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Abstract
Coronavirus (COVID) has claimed numerous lives since its outbreak in late 2019. It is
estimated that around 72 million people are affected by the virus and a toll on human life
has reached 1.6 millions as of December 2020 making it one of the worst pandemic in
recorded history. Having understood the importance of the pandemic, we devised a deep
neural network model to classify COVID patients from non-COVID patients based on
computerized tomography (CT) scan images with an accuracy of 76.5% that concluded
our contribution to the growing pandemic.
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1. Introduction
1.1 Rationale of the study
The Coronavirus ( COVID-19) has impacted the lives of billions of people worldwide.
Everyday due to its nature being of a pandemic, it has affected to a greater extent thus
calling for aid from all over the scientific community. The research and development has
expanded from care-coordination of COVID patients to care management to prevention
guidelines. One of the interesting research works in this field is the early detection of
COVID. The rationale behind early detection is, as early the COVID is being detected in
the body, the sooner the care management supply chain begins to work thus minimizing
the death toll of human life. The importance of the study goes beyond vaccination as
current state of the art has a 95% prevention rate on vaccination which will take almost
1-2 years to vaccinate the entire world which makes this study an pertinent contribution
to COVID detection, identification, classification and segmentation research field.
1.1 Literature Review
The COVID classification problem includes the identification of COVID presence in the
body with the aid of sensor data, X-ray images, CT-images, Radiography images and so
forth [1-4].Various research works has been carried out for the detection and
classification of COVID-19[4,5].It is one of the challenging issue to understand the
presence of COVID within an automated image. The most challenging part of this
disease detection from image is to identify the difference between pneumonia image and
COVIDimage which makes the task significantly hard.
The use of neural networks and big data has been explored in [6-10]. Ulhaq et.al.[6]
conferred a survey literature that accumulates the effort of various computer vision
approaches that has been applied to detect COVID. Zobaed and his colleagues[8] has
explored how the big data can be stored and manipulated on the cloud of which the
continuation of manipulation over wearable sensor data is performed by Quer and his
team[9] where they have explored the wearable sensor data as an aiding method in
detecting COVID.
The general diagnostic tests and its effects as well as the time consumption of .2
general diagnostic tests as opposed to antibody tests has been explored in [10].
An interesting analogy by Vandenberg et.al [10] and Bastos’steam[11] depicts
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that albeit antibody tests provided rapid results in testing but it suffers with low
rate of specificity which is an important metric in identifying the COVID. Bastos
and his colleagues[11] have also explored the accuracy of serological tests for
COVID-19 and have performed a systematic review on the subject matter.
The power of deep learning and its ability to extract the correct distinct features
thus substantially aiding in image classification of COVID amidst its similarity in
image with pneumonia has been explored in [12-16]. The authors including
Aurora et.al[16]attributed the case study for india whilst the distinct difference in
all of the study is the use of different types of images such as X-ray images, CTscan images, Radiography images, nasal swabs and different deep learning
convolutional architectures including VGG16, VGG19, MobileNet, AlexNet and
so forth as depicted in literatures[12-20].The main argument that we have
regarding the literature is that, the research papers has used pre-trained models
with transfer learning based classification where the pre-training is done on
imagenet[21].However, the COVID cases vary to a larger extent from that which
is why we believed that apart from using pre-trained models, custom models with
aid from previous architecture would perform better as theoretically hypothesized
by us.So, At length, it can be said that these research works has motivated us to
come forward with a study related to COVID detection where we would be
proposing semi-pre trained model with some of the layers frozen and some of the
layers ready for re-training on COVID dataset.
The orientation of the rest of the study is segmented into three more sections. The
Section 2 shall be utilized in discussing the dataset, dataset pre-processing, model
architecture and mathematical concepts of the architecture. The section 3 shall be
used to implement the architecture with experimental evaluation of result analysis
as well as subsequent comparison with some of the other research papers and
models.Finally, the conclusion section shall be used to put forward the next future
work and concluding remarks of this thesis.
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3. Materials and Methods
2.1 Dataset
The dataset has been collected from [7] and an analysis of the dataset can be found
in[7,20] and later modified to form the dataset. The total dataset consists of
amalgamation of training data, validation data and testing data. The training dataset
consists of 546 images, the testing dataset consists of 140 images and the validation
dataset for k-fold cross validation has 60 images across the dataset. The whole dataset is
sub-divided to two labels of classes in the folder namely , “COVID_NO” which means
the images pertaining to the folder has no COVID cases and
“COVID_YES” which depicts that the images in the folder are true covid images. Figure
1 and Figure 2 shows some of the examples of COVID image data.

Figure 1: Sample images of CT-scan for COVID negative patients.

Figure 2: Sample images of CT-scan for COVID positive patients.
It is evident from the image samples that, in case of covid positive there are
substantial fumes in the lungs. However, the fumes whether it is pneumonia or
covid would be a substantial challenge to address.
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2.2 Dataset Preparation
The COVID dataset that we have downloaded varies in size and shape and some
unnecessary information that we shall pre-process before feeding to a
convolutional layer of networks. In the preparation stage of our dataset, we have
cropped and resized our images to a smaller pixel value for obtaining higher
accuracy with lower computation cost. Before finalizing our dataset we perform a
data augmentation process including 40 degree rotation, grayscale channeling,
normalization of the images with a shearing of the images with horizontal flip.
2.2 Model Architecture
Our proposed model COVIDetect is a multilayer convolutional layer given in
Figure 3 that begins with input size of 224 * 224 rgb type images connected with
a convolutional layer followed by a connection with a max pooling layer. In the
subsequent layers we can observe that apart from conventional convolutional
layers, a batch normalization layer has been added to avoid overfitting along with
a dropout layer to decrease the complexity at training time as well as overfitting
problem. Except for the output consonant, all of the activation functions used
were relu functions. For the output, the sigmoid function has been used.
The Rectified Linear Unit Activation ( ReLU)[23] outputs 0 for any value of x<0
and it has a simple linear function with slope of 1. So, the equation for ReLUcan
be depicted in equation 1 as

Equation 1
The sigmoid function[24] outputs a curve on the basis of a designated formula
with its variability with x. So, if Sigmoid(x) is the function and e is the euler
number then, the sigmoid function is equated in equation 2.

Equation 2
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Figure 3: Our proposed Model architecture “COVIDetect”
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2.3 Hyperparameter Tuning
Hyperparameter tuning and choosing the optimizer plays a very important role in
deep learning tasks Optimizers are basically formulas that help us to minimize the
error rate with an identification function. We have used RMSprop optimizer [22]
which has evolved from gradient descent algorithm. However, since the basic
difference being, RMSprop being able to restrict the oscillation in vertical
direction, the learning rate can be increasedsignificantly. The process involves a
moving average of squared gradients to normalize the gradient to deal with the
vanishing gradient problem. The formula and calculation for RMSprop is
provided here in equation 3 that consists of 4 equations.

Equation 3

For the purpose of using the loss function, we have used binary cross-entropy[25]
as our loss function. The formula for binary cross entropy is depicted in equation
4.

Equation 4
where y is the true label and p(y) is the predicted label . We can see that this loss
function is heavily dependent upon the logarithmic probability. Now in our case,
our classification requires the storage of averaged positive and negative labeled
classes for which we stretch the formula of equation 4 towards equation 5.
Equation 5
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4.

Experimental Evaluation and Result Analysis

3.1 Experimental Evaluation
In our experimental section, we have trained the model architecture on the dataset and
noted the results which have given a fairly good result of 90% in training accuracy and
82% in validation accuracy as depicted in figure 4. We can observe that the loss is also
consistently falling as epoch is being increased with a slight case of overfitting which
has been caused due to indecision of learning between pneumonia image and covid
image.

Figure 4: Training Accuracy, Training Loss , Validation Accuracy and Validation Loss
of COVIDetect
The confusion matrix of COVIDetect is depicted in figure 5 that visualizes the
true positive rate, false positive rates and specificity which is an important matrix
towards determining the covid positive patients. From our Confusion matrix, we
can compute that we have a 76.5% test accuracy , 84.3% precision, 75.6% recall
and a F1 score of 81% confidence.
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Figure 5: Confusion Matrix of COVIDetect

3.1 Result Analysis
Whilst COVIDetect performs the optimal classification approach, we have
tweaked with 3 other versions of COVIDetect to visualize the performance and
effect of batch normalization and dropout layer on image recognition. Before we
perform the result analysis between other models Table 1 shall provide an insight
into the variable model architecture that is being utilized for result analysis.
As per Table 1, COVIDetectV1 has no dropout and no batch normalization layer,
COVIDetectV2 has dropout layer but no batch normalization layer,
COVIDetectV3 has no dropout layer but a batch normalization layer present and
finally our model COVIDetect has both dropout rate and batch normalization
layer present in its model architecture as depicted in Figure 3.
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Table 1: A comparison of F1-score and distinguishable features of several tested
model architectures.
Model Name

Distinguishing Feature

F1-score

COVIDetectV1

No Dropout layer
No Batch normalization layer

66%

COVIDetectV2

Dropout layer present
No Batch normalization layer

68%

COVIDetectV3

No Dropout layer
Batch normalization layer
present

67%

Dropout layer present
Batch normalization layer

81%

COVIDetect
present

From table 1, we can see that, evidently with the introduction of dropout layer
and batch normalization layer a significant increase in F1-score has been
observed. Overall, although COVIDetect performs better but in some of the cases
of precision and recall, COVIDetectV2 and COVIDetectV3 also provide a better
result. The Classification report can be visualized in the graphical plot of Figure
6.

Figure 6: Experimental result comparison between architectures
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5.

Conclusion

In COVIDetect, we stretched the need for prompt diagnosis of COVID affected patients
from CT scan images. For the said task, we have exploited deep learning architectures to
train and test our model on the ct-scan image dataset with a fairly good accuracy of
75.6%. The model suffered from overfitting due to its acute problem of identifying the
COVID affected area which in future work may be solved by exploring more complex
architectures, few shot learning and federated learning. Another approach may be to
increase the dataset size as, small dataset suffers from incorrect learning problems.
Exploration of research can also be done in characterizing better optimizers, loss
functions and tuning the hyperparameter. Finally, our contribution also performed a
comparative analysis on the importance of dropout and batch normalization layer which
would be insightful in carrying our future work in this domain. Our research work and
dataset link is available in github for further visualization
(https://github.com/militaryarman/covidetect ) .
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