Chapter 2
Background

2.1 Medical Imaging Modalities

Medical imaging is the use of specialized techniques and technologies to produce images of the
inside of the body for the purpose of diagnosis, monitoring, and treatment of medical conditions.
There are several different medical imaging modalities, each of which uses a different physical

principle to produce images of the body.

Some common medical imaging modalities include:

1. X-ray: X-ray imaging uses high-energy electromagnetic radiation to produce images of the

body. It is commonly used to visualize the bones and the tissues in and around them.

2. Computed tomography (CT): CT imaging uses a series of X-ray images taken from
different angles to produce detailed 3D images of the body. It is commonly used to visualize

the organs and blood vessels.

3. Magnetic resonance imaging (MRI): MRI imaging uses a strong magnetic field and
radio waves to produce detailed images of the body. It is commonly used to visualize the

brain, the spine, and the joints.

4. Ultrasound: Ultrasound imaging uses high-frequency sound waves to produce images of the

body. It is commonly used to visualize the organs and the blood flow in the body.

5. Positron emission tomography (PET): PET imaging uses radioactive tracers to produce
images of the body’s metabolism and function. It is commonly used to visualize the brain,

the heart, and cancerous tumors.

2.1.1 Magnetic Resonance Images
2.1.1.1 Working Principle of MRI

Magnetic resonance imaging (MRI) is a medical imaging technique that uses a strong magnetic
field and radio waves to create detailed images of the inside of the body.
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During an MRI scan, the patient is placed on a table that is then slid into a cylindrical device
called a scanner. The scanner contains a large magnet that generates a strong, uniform magnetic
field. This magnetic field causes the protons (positively charged particles) in the body’s hydrogen

atoms to align with the field.

Radiofrequency (RF) waves are then transmitted into the body, causing the protons to absorb
energy and become excited. When the RF waves are turned off, the protons return to their
original state and release their energy in the form of a radio signal. This signal is picked up by

antennas (coils) surrounding the body and used to create detailed images of the inside of the body.

The images produced by MRI are highly detailed and can be viewed from various angles. They are
often used to diagnose injuries or abnormalities in the brain, spinal cord, joints, and other internal

organs.

In summary, MRI works by using a strong magnetic field and radio waves to create detailed images
of the inside of the body. These images are produced by detecting the radio signals emitted by
hydrogen atoms in the body when they return to their original state after being excited by RF

waves.

2.1.1.2 Advantages of MRI

Magnetic resonance imaging (MRI) is a medical imaging technique that uses a strong magnetic field
and radio waves to create detailed images of the inside of the body. MRI has several advantages

compared to other imaging techniques, including:

1. High resolution: MRI produces highly detailed images that can be viewed from various

angles, making it useful for identifying abnormalities and injuries in the body.

2. Non-invasive: MRI does not involve radiation or the injection of contrast agents, making

it a safe option for patients.

3. Versatility: MRI can be used to image a wide range of body parts, including the brain,

spinal cord, joints, and internal organs.

4. No allergic reactions: Unlike other imaging techniques that use contrast agents that can
cause allergic reactions in some people, MRI does not involve the use of contrast agents,

making it a safer option for patients with allergies.
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5. Soft tissue contrast: MRI is particularly useful for imaging soft tissues, such as muscles,

tendons, and ligaments, as it can produce detailed images of these structures.

6. Multiplanar imaging: MRI allows images to be taken in different planes, providing a more

comprehensive view of the body.

7. No pain: MRI is a painless procedure, making it an appealing option for patients who may

be uncomfortable with other imaging techniques.

2.1.1.3 Disadvantages of MRI

1. Magnetic resonance imaging (MRI) is a medical imaging technique that uses a strong mag-
netic field and radio waves to create detailed images of the inside of the body. While MRI
has several advantages compared to other imaging techniques, it also has some limitations

and disadvantages, including:

2. Expense: MRI can be more expensive than other imaging techniques, such as X-ray or

ultrasound, due to the cost of the equipment and the need for specialized technologists.

3. Time-consuming: MRI scans can take longer than other imaging techniques, as the process

of creating detailed images of the body can take up to an hour.

4. Claustrophobia: Some people may experience anxiety or claustrophobia while inside the

MRI scanner, as the machine is enclosed and the patient must lie still during the scan.

5. Metal implants: MRI cannot be performed on patients with certain types of metal implants,
such as pacemakers, as the strong magnetic field can interfere with the operation of the

implant.

6. Limited availability: MRI machines are not as widely available as other imaging techniques,

such as X-ray or ultrasound, and may not be accessible in all areas.

7. Weight restrictions: MRI machines have weight restrictions, so patients who are too large

may not be able to undergo an MRI scan.

8. Limited image quality: MRI may not be as effective at imaging certain structures, such

as bones, as other techniques, such as X-ray or CT.
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2.1.2 Computed Tomography Images

2.1.2.1 Working Principle of CT Images

Computed tomography (CT) is a medical imaging technique that uses X-rays and computer pro-

cessing to create detailed cross-sectional images of the body.

During a CT scan, the patient is placed on a table that is then moved through a large, donut-
shaped machine called a gantry. The gantry contains an X-ray source that rotates around the

body, emitting a series of X-ray beams at different angles.

As the X-ray beams pass through the body, they are absorbed to varying degrees by different
tissues. The amount of absorption is measured by detectors located on the other side of the body.
The data collected by the detectors is then used to create a detailed image of the inside of the
body.

CT images are highly detailed and can be viewed from various angles. They are often used to

diagnose injuries or abnormalities in the brain, chest, abdomen, and other internal organs.

In summary, CT works by using X-rays and computer processing to create detailed cross-sectional
images of the body. The X-ray beams emitted by the CT machine are absorbed to varying degrees
by different tissues, and the data collected by detectors is used to create an image of the inside of

the body.

2.1.2.2 Advantages CT Images

Computed tomography (CT) is a medical imaging technique that uses X-rays and computer pro-
cessing to create detailed cross-sectional images of the body. CT has several advantages compared

to other imaging techniques, including;:
1. High resolution: CT produces highly detailed images that can be viewed from various
angles, making it useful for identifying abnormalities and injuries in the body.

2. Speed: CT scans are generally faster than MRI scans, as the process of creating an image

takes only a few minutes.

3. Versatility: CT can be used to image a wide range of body parts, including the brain, chest,

abdomen, and other internal organs.
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4. Bone detail: CT is particularly effective at imaging bones, as it can produce detailed images

of these structures.

5. Soft tissue contrast: CT can also be used to image soft tissues, such as muscles, tendons,

and ligaments, by using contrast agents that enhance the visibility of these structures.

6. Multiplanar imaging: CT allows images to be taken in different planes, providing a more

comprehensive view of the body.

7. Wide availability: CT machines are widely available, making it a readily accessible imaging

option for patients.

2.1.2.3 Disadvantages CT Images

Computed tomography (CT) is a medical imaging technique that uses X-rays and computer pro-
cessing to create detailed cross-sectional images of the body. While CT has several advantages

compared to other imaging techniques, it also has some limitations and disadvantages, including:

1. Radiation exposure: CT involves exposure to ionizing radiation, which has the potential

to cause DNA damage and increase the risk of cancer.

2. Allergic reactions: CT may involve the use of contrast agents that can cause allergic

reactions in some people.

3. Metal implants: CT cannot be performed on patients with certain types of metal implants,
such as pacemakers, as the metal can interfere with the operation of the implant or cause

image artifacts.

4. Expense: CT can be more expensive than other imaging techniques, such as X-ray or

ultrasound, due to the cost of the equipment and the need for specialized technologists.

5. Weight restrictions: CT machines have weight restrictions, so patients who are too large

may not be able to undergo a CT scan.

6. Limited image quality: CT may not be as effective at imaging certain structures, such as

the brain or spine, as other techniques, such as MRI.

7. Limited ability to image moving structures: CT may not be able to image structures
that are moving, such as the heart or lungs, as accurately as other techniques, such as MRI

or ultrasound.



Chapter 2. Background 22

2.1.3 X-Ray images

2.1.3.1 Working Principle of X-Ray images

X-ray imaging is a medical imaging technique that uses ionizing radiation to produce images of

the inside of the body.

During an X-ray exam, the patient is positioned in front of an X-ray machine, and a beam of
X-rays is directed through the body. Different tissues absorb the X-rays to varying degrees, with

denser tissues, such as bone, absorbing more X-rays than softer tissues, such as muscle or fat.

As the X-rays pass through the body, they are detected by sensors on the other side of the body
and used to create an image of the inside of the body. The image produced by an X-ray is a
black-and-white image, with denser tissues appearing as white or light areas on the image and

softer tissues appearing as darker areas.

X-ray images are often used to diagnose injuries or abnormalities in the bones, chest, and other

parts of the body.

In summary, X-ray imaging works by using ionizing radiation to produce images of the inside of
the body. Different tissues absorb the X-rays to varying degrees, and the X-rays that pass through

the body are detected by sensors and used to create an image of the inside of the body.

2.1.3.2 Advantages of X-Ray images

X-ray imaging is a medical imaging technique that uses ionizing radiation to produce images of the

inside of the body. X-ray has several advantages compared to other imaging techniques, including;:
1. Wide availability: X-ray machines are widely available, making them a readily accessible
imaging option for patients.

2. Speed: X-ray exams are generally faster than other imaging techniques, as the process of

creating an image takes only a few minutes.

3. Low cost: X-ray is generally less expensive than other imaging techniques, such as CT or

MRI, due to the lower cost of the equipment and the need for fewer specialized technologists.

4. Bone detail: X-ray is particularly effective at imaging bones, as it can produce detailed

images of these structures.
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5. Versatility: X-rays can be used to image a wide range of body parts, including the bones,

chest, and other internal organs.

6. No discomfort: X-ray is a painless procedure, making it an appealing option for patients

who may be uncomfortable with other imaging techniques.

7. No allergies: X-ray does not involve the use of contrast agents, making it a safer option for

patients with allergies.

2.1.3.3 Disadvantages of X-Ray images

X-ray imaging is a medical imaging technique that uses ionizing radiation to produce images of
the inside of the body. While X-ray has several advantages compared to other imaging techniques,

it also has some limitations and disadvantages, including;:

1. Limited resolution: X-ray images are not as detailed as images produced by other tech-
niques, such as CT or MRI, making it less useful for identifying small abnormalities or

injuries.

2. Limited soft tissue contrast: X-ray is not as effective at imaging soft tissues, such as

muscles, tendons, and ligaments, as other techniques, such as CT or MRI.

3. Limited multiplanar imaging: X-ray images can only be taken in one plane, making it

less useful for imaging 3D structures.

4. Limited ability to image moving structures: X-ray may not be able to image structures
that are moving, such as the heart or lungs, as accurately as other techniques, such as MRI

or ultrasound.

5. Ionizing radiation: X-ray involves exposure to ionizing radiation, which has the potential

to cause DNA damage and increase the risk of cancer.

6. Metal implants: X-ray may not be able to image patients with certain types of metal
implants, such as pacemakers, as the metal can interfere with the operation of the implant

or cause image artifacts.

7. Pregnancy: X-rays should not be used on pregnant women or women who may be pregnant

due to the risk of radiation exposure to the fetus.
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2.2 Convolution Neural Networks

A convolutional neural network (CNN) is a type of artificial neural network that is commonly used
in image and video recognition tasks. It is designed to process data with a grid-like topology, such

as an image, and is particularly effective at learning spatial hierarchies of features.

The key idea behind a CNN is that it learns filters that are convolved with the input data to
extract important features. These features are then passed through one or more fully connected

layers, which use the features to make a prediction.

One of the key advantages of CNNs is that they are able to learn features automatically from
the input data, without the need for manual feature engineering. This makes them particularly
useful for tasks where the input data is complex and high-dimensional, such as image and video

recognition.

CNN’s have been widely used in many different applications, including object detection, image
classification, and natural language processing. They have also been used to achieve state-of-the-
art results on a variety of tasks, including the ImageNet challenge, a large-scale image classification

competition.

2.2.1 Deep Learning Basics

Deep learning is a subfield of machine learning that is inspired by the structure and function of
the brain, specifically the neural networks that make up the brain. It involves training artificial
neural networks on a large dataset, allowing the network to learn and make intelligent decisions

on its own.

Deep learning algorithms are designed to learn and extract features from raw data automatically,
without the need for manual feature engineering. This makes them particularly useful for tasks
where the input data is complex and high-dimensional, such as image and video recognition, natural

language processing, and speech recognition.

There are several types of deep learning algorithms, including convolutional neural networks
(CNNs), which are commonly used for image and video recognition tasks, and recurrent neural
networks (RNNs), which are useful for tasks involving sequential data, such as natural language

processing and speech recognition.



Chapter 2. Background 25

Deep learning algorithms are trained using large amounts of labeled data and an optimization
algorithm, such as stochastic gradient descent. The goal is to find the set of weights that minimizes

the error between the predicted output and the true output.

Deep learning has achieved state-of-the-art results on a variety of tasks and has been widely adopted
in industry and academia. It has been used in applications such as image and video recognition,

natural language processing, speech recognition, and machine translation, among others.

2.2.1.1 Data Pre-processing
Data preprocessing is the process of cleaning and preparing raw data for analysis. It is an important
step in the data analysis process as it can have a significant impact on the results of the analysis.

There are several steps involved in data preprocessing, including:

1. Data cleaning: This involves identifying and correcting errors, missing values, and incon-

sistencies in the data.

2. Data transformation: This involves changing the data into a form that is more suitable

for analysis, such as scaling or normalizing numerical data, or encoding categorical data.

3. Data integration: This involves combining multiple datasets into a single dataset for anal-

ysis.

4. Data reduction: This involves reducing the size of the dataset by selecting a subset of the

data or aggregating the data in some way.

5. Data discretization: This involves binning continuous data into discrete intervals.

Preprocessing the data can help improve the accuracy and effectiveness of the analysis by ensuring
that the data is clean, consistent, and ready for analysis. It can also help to reduce the complexity

of the data and make it easier to work with.

2.2.1.2 Data augmentation

Data augmentation is a technique used to artificially increase the size ol a dataset by generating
new data points from existing ones. It is commonly used in machine learning and deep learning to

improve the performance of a model by providing it with more training data.
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There are several ways to generate new data points through data augmentation, including:

1. Data rotation: Rotating the data by a small angle can generate new data points that are

slightly different from the original ones.

2. Data scaling: Scaling the data by a small factor can generate new data points that are

slightly larger or smaller than the original ones.

3. Data translation: Translating the data by a small amount can generate new data points

that are slightly shifted from the original ones.

4. Data flipping: Flipping the data horizontally or vertically can generate new data points

that are reflections of the original ones.

Data augmentation can be useful when the original dataset is small or lacks diversity, as it can help
to improve the generalization performance of the model. However, it is important to be careful
when using data augmentation, as it can also introduce additional noise into the dataset if the

transformations are too extreme.

2.2.1.3 Forward and Backward propagation

Forward propagation and backward propagation are fundamental concepts in the training of artifi-
cial neural networks, which are a type of machine learning model that is inspired by the structure

and function of the brain.

Forward propagation is the process of passing input data through the layers of a neural network
to generate an output prediction. It involves performing a series of matrix multiplications and

activation functions to transform the input data into a predicted output.

Backward propagation is the process of adjusting the weights of the neural network based on the
error between the predicted output and the true output. It involves calculating the gradient of
the error with respect to the weights of the network and using an optimization algorithm, such as

stochastic gradient descent, to update the weights in a way that minimizes the error.

Together, forward propagation and backward propagation form the basis of the training process
for neural networks. During training, the input data is passed through the network using forward

propagation, and the error is calculated using backward propagation. The weights of the network
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are then updated based on the error, and the process is repeated until the error is minimized to a

satisfactory level.

2.2.1.4 Loss functions

A loss function is a function that is used to measure the difference between the predicted output
of a model and the true output. In machine learning and deep learning, loss functions are used to
evaluate the performance of a model and to guide the training process by indicating how well the

model is able to make predictions.

There are many different types of loss functions, and the choice of which one to use depends on

the specific task and the characteristics of the data. Some common loss functions include:

1. Mean squared error (MSE): This loss function is used for regression tasks and measures

the average squared difference between the predicted output and the true output.

D
MSE = (x; — yi)° (2.1)

i=1
2. Binary cross-entropy(BCE): This loss function is used for binary classification tasks and
measures the difference between the predicted probability of the positive class and the true

label.

BCE = —(ylog(p) + (1 — y) log(1l —p)) (2.2)

3. Categorical cross-entropy(CCE): This loss function is used for multi-class classification
tasks and measures the difference between the predicted probability distribution over the

classes and the true label.

M
CCE ==Y Yoclog(po.) (2.3)

c=1

4. Hinge loss(HL): This loss function is used for support vector machines (SVMs) and mea-
sures the difference between the predicted output and the true label for samples that are
classified incorrectly.

maz(0,1 —y-g) (2.4)
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The goal of training a model is to minimize the loss function, which can be achieved by adjusting
the model’s parameters (e.g., weights and biases) in a way that reduces the difference between the

predicted output and the true output.

2.2.1.5 Activation Function

An activation function is a mathematical function that is used to introduce non-linearity into an
artificial neural network. Activation functions are used in the hidden layers of a neural network to

allow the model to learn more complex relationships in the data.
There are many different types of activation functions, including:
1. Sigmoid function: This activation function maps any real-valued number to a value between

0 and 1. It is commonly used in the output layer of a binary classification model, where the

output can be interpreted as a probability.

o(z) = (2.5)

2. Tanh function: This activation function maps any real-valued number to a value between

-1 and 1. It is similar to the sigmoid function but outputs values in a wider range.

et —e 1—e 2
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tanh(z) = (2.6)

3. ReLU function: This activation function maps any negative value to 0 and leaves positive
values unchanged. It is widely used in deep learning models due to its simplicity and good
performance.

Relu(z) = max(0, z) (2.7)

4. Leaky ReLU function: This activation function is similar to the ReLU function but allows
for a small non-zero gradient for negative input values. This can help improve the performance
of the model in some cases.

ar if|x] <0

LeakyRelu(x) = (2.8)
z iflz] >0



Chapter 2. Background 29

Activation functions are an important component of neural networks, as they allow the model
to learn and model non-linear relationships in the data. They are typically chosen based on the

characteristics of the data and the specific task being performed.

2.2.1.6 Normalization Layers

Normalization layers are layers in an artificial neural network that are used to normalize the
activations of the previous layer. Normalization is the process of scaling the activations of a
layer so that they have a mean of 0 and a standard deviation of 1. There are several types of

normalization layers, including:

1. Batch normalization: This normalization technique normalizes the activations within a
batch of data. It is typically used after fully connected layers and before non-linear activation
functions. Batch normalization is a technique used in deep learning to normalize the activa-
tions of a layer in a neural network. It is often used to improve the training and generalization

of deep learning models.

During the training process, the activations of a layer can have large variations, which can
slow down the training and cause the model to converge to suboptimal solutions. Batch
normalization addresses this issue by normalizing the activations of a layer to have a mean of
zero and a standard deviation of one. This helps to stabilize the training process and allows

the model to converge to a better solution.

Batch normalization is typically applied to the activations of the fully connected or convo-
lutional layers of a neural network. It is applied after the linear transformation of the layer

and before the activation function.

Batch normalization has several advantages, including:

(a) Improved training speed: Batch normalization can help to stabilize the training

process and allow the model to converge faster.

(b) Improved generalization: Batch normalization can improve the generalization of the
model by reducing the internal covariate shift, which is the change in the distribution

of the activations due to the updates of the model parameters.

(c) Improved regularization: Batch normalization can act as a form of regularization by

adding noise to the activations, which can help to reduce overfitting.
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Overall, batch normalization is a useful technique for improving the training and generaliza-
tion of deep learning models. It helps to stabilize the training process and reduce the internal

covariate shift, which can improve the generalization of the model and reduce overfitting.

2. Layer normalization: This normalization technique normalizes the activations across all of
the units in a layer. It is typically used after recurrent layers and before non-linear activation

functions.

3. Group normalization: This normalization technique normalizes the activations within
groups of units in a layer. It is typically used after convolutional layers and before non-linear

activation functions.

Normalization layers are used to stabilize the training of deep neural networks and can improve
the performance of the model by reducing the internal covariate shift, which is the change in
the distribution of the activations of a layer during training. They can also help to improve the
generalization performance of the model by reducing the influence of individual units on the output

of the layer.

2.2.1.7 Optimization

Optimization is the process of finding the values of one or more variables that minimize or maximize
a given objective function. In machine learning and deep learning, optimization is used to find the
values of the model parameters (e.g., weights and biases) that minimize the loss function, which

measures the difference between the predicted output of the model and the true output.

There are many different optimization algorithms that can be used to find the optimal values of

the model parameters, including;:

1. Gradient descent: This is a simple and widely used optimization algorithm that involves
iteratively updating the model parameters in the opposite direction of the gradient of the

loss function with respect to the parameters.

2. Stochastic gradient descent (SGD): This is a variant of gradient descent that involves
updating the model parameters after processing each training example, rather than after

processing the entire dataset.
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3. Mini-batch gradient descent: This is a variant of gradient descent that involves updating
the model parameters after processing a small batch of training examples, rather than after

processing the entire dataset or a single example.

4. Momentum: This is an optimization algorithm that involves updating the model parameters
using a weighted average of the current and previous gradients, which can help to speed up

convergence and reduce oscillations.

5. Adam: This is an optimization algorithm that combines the ideas of gradient descent and
momentum, and also includes an adaptive learning rate that adjusts the learning rate for

each parameter based on the historical gradient information.

Choosing the right optimization algorithm can have a significant impact on the performance ol a

machine learning or deep learning model, and it is an active area of research in the field.

2.2.1.8 Regularization

Regularization is a technique used to prevent overfitting in machine learning and deep learning
models. Overfitting occurs when a model is excessively complex and is able to fit the training data
very well, but performs poorly on unseen data. Regularization helps to mitigate this problem by
adding a penalty to the loss function of the model that encourages the model to have simpler, more

generalizable solutions.

There are several types of regularization techniques, including:

1. L2 regularization: This technique adds a penalty to the loss function that is proportional

to the square of the magnitude of the model parameters. It is also known as weight decay.

2. L1 regularization: This technique adds a penalty to the loss function that is proportional

to the absolute value of the model parameters. It is also known as Lasso regularization.

3. Dropout: This technique involves randomly setting a fraction of the units in the model to
zero during training, which helps to reduce the dependence of the model on any particular

unit.

4. Early stopping: This technique involves stopping the training process before the model has

fully converged, based on the performance of the model on a validation set.
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Regularization can help to improve the generalization performance of a model by reducing over-
fitting and making the model more resistant to noise in the data. It is an important technique to

consider when training machine learning and deep learning models.

2.2.1.9 Residual block

A residual block is a building block used in deep convolutional neural networks that is designed to
learn residual functions. A residual function is a function that represents the difference between

the desired output and the output of the current layer.

A residual block consists of multiple layers, typically including one or more convolutional layers
and a skip connection. The skip connection allows the input to be directly passed to the output
of the block, bypassing the convolutional layers. This allows the residual block to learning the

residual function by adding a correction term to the output of the previous layer.

The use of residual blocks can help to improve the performance of deep convolutional neural
networks by allowing the model to learn much deeper architectures without suffering from the
vanishing gradient problem, which is a problem that can occur when training very deep networks

and can prevent the model from learning effectively.

Residual blocks are a key component of residual networks (ResNets), which are a type of deep con-
volutional neural network that has achieved state-of-the-art results on a variety of tasks, including

image classification, object detection, and semantic segmentation.

2.2.2 Convolution Neural Networks

A convolutional neural network (CNN) is a type of artificial neural network that is commonly used
in image and video recognition tasks. It is designed to process data with a grid-like topology, such

as an image, and is particularly effective at learning spatial hierarchies of features.

The key idea behind a CNN is that it learns filters that are convolved with the input data to
extract important features. These features are then passed through one or more fully connected

layers, which use the features to make a prediction.

One of the key advantages of CNNs is that they are able to learn features automatically from

the input data, without the need for manual feature engineering. This makes them particularly
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useful for tasks where the input data is complex and high-dimensional, such as image and video

recognition.

CNN’s have been widely used in many different applications, including object detection, image
classification, and natural language processing. They have also been used to achieve state-of-the-
art results on a variety of tasks, including the ImageNet challenge, a large-scale image classification

competition.

2.2.2.1 Convolution layers

Convolutional layers are layers in an artificial neural network that are used to process data with
a grid-like topology, such as an image. They are a key component of convolutional neural net-
works (CNNs), which are a type of neural network that is particularly effective at learning spatial

hierarchies of features and has been widely used in image and video recognition tasks.

Convolutional layers operate by applying a set of learnable filters (also known as kernels or weights)
to the input data and performing a dot product between the filter and a small region of the input
data. The dot product is then passed through a non-linear activation function and is used to

produce a feature map, which is a transformed version of the input data.

The size and shape of the filters, as well as the stride and padding parameters, can be adjusted to
control the size and shape of the output feature maps. Larger filters and strides can be used to
reduce the size of the output feature maps, while smaller filters and larger padding can be used to

preserve the size of the input.

Convolutional layers are typically followed by one or more pooling layers, which are used to down-
sample the feature maps and reduce the size and dimensionality of the data. This can help to

reduce the computational complexity of the model and improve the generalization performance.

2.2.2.2 CNN for image classification

Convolutional neural networks (CNNs) are a type of artificial neural network that is particularly
effective at learning spatial hierarchies of features and has been widely used for image classification

tasks.

An image classification CNN typically consists of several layers, including:
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1. Convolutional layers: These layers apply a set of filters to the input image and produce
a series of feature maps. The filters are typically small, 3x3 or 5x5, and are learned during

training.

2. Pooling layers: These layers downsample the feature maps produced by the convolutional
layers and reduce the size and dimensionality of the data. This can help to reduce the

computational complexity of the model and improve the generalization performance.

3. Fully connected layers: These layers take the output of the pooling layers and use it to
make a prediction. They typically consist of multiple neurons that are connected to all of

the units in the previous layer.

During training, the CNN is presented with a large dataset of images and their corresponding
labels, and the weights of the network are adjusted to minimize the error between the predicted

labels and the true labels.

Once trained, the CNN can be used to classify new images by passing them through the network

and using the output of the fully connected layers to make a prediction.

CNNs have achieved state-of-the-art results on a variety of image classification tasks and are widely

used in industry and academia.

2.2.2.3 CNN for image segmentation

Convolutional neural networks (CNNs) can also be used for image segmentation tasks, which
involve assigning a label or class to each pixel in an image. Image segmentation is a challenging
task because it requires the model to not only recognize the overall structure of the image, but

also to identify and distinguish between different objects or regions within the image.

A CNN for image segmentation typically consists of several layers, including:

1. Convolutional layers: These layers apply a set of filters to the input image and produce
a series of feature maps. The filters are typically small, 3x3 or 5x5, and are learned during

training.

2. Pooling layers: These layers downsample the feature maps produced by the convolutional
layers and reduce the size and dimensionality of the data. This can help to reduce the

computational complexity of the model and improve the generalization performance.
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3. Upconvolutional (transpose convolution) layers: These layers are used to upsample

the feature maps produced by the pooling layers and increase the resolution of the output.

4. Fully convolutional layers: These layers take the output of the upconvolutional layers

and produce a prediction map, which assigns a label or class to each pixel in the output.

During training, the CNN is presented with a large dataset of images and their corresponding label
maps, and the weights of the network are adjusted to minimize the error between the predicted

label maps and the true label maps.

Once trained, the CNN can be used to segment new images by passing them through the network

and using the output of the fully convolutional layers to produce a prediction map.

2.3 Deep Transfer Learning

Deep transfer learning is the process of using a pre-trained deep neural network as a starting point
to solve a new task. It is a powerful technique that can significantly reduce the amount of data
and computational resources needed to train a new model and has been widely used to achieve

state-of-the-art results on a variety of tasks.

There are several approaches to deep transfer learning, including:

1. Feature extraction: This involves using the pre-trained network as a fixed feature extractor,
where the output of the layers of the network up to a certain point are taken as input features
for a new model. The new model is then trained using these features and the output labels

of the new task.

2. Fine-tuning: This involves unfreezing a certain number of layers of the pre-trained network
and training them along with the rest of the layers of the new model on the new task. This
can be done by using a smaller learning rate for the pre-trained layers to avoid changing their

weights too much.

3. Hybrid: This involves using a combination of feature extraction and fine-tuning, where
some layers of the pre-trained network are used as a fixed feature extractor and others are

fine-tuned.
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Deep transfer learning can be particularly useful when the data for the new task is limited or the
new task is related to the original task that the pre-trained network was trained on. It can also be
used to improve the performance of a model by leveraging the knowledge learned by a larger and

more powerful model.

2.3.1 Inception Net

Inception Net is a convolutional neural network (CNN) architecture that was introduced in the
paper ”Going deeper with convolutions” by Christian Szegedy et al. Inception Net is notable for
its use of inception modules, which are building blocks that use a combination of 1x1, 3x3, and

5x5 convolutional filters to extract features from the input data.

The main motivation for the use of inception modules is to reduce the number of parameters in
the model, which can help to reduce overfitting and improve the generalization performance. The
inception modules also allow the model to learn both local and global features from the input data,

which can be useful for tasks such as image classification and object detection.

Inception Net has been widely used and has achieved state-of-the-art results on a variety of tasks, in-
cluding image classification, object detection, and semantic segmentation. It has also been extended

and modified in several subsequent papers, such as Inception-v2, Inception-v3, and Inception-v4.

2.3.2 VGG-16 Net

VGG-16 is a convolutional neural network (CNN) architecture that was introduced in the paper
”Very Deep Convolutional Networks for Large-Scale Image Recognition” by Karen Simonyan and
Andrew Zisserman. VGG-16 is notable for its use of a very deep architecture, with 16 layers

consisting of convolutional and fully connected layers.

The main motivation for using a very deep architecture is to increase the capacity of the model
and allow it to learn more complex features from the input data. To facilitate the training of such
a deep model, VGG-16 uses a simple architecture with only 3x3 convolutional filters and a small

number of filters in each layer.

VGG-16 has been widely used and has achieved state-of-the-art results on a variety of tasks,
including image classification and object detection. It has also been modified and extended in

several subsequent papers, such as VGG-19 and VGG-16-SSD.
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2.3.3 Elastic Net

Elastic Net is a linear regression model that combines the L1 and L2 regularization terms. It is a
regularized version of the linear regression model that can help to prevent overfitting and improve

the generalization performance of the model.

The Elastic Net model is defined as Equation 4.10 and Equation 4.11:

Xp+e (2.9)
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Where n is the number of observations, X is the design matrix, 3 is the vector of coefficients, y is
the vector of responses, and ¢ is the error term. « is a hyperparameter that controls the strength
of the regularization, and XA is a hyperparameter that determines the balance between the L1 and

L2 regularization terms.

The Elastic Net model is often used when the number of features is large and there is a need to
select a subset of the features to use in the model. It is also useful when the data exhibits both L1

(sparse) and L2 (smooth) characteristics, as it can capture both types of features in the model.

2.3.4 MobileNet-V2

MobileNet-V2 is a convolutional neural network (CNN) architecture that was developed by Google
for efficient image classification on mobile and embedded devices. MobileNet-V2 is an updated ver-
sion of the MobileNet-V1 architecture and was designed to improve the performance and efficiency

of the model.

MobileNet-V2 uses depthwise separable convolutions to reduce the number of parameters and
computational complexity of the model. Depthwise separable convolutions divide the convolution
operation into two separate steps: depthwise convolution and pointwise convolution. This allows
the model to learn more efficient feature representations and reduce the number of parameters and

computational complexity.
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MobileNet-V2 also uses a linear bottleneck design, which further reduces the number of parameters
and computational complexity of the model. The linear bottleneck design involves using a 1x1
convolutional layer to reduce the number of channels in the input data before applying a depthwise
separable convolution. This allows the model to learn more efficient feature representations while
maintaining a low computational cost. MobileNet-V2 can be applied for various applications[9] as

shown below-
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FIGURE 2.1: MoblileNet Applications

Overall, MobileNet-V2 is a lightweight and efficient CNN architecture that is well-suited for image
classification on mobile and embedded devices. It uses depthwise separable convolutions and a
linear bottleneck design to reduce the number of parameters and computational complexity of the

model.

2.4 Automated Diagnosis of diseases

Automated diagnosis of diseases is the use of artificial intelligence and machine learning techniques
to assist in the diagnosis of medical conditions. These techniques can be used to analyze medi-
cal data, such as images, lab tests, and electronic health records, to identify patterns and make

predictions about the presence or likelihood of a particular disease or condition.

There are several approaches to the automated diagnosis of diseases, including;:

1. Rule-based systems: These systems use a set of rules or algorithms to analyze the medical
data and make a diagnosis. The rules are typically based on expert knowledge and may be

updated over time as new knowledge becomes available.
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2. Decision tree-based systems: These systems use decision trees, which are tree-like models
that make predictions by following a series of binary splits based on the values of the input

features.

3. Machine learning-based systems: These systems use machine learning algorithms, such
as neural networks, to learn patterns in medical data and make predictions. They can be
trained on large datasets of labeled medical records and use this training to make predictions

on new, unseen data.

Automated diagnosis of diseases has the potential to improve the accuracy and efficiency of medical
diagnosis and has been applied to a wide range of medical conditions, including cancer, diabetes,
and cardiovascular disease. However, it is important to ensure that these systems are developed and
used ethically and transparently and that they are subject to appropriate clinical and regulatory

oversight.

2.4.1 Medical Image Classification

Medical image classification is the task of assigning a class or label to an image based on its content.
It is a common problem in medical image analysis and has a wide range of applications, including
the diagnosis of diseases, the assessment of treatment response, and the monitoring of patient

progress.

There are several approaches to medical image classification, including:

1. Rule-based systems: These systems use a set of rules or algorithms to analyze the medical
images and assign a class or label to them. The rules are typically based on expert knowledge

and may be updated over time as new knowledge becomes available.

2. Decision tree-based systems: These systems use decision trees, which are tree-like models
that make predictions by following a series of binary splits based on the values of the input

features.

3. Machine learning-based systems: These systems use machine learning algorithms, such
as neural networks, to learn patterns in medical images and make predictions. They can be
trained on large datasets of labeled medical images and use this training to make predictions

on new, unseen images.
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Medical image classification is a challenging task due to the large variation in image appearance
and the complexity of the medical content. It is an active area of research in the field of medical
image analysis and has the potential to significantly improve the accuracy and efficiency of medical

diagnosis and treatment.

Some examples of medical image classification include:

1. Cancer diagnosis:[10] Using CT or MRI images to classify cancerous tumors based on their

size, shape, and appearance.

2. Bone fracture detection:[11] Using X-ray images to classify bone fractures based on their

location and type (e.g., simple or compound).

3. Heart disease diagnosis:[12] Using CT or MRI images to classify heart diseases such as
coronary artery disease or heart failure based on the appearance of the heart and surrounding

blood vessels.

4. Brain injury diagnosis:[13] Using CT or MRI images to classify brain injuries such as

contusions or hematomas based on their location and size.

5. Diabetic retinopathy diagnosis:[14] Using fundus images (images of the back of the eye)

to classify diabetic retinopathy, a complication of diabetes that can cause vision loss.

6. Pulmonary nodule detection:[15] Using CT images to classify pulmonary nodules (ab-

normal growths in the lungs) as benign or malignant.

7. Osteoarthritis diagnosis:[16] Using X-ray images to classify the severity of osteoarthritis

in the joints.

8. Dental caries detection:[17] Using dental X-ray images to classify the presence and severity

of dental caries (tooth decay).

2.4.2 Medical Image Segmentation

Medical image segmentation is the task of dividing an image into regions or segments that cor-
respond to different structures or tissues of interest. It is a common problem in medical image
analysis and has a wide range of applications, including the measurement of structures, the analysis

of functional data, and the guidance of medical procedures.

There are several approaches to medical image segmentation, including:
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1. Rule-based systems: These systems use a set of rules or algorithms to analyze the medical
images and divide them into segments. The rules are typically based on expert knowledge

and may be updated over time as new knowledge becomes available.

2. Decision tree-based systems: These systems use decision trees, which are tree-like models
that make predictions by following a series of binary splits based on the values of the input

features.

3. Machine learning-based systems: These systems use machine learning algorithms, such
as neural networks, to learn patterns in medical images and make predictions about the
boundaries between different segments. They can be trained on large datasets of labeled

medical images and use this training to make predictions on new, unseen images.

Medical image segmentation is a challenging task due to the large variation in image appearance
and the complexity of the medical content. It is an active area of research in the field of medical
image analysis and has the potential to significantly improve the accuracy and efficiency of medical

diagnosis and treatment.

Some examples of medical image segmentation tasks include:

1. Brain segmentation:[18] Dividing an MRI or CT scan of the brain into different structures,
such as gray matter, white matter, and cerebrospinal fluid. This can be used to measure brain

volume, analyze brain structure, and diagnose neurological conditions.

2. Liver segmentation:[19] Dividing an abdominal MRI or CT scan into the liver and sur-
rounding structures. This can be used to measure liver volume, assess liver function, and

diagnose liver diseases.

3. Tumor segmentation:[18] Dividing an MRI or CT scan of the body into different tissues
and identifying the location and size of tumors. This can be used to guide the planning of

cancer treatments and to assess the response to treatment.

4. Cardiac segmentation:[20] Dividing an MRI or CT scan of the heart into different struc-
tures, such as the left ventricle, right ventricle, and atria. This can be used to measure

cardiac function and diagnose cardiovascular conditions.

5. Retinal vessel segmentation:[21] Dividing an image of the retina into the blood vessels
and surrounding tissue. This can be used to assess the risk of cardiovascular disease and to

diagnose conditions such as diabetes and hypertension.






