly analyze and predict image with the help of three different layers of CNN. Those are the convolutional layer which is the first layer of CNN, pooling layer which is for feature maps, and fully connected layer that extract the data. The CNN pooling layer will provide extraction from the input images in the convolutional layer and is the fully connected layer. It can classify all the images into different categories. All layers are described briefly in the following.

3.1.1 Convolutional Layer:
One of the three-layers is the Convolutional Layer. Which is the base layer of CNN models. It features patterns from image data. In this process, the input image passed through a filter. A function map consists of the values originating from filtering. By applying in this layer it can extract high and low-level features from image data with the help of some kernels [26]. To identify the input pattern matrix the Kernel uses 5*5 and 3*3 transform matrix. A filter modifies the shifting movement over the image with the help of the Stride parameter that compresses the images for CNN.

[image: IMG_256]

Here ya represent the a-th feature map in the layer, xj is the j-th feature map layer. Wj indicates the j-th kernal and Bj indicates as a bias of j-th feature map. N is the number of total features in layer and (*) is the vector process for convolution [27].

[image: convolutional layer]
Figure 3.1.1: Convolutional layer

3.1.2 Pooling Layer:
The second layer after the convolutional layer is the pooling layer. Add mathematical computations and create new feature maps to reduce the amount of image pooling layer feature maps. There are some pooling layers in CNN but here we are using only two. Max pooling and Global average pooling layer. The maximum pooling layer always takes maximum values of the image matrix and makes a new feature map of the image and it reduces the output neurons. After that, the global average pooling layer is used before the fully connected layer. It reduces the data signal from the matrix.  The dropout layer is the other intermediate layer that avoids overfitting and divergence in the network [28]. After finishing the pooling layer step it is trained for classification.

[image: pooling layer]
Figure 3.1.2: Pooling Layer

3.1.3 Fully Connected Layer:
The fully connected layer is the last and most relevant layer on CNN. This is a multilayer backpropagation. Two functions used in this layer for fully connecting all features and the other is for predicting the output. The two activation functions ReLU(Rectified Linear Unit) and softmax use for predicting the output image in a fully connected layer. The mathematical of these two are respectively given below:
[image: IMG_257]
   [image: IMG_258]

Where the input data and the number of classes are xi and m respectively [27].

[image: fully connected layer]
Figure 3.1.3: Fully Connected Layer

3.2  Pre-Trained Models
In this study, we are dealing with the COVID-19 dataset. But here researchers are facing a big challenge. And that is, they find an insufficient number of the open dataset, while they were dealing with medical data. Whereas deep learning working with the learning methodology of AI So, sometimes it needs a huge amount of data. But here is another problem stand on this site, that is Labeling this dataset by any experts is quite time-consuming as well as very much expensive. On the other side When we talking about the transfer learning methodology we see that this type of methodology needs a more limited calculation cost and it enables less dataset for the training of data. The information passed to the algorithm to be trained in the transfer learning process, which was accomplished on a large dataset by the pre-trained model.

To classify of CXR images of COVID-19, here we developed deep CNN based ResNet152, ResNet50,InceptionV3,Inception-ResNetV2 andResNet101 models. When we apply ImageNet data, the lack of data and training time can be resolved, and we have used a transfer learning method for this explanation. We used traditional CNN including pre-trained ResNet152, InceptionV3, ResNet101, ResNet50, and Inception ResNetV2 models to forecast standard, COVID-19 here we used conventional CNN including pretrained ResNet152, InceptionV3, ResNet101, ResNet50, and Inception ResNetV2 models.Here in figure 4 represent all the thing clearly. For open access as well these things publicly accessible at https://github.com/afiksourav/covid-19-detection-.git                                                            
[image: IMG_256]
Figure 3.2.1: Schematic diagram of pre-trained models for normal and COVID-19 patient

3.2.1 ResNet50 
The full version is the Residual neural network variant of the ResNet model. The Resnet(Residual neural model) is an improved variant of the CNN(convolutional neural network). One of the better aspects of it's when the network becomes larger and more complicated, this eliminates the distortion that happens. Furthermore, for making training quicker in the ResNet model, bottleneck blocks are used [29]. As an imageNet dataset ResNet50 trained 50 layer network. If we describe imageNet, it is a database of photographs of more than 14million images for visual recognition contents belonging to more than 20,000 categories [30].
[image: IMG_256]
Figure 3.2.2: Architecture of Resnet50

3.2.2 InceptionV3
There is another type of convolutional neural network model is inception V3. This requires many convolution measures and most pooling treads. It comprises a completely linked neural network on the last level. The ImageNet dataset trains the network, like the model ResNet 50 [31]. 
[image: inceptionv3 Schematic diagram]
Figure 3.2.3: Inception V3

3.2.3 Inception-ResNetV2 
The model includes a deep convolutional network, implementing the Inception-ResNetV2 structure trained on the ImageNet-2012 dataset. A list of approximate class probabilities is the output, and a 299-299 picture is the input to the model [32].
[image: IMG_256]
Fig ure 3.2.4: Inception ResnetV2

3.2.4 ResNet101 
For accumulated ResNet building blocks, ResNet101 contains 101 layers. From the database of ImageNet, anyone can load a pre-trained edition of the network with more than one million images [33]. For this purpose, for a wide variety of images, the network has learned rich function representations. 224x224 is the input size of the network image.
[image: IMG_256]
Fig ure 3.2.5: Architecture of Resnet101 

3.2.5 ResNet152
As with ResNet101 for accumulated ResNet building blocks, resnet151 contains 151 layers and also anyone can load a pre-trained edition of the network, from the database of ImagNet [34]. Like ResNet101 here 224x224 is the input size of the network image.
[image: IMG_256]
Figure 3.2.6: Steps of Resnet152.

3.3 Performance Metrics:
[image: IMG_257]
Figure 3.3.1: Confusion/Performance Matrix.

Performance metrics is a method for summarizing the results of a classification algorithm. How effectively and efficiently the algorithm is working or not. If you have an unequal number of findings our CNN classification accuracy can be misleading. By using the performance matrix/ Confusion matrix we can find the true values and false values of our prediction.

X = (B + A) / (B + A + D + C)                                                                               (1)
Y = A / (A+ C)                                                                                                        (2)
Z = A / (A + D)                                                                                                       (3)
P=  2 * ((Y * Z) / (Y + Z))                                                                                      (4)
Q= B / (B + C)                                                                                                        (5)

Here in equation(1-5) A means True positive, B means True Negative, C means False-positive and D means False Negative, X=Accuracy, Y=Precision, Z=Recall, P=F1-Score, Q=Specificity.  From Our dataset, it is True Positive is COVId-19 positive patients and also our model perfectly-identifies that they are COVID-19 Positive. FP is the normal patient that misbalanced as a COVID-19 positive patient through our CNN model. TN is a normal patient that has not COVID-19 and also our model has labeled them as a normal patient. And the last one is FN are COVID-19 positive patients but our model detects them as a normal patient.




CHAPTER 4
Materials and Result Analysis

4.1 Dataset

In this analysis, a total of 1300 CXR images were collected from the open-source GitHub repository. Our analyses were based on a dataset consisting of train 500 covid positive CXR images and 500 NORMAL CXR images. Furthermore, tests for  150 covid positive CXR images and 150 normal CXR images. A visual table 4.2.1 & 4.1.2 is given below:

Table 4.1.1: The number of pictures per dataset.
	Dataset
	Covid-19 chest X-ray dataset
	Normal chest X-ray dataset

	Train Data
	500
	500

	Test Data
	150
	150



	Covid-19 X-Ray Image


All images of our dataset resized at 224x224 pixel .figure 4.1.1 and figure 4.1.2 represent respectively CXR images of covid positive patients and normal images are given below. 


	[image: IMG_256]
	[image: IMG_257]
	[image: IMG_258]
	[image: IMG_259]



Figure 4.1.1: Covid-19 X-ray Images


	Normal X-Ray Image
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Figure 4.1.2: Normal X-ray images




4.2 Results and Discussion
In this article, the implementation of deep transfer learning models is carried out using a computer device with 16 GB RAM with an Intel Core i7-7700 CPU built on Windows 10 (64 bits). Chest X-ray images were used, for the prediction of the COVID-19. For the prediction of the COVID-19, CXR images were used. We conducted two distinct groups (COVID-19, normal). Five different deep learning model was employed on the dataset such as  ResNet50, InceptionV3, ResNet152, ResNet101 and Inception-ResNetV2 models with a batch size of 2, test size 2 , learning rate 0.00001 and three different(20,30,40) epochs. A total of 300 CXR images was employed to test the model as a test dataset, where 150 CXR images were positive and 150 CXR images were negative. Any of the performance measures, such as log loss, precision, accuracy, recall, ROC-Curve, and f1-score, were considered in order to identify the best performer model of all the models used. All the results and performance of all the concerned models of CNN are described in the section below.


4.2.1 Experimental Analysis of Accuracy

Table 4.2.1: Accuracy of applied models
	Epoch
	Resnet-50
	Resnet-101
	Inception V3
	Resnet-152
	Inception Resnet-V2

	20
	99
	99
	98
	88
	77

	30
	100
	99
	98
	89
	79

	40
	100
	100
	87
	95
	78



The accuracy values of different models are displayed in Table 4.2.1 according to the epoch value. It is observed that for epoch 40, all models except Inception Resnet-V2 provide the worst accuracy. For epoch values 20 and 30, which are 99 percent and 98 percent respectively, Resnet-101 and Inception V3 display equal accuracy. If the epoch value is 30 Resnet-50 and Resnet-101, the accuracy is 100% and 99% respectively. Overall, Resnet-50 for epoch 30 and Resnet-101 for epoch 40 is the highest performer model, giving 100 percent accuracy. So we see that the best fit epoch value is 30 for Resnet-50 and 40 for Resnet-101 in this experiment.

[image: IMG_256]
Figure 4.2.1: Graphical representation of Accuracy of all models

Figure 4.2.1 is a graphical representation of Table 4.2.1. Figure 4.2.1 illustrates that Inception Resnet-V2 is the least performing model. However the highest performing models are Resnet-50 and Resnet-101, where the best fit epoch value is 30 for Resnet-50 and 40 for Resnet-101.


4.2.2 Experimental Analysis of Precision

Table 4.2.2: Precision of applied models
	Epoch
	Resnet-50
	Resnet-101
	Inception V3
	Resnet-152
	Inception Resnet-V2

	20
	99
	99
	98
	90
	83

	30
	100
	99
	98
	91
	85

	40
	100
	100
	90
	95
	85



Table 4.2.2 demonstrates the precision values of different models according to epoch value. While epoch value 20 is considered, it is found that all the models except Inception V3 provide the least precision, where Inception V3 shows the least performance when the epoch value is 40. Resnet-101 and Inception V3 show the same precision for epoch value 20 and 30, which is 99% and 98% respectively. Inception Resnet-V2 and Resnet-152 show the best performance for 30 and 40 epoch values respectively. However, Resnet-50 and Inception Resnet-V2 produce the same and best precision for epoch value both of 30 and 40, which is 100% and 85% respectively, while Resnet-101 show the best performance for epoch value of 40. Overall, it is found that the least performer model is Inception Resnet-V2 and the best performer model is Resnet-50 and Resnet-101, where the best fit epoch value is 30 and 40 for Resnet-50 and 40 for Resnet-101.
[image: IMG_257]
Figure 4.2.2: Graphical representation of precision of all models
Figure 4.2.2 is a graphical presentation of table 4.2.2. Figure 4.2.2 depicts that the least performing model is Inception Resnet-V2. However,  Resnet-50 and Resnet-101 are the best performing models, where their best fit epoch value is 30 and 40 for Resnet-50 and 40 for Resnet-101.

4.2.3 Experimental Analysis of Recall

Table 4.2.3: Recall of applied models
	Epoch
	Resnet-50
	Resnet-101
	Inception V3
	Resnet-152
	Inception Resnet-V2

	20
	99
	99
	98
	88
	77

	30
	100
	99
	98
	89
	79

	40
	100
	100
	87
	95
	78



The Recall of the impact of five models (Resnet-50, Resnet-101, Inception V3, Resnet-152, Inception Resnet-V2) with three epoch values are shown above in Table 4.2.3. When the epoch value of 20 is observed, it is noticed that all models are performing very well. In epoch 40 inception v3 and inception resnet-v2 we have seen that they perform very least but they perform best in epoch 30. resnet 152 perform very well respectively 88, 89, and 95 for epoch 20, 30, and 40. Resnet-50 and Resnet-101 are done ultimate recall in epoch 40. It gives us 100 percent in epoch 40. but when the epoch was 30 then Resnet-50 perform 100 percent Recall but in epoch 30 Resnet-101 performed 99 percent. So, We can state that The least performer model is found to be Inception Resnet-V2. Resnet-50 and Resnet-101 are the highest performer model where the best test epoch value is 30 and 40 for Resnet-50 and 40 for Resnet-101.

[image: IMG_258]
Figure 4.2.3: Graphical representation of Recall of all models

Figure 4.2.3 is a graphical representation of Table 4.2.3. Figure 4.2.3 shows that Inception Resnet-V2 is the least performing model. However, the highest performing models are Resnet-50 and Resnet-101, where the best match epoch value is 30 for Resnet-50 and 40 for Resnet-101.

4.2.4 Experimental Analysis of F1-Score

Table 4.2.4: F1-score of applied models
	Epoch
	Resnet-50
	Resnet-101
	Inception V3
	Resnet-152
	Inception Resnet-V2

	20
	99
	99
	98
	87
	75

	30
	100
	99
	98
	89
	78

	40
	100
	100
	87
	95
	76



According to epoch value, Table 4.2.4 displays the F1-Score values of various models. Although epoch value 20 is considered, it is observed that all models have the least F1 score except Inception V3, where Inception V3 shows the least output when the epoch value is 40. For epoch values 20 and 30, Resnet-101 and Inception V3 show the same F1-Score, which are 99 percent and 98 percent respectively. The best result for 30 and 40 epoch values is demonstrated by Inception Resnet-V2 and Resnet-152. However, for both 30 and 40, Resnet-50 generates the same and highest F1-Score for epoch value, which is 100%, while Resnet-101 indicates the best result for the epoch value of 40. Overall, Inception Resnet-V2 is the least performing model, and Resnet-50 and Resnet-101 are the highest performing ones, where the best match epoch rating is 30 and 40 for Resnet-50 and 40 for Resnet-101.
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Figure 4.2.4: Graphical representation of F1-Score of all models

The schematic presentation of Table 4.2.4 is in Figure 4.2.4. Figure 4.2.4 shows that Inception Resnet-V2 is the least performing model. However, the highest performing versions are Resnet-50 and Resnet-101, where the best fit epoch value is 30 and 40 for Resnet-50 and 40 for Resnet-101.


4.2.5 Performance results for the best epoch Value

Table 4.2.5: Best performer models with best EPOCH values
	
	Epoch
	Accuracy
	Precision
	Recall
	F1-Score

	Resnet-50
	30
	100
	100
	100
	100

	Resnet-101
	40
	100
	100
	100
	100

	Inception V3
	20
	98
	98
	98
	98

	Resnet-152
	40
	95
	95
	95
	95

	Inception Resnet-V2
	30
	79
	85
	79
	78



Here, We have seen from Table 4.2.5 Resnet50 has given 100 percent accuracy for epoch 30 and Resnet101 has given 100 percent accuracy for epoch 40. Inception V3 has given 98 percent accuracy for 20 epochs. Resnet-152 performed 95 in 40 epoch and in the last Inception Resnet-V2 performed 79 accuracy at epoch 30.Those are the best accuracy for respected epochs.
This is noticeable from Figure (4.2.1) to Fig. (4.2.4) that the Resnet-50 and Resnet-101 achieve the highest testing accuracy and the lowest losses. So we can claim that in epoch 40, Resnet-50 and Resnet-101 models have similar results. Therefore the most fitting model can be found to be these two models for the 1300 X-Ray images dataset. But it was 100 percent accurate in Resnet-50 when performing epoch 30 at the same dataset as well. And it was 99 percent in the case of resnet-101 when it was in epoch 30, but we can see that we have 100 percent accuracy when we increase the epoch from 30 to 40. Therefore when considering the run time, we can assume that the Resnet-50 is the best model for our dataset. Also noticed was the absolute high or excessive low actuation that is usually seen in all graphs. So while the number of epochs increased particularly when the epoch was between 30 and 40 in our dataset, the train and validation distributions converged.

In detecting COVID-19, deep learning models are successful when the results are examined in general. In Table (4.2.1-4.2.5) for detecting disease values are shown  by working with our dataset F1-score,recall,precision and accuracy. In the Resnet-50 model, the best accuracy outcome is achieved along with our dataset. The precision, accuracy, recall, and F1-score values received were 100 percent, 100 percent, 100 percent, and 100 percent along with our dataset.

We can see from the above discussion and outcome that at epoch 30 and 40, ResNet50 offers the same best results. At the same time, at epoch 40, ResNet101 offers the best results. So, for 1300 chest X-ray images dataset and five CNN models analytical study, ResNet50 shows the best appearance for 30,40 epoch value randomly and ResNet101 show the best appearance for 40 epoch value. In the future study, we will try to add more chest X-ray image dataset to make the CNN models more efficient and comprehensive.

CHAPTER 5
Conclusion and Future Scope

5.1 Conclusion
We all know that COVID-19 is an infectious epidemic and today, all over the planet, this pandemic is rising increasingly. It is really necessary for this emergency health situation that a single positive COVID-19 case does not go unidentified. First of all, here we get CXR images from COVID-19  positive patients and healthy people. We then deliver a deep transfer learning-based approach to rapidly and automatically predict COVID-19 positive patients from chest radiography images. By performing these procedures, diagnostic time is minimized and financial losses are reduced. When we compare the performance of the five models, the findings of the best performance of the five models used with our datasets suggest that the highest accuracy was attained by ResNet50 and ResNet101 pre-trained model accuracy. But here we remark that we have seen a large difference in accuracy as we change the epoch. For covid-19 identification, that ResNet50 perform the best. Since it has the best at 30 epoch accuracy where ResNet101 gives it the best at 40 epoch accuracy. Due to its high performance and potential to detect COVID-19 at an early stage, it will enable doctors to make choices in clinical practice and save more lives. In the future by increasing the amount of research data that is against the latest Covid-19 impacted people dataset, this successful outcome can be checked.

5.2 Limitation
The experiment was very high for identifying better accuracy. Because of limited memory or RAM will not offer a perfect accuracy and possibility to garbage value so, we need to have a high configurable pc. Though we have work on five models and each model have three epoch so, we need to manually set all the code each time. On the other hand for experiment time we use a huge dataset. Three different epochs are maintained so toughly.  In addition to super speed, it requires a highly configurable GPU machine.

5.3 Future scope
The entire planet is slipping behind in this pandemic case. For this cause, at the moment, some of our proposals may not be fulfilled. We will be improving our research in the future which will make this proposal a possibility. In the future, we will be increasing our dataset by adding more different types of chest x-ray images and more levels of datasets besides Covid19 and normal datasets. We will also attempt to introduce some new CNN models and in the updated form of our analysis, we will be trying to explain the variation of changing accuracy by applying more epoch.
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