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Abstract: The emergence of the novel coronavirus disease has become a significant global public health concern,
resulting in significant strain on both society and healthcare systems worldwide. The increasing numbers of
COVID cases and fatalities have further intensified this strain. However, one potential strategy to alleviate this
stress is through the rapid diagnosis of the disease, which is crucial for combating its spread. Unfortunately,
conventional diagnostic methods often involve lengthy procedures. Utilizing technologies such as computer-aided
design systems can expedite this process, particularly through the analysis of medical images like chest X-rays.
Hence, this study aims to develop a computer-aided design system specifically tailored for the classification of
chest X-rays into two categories: COVID-19 and Normal. To achieve this goal, we explore the utilization of two
pre-trained neural networks to determine the most effective approach for our system. The paper investigates the
comparison of various neural network models for binary classification tasks involving normal contrast COVID-
19 chest X-rays. Specifically, it compares the performance of VGG16, VGG19, and ResNet50 architectures in
terms of accuracy, F1 score, and recall using chest X-ray images categorized as normal and COVID-affected
images. Experiments were conducted under two modes: Training and Testing the data, with 80% of the data
used for training and the remaining 20% for testing purposes.

Compared with other models, VGG16 demonstrates superior performance among the evaluated architectures
for chest X-ray classification. For normal contrast images, VGG16 achieved accuracies of 0.94, while VGG19
and ResNet50 attained 0.89 and 0.81, respectively. Thus, it can be concluded that VGG16 achieved the highest
accuracy compared to ResNet50 and VGG19.

These results underscore the efficacy of VGG16 for medical image classification tasks, particularly in scenarios
involving neural network models. The study provides valuable insights for optimizing neural network
architectures in medical chest X-ray imaging applications, emphasizing the importance of model selection and
data interpretation strategies in enhancing classification accuracy.

IndexTerms: Machine learning,Deep learning,Neural network.

. INTRODUCTION

As of early spring 2020, the global spread of the virus had reached alarming proportions, prompting the World Health
Organization (WHO) to declare it a pandemic by March's end. By April 30, 2021, the virus had infected over 157 million
people worldwide, claiming the lives of more than 3 million. Unlike typical coronaviruses, SARS-CoV-2 is unique, likely
originating from an animal reservoir. Diagnosis and treatment of COVID-19 differ from other coronavirus infections,
reflecting our evolving understanding of the disease. Symptoms vary widely, from fever and cough to loss of taste and
smell, with severe cases presenting with respiratory distress and other complications. Standard testing methods, such as
the polymerase chain reaction (PCR) test, though accurate, pose challenges including time consumption and potential
false negatives, undermining containment efforts. Resource limitations in many countries necessitate alternative
approaches, such as radiographic chest image analysis, aided by Artificial Intelligence (Al). Recent advancements in
deep learning have shown promise in medical image classification, offering potential for timely and accurate diagnosis.
Al applications, particularly in chest X-ray analysis, hold promise for augmenting COVID-19 detection efforts,
leveraging Convolutional Neural Networks (CNNs) like VGG16, ResNet50, and VGG19. While challenges remain, such
as limited data availability for training, ongoing research seeks to refine automated COVID-19 classification systems for
widespread adoption.

1. PREVIOUS WORK

In this subsection, we delve into existing research on COVID-19 detection using chest X-rays and deep learning
methodologies. Predominantly, Convolutional Neural Networks (CNNs) have been employed in these studies, with
VGG16, ResNet50, and VGG19 emerging as the most utilized models. Leveraging transfer learning techniques,
researchers have optimized training efficiency by reducing model parameters. Normalization techniques have been
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widely applied for standardization, while image rescaling has been a common preprocessing step due to the adoption of
transfer learning. Given the scarcity of COVID-19 chest X-ray data, data augmentation has been imperative across these
studies to enhance dataset diversity. Output classification typically distinguishes between normal and COVID-19 cases,
although some studies categorize results into two classes: COVID-19 and normal. While many achieved commendable
accuracy rates, ranging from 90% to 95%, none attained perfection, underscoring ongoing challenges in this field.

I11. PROPOSED WORK

Our proposed research endeavors to refine the accuracy of COVID-19 detection through the analysis of chest X-rays
utilizing deep learning methodologies. Drawing insights from previous studies, we aim to leverage the effectiveness of
CNN architectures, specifically VGG16, ResNet50, and VGG19, by employing transfer learning techniques. This
strategy aims to expedite model training and simplify parameter complexity. Standardization measures such as
normalization during preprocessing and image rescaling will be implemented to ensure consistency and align with
transfer learning requisites. Given the scarcity of COVID-19 chest X-ray data, our approach will concentrate on binary
classification, distinguishing between normal and COVID-19 cases. Our primary objective is to surpass current accuracy
levels, thereby fortifying the reliability of our detection system. Through meticulous experimentation and validation, we
aspire to attain heightened accuracy while remaining cognizant of the persistent challenges associated with COVID-19
detection.

111.(1) IMAGE PREPROCESSING

The dataset's images undergo transformation using PyTorch's Transforms library. Initially, they are resized to match
various models' input size specifications. Subsequently, the images are normalized by adjusting their values based on a
mean of ([0.485, 0.456, 0.406]) and a standard deviation of ([0.229, 0.224, 0.225]) across different channels. This
normalization process aligns the data within a designated range, effectively reducing image skewness and facilitating
more efficient model learning.

(if) Methods

CNNs, widely acknowledged in deep learning for their prominence in image classification, require no manual feature
extraction efforts; instead, they glean insights from the dataset to identify various image characteristics. This capability
is enabled by the multitude of layers within the model, each tasked with learning distinct image features. Unlike
traditional Artificial Neural Networks, where outputs from preceding layer neurons feed into every neuron in the
subsequent layer, CNNs maintain spatial relationships by connecting only select neurons with the next layer.
Structurally, a CNN typically consists of three essential layers: convolution, pivotal in CNN functionality, pooling, and
a fully connected layer. During model training, kernel weights undergo iterative updates, and losses are computed using
backpropagation to minimize model loss. Due to its spatial connectivity, a CNN efficiently captures image features by
updating its myriad parameters, thus enhancing accuracy throughout the training phase. The fundamental elements that
constitute a CNN, as outlined in are:

Convolutional Layer: This performs two primary mathematical operations. Firstly, it executes convolution,
employing a matrix of numerical values (kernel) to traverse the entire image matrix element-wise. The kernel begins at
the top left corner of the image matrix, where it multiplies with corresponding elements. The results are summed, and
the final outcome is placed in a single cell of the resultant feature matrix. The kernel then shifts element-wise across
row elements and proceeds downward, repeating the operation for each row. Padding and stride, two hyperparameters,
are adjusted to control the convolution process. Secondly, an activation function, such as sigmoid or ReLU (Rectified
Linear Unit), is applied nonlinearly. ReLU, commonly used in pretrained models, performs a specific arithmetic
operation distinct from convolution. It outputs the maximum of 0 and X, thereby introducing nonlinearity to the layer's
output.

Pooling layer-

This layer facilitates parameter down sampling for subsequent learning, ensuring that only the most significant
parameters are relayed to the next convolutional layers post-pooling. Among the types available, Max Pooling stands out
as particularly popular. In Max Pooling, a sub matrix is selected, and the maximum value within it becomes the output
of the pooling operation for that sub matrix. This operation, akin to convolution, is performed element-wise, typically
downsampling the input by a factor of 2 with the appropriate stride value. Another significant operation is Global Average
Pooling, which represents an extreme in down sampling by condensing input features into a 1 x 1 vector. All values are
then averaged into a single cell, making it adept at handling feature maps with varying weights.
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Fully connected layer

The Fully Connected Layer operates differently from previous layers, where spatial properties are preserved. As
implied by its name, in this layer, the feature map is flattened into a single vector before being connected to the
subsequent layer of neurons. Each fully connected layer incorporates an activation function.

VGG16:

VGG16, introduced by the Visual Geometry Group (VGG) in 2014, emerged victorious in the ImageNet Large Scale
Visual Recognition Competition (ILSVRC) at that time. The model's distinctive features include its predominant use of
3 x 3 size kernels and 2 x 2 size max-pooling layers, opting for simplicity in hyperparameter selection. Towards the
output generation, two fully connected layers are employed, with their outputs passed through a softmax function to
obtain the desired results, as illustrated in the accompanying figure. VGG19, a subsequent iteration, featured an
additional layer in each of its three convolutional blocks.
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(Model Architecture of VGG16 Figure-1)

RESNETS50- ResNet50 is esteemed for its swift training pace without compromising performance. The pre-trained
model comprises 49 convolutional layers and 1 fully connected layer. A batch normalization layer is appended to a
RelLU activation function, culminating in a fully connected layer. Notably, the architecture's shallow depth is evident.
Furthermore, the initial two convolutional layers are deemed inconsequential; thus, inputs can directly proceed to the
final ReLU activation function. This model excels in classification tasks, such as those addressed in this paper, due to
its residual block, characterized by a bottleneck structure, batch normalization for standardizing subsequent layer
outputs, and identity connectivity, which mitigates the vanishing gradient issue.
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(ResNet50 Architecture Figure-2)
VGG19:

VGG19, a deep convolutional neural network (CNN), excels in image classification tasks. Pre-trained on the massive
ImageNet dataset, it can categorize images into a vast array of classes. This makes VGG19 a strong foundation for fine-
tuning towards specific image recognition goals.

However, VGG19's depth, while enabling complex feature learning, comes at the cost of high computational demands.
Additionally, advancements in CNN architecture have led to models that achieve similar or better accuracy with greater
efficiency.

Despite these limitations, VGG19 remains a cornerstone in computer vision. Its pioneering depth paved the way for
deeper CNNSs, and it continues to be a valuable tool for various image recognition applications.
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(VGG19 Architectrure figure 3)

Results:
EVALUATION | VGG16 | RESNET50 | VGG19
PRECISSION 0.99 0.9 0.97
RECALL 0.95 0.93 0.91
F1-SCORE 0.97 0.91 0.93
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(Figure 4)

The comparative results of the presented work with other existing methods demonstrate the superior performance of the
model VGG16 over selected datasets, outperforming existing DNNs such as VGG16 and ResNet50.
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Conclusion

The emergence of SARS-CoV-2, known as novel COVID-19, has posed challenges in tracking due to limited
availability of RT-PCR testing kits, which are the standard for detection. However, these tests typically take over 24
hours, often days, due to the need to process large batches of samples simultaneously. Given COVID-19's respiratory
nature and diverse characteristics, novel investigative methods are required for efficient mass detection. This
necessitates reevaluating existing CAD systems to better accommodate pandemic scenarios, utilizing deep learning
techniques for smarter analyses.

This study proposes a promising avenue for future exploration, advocating for an ensemble approach using various pre-
trained models to enhance accuracy. One limitation is the scarcity of extensive datasets, underscoring the importance
of maintaining authenticated storage spaces for research-oriented problems. Our methodology exhibits superior
performance compared to existing deep CNN models, with training accuracy reaching 97.76% and testing accuracy at
96.66%. Notably, our approach surpasses the accuracy of ResNet18, VGG16, and VGG19 models, achieving a peak
testing accuracy of 97.76%. While our research relies on pre-trained deep learning models, achieving absolute accuracy
remains a challenge.
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