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1 Introduction

Pneumonia is an illness of the lungs caused by bacteria, viruses, or fungus that can a�ect one
or both lungs. An infection of the air sacs that causes pus and other 
uids to �ll the sacs is
a dangerous illness and creates di�culty in breathing. Those of any age can get pneumonia,
but there are some groups who are more at risk than others, including those over the age of
65, children under the age of 2, people with speci�c medical problems, and those who smoke
[1].

On a global scale, pneumonia is responsible for more than 15 percent of all fatalities among
children under the age of �ve. In 2015, the illness claimed the lives of 920,000 children under the
age of �ve. According to the emergency department of "National Hospital Ambulatory Medical
Care", in United States, there were registered more than 500,000 visits of pneumonia cases to the
emergency rooms [2] and a report from "National Vital Statistics" shows that in United States
more than 50,000 deaths occurred only in 2015 [3], maintaining its position among the country's
top ten leading causes of mortality. According to the World Health Organization, pneumonia is
the leading infectious cause of mortality in children under the age of �ve on a global scale. A
total of 740 180 children under the age of �ve died as a result of pneumonia in the year 2019,
accounting for 14 percent of all children under the age of �ve [4]. Despite the fact that pneumonia
a�ects children and their families all over the world, South Asia and sub-Saharan Africa have
the greatest rates of death from the disease [4]. It is possible that the situation will deteriorate
even further in such countries due to a paucity of medical resources and personnel. For example,
there is a shortfall of 2.3 million doctors and nurses across the 57 countries of Africa [5]. The
precision and speed with which diagnoses are made are therefore essential determinants in the
well-being of these groups. Individuals who are already battling with poverty can bene�t greatly
from this because it can assure fast access to therapy while also saving time and money.

Despite the fact that pneumonia is widespread, e�ectively identifying it is a di�cult task, as
there is need for a doctor to acquire and evaluate the patient's medical history and physical
examination to initiate the diagnosis of pneumonia. However, it's not enough to con�rm a
potential case of pneumonia in a patient, therefore an X-ray image (CXR) scanning is required
for the doctors to identify a potential case. The CXR image is being reviewed by highly skilled
medical professionals, which usually look for some patterns that indicates a potential case of
pneumonia, such as, looking for a white spot in the lungs, which is also called in�ltrates [6]. In
some cases, even a highly trained professional radiologist may have di�culty analyzing an X-ray
image to determine whether a patient has pneumonia, resulting in delays in diagnosis or even
misdiagnosing of the disease that increase the severity it and the associated mortality risk. As a
result, early detection of illness is critical for medical professionals because it allows them to treat
a patient at the earliest possible stage of the disease [7]. A research conducted by "US National
Library of Medicine National Institutes of Health", where the medical specialist have examined
280 patients for detecting pneumonia by performing X-ray (CXR). The �ndings showed that 48
(17.1%) cases were misdiagnosed, where all of them were false negative cases [8].
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On the other hand, arti�cial intelligence/machine learning technologies have the potential to
analyze massive datasets and extract valuable insights that may be used to improve outcomes.
This capacity is proven to be particularly useful in radiology and pathology, where it is currently
being tested. Clinical imaging techniques such as magnetic resonance imaging (MRI), computed
tomography (CT), and X-rays, as well as biopsy samples, allow doctors to observe the inner
workings of the body. However, because these photos frequently include enormous quantities
of complicated data, evaluating them can be challenging and time-consuming for human service
providers. Arti�cial Intelligence (AI) solutions can improve the work
ow of radiologists and
pathologists by serving as clinical decision support and accelerating the delivery of treatment
[9]. Hence, in this project, we will be trying to go through the methods and make a machine
learning system that can e�ciently detect pneumonia from chest X-ray images and provide an
excellent accuracy.

1.1 Research Question

With the comparison of the two aspects- the traditional method of detecting a potential case
of pneumonia, which is carried out by professional medical personnel, and the application of
a machine learning method carried out by computer systems, we came up with the following
problem formulation?

\How to create a machine learning system that can assist the health
sectors in detecting pneumonia cases via chest X-ray of a patient?"

The following sub-questions will emphasize the above research question:

� Which machine learning techniques can be used to leverage the highest accuracy for iden-
tifying a potential pneumonia case?

� For the training of the machine learning model, what type of data is necessary, and how
can it be accessed?

� How much research has been done in this �eld, and how far has the problem progressed in
terms of resolution?

Note : For the sake of clarity, we will refer to the platform/system that we are creating as
"Pneumonary" and the medical professionals who will be utilizing it as User(s), from this point
forward.
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1.2 Motivation

There has been a substantial amount of research into machine learning and arti�cial intelligence
over the previous several decades. As a consequence of improvements in arti�cial intelligence
(AI) and constant technological development, machine learning (ML) and deep learning (DL)
algorithms can assess medical data more swiftly. Researchers are taking advantage of this general
increase by building stronger machine learning and deep learning models to cope with medical
data that is becoming increasingly di�cult and voluminous. Our motivation of this thesis project
is to develop a system, with the use of Machine Learning, that will aid in the diagnosis of heart
diseases like pneumonia, and will be useful to the health-care industry. As can be seen, there
have been a signi�cant number of pneumonia instances reported, and the healthcare sector has
a large amount of X-ray picture data at their disposal. These data can be used in a variety
of useful ways by extracting the relevant information from them. As a result, su�cient data
can be found to enable the construction of a Machine learning system for it. Additionally, the
Machine Learning course that we took as part of our master's degree has provided us with the
motivation to continue working with it and to apply it to our future career endeavours in various
�elds.

1.3 Delimitation

In the beginning of the project, we have tried to contact several experts in hopes that we would be
able to get enough data. We were optimistic to have an opportunity to contact one of the experts
in health care sector in Denmark but unfortunately it didn't happen. As a result, we worked on
the dataset that was available for us to work on. Since the data we could collect wasn't su�cient
to have an excellent accuracy in terms of distinguishing between viral and bacterial pneumonia,
we eliminated the idea and decided to focus on combining both types of pneumonia into one class,
which led us to create two distinct classes, which we called "Pneumonia" and "Normal". We also
have not included research on some other machine learning methods, techniques and features
that are not relevant for the development of our machine learning model. We only focused on
researching on the relevant theories and methods.

It was abundantly clear from the start of the project that the technical aspect of machine learning
and the analysis of relevant theories should be the primary focus of our attention. We will not
conduct any research or analysis on how to generate revenue from this solution because it is
only a prototype and is not intended to be released to the public. Therefore, creating a business
model is not a part of this thesis project.

1.4 Expected Outcome

By the end of this project, we hope to have a system that works, which implies that we will
be working towards making a machine learning model that would generate a high accuracy and
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consistency in terms of predicting pneumonia and also distinguish between a pneumonia and a
normal case. After that we would work towards developing an interface so that one can interact
with the system. The primary goal behind the development of an interface is to show the results
generated by the trained machine learning model. We wish to deploy more than one method
to train our model and choose the one that has greater performance and consistency. So �nally
we would like to have our system that we named "Pneumonary", ready and document all the
progress and steps as we proceed further.
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2 Methodology

In this section, we will be going through how we have tried to solve the problem formulation by
adopting di�erent approaches.

2.1 Creative process

When we started this project, we knew we wanted to work with machine learning and with
some research done we focused on doing something with image recognition. We went to work
and started researching on relevant subjects and found out that there is a crying need for the
automation of the detection of many X-rays related diseases. We found it interesting and we
chose to work with pneumonia detection. We also had to �gure out which kind of methods
would be relevant, e�cient and doable given the time. We found out about the scarcity of
medical data because of privacy issues and we continued to look for further information. Along
the road, conducting expert interviews became a part of our project during discussions with
our supervisor. We also believed that this could give us more insights about the health care
sector. Also, after a lot of discussion, a need for including an interface that could show the result
was generated to be able to make our system more understandable. The goal was to make the
interface simple and easy to understand for now.

2.1.1 Process model

Figure 1: Process Model

Figure 1 shows the 
ow of the process that will be followed throughout the project. After our
idea was formulated, to put the idea into work, we have done literature reviews and research
on relevant theories and also conducted interviews. As our project deals with machine learning
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technologies, methods and processes for image detection. We combine state of the art technologies
with a light touch of software development for the creation of an interface. The �nal design,
requirement speci�cation and system architecture were done based on the research that have
been done throughout the project period and the data we could collect. What we must needed
to solve the problem formulation, was a good understanding about the area we were working
on and this is why we had to go through a lot of desktop research, relevant theories, books and
other research on the same �eld, the majority of which has been illustrated in the state of the art
and literature review chapter. We also looked into the healthcare situation of di�erent countries
and got knowledge about how they tackle such situations.

Interviews are a great way to get detailed information and knowledge from experts which can
be prepared in di�erent ways such as structured, unstructured and semi-structured. Our project
will be applying semi structured interviews with experts. The people we have contacted and
sought after have expertise in the healthcare sector and it was necessary for our project to get
an overview from the experts. It also opened an opportunity for getting the inside knowledge of
healthcare sector in di�erent countries which we wouldn't be capable of getting to know on our
own. The semi structured interview was designed in such a way that would give the interviewer
some speci�c predetermined questions and the 
exibility to add additional questions or o� topic
information to discuss [57].

After that, based on the research, we will carry out an analysis and implementation which have
been an iterative process. As things progressed further, we had to go back and forth from
analysis to implementation to adjust some of the things. The analysis is carried out on the
basis of the research done in the previous sections. The analysis's purpose is to discover and
describe how we obtained the requirements, including where we found them, such as, state of the
art, literature review, or interview. Following the de�nition of the requirements, the MoSCoW
tool is used to rank the requirements in descending order of importance, beginning with the
most important and progressing to the least important. This is done in order to discover and
implement the requirements that are necessary for our project to function. This will allow us to
save a signi�cant amount of time on requirements that are not critical and without them, the
project will still run smoothly. To move this project forward, various types of UML diagrams [58],
such as use case diagrams, sequence diagrams, context diagrams, and architecture diagrams, are
going to be added that will provide useful information about the overall process of implementing
the system.
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2.1.2 Machine Learning steps

Figure 2: Machine Learning Model

Figure 2 depicts the steps involved in the development of our machine learning model. The
machine learning model is created in seven steps: gathering data, preparing data, choosing a
model, training, evaluation, hyperparameters tuning, and making predictions. When developing
a model for machine learning, it is critical to use a process model because doing so ensures that
we develop a model that takes into account all of its aspects. When working on a machine
learning project, the following sequence of steps is recommended as best practices and is used
by machine learning experts[15][16]. After creating the machine learning model, the model is
saved in a �le. This �le is then consumed by an application programming interface (API), which
utilizes the model to show predictions based on the X-ray images provided through the interface
by users on demand.
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3 State Of The Art

In this section, there is given an insight on the existing solutions that are currently in use and
how they might be applied to our project.

3.1 Machine learning technologies

3.1.1 Basic concepts

There are several de�nitions of machine learning, and one of them can be de�ned as such,
" Machine learning teaches computers to do what comes naturally to humans and animals: learn
from experience. Machine learning algorithms use computational methods to \learn" information
directly from data without relying on a predetermined equation as a model. The algorithms
adaptively improve their performance as the number of samples available for learning increases"
[10]. The concept of machine learning encompasses a wide range of concepts, but to put it into
proper perspective, it can be divided into two main categories. The �rst section is referred to as
Supervised learning, and the second section is referred to as Unsupervised learning. The terms
Traditional Machine Learning and Deep Learning are also used to refer to these techniques in
some of the literature [11].

Figure 3: Machine Learning Models [10]
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As illustrated in �gure 3, there can be found various types of the algorithms that can be used
for creating a machine learning model. The most signi�cant distinction between supervised and
unsupervised learning is that supervised learning uses labeled data-sets, whereas unsupervised
learning does not. These data-sets are intended to train or "supervise" algorithms in order to
improve their accuracy in categorizing data or anticipating outcomes. Using labeled inputs and
outputs, the model's accuracy may be examined and improved over time. Unsupervised learning,
on the other hand, employs machine learning algorithms to examine and cluster unlabeled data-
sets. These algorithms can �nd hidden patterns in data without requiring human participation.
Moreover, Supervised learning is separated into two parts: classi�cation and regression. When
comparing regression with classi�cation, the most notable di�erence is that in regression, the
quantity can be predicted, but in classi�cation, the labels can be predicted. Making a decision
on which algorithm would work best for a project's aim might be a tough one to make. This
is also demonstrated in the book,\There is no best method or one size �ts all. Finding the
right algorithm is partly just trial and error|even highly experienced data scientists can't tell
whether an algorithm will work without trying it out." , this also explains why it is di�cult
to determine which algorithm would be the most appropriate until it has been tried and used [10].

A. Supervised learning
Support vector machines: One of the techniques that is widely favored by many is the
support vector machine, which produces substantial accuracy while requiring little computa-
tional power. SVM is an abbreviation for support vector machine and it may be used for both
regression and classi�cation applications. However, it is frequently employed in classi�cation
aims. Typically, an SVM model maps the data points into a higher-dimensional space, where
it divides the data points into two classes based on the biggest distance between them using a
hyperplane [12].

Figure 4: SVM possible hyperplanes [13]

There are several hyperplanes from which to pick in order to divide the two groups of data
points. The purpose is to choose a plane with the biggest margin, de�ned as the maximum
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distance between data points from both categories. By increasing the margin distance to its
maximum value, some reinforcement is provided, allowing following data points to be classi�ed
with more accuracy. Transverse hyperplanes are decision boundaries that help in data point
categorization. Based on their position on the graph, points on each side of the hyperplane can
be allocated to distinct classes. Furthermore, the number of features de�nes the dimension of
the hyperplane. If there are just two input features, the hyperplane is nothing more than a
straight line. The hyperplane degenerates into a two-dimensional plane when the number of
input characteristics approaches three. They are closer to the hyperplane and have an e�ect
on its placement and orientation in regard to that plane. Using these support vectors, it may
enhance the classi�er's margin as much as feasible [14].

Decision trees: Decision trees are another machine learning model that employs a su-
pervised learning method and is most commonly used for binary classi�cation [14]. Decision
trees are useful for binary classi�cation because they interpolate learnt knowledge from a
dataset into a tree guided by if-then rules. The learning variable assesses how e�ectively each
node in the tree can categorize the labeled data using the information gain and entropy of
each node in the tree to estimate the accuracy of each node. The best node is chosen as
the parent node, while the child nodes retain the possible values of the given input data.
The entire procedure is recursively repeated endlessly until there are no more splits. Even if
they have no prior knowledge of the dataset, DTs may select the most matched features for it [14].

Random forests Random Forests (RFs), which are a collection of decision trees that
vote collectively for the classi�cation aim, are used to classify unknown data points. The
categorization job is chosen by which class receives the most 'votes' for the unknown data point.
In other words, unlike a single decision tree, the random forest gathers forecasts from each tree
and predicts the �nal output based on the predictions with the most votes from the majority of
the trees. To avoid being con�ned to a single decision tree, the random forest collects forecasts
from each of the tree and predicts the �nal output based on the predictions with the most
votes from the voters. The mean of the predictions given by the trees in the random forest is
computed. Eq. for a random forest with m trees and individual weights Wj, where m = number
of trees and individual weights Wj. Because a tree becomes deeper over time, there is more
over�tting in the training process, which implies that for a little change in the input, there
is a higher or larger variance. Recurrent networks (RFs) receive vectorized input, with each
decision tree attempting to classify a di�erent segment of the vector input. The functionality of
decision trees in RFs is merged by passing the input vector through each decision tree in the
forest and having each decision tree classify the input vector based on a speci�c component of
the vector that they receive as an input. The RF then chooses the class with the most 'votes'
as the classi�cation output for the input vector, or it takes the average of all 'votes' as the
classi�cation conclusion. Because RFs contain a large number of decision trees, the variance
(over�tting) issue that may come from utilizing a single decision tree is reduced. The voting
procedures can be changed if there is a considerable gap between the classes [12].
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B. Unsupervised learning
Clustering: Data clustering is the problem of categorizing a population or a set of data points
into a number of groups so that data points in the same group are more similar to other data
points in the same group and more dissimilar to data points in di�erent groups. In essence,
it is a collection of goods that have been categorized together based on their similarities and
di�erences. This method is quite important since it determines the intrinsic grouping that
exists among the unlabeled data that is now available. There are no well-established criteria
for successful clustering in the scienti�c community. In order to establish whether or not a
need has been satis�ed, it is up to the user to specify what criteria will be used to make
this determination. Examples include �nding representative data objects for homogeneous
groups (data reduction), discovering "natural clusters" and describing their unknown properties,
discovering useful and appropriate groupings, and discovering unusual data objects. There are
several assumptions that must be made in order for this approach to work, and each assumption
leads in a di�erent but equally acceptable cluster formation for the points [14].

K-means clustering K-means is the most well-known and commonly utilized of the un-
supervised learning algorithms. The purpose of this technique is straightforward: partition the
data space in such a way that data points inside the same cluster (intra-class similarity) are
as similar as possible, while data points from other clusters (inter-class dissimilarity) are as
dissimilar as possible (inter-class similarity). Each cluster is represented in K-means clustering
by its center (also known as a "centroid"), which corresponds to the arithmetic mean of the data
points assigned to that cluster. Centroids are data points that represent the mean of a cluster
and are not always connected with a member of the dataset in which they occur. As a result,
the approach iterates until each data point is closer to the centroid of its own cluster than it is
to the centroids of other clusters, lowering the intra-cluster distance between each data point at
each step. It detects a given number of clusters within an unlabeled dataset using an iterative
process, and then provides a �nal grouping based on the number of clusters chosen by the user
(represented by the variable K). It recalculates new centroids repeatedly after starting with
randomly selected data points as recommended centroids of the groups, until the data points
are grouped into a �nal clustering using K-means [14].

3.2 Image recognition methods and Platforms

The approaches that may be employed for image recognition methods will be explored in this
subsection, as the project's goal is to identify pneumonia cases using X-ray (CXR) pictures.
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3.2.1 Deep Learning

Deep Learning is a machine learning technique that could basically be stated as Learning from
examples. By �ltering inputs through the layers, a computer learns how to do prediction and
classi�cation of information. Deep Learning tries to mimic how a human brain uses its neurons
to process information. The idea behind a deep learning algorithm is to connect nodes in each
layer and train a computer to learn by itself. Modern deep learning architectures are mostly
relied upon arti�cial neural network which is ANN in short and CNN or convolutional neural
network, a subset of ANN, is a popular method of deep learning. Once the architecture has
been created for a neural network, it can start to learn. After telling a neural network about
the input and desired output, the neural network starts learning on its own and for the next
input, it can distinguish the output. Many layers of non linear processing units are used for
the purpose of better feature extraction and image classi�cation where each output produced
by a layer works as an input for the next layer. By transforming inputs from each level to
more composite and abstract representation, a learning system is established and a hierarchy of
concepts is formed[20].

Figure 5: An Abstract Representation of Deep Neural Network

Figure 5 shows an abstract visualization of a deep neural network. Each input layer has an initial
value. After multiplying the initial value with a weight, it is added to the hidden layer as an
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input. Then the values are calculated through linear algebra and an activation function that
helps understanding the non linearity of the real world.

Figure 6: Deep Neural Network Learning and Predicting stages[21]

The basic structure of a neural network consists of Input neurons, output neurons and hidden
layers between the input and output neurons. Input neurons are basically the number of features
the neural network uses to generate predictions. One input neuron per feature is required by
the input vector which can be the number of relevant features in a dataset. The features have
to be selected very carefully. Any feature that might characterize patterns beyond the training
set and lead to cause an over�tting issue, should be omitted. The output neuron stands for
the number of predictions that are needed to be made. The probability of the positive class is
represented by one output neuron per positive class for binary classi�cation. To ensure the �nal
result of the probabilities sum to 1, an activation function such as Softmax activation has to
be used for multi-class classi�cation where an instance can be a di�erent image than the other.
For hidden layers, the number of hidden layers between input layer and output layer depends on
the complexity of the problem and the architecture of the neural network. For most problems
and simpler training models, upto 5 hidden layers can generate satisfactory results. But to work
with image or speech data, there can be dozens to hundreds of layers although all of them might
not be fully connected. To get a performance boost, it is better to add more layers than adding
more neurons in each layer[21].

Activation Function

An activation function calculates the weights and adds bias and then takes the decision of acti-
vating a neuron. The activation of a neuron entirely depends on the activation function. As the
real world is hard to explain by linearity, the activation function introduces non linearity.
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Figure 7: An example of Non-Linear Activation Function[25]

On the basis of the error at the output, the weights and biases of the neurons are updated in
a neural network which is known as back-propagation. Performing back propagation to update
the weights and biases are made possible by an activation function as it supplies the gradients
along with the error. And by introducing non-linearity, it makes the neural network capable
of learning and performing complex tasks. Linear function, Softmax function, Tanh function,
RELU, Sigmoid function etc are examples of activation functions in deep neural network[23].
One of the most popular activation functions is hyperbolic tangent function which is derived as
the following equation:[24]

tanh(x) =
ex { e� x

ex + e� x
(1)

Below in the �gure 8, example of two activation that produces non-linearity is shown:
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Figure 8: Example of two activation function(Sigmoid and Hyperbolic Tangent Function)[25]

Loss Function

A loss function is a method that demonstrates how well an algorithm models a dataset. The
output of a loss function provides a higher number if the prediction is totally o� and for a better
prediction, the loss function provides a lower number. So, the lower the output gets, the better
prediction can be achieved. The loss function measures the absolute di�erence between the
prediction and actual value. It doesn't matter how high or low the prediction is, what matters
the most is how much incorrect it is. But all loss functions don't have the same feature, in
fact depending on the domain and uniqueness of the problem, the loss functions can vary quite
signi�cantly. Mean squared error, likelihood loss, log loss etc. are examples of di�erent loss
functions[22].

Batch Size

The number of samples from the dataset that will be passed through the network at a time is
known as batch size. During training, if the batch size is larger, each epoch can be completed
quickly by a neural network model. This of course, depends on the computational resources
which might be able to process more than one sample at a time based on its con�gurations. But
there is a huge drawback for training samples in larger batches. Even if the machine can handle
more samples or larger batches at a time, it is more likely that the quality will deteriorate ending
in not being capable of generalizing the data as expected. Batch size is a hyperparameter and
it needs to be tested and tuned as well based on the performance of the designed model. This
is why generally di�erent batch sizes are used for testing for optimal resource utilization. Often
batch size and number of epochs are mistaken to be the same which in reality are quite di�erent.
It can be shown as: batches in epoch = training set size / batch size[26].

Number of Epochs
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When the neural network is trained with all the training data from the dataset for one cycle,
it is considered to be completed an epoch. All the samples need to go through a forward pass
and a backward pass for an epoch and the passes together are counted as one pass. Depending
on the batch size, the iterations of an epoch may vary. Similarly, the number of epochs can
be more than one which means the neural network is fed the same samples more than once for
satisfactory performance[27].

Figure 9: Cycle of an Epoch[27]

Learning Rate

Learning rate is considered to be a crucial hyperparameter that needs to be tuned and tested
in order to get excellent results for a neural network. It helps to determine step sizes that need
to be tuned at every iteration while training and also it progresses towards an optimum loss
function ensuring a better performance. A gradient descent optimization algorithm is used to
get the weight parameters and the bias parameters updated and the gradient of the loss function
is found by the algorithm. In short, learning rate is the amount that updates the weights and
bias parameters. The value of learning rate can be in the range between 0 and 1 and the symbol
that represents the learning rate is � . The weights and bias parameters are updated by the
following mathematical equation[28]:

W = W � � �
@L
@W

(2)

b = b� � �
@L
@b

(3)

Where L, W, and b represents the Loss function, weight and bias parameters respectively. As
the learning rate being a tuning parameter controls the rate of learning of the model, �nding the
optimal value for a learning rate can be extremely di�cult. A low learning rate indicates of a
slow and careful learning by the model which can take a long time while a high learning rate gives
indication of a fast learning model that might end in overshooting the minimal points[28].
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3.2.2 Inception

Although machine learning models at present can gain or even exceed human level in classi�cation
or detection of objects, Inception method being developed in 2014, still remains a high performing
method. The concept of inception method can be depicted as layers within layers as a neural
network needs to be large in order to gain high performance. Humans can identify patterns
at di�erent scales because of how their cortex functions creating larger object perceptions and
multiscale convolutional neural networks are also designed the same way and they generate the
potential to learn further. Besides providing high performance gains there are other bene�ts of
using the inception method such as[35]:

� Makes the neural network capable of extracting features that vary in scales and it can be
possible by the proper utilization of varying convolutional �lter sizes[35].

� The inception module can be unpacked and understood very easily and this is why re-
searchers with little experience can also use this model to build a machine learning
model[35].

� The inception module can help to understand the basics and formulation of modern day
deep neural networks[35].

3.2.3 Residual Network (Resnet)

For complex problems such as image classi�cation and image recognition, it has been possible to
get outstanding outcomes with the introduction of deep convolutional neural networks resulting
in a breakthrough in the �eld of computer vision. This has created a tendency for the researchers
to create more complex and deeper neural networks by addition of more layers to the neural net-
work ameliorating classi�cation and recognition accuracy. But more layers create di�culties in
training the whole neural network and ends up introducing saturation and probable degradation
in accuracy. To solve this problem Residual Network or ResNet was developed which is a learning
framework that doesn't make additional stacked layers �t a prede�ned model rather they explic-
itly �t a residual mapping. This basically about making a direct connection skipping some of the
layers which as a result changes the output of that layer and it can be realized by feedforward
neural network with shortcut connections formulating the equation F(x)+x [32][33].
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Figure 10: Skipping Layers and creating a direct connection in Residual Network [33]

To solve complex problems, most of the time additional layers are stacked and the intuition
behind it is that adding more layers make them progressively learn features that are complex.
As a result, these additional layers start to detect edges, textures, objects respectively and may
go on. Resnet 50,101,152 respectively construct 50,101 and 152 layer Resnets[32][33]. As shown
in Figure 11, error% decreases with the increase of added layers. This model can be ideal for
building a system with higher accuracy.

Figure 11: Error% decreases with addition of more layers (Resnet 50,101,152) [33]
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3.2.4 Tensor
ow

Although machine learning is complex, implementation of machine learning has become far less
stressful and di�cult because of Googles Tensor
ow. It is a machine learning framework that
eases the process for numerical computation and machine learning on a large scale. Machine
learning in Tensor
ow is done via python programming language which acts as a tra�c between
pieces as the mathematical equations in the library are written in C++ providing high level
programming abstraction[34].

A pre-trained model is a network that has previously been saved and trained on a large dataset,
typically for the purpose of a large-scale image-classi�cation task. One can either use the pre-
trained model in its current state or use transfer learning to tailor this model to a speci�c task.
The concept of transfer learning for image classi�cation is based on the idea that if a model is
trained on a large and diverse dataset, this model will e�ectively serve as a base model. Following
that, one will be able to train on top of these pre-trained models as a starting point, which will
generate newly learned feature maps without having to start from scratch. This enables the
users to modify previously acquired knowledge. The initial convolutional network includes some
features that are already useful for image classi�cation in general, makes the transfer learning
model to identify relevant patterns and increases the performance [59].
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4 Literature Review

For image analysis and classi�cation, arti�cial intelligence has been playing a signi�cantly promi-
nent role when applied to detect and diagnose chest-related diseases. Albahli et al. discussed
about state of the art methods working greatly in some cases but in some speci�c cases, they
fail to provide desired outcomes as there is always a scarcity of available data and also a lack of
balance in the available data. However, in their research, they have proposed three convolutional
neural network architectures. The model they designed were DenseNet121, InceptionResnetV2
and ResNet 152V2 and they gained a score of 0.80 overall in accuracy. However, throughout
their process they have faced signi�cant problems with their model due to insu�cient data and
this is why to get better accuracy with high e�ectiveness they had to overcome the problem by
considering the generalization of data by data augmentation. Their data was distributed as 80%
for training and 20% for testing. From their results they found out that among the 3 CNN mod-
els they designed, DenseNet 121 and InceptionResNetV2 were the most e�cient. The models
were trained with a learning rate of 0.001, batch size- 32, the activation functions were Softmax
and Relu and the number of epochs were 40 and 30 for DenseNet 121 and InceptionResNetV2.
To get better results they have shown interest working with chest X-ray with lateral view in the
future[36].

Rahman et al. have discussed the seriousness of pneumonia disease by stating some facts in-
cluding the number of people that are exposed to this disease which is 2 billion and 1.4 million
children dying from it each year. In their research, they have presented a detailed report on
pneumonia detection and they have used four pre-trained deep convolutional neural networks
which are AlexNet, ResNet18, DenseNet201 and SqueezeNet. They have used X-ray images that
were preprocessed and the team of 7 has managed to show outstanding results such as 95% and
93.3% respectively on their two out of three schemes of classi�cation with a learning rate of
0.0003 and a batch size of 16. They believed to have the highest accuracy during the time and
they proposed further studies that could be helpful in the future for the radiologists and also in
the airport screening of pneumonia patients[37].

A di�erent approach to making image classi�cation more e�cient and accurate by addressing
the limitations of the classical convolutional neural network was the primary focus for Liang et
al. in this paper. They say that classi�cation results are generated by abstracting the original
image hierarchically which is not much sentient of the orientation and the position of the image
and to solve that problem they have put an e�ort to develop a training strategy and neural
network framework. What they propose is a deep learning framework with residual thought for
the detection of pneumonia in children. Their proposed framework tries to overcome problems
like over�tting, degradation, loss of feature etc. However, they also had to work on overcoming
the problem of available data that was not su�cient. Finally, they were able to achieve 96.7%
accuracy in child pneumonia detection[38].

As stated by Ibrahim et al. , the outbreak of covid 19, which was declared a pandemic by
WHO, has broken into more than 200 countries a�ecting more than 37 million people and led to
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the death of more than 1 million people all over the world and so, pneumonia detection caused
by corona virus was the focus of their research. They had designed a deep learning approach
for X-ray detection and acquired 94.43% accuracy. However, as doctors all over the world were
struggling with a lot of patients at that time, the data were not su�cient and that was a drawback
for their work[39].

In the paper written by Rajpurkar et al., a deep learning algorithm had been developed which
they named `CheXNet' which is a 121-layer convolutional neural network. The focus of their
research was to show that their designed convolutional neural network model provides more
e�ciency and accuracy in performance than the radiologists. The unique part of their research
was they had compared their model with the performance of radiologists who had been a part
of their project. And they have been successful in showing that their model performed better
than the radiologists. The machine learning model reached an astounding 95% score in accuracy
which was slightly better than the accuracy of the radiologists. However, this project had its
limitation as well. Since a patient's history is sensitive and private, both the radiologists and
the model were not allowed to use the patient's history. As a result, they had to rely on what
was available to them[40].

Developing an advanced deep learning-based architecture was the primary focus for Shah et al.
to detect pneumonia from X-ray images and they did it by the utilization of a neural network
of 16 fully connected layers providing an accuracy of a substantial 96.6%. The study was to
di�erentiate between pneumonia and normal chest X-ray. Their model could successfully classify
839 images out of 855 images belonging to pneumonia cases and 293 images out of 317 images
belonging to normal cases were correctly labelled by the model. However, their research was
done on a total of 1172 chest X-ray images with 855 pneumonia X-rays and 317 normal X-rays
which is not a big dataset. The goal of their work was to reduce physician workload and make
a better health sector. Their deep learning model provided better accuracy results but a small
dataset will always raise the question of the reliability of such a system as the real-world data
can vary a lot and research and development of such a machine learning model on a small dataset
can be controversial when it comes to dependability on a system[41].

Albahli et al. have put a re
ection on the performance gap in chest related diseases due to the
increasing demand of doctors which is 15% every �ve years and they have indicated that to avoid
such gap that could lead to far reaching consequences, automation of chest disease detection could
be very e�ective. Their study was on detection of cardiothoracic diseases via chest X-rays. They
have developed four deep learning models, three of them were ResNet-152 with and without
image augmentation and one of them was Inception model. Without image augmentation with
ResNet-152, the highest accuracy they could manage was 67% and with image augmentation they
have reached an accuracy of 83% where with inception model they have managed to get 68%
accuracy. They realized the importance of a large available data and they also have intention to
build optimization algorithms for hyperparameters in the future[43].

The paper of Chandra et al. have presented a method which includes multilayer perceptron,
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Random forest, Logistic Regression, classi�cation via regression etc. for automatic detection of
pneumonia. Their experimental results have been able to outperform the existing methods by
achieving an accuracy of 95.63%. However, their model has been evaluated on only 412 images
which contained 206 normal cases and 206 pneumonia cases, as a result of which this cannot be
generalized[44].

Kuo et al. have shed some light on how anti psychotic drugs are frequently prescribed to the
schizophrenic patients which has been known to lead to cases of pneumonia. Their purpose
of research was to build a machine learning model that could detect pneumonia on hospital
acquired patients. They have succeeded to manage data from a Taiwanese district mental hospital
including 185 patients that were diagnosed with pneumonia between year 2013-2018. 11 features
or predictors were used and several machine learning algorithms such as classi�cation, regression,
decision tree, k-nearest neighbour, random forest, Logistic regression etc were utilized to build the
model and among them random forest and decision tree have produced optimal results. Random
forest had the highest accuracy score of 0.917 and decision tree had provided an accuracy score
of 0.912[45].

The study of Yue et al. included hospital stay patients that had pneumonia and their goal was to
develop and test machine learning based models for detection of pneumonia caused by Covid-19.
The CT scan images were con�rmed cases of SARS-CoV-2 infection and the patients had been
classi�ed in two classes which included hospital stay patients for more than 10 days vs hospital
stay patients for less than 10 days. The models developed were Logistic Regression and Random
forest models and they achieved an accuracy score of 0.97 and 0.92. The number of patients that
the data were collected from was 52[46].

The paper by Antin et al. uses supervised learning for the detection of pneumonia and the
output includes binary classi�cation classes which are pneumonia or non-pneumonia. Their deep
learning model that uses logistic regression has failed to capture the complexities of the dataset
e�ciently as detection of pneumonia is complex and some areas of interests were blocked by
ribs. Another challenge they had to face which they also mentioned was the dataset they used
had images of other images as well and a lot of the images looked quite similar to the images
of pneumonia. However, they focused more on errors than the accuracy and so as a result they
mentioned about comparing their network with ChexNet documents that had a score of 82.8%
and their network failed to match that score. They suspected that the number of pneumonia
cases being signi�cantly low than the number of non pneumonia cases might be a valid reason
behind the incompatible results of their network. They have also struggled with pixels of the
images and for their future work, they have shown interest in using di�erent features, making
more error analysis and improved logistic regression[47].

Sharma et al. in their study have stated the fact that in
ammation of lungs caused by pneumonia
can be fatal and the time consuming process by doctors and radiologists to detect pneumonia
which is not accurate all the time. Keeping that in mind they have worked towards the detection
of pneumonia from X-ray images by machine learning and they have proposed di�erent Convo-
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lutional neural network or CNN models. To see the di�erent aspects and e�ect of their model
they have trained their model on the original dataset as well as on an augmented dataset. Their
models pulled 90.68%, 89.32%, 79.80% and 74.98% respectively[48].

The paper presented by Stephen et al. focuses on their creation of a convolutional neural network
from scratch to detect pneumonia from a limited amount of available X-ray images. Instead
of relying on traditional approaches, they have built their own convolutional neural network
from scratch that could detect if a patient has pneumonia or not from an X-ray image. As
there is scarcity of available data of patients, several data augmentation algorithms have been
implemented by them for the purpose of improving the classi�cation and validation and gaining
remarkable accuracy. The experiments were conducted 10 times each and for three hours for
the proposed approach and to attain an e�cient performance by the model, parameter and
hyperparameters were scaled heavily and as a result of which by deploying data augmentation
and learning rate variation they got an accuracy of 95.31%[49].

Machine learning models such as deep learning models perform well if trained and tested under
proper utilization of the methods but some machine learning models while performing excellent
on a dataset collected from a hospital system fails to show satisfying results if they are applied
to a di�erent hospital system leading to a question of reliability. Solving this problem was
the research done by Janizek et al. and they worked to create a model that could provide
substantial predictive results when applied on di�erent datasets collected from di�erent hospital
systems[50].

Because of recent pandemic and other issues, it is of great importance to be able to detect
pneumonia from chest X-rays as quickly as possible when other sophisticated imaging models
are hard to get access to. Relying on the chest X-rays only can be risky in terms of pneumonia
detection since it has been well known that the viruses can have new forms or bring new symptoms
because of their nature of mutation. As a result of which there can be a great dataset shift
because of the novel mutated viruses and this reason alone can deteriorate the performance of
classi�cation based machine learning models. Taking these factors into account, Zhang et al.
have proposed an approach to make a model consisting of shared feature extractors, anomaly
detection to detect and classify between viral-pneumonia and non-pneumonia. The purpose was
to detect anomaly cases by looking into some factors or scores pulled out by the model. Based on
how big or small the score will be, there would be a way to understand an anomaly case. Their
dataset contained 5,977 viral pneumonia cases without Covid-19 and 37,393 non- pneumonia or
healthy cases. Their model was able to achieve a sore of 83.61%[51].

As Covid 19 has similarities with pneumonia, Tuncer et al. have presented a classi�cation
approach for covid-19 detection. They had gathered three classes of datasets which were Covid-
19, pneumonia and normal chest X-rays. The machine learning model that they presented
was named the exemplar model. The main objective was to di�erentiate covid 19 patients
from pneumonia patients. The data they managed to gather included 1495 covid 19 and 1027
pneumonia patients. Their model achieved an excellent 97.01% accuracy. This approach is
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considered to be a cognitive approach that takes out the monotonous task of inserting hundreds
of parameters like deep learning models. In fact, their proposed research have been able to bag
a better performance achievement than 10 percent of state of the art deep neural networks. For
the future work, they have stated that they have interest in building an interface or a real time
interface that would show the results immediately on screen to the user[53].

The study of Jaiswal et al. shows how to identify and localize pneumonia from chest X-ray images
where they have stated that positioning of a patient and other factors can complicate building
such models. They have built a model based on convolutional neural network which works
on pixel-wise segmentation. By critically modifying the training process their model achieves
robustness. However, their model is only focused on chest X-rays with pneumonia[54].

Gabruseva et al. in their work, have used deep neural network for the detection of pneumonia
utilizing data augmentation and multi-task learning. Their idea was evaluated on Radiological
society of North America pneumonia detection challenge and has been one of the best in terms of
performance with excellent accuracy. The dataset they used included frontal chest X-ray images
of 26684 patients and they had classi�ed them into three classes that included \normal", \not
normal and no Lung opacity" and \Lung opacity". Their ensemble model has reached 87.5%
accuracy on average[55].
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5 Analysis

In this chapter, an analysis is carried out, such as, conducting an expert interview, the design
consideration, and the reliability of the system.

Our project focuses on building a system that can assist the doctors in diagnosing pneumonia
and continue to learn and provide better results. To able to build something like that we needed
input from experts from the �eld of healthcare to know where we stand with our idea. So we
will start what we gained from the interviews �rst.

5.1 Interviews

As part of methodology, Interviews have been conducted which are added in the appendix section.
These interviews gave us insights about the current situation about pneumonia patients and the
treatment. The experts were from di�erent countries which also played an important role giving
us an international scenario. We weren't looking for any technical views as we knew they are
from healthcare sector. What we were interested in was their opinion about a system that could
assist them in the treatment of patients with pneumonia and what do they think about it. In
return we not only got positive feedbacks but also, we got to know how important it can be in
certain situations in certain countries.

5.1.1 Interview with Dr. Nowshin

On Sunday, 24th April 2022, we interviewed Dr. Nowshin from Bangladesh, a pediatrician who
is working in a Swedish company (Terrades Homes) with ailing children which can be found
here [Appendix A.1.2]. The interview was initially designed as a semi structured interview that
included some already prepared questions. We were looking for some speci�c answers but they
could expand on any questions or topics as they saw �t.

As our contact is from a country which is densely populated, where doctors are very less in
numbers compared to the number of patients, our expectation from this interview was to get an
overview of the situation and know if our project could bring signi�cantly positive outcomes for
doctors in countries like Bangladesh.

5.1.2 Interview with Dr. Sulagna

On Monday, 25th April 2022, we interviewed Dr. Sulagna from Ohio, USA who is a resident
Physician in internal medicine at Kettering Hospital, Ohio which can be found here [Appendix
A.1.3]. We designed a semi structured interview for Dr. Sulagna with some questions in mind
and we also let her expand on some topics as she saw �t.
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By this time, we already had some information about pneumonia in a densely populated country
like Bangladesh. Now this interview was a scope to �nd some information about patients in a
developed country like the United stated of America. Our goal was to introduce our project idea
to Dr. Sulagna and get to know what she thinks about it and how it could be helpful in that
country. As the interview continued to progress, we kept learning new things and got a picture
which is quite distinct from that of Bangladesh.

5.1.3 Acquired Knowledge

We will discuss the topics that a�ect our project the most. Based on the interview from Dr.
Nowshin we got a scenario of pneumonia patients of Bangladesh, which gave us a lot of knowledge
about the state of the art solutions and the lack of proper technology and Doctors.

Figure 12: Two scenarios based on the interviews

In Figure 12 (a), the chart tries to depict a random picture of patients, available doctors and
radiologists in Bangladesh based on what we learned from the interview with Dr. Nowshin.
What we learned from the interview was there could be upto 20 patients per hour and the
process of diagnosing pneumonia was quite time consuming in Bangladesh. People have to get
an X-ray and hand it over to the radiologist. As there could be as many as 20 patients per hour,
the radiologist cannot provide a conclusive result immediately. The radiologist provides a day
when the patients could get their �nal conclusive report on pneumonia. This could be fatal for
patients who need immediate attention specially children. Children with pneumonia need the
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most attention by the doctors and they need to be treated immediately. If there is any delay
in diagnosing pneumonia or a certain kind of pneumonia, it can prove to be deadly. So in such
emergency states, anything that would save a lot of time for the doctors and the patients, could
be very useful for both parties. This information gave us a lot of motivation towards our project
as it could help detect pneumonia from an X-ray almost immediately.

Figure 13: Patients waiting in a public medical college indoor in Bangladesh[17]

From the interview, it is quite clear that the amount of pressure the doctors have to handle is
immense and our project in a country like Bangladesh could bring unprecedented results and
immediate impact. What we also learned is the cost that the doctors are paying in the form of
time. With increasing number of patients, the patient to doctor ratio is very alarming. Each
doctor has to take care of a large number of patients which can be extremely time consuming
and tiring - which also indicates a possibility of wrong diagnosis. Considering these, such kind
of solution can be very handy. However, from a doctor's point of view, we got some indication
about how our system should look to those whose expertise are not in developing a machine
learning environment. Although we were given a very positive outcome by Dr. Nowshin but she
also expressed her interest towards an easy to use user interface and a simpler system for a better
user experience. They don't need to know the complex network architecture of our system as
long as they can use it. At the time of this interview, the implementation was in progress. Our
idea was to show that we could create something that could learn from the images by training
and then feeding it some random test sets and see how accurately it could guess or detect. That
alone would take a lot of time and knowledge as creating such a system needed understanding
of complex architecture, which was challenging for us. However, as Dr. Nowshin saw a potential
in our idea, we decided to also include a touch of software development by creating an interface
that would show the results.

Figure 12 (b), tries to depict a picture of what we learned about the situation from the interview
with Dr. Sulagna. The situation is more 'under control' than that of Bangladesh. Doctors are
available most of the time as the number of patients in an hour is not high. For 15-20 patients
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there could be two or more doctors. We also learned how the process is done for a patient with
pneumonia. Most of the doctors already have some idea just by looking at or knowing about the
symptoms and then they go through the X-ray or send the X-ray to the radiologist for a �nal
result. They call this process 'Imaging'. This process can be done in a short amount of time
and sometimes due to unavoidable circumstances it might take a day or two. However, although
detecting pneumonia might not be the problem or di�cult for them, we learned the challenge
is to detect which kind of pneumonia it is as they have to be treated di�erently. This is where
Dr. Sulagna was interested mostly. Because they mostly look at the in�ltrates to distinguish
between viral and bacterial pneumonia and she mentioned, there is a very thin line between
them. We also learned that Covid-19 patients can also be exposed to pneumonia and they have
to be treated carefully. Covid-19 patients are sensitive and they need attentive care. She also
mentioned about a possibility about false negative or false positive results. At the end, she saw
potential in such kind of solution as it will enhance their suspicion towards a certain kind of
pneumonia and accelerate the process. Diagnosing a disease via X-ray didn't seem to be costly
or di�cult in USA, but giving them a head start towards a suspicion is considered to be de�nitely
helpful. She was also aware that such systems may not have hundred percent accuracy but she
mentioned that they would already have an idea and such solutions would de�nitely help not
only the doctors but also the patients and save a lot of time. The interview with Dr. Sulagna
inspired us to work on detecting more kinds of diseases and more types of pneumonia in the
future. She was aware of the technological advancements, such as apple healthcare and she had
a lot of inspiring words for us to work with this in the future.

5.2 System Design

It has been determined, following the collection of data from a variety of sources, such as the
state of the art and the literature review, that there are two primary designs of subsystems that
need to be taken into consideration. This conclusion was arrived at after compiling information
from these and other sources. The initial stage of the design process will involve the instruction
of a machine learning model that is capable of distinguishing between a normal case and a case
of pneumonia. This part will be further elaborated in the next subsection 5.2.1. The next aspect
of the design that needs to be taken into consideration is the creation of an interface, which will
be utilized by the users to initiate interaction. The interface will make users able to interact with
the system and upload an X-ray image. The image will then be analyzed by the machine learning
model that was developed in the �rst component of the design. This will also be elaborated in
the subsection 5.2.2.

5.2.1 Machine learning Process

Users can be able to make better decisions on patient's outcome in a variety of situations by
employing a complex but well-executed machine learning model. A human can only deal with a
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limited number of facts and important factors when making a decision, whereas machine learning
algorithms can analyze and correlate massive amounts of data in real time. The machine learning
models have gained an entirely new perspective as a result of these connections, which would not
have been possible if only the standard manual approach had been used. It will be possible to
assist the health-care sector in identifying pneumonia in its early stages by using a model that
can distinguish between a pneumonia case and a normal case. To develop an image recognition
model, it is necessary to investigate various machine learning methods and techniques that can
be used. This is due to the project's goal of processing and analyzing patient X-ray images. This
will be accomplished by �rst investigating some of the process models for creating our system.
It will provide us with insight into how to make a good machine learning model, which steps to
consider, and what challenges must be overcome when developing an image recognition model.
The process of developing machine learning models can be modeled in a variety of ways, but the
most commonly found process model is the seven-step approach process model, which covers all
aspects of developing a model of such type. There are seven steps that must be completed in
order to create a machine learning model. Gathering data, prepping data, selecting the model,
training the model, evaluating the model, tuning the hyperparameters, and making predictions
are the steps involved [15] [16].

Gathering data : The �rst is to gather the data for the related purpose, this can be images,
audio/speech �les or their related data. This is also one of the challenges that exist while
making a machine learning model, as without enough data, it would be not possible to make a
well sophisticated model. From our state of the art, we found that more data would mean more
questions and more questions would mean more answers [10]. Therefore, we tried to �nd as much
as datasets for our project in order to a good accuracy. For our data gathering we will be using
two di�erent datasets [18][19] that is available online publicly.

Preparing data : The next step would be to prepare data for use in subsequent phases after
gathering data for instance on two features. The identi�cation and minimization of any potential
biases in our data sets for the two attributes is a major emphasis of this stage. To begin, we
would randomize the sequence in which our data for the two features was collected. We do this
because we do not want the order to have any in
uence on the model's decisions in any way.
Furthermore, we would check our data sets to see if there was any skewness in favor of a speci�c
attribute. This would once again aid in the identi�cation and correction of a potential bias,
since it would indicate that the model would be pro�cient at properly detecting one feature but
would struggle with the other features. Additionally, the data should be separated into two
parts: the �rst half should be used for training, and the second part should be used for testing.
Depending on the size of the data-set, the data should be divided into two groups using an
80/20 or 70/30 split ratio. It is suggested that more data be used in the training phase, with
the remaining information used in the testing phase.

Choosing a model : The next step is to choose a model. Academics and data scientists have
created a myriad of models for a variety of objectives throughout the years. Certain are partic-
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ularly well suited to image data, while others are particularly well suited to sequences, such as
text or music, while yet others are particularly well suited to numerical data, and yet others to
text-based data. In this stage, di�erent image recognition models will be examined in order to
�nd the best model for our project.

Training : The data that we have collected and compiled will be utilized to instruct the partic-
ipants throughout this phase. As a result of their training, the algorithms will begin to produce
the accurate results at this time. If the approach employs neural networks, it will run through
the iterations that the users choose, which are also known as hidden layers in certain circum-
stances. It can train until it obtains the required output or a level of con�dence or prediction
accuracy that the user is happy with. It should be noted, however, that some of the data from
the data-set should also be used for testing reasons.

Evaluation : After the training is completed, it is required to evaluate the data. This is the
stage at which the model's quality may be determined. This is done by comparing the data that
was separated during the \Preparing data" stage with the data that has been trained. Given
that the test data has never been presented to this model before, it is a fantastic strategy for
testing the real data and determining how well the training model is functioning.

Hyperparameter Tuning : Following the conclusion of the evaluation, the next stage would
be to decide if there is room for improvement. If there is over�tting or under�tting, for example,
some of the improvements may be made by adjusting/tuning some of the parameters, such as
adding more data to the training set, introducing noise to the training set, tweaking the learning
rate, and so on.

Predictions : Following the completion of the last step, the machine learning model is ready to
generate predictions based on user-submitted queries. At this stage, the machine learning model
is self-su�cient and can draw inferences based on the training data.

5.2.2 User Interface

It is necessary to use the machine learning model after it has been created in order to detect
pneumonia and normal cases. An application programming interface (API) must �rst be created
before the machine learning model can be used. This API will take an X-ray image from the user
as an input, which will then be processed by the machine learning model to determine whether or
not there is a sign of pneumonia and the result will be showcased back to the user. However, an
API would not make sense without having an interface that is integrated with it. Therefore, it is
necessity for creating an interface that prompts users to submit an X-ray image. The image will
then be sent to a server containing both the API and the machine learning model. Nonetheless,
there is a need for a system that will use this machine learning model in order for it to be
consumed by an API capable of detecting pneumonia cases. The user interface should include a
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button that allows users to upload images. This button will be used by users. When an image is
successfully uploaded to the system, both the image's name and a preview of the image should
be displayed. The user would bene�t from knowing which image they have uploaded in order
to ensure that they have chosen the correct image to insert using this method. After uploading
the image, the user should be able to see the results by sending a request to the API, which will
compare the image to the trained machine learning model. The results could indicate whether
or not the image contains pneumonia, as well as a con�dence level expressed as a percentage
indicating how accurate the predicted value is.

5.2.3 Classic Machine learning vs Deep learning

The �ndings from our state of the art in the �elds of deep learning and traditional/classic
machine learning have led to the discovery of various methods used in both of these sub�elds.
Traditional machine learning employs a number of learning strategies, such as supervised and
unsupervised learning. The supervised learning process resulted in the development of a number
of methodologies, including classi�cation and regression. We will use classi�cation methods to
distinguish between pneumonia and normal cases based on X-ray (CXR) images because we are
aware that these methods are used to distinguish between distinct classes of labeled data. This
is relevant to the work we will be doing for this project. Because regression methods predict a
continuous quantity, we cannot use them because the quantities are continuous. Furthermore,
because unsupervised learning works best with unlabeled data, it is inapplicable to our situation
and should be avoided. We investigated several classi�cation strategies, including Support Vector
Machines, Naive Bayes, and Nearest Neighbor. On the other hand, we investigated deep learning,
which is a subset of machine learning in its most fundamental form. We investigated a number
of Tensor
ow image classi�cation models, including Resnet and Inception, among others.

At this point, the question is, "What are the primary key di�erences between traditional machine
learning and deep learning, and which would be best suited for our project?"

Figure 14: Classic Machine learning vs Deep learning [60]
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To describe the key di�erences of these two terms, it is illustrated in the �gure 14. As we can
see from the �gure, classic machine learning methods require more steps than deep learning. In
classic machine learning, we would manually de�ne relevant features of a medical image also
called "Hand-crafted feature extraction", such as edges, corners, or other relevant patterns, in
order to train the machine learning model. This would mean that there is need for to pin-point
the spots in the images for instance, how a pneumonia would look like and if the features are
de�ned incorrectly, then the model would more likely to do errors and give wrong predictions.
After de�ning the features, the model will then analyze and classify new objects within the image
using those features to complete the task of identifying new objects in an image. To achieve this
goal, pre-processing and normalization techniques are used to highlight the important features
contained within the images, thus select the most relevant features. Deep learning, on the other
hand, allows us to avoid manually extracting features from images and automatically de�nes
the features for us. This is done by feeding images directly into the deep learning algorithm,
which then makes an object prediction and extract features by a pre-trained models called
Convolutional Neural Network (CNN). This feature extraction phase is also called "End-to-End
Learning". However, deep learning requires a powerful graphics processing unit (GPU) and a
large amount of data. This is because the learning typically processes data using pre-trained
CNNs, which typically have many hidden layers consuming a lot of energy power in each layer
to extract the features required to build a complex model.

Following a thorough examination of the key di�erences between classic machine learning and
deep learning, it makes sense for us to use deep learning because it eliminates the need for us to
go through the manual feature extraction process.

5.3 Requirement De�nition

Tables 1 and 2, which are presented below, show the functional and non-functional requirements
criteria that were identi�ed as a set of speci�cations based on how the system should work.
A Functional Requirement is a description of the service that the software must be able to
provide (FR). It describes a software system or a component of a software system. A function's
only components are inputs to the software system, system behavior, and outputs. It could
be a calculation, data manipulation, a business process, a user interaction, or any other
speci�c functionality; this determines what function a system is likely to perform. Where the
non-functional requirements are the constraints or requirements that are imposed on the system.
They cover critical aspects of system quality such as scalability, maintainability, performance,
portability, security, and reliability [42].

Some of the functional and non-functional requirements are discovered during the course
of our project while brainstorming, but a signi�cant number of these requirements are discov-
ered while collecting data in the early stages of this project. The system must meet all of the
functional and non-functional requirements listed below in order to serve the project's goal,
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