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Abstract

Chest radiographs are one of the most commonly used diagnostic modalities in healthcare due to their
e ectiveness in detecting conditions related to the thoracic region. However, the increasing demand
for radiological services, coupled with a shortage of radiologists and the potential for diagnostic errors,
demands innovative solutions. The integration of arti cial intelligence (Al) and deep learning techniques

0 ers a promising approach to support radiology professionals and enhance the diagnostic accuracy and
e ciency of the diagnostic process. This thesis addresses the challenge of improving the performance
of deep learning models for multi-label classi cation of chest radiographs using the CheXpert dataset. It
focuses on both model-centric and data-ceimettods, speci cally techniques such as Gaussian Mixture
Models (GMM) for relabeling uncertain labels, multi-scale template matching for focused learning, a
custom pooling layer for better feature extraction, and Sequential Multi-Label Enrichment (SMLE) for
improved detection of coexisting conditions. The primary objective is to enhance the reliability and
performance of Al models in chest radiograph interpretation by developing new model- and data-centric
mettods. This research aims to improve uncertain label handling, overall classi cation performance,
and the detection of multiple coexisting conditions.

The study employs convolutional neural networks (CNNs), DenseNet121, and Swin Transformers to
investigate the e ects of excluding versus relabeling uncertain labels. It also evaluates the e cacy of a
custom pooling layer for classi cation performance and the e ectiveness of the SMLE DenseNet model on
co-existing conditions. Signi cant performance improvements are demonstrated when uncertain labels
are appropriately handled using GMM. The custom pooling layer signi cantly enhances the classi cation
performance of the model, and the SMLE DenseNet model outperforms the baseline DenseNet121 in
detecting co-existing conditions. Finally, the study also examines radiologist's shift in perception towards
the integration of Al in clinical practice through pre- and post-presentation questionnaires. The ndings
indicate a generally positive attitude shift towards Al. Despite concerns regarding the deskilling of new
radiology professionals, radiologists recognize the potential of Al models to enhance the e ciency of
radiology departments and patient care.

This research contributes insights into the practical implementation of Al in medical imaging. It
shows that advanced techniques can signi cantly improve the diagnostic performance and e ciency of
Al models. The ndings also emphasize the importance of addressing radiologist's concerns to ensure
the successful integration of Al into clinical practice.
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Chapter 1

Introduction

1.1 Motivation

The eld of arti cial intelligence (Al) has witnessed signi cant advancements in the recent years which
impact various industries and domains, including healthcare. Al is a collection of diverse range of
techniques which also includes machine learning and deep learning. These techniques enable computers
tolearn from and generalize, based on the data they receive. Addition of Al to the eld of Information and
Communication Technologies used in di erent sectors allows for bene ting from signi cant analytical
capabilities and inference possibilities that are provided often in a short time span. For healthcare, Al
provides a great potential to change the way of disease diagnosis, treatment, and overall patient care.
For example, recent applications of Al in medicine includes areas such as drug dicsandetzinical

trial design [LO,11]. Similarly, the recent advancements in deep learnir#j\yhich is a sub eld of Al,

inspired by the structure and functioning of the human brain, have laid the path for more sophisticated
applications in medical image analysis.

Medical imaging has been crucial in diagnosing and monitoring various diseases. However, inter-
preting medical images, particularly for complex modalities like chest radiographs, also known as x-rays,
can be challenging due to subtle variations in the anatomical structures and pathology. Al, speci cally
deep learning, o ers a promising solution by automatically detecting important features in a radiograph
and provides valuable insights to radiologists by using those features to classify the radiograph as normal
or a ected. Deeg learring algcrithms car be trainec on large datasel of labelec ches rediocgrapt images,
typically arnctatec by experiences radiologists Thest labels are derived througt a prcces: that often
involves multiple round: of validetion to ersure accuracy The reliability of thes labels is further er-
hance: by corsersus from multiple arnctators The reliable labels erable deef learring mocels to learn
conplex paterns anc idertify atnormalities with high cor dence.These technological advancements
have signi cant implications for various elds within radiology.

X-rays are one of the most commonly performed imaging tests, with millions conducted annually. For
instance, in England alone, there were approximately 44.9 million diagnostic imaging tests reported in
year 2019, with 23.2 million plain x-rays making up a signi cant portion of these t&8}s [n emergency
medicine, x-rays are frequently used to quickly diagnose conditions such as fractures, infections, and lung
conditions like pneumonia due to their accessibility and speed. Patients with chronic conditions, such as
chronic obstructive pulmonary disease (COPD), heart disease, and osteoporosis, often undergo regular
x-rays to monitor disease progression and treatment e cacy. Additionally, radiology plays a critical
role in cancer detection and management, with mammography used for breast cancer screening and
other forms of radiographic imaging helping to diagnose and assess various cancers. Orthopedics relies
heavily on x-rays to diagnose and monitor bone and joint conditions, including fractures, dislocations, and
degenerative diseases like arthritis. Dental health also bene ts from x-rays, which are used to diagnose
and monitor conditions of the teeth and jaw, such as cavities, impacted teeth, and bone loss. These
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examples underscore the widespread application and importance of radiographic imaging in modern
medicine.

Respiratory diseases, including COPD, in uenza, and pneumonia are the third leading causes of
death in the United Kingdom following circulatory diseases and cariegr Pccording to a survey by
Conor Stewart, the mortality rate from respiratory diseases in the United Kingdom in 2019 was 148.52
per 100k male population and 107.85 per 100k female populatibln [These are pre-covid-19 stats.
Chest radiographs are one of the most common diagnostic modality for lungs or chest related conditions.
However, it takes much experience for a radiologist to accurately analyse the chest radiograph to detect
many chest-related conditions, such as Edema, Cardiomegaly, Atelectasis, Lung E usion, Consolidation
and many more. Moreover, according to a report in 2020 by the Royal college of radiologists, hospitals
do not have enough radiologists to keep their patients safe. Also, there will be a 44% shortfall in the UKs
clinical radiology workforce by 2025. As a result, in the last two years, National Health Service (NHS)
has spent 58% more on outsourcing radiology repdrék [In addition to the scarcity of radiologists,
there is a problem of diagnostic error in radiology reports. According to Michael etal. (2015), worldwide,
annually, at least 40 million out of 1 billion radiology repacortain errors made¢ by the rediologists [L7].

In response to the growing demand and complexity of chest radiograph interpretation, researchers
have started exploring the potential of using deep learning to address the increasing demand of radiologists
and to reduce the number of misdiagnoses. The idea of chest radiograph interpretation using deep learning
is not new. Much work has been done to detect illnesses from chest radiographs using deep learning
techniques 18 21]. For example, a radiologist-level performance was demonstrated for pneumonia
classi cation on the ChestX-rayl4 dataset, which boosted further research in thiar23|.[ Aimost
all medical imaging, including chest X-ray interpretation work, is based on convolutional neural networks
(CNN) [24]. This incline towards CNN is because, it works very well on image datasets. All well-known
deep architectures for images, such as AlexMgtYGGNet [25], ResNet p] and DenseNet]], are
CNN based. All of them have outperformed the previous state-of-the-artin ImageNet Large Scale Visual
Recognition Challenge (ILSVRC), a massive dataset of images belonging to 1000 c2&sFigurel.l1
shows DenseNet architecture, which is a deep neural network with direct connections given by equation
1.1 Where L refresent: the nurrbel of layers in the dens: block, anc the tern L(Lz D calculates the
total nurber of direct cornedions betweer layers This desigr maximise informetion ow between
layers anc facilitate more et cient feeture reuscanc gredient progegetion. As a result, DenseNe mocels
ofter achievi highel peifformance with fewel perarreters corrparec to traditional corvolutional netral
neworks. DenseNet121 has been used as a base backbone architecture in this research.

L(L 1)

> (L = NumberOfLayers ) (1.1)

Figure 1.1: DenseNet architecture with three dense blocks, all layers in a dense block receive input from
the previous layers. The image is taken frdth [

Despite a considerable progress in classifying chest radiographs and other medical images with deep
learning algorithms, researchers are still actively exploring ways to further improve performance. While
the primary goal is to accurately classify X-rays for a condition(s) or at least detect the likelihood for
the presence of disease, several challenges remain. This research focuses on a number of them, which
includes: the presence of a signi cant number of uncertain labels within chest radiograph datasets such as

2
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CheXpert, the potential variation in the model performance after being trained on the speci c radiograph
projection(e.g. Poteroarterior (PA), Antercposterior (AP), anc latera views), exploring di erent data
preprocessing techniques to potentially improve model performance, tweaking model architectures and
training procedures to achieve performance improvement on detecting multiple co-existing conditions in
a single radiograph, and nally, understanding the perception of radiologists regarding the integration of
deep learning models into their clinical work ow. Getting their insights and addressing their concerns
are essential for the successful adoption of these technologies in real-world medical practice.

Open datasets and competitions play a vital role in supporting research and innovation in this line
of inquiry. The intention was to participate in the CheXpert competitiBecaus: of that the CheX-
pert [9] datase has beer usec througtoul this researct There are 14 labels asscciatec to eacl image,
indicaing the presence or aksenci of a different mecical cordition. Thest labels include (No Finc-
ing, Enlargec Caidiomediastinum Caidiomegaly Lung Opauity, Lung, Lesion Edema Corsoidetion,
Pneimcnia, Atelectasis Pneimotltorax, Pletral Effusion Pletral Other Fracture anc Sugpori Devices).
A single radiograph can exhibit multiple coexisting conditions. For example, a radiograph image
might simultaneously show signs of "Cardiomegaly" and "Pleural E usion". Five conditions (Edema,
Consolidation, Cardiomegaly, Atelectasis, and Pleural E usion) were chosen for this research based on
their clinical signi cance and because the CheXpert competition was evaluating these conditions for
ranking P]. Other labels, such as 'Support Devices', 'Enlarged Cardiomediastinum', AP/PA, and 'Lung
Opacity' were used to pre-process the data for various models training.

1.2 Thoracic Diseases

Based on2], the ABCDE systematic approach to chest X-ray interpretation involves examining speci c
parts of the radiograph associated with each alphabet. This method results in a thorough assessment,
with radiologists concentrating on the following aspects. Airway, Bones, Cardiac, Diaphragm, and
Everything else. Understanding these key features helps radiologists identify and diagnose the ve
conditions being focused on in this researcFigure 1.2 show: a ches radiograpt labelec with key
anatonical lancmarks essertial for a thotougt diacnodtic intetpretation. The labels corresponc to the
ABCDE systerratic agproach Airways suct as the trache: anc cerina; Bones including the clavicle,

spinou: prccesse: scapule anc bott arterior anc poserior ribs; Caidiac structures sucl as the aottic

knob pulmonary artery caidiac silhoLette anc hilum; Diaphragrr feeturing the right anc left hemid-
aphragmsanc Everything Else including the caidiophrenicanc costophreni argles anc the lung elds

with their s sure:anc pleura.

" A Airways: Trachea, right main bronchus, left main bronchus etc.

" B Bones: Ribs, sternum, Vertebral body etc.

C Cardiac: Cardiac silhouette and mediastinum etc.

" D Diaphragm: Right hemidiaphragm, left hemidiaphragm, etc.

" E Everything Else: Lungs ssures, Pleura, Costophrenic angles, etc.

Based on this learning, following is a brief description of each of the ve conditions present in
CheXpert data, speci cally how the condition appears on a radiograph.

1.2.1 Edema

Edema is a condition that a ect the lungs where the Alveoli, the tiny air sacs responsible for gas exchange,
become lled with excess uid that has leaked from the blood vessels. This accumulation of uid can
occur in either one lung (unilateral) or both lungs (bilateral). When observed through a chest radiograph,
edema manifests in di erent patterns and grades of opacity. These appearances include the characteristic
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Figure 1.2: Approximation of the radiologist way of looking at the X-ray. Labelled are some of the major
things to notice. This picture is taken fror? [
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"bat wing" pattern, where the uid distribution resembles the shape of bat wings, and "curly B lines",
which are short and horizontal lines at the lung periphery which represents interstitial uid. The presence
of these patterns helps in diagnosing and assessing the severity of the edema.

1.2.2 Consolidation

The lung becomes consolidated when the small airways, normally lled with air, are occupied with dense
material. It can be unilateral or bilateral. It is not always infectious. However, it could be due to a more
severe problem such as pneumonia, pulmonary edema and cancer. Consolidation appears on a chest
radiograph as dense white patches. The doctor can diagnose the cause depending on the distribution
pattern of consolidatiorFigurel.3(a) shows a radiograph with consolidation.

1.2.3 Atelectasis

Atelectasis is a lung condition happens due to the collapse of lung tissues which results in a signi cant
reduction in lung volume.The primary reason is the bronchial obstruction. This condition manifests on
chest X-rays in many ways, such as a shrunken lung lobe or the presence of plate-like or round opacities.
These radiographic features indicate areas where the lung has collapsed which leads to reduced air space
and impaired respiratory function. Atelectasis can a ect both lungs simultaneously, which is referred as
bilateral atelectasisFigurel.3(b) provides a radiographic example of this condition.

1.2.4 Cardiomegaly

Cardiomegaly, referred to as heart enlargement, occurs when the heart becomes larger than its normal size.
This condition can be identi ed through a chest radiograph, speci cally by calculating the cardiothoracic
ratio on a posteroanterior (PA) view. The cardiothoracic ratio is a measure used to determine the size
of the heart in relation to the total thoracic width. If this ratio exceeds 0.5, it indicates the presence of
cardiomegaly. This ratio is given by equatibr, that divides the width of the heart by the width of the

chest.

M axhorizontalCardiacW idth
ioth icRatio = - - - 1.2
CardiothroracicRatio MaxHorizontal T horacicW idth (1.2)

1.2.5 Pleural E usion

There are two thin layers of tissue: one is around the lungs, and the other is on the inner side of the chest
wall. The very little space between the two layers (pleural space), normally lled with some lubrication
uid (pleural uid), accumulate an abnormally excessive amount of uid in it, which causes the lung

to shrink. It can be unilateral or bilateral. Pleural e usion can be detected on a chest radiograph by
noticing the bluntness of costophrenic angles. PleasFigurel.3(c) for a better understanding where

the chostophrenic angle is circled in red/green.

1.3 Research Goals

The primary goa of thisresearclis to erhancithe peifformanceanc reli ability of Al-baselinterpretetion
of ches radiograph: by propoing anc utilizing new tectniques Thestinclude a GMM-base: unceitain
label hardling anc a multi-scal¢ terrplate matcting approact as well as integretion of a custom pooling
layel anc using SMLE-DenseNeagproact for mode training. While the focus of this researcl is on
ches radiographs the methocologies anc tectnique: developec are designec with a level of gererality
thar allows their agplicetion to othel similar proklems in corrputel visior anc specially mecicalimacing.

5
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Figure 1.3:Image: from CheXperi datase (a) Corsolidatec aleas are ercircled (b) We car se¢ right
ugpel lobe atelectesis (c) The right costophreni argle is blunt. (d) Edem: car be seel beside the heart.
(e) The hear size is biggel thar the 50% of the thcracic width.

For instance the GMM-baser unceitain label hardling tectnique car be errployec in any dcmain
where the datase cortains a sicnifican nurrbel of uncertain or noisy image labels The multi-scal¢ terr-
plate matcling agproact anc custom pooing layers are alsc agpliceble in scenalios thai requires both,
low anc highintersity feeture detection anc presevation, which are corrmor in various okject detection
ancclassi cetiontasks Moreover the SMLE-DenseNeagproact car be adapte to otheicorrpleximage
classi cetion proklems suct as idertifying cc-existing multiple okjects (e.g. cat car tree in a sirgle
image This adapability is due to the model's inheieni desigr thai ef cieni fecture extraction, which are
importani for comrputel visior agplicetions.

1.3.1 Hypothesis and Research Questions

The central hypothesis of this research is:

"The integration of advanced techniques signi cantly enhances the performance of deep learning
models in chest radiograph classi cation and positively in uences the perception and trust of
radiology professionals.”

The investigation of this hypothesis involves addressing the following four research questions.

RQ1: How does GMM based uncertain label handling in uence model performance?
Handling uncertainty in medical imaging data remains a signi cant challenge. The CheXpert
dataset, which is being used in this research, carries a vast number of uncertain labels. Several
approaches have been attempted to handle this issue. For example, some studies have relabeled all
the uncertain labels as either 1 or 0, or relabeled them using a CNN model that had been trained on
the rest of the samples. Others have assigned these uncertain labels random values or discarded all
samples with uncertain label8,R7]. This work investigates the use of semi-supervised relabeling
with Gaussian Mixture Models (GMMs). GMMs provide a probabilistic approach to cluster
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RQ2:

RQ3:

RQ4:

samples and help in dealing with uncertainty by grouping uncertain samples into various clusters,
each corresponding to a speci ¢ class.

What is the impact of custom pooling layers and multi-scale template matching on chest
radiograph classi cation performance?

Traditional pooling layers, such as max pooling, typically utilized in CNtenc to drog low

value pixels to reduce the size of the fecture maps R8], which could become crucial for correct
diagnostic performance in the case of chest radiographs. For this, very few solutions have been
proposed in the past, such as using adaptive average pooling to reduce the feature map to the
desired shape2P], and Use of 3x3 max pooling to consider a wider pooling window for chest
radiograph classi cationd0]. This work proposed a custom pooling layer, which amalgamate max
pooling and min pooling to retain a wide range of features. Moreover, simple template matching
has been used to preprocess the radiograph d@taThis work introduced multi scale template
matching technique to accurately extract the thoracic regions on radiographs. The integration of
these two approaches is set to improve the performance of deep learning models in chest radiograph
classi cation.

How does the SMLE-DenseNet approach improves the detection of multiple co-existing
conditions in radiographs?

The CheXpert dataset contains more than two hundred thousand radiographs, with over 30% of
them containing multiple coexisting conditions. Several studies have trained various models on
the CheXpert dataset and reported model performance either as a whole or by individual condition
separately31 33]. However, no particular study has focused on investigating how these trained
models perform in detecting multiple coexisting conditions. This research addresses this gap by
evaluating model performance speci cally on samples with coexisting conditions and proposing a
new training approach to enhance the detection of multiple coexisting conditions.

How does the presentation of deep learning capabilities in chest radiograph interpretation

in uence the perception and trust of radiology professionals?

Understanding the perception of radiology professionals towards Al is very important, as they are
the primary users of these technologies in clinical settings. Many studies have assessed the attitudes
and knowledge of radiologists regarding Al integration into their work o®4 [B0]. However,

none of these studies have employed a pre-and post-presentation questionnaire to evaluate shift in
perception after engaging with and reviewing the performance capabilities of Al models on chest
radiograph classi cation. This work presents this unique approach aimed to provide radiology
professionals the opportunity to see the capabilities of Al models and then measure the shift in
perception using post presentation questionnaire.

1.4 Key Contributions

Research highlighted in this thesis comprises of a series of sequential approaches related to data prepara-
tion, and model development, with the primary goal of highlighting their in uence on the performance of
the classi cation models. The following aspects can be highlighted as main contributions of this work:

~

To improve the label quality and model robustness, a semi-supervised relabeling technique is
developed using Gaussian Mixture Models (GMMSs) to probabilistically handle uncertain labels in
the CheXpert dataset .

To enhance the performance of deep learning models, a custom pooling layer is proposed that
combine max pooling and min pooling for better preservation of high and low-intensity features
in chest radiographs.
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~ To improve the data quality, an improvised template matching (multi-scale) technique is applied
to eliminate irrelevant areas in CheXpert radiographs, which improve the models performance by
focusing on relevant thoracic regions.

~ Assessed model performance speci cally on samples with multiple coexisting conditions, a pre-
viously underexplored area, and proposed a new training approach (SMLE-DenseNet) to enhance
the detection of multiple coexisting conditions.

~ Conducted a unique study involving pre-and post-presentation questionnaires to measure the shift
in perception of radiology professionals after engaging with and evaluating the performance
capabilities of Al models, which provides insights into the acceptance and trust of Al amoung
radiology professionals.

1.5 Organisation of the Thesis

Following thelntroduction (Chapter 1), theBackground and Literature Review (Chapter 2) delves

into existing studies related to arti cial intelligence, deep learning, computer vision, medical imaging
and speci cally Al for chest radiograph interpretation. It ends with a review on studies related to the
perception of radiology professionals towards Al. This Chapter highlights the gaps in current research
and sets the stage for the contributions of this thesis.

The Methodologies (Chapter 3)details the data sourcing, including the CheXpert dataset, and
explains the techniques used for uncertain label handling, custom pooling layers, and multi-scale template
matching along with other model-centric and data-centric methodologies. This Chapter also describes
the experimental setup and the evaluation metrics employed to assess model performance. Subsequently,
the Uncertainty in Labels and Radiograph Projections (Chapter 4)explores an approach to handle
uncertain labels and introduces a semi-supervised relabeling technique using Gaussian Mixture Models
(GMMs) which addresses tHeQ1. TheE cacy of Custom Pooling Layer (Chapter 5) presents the
superior performance of custom pooling layer along with the e ectiveness of the multi-scale template
matching. This addressB€?2. TheSequential Multi Label Enrichment (Chapter 6) evaluates model
performance on samples with multiple coexisting conditions and proposes a new training approach to
improve detection, addresse®3.

The Radiologist's Perception of Al in Chest Radiology (Chapter 7)presented a study using
a unigue pre and post-presentation questionnaires to gauge the shift in perception among radiology
professionals after engaging with Al models. This addreBs@4. The Discussion and Conclusion
(Chapter 8) presents the conclusion and analyze the ndings, also summarizes the key contributions
of the research and suggests directions for future studies. The thesis ends with a comprehensive list of
references followed by the appendices.



Chapter 2

Background and Literature Review

This Chapter provides a comprehensive background and literature review which is structured to address
the key research questions identi ed in Chapter 1. It begins with an overview of Arti cial Intelligence
(Al) and focus on deep learning and its applications across various sectors including healthcare. The
Chapter then delves into computer vision and explains the foundational backbone architectures that
underpin modern computer vision techniques. Following this, it explores the advancements in medical
imaging, and emphasize on the signi cant role of deep learning in diagnosing and treating diseases.
The Chapter also discuss ve speci ¢ conditions relevant to chest radiographs and highlight both data-
centric and model-centrmettods to enhance classi cation performance. Finally, it covers the literature
capturing the perception of radiology professionals towards Al integration, to understand the practical
implications and acceptance of these technologies in clinical practice. This structured approach to study
background work aligned with the research questions, provides a clear and focused review of existing
literature and methodologies.

2.1 Articial Intelligence

Deep learning (DL), a sub eld of machine learning (ML), is a branch of arti cial intelligenceThe
simulation of humar intelligenctin mechine:which erable:therr to think ancacilike humansis referred

to as Arti cial Intelligence (Al).Al ercomnrpasse vatious tectniques some of which involve learring

from date prcvided such as mechine learring anc deey learring, while others may rely on rule-based

systems heurigics, or prede ned algcrithms that do not necessaiily learr from data p1].The learning of

an Al system is very much inspired by a human brain. By continuously experiencing similar situations the
Al systems learns the pattern and adapt to the &&aH]. In the past decade DL algorithms have shown

great contributions across various sectors. Thisinclude retail and E-commerce, deep neural networks have
enhanced the shopping experience by providing personalised product recommendations to the shopper,
helped in understanding the customers sentiments to improve the product o erings and enhanced the
ability to maintain the optimal inventory levels by accurately forecasting the dens&nd{].

Furthermore, DL has been used extensively in the eld of heath care. Such as early disease diagnosis
by detecting and grading diabetic retinopathy from retinal images and analyzing genomic data to predict
interactions between drugs and their biological targets. The DL based models bene t from vast amounts
of biological data to identify potential new drugs and understand genetic factors which in uence disease
and accelerate the drug discovery process for personalized medigjs8][ In addition to that, DL has
been extremely helpful for medical imaging application such as the diagnosis of Alzheimer and Parkinson
disease with neuroimaging using convolutional neural networks (CNNs), identifying spinal deformities
and measure parameters related to sagittal alignment which aids the diagnosis and monitoring of spinal
disorders and diagnosis of various diseases from the thoracic region by analyzing the chest radiographs
and computed tomography CT scans.
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2.2 Computer Vision

Computer vision comes under the broader eld of Al, focuses on enabling machines to interpret and
understand visual information from the world, similar to human vision. By utilizing algorithms and
models, computer vision allows systems to analyze and process images and videos to recognize patterns,
objects, and even behaviors. DL has signi cantly advanced the capabilities of computer vision through
the development of complex neural networks that can automatically learn and extract features from raw
visual data. One of the most in uential advancements in this domain is the CNN, which mimics the
human visual processing system by using multiple layers to progressively extract higher-level features
from input images. Architectures such as LeNet, AlexNet, VGG, ResNet, DenseNet and more recently,

E cientNet and Vision Transformers (ViTs), have revolutionized image classi cation, object detection,

and segmentation tasks. These state of the art architectures are pushing the boundaries of what computer
vision applications can achieve in various elds, from healthcare to autonomous driving cars.

2.2.1 Backbone Architectures

A backbone architecture refers to the foundational part of a model which is responsible for extracting
features from an image. It acts like the workhorse to analyze the inputimage and identify patterns, shapes,
and other visual components. Most of the famous backbone architectures are CNN based. The earlier
layers of the architectures extract the basic features such the vertical and horizontal edges while the later
part identify the more complex features such as the face of a dog in case of cat and dog classBgation [
Following are details of the popular backbcaichitectures.

2.2.1.1 LeNet

This is one of the earliest CNN based architecture. It has played a pivotal role in the evolution of
DL. Initially designed for handwritten digit recognition. The architecture consists a series of layers
that include convolutional layers, pooling layers, and fully connected layers. The typical LeNet-5
architecture includes two convolutional layers (C1 and C3), two subsampling layers (S2 and S4), and
three fully connected layers (C5, F6, and the output layg}r)Before the oulput layer it errploys "Gaus-

siar cornections”, paiticularly in the way corvalutional layers anc fully cornectec layers are structured
ancinitialized Theterm "Gaussiar cornections' car be patticularly aftributec to the weightinitializetion

straegy where weights are drawr from a Gaussiar (normal) distribution. This initialization is important

for brealing symrmetry anc erablinc el cieni learring during the trairing prccess. Figur@.1shows the

details of this architecture.

Figure 2.1: Diagram of the LeNet architecture. This diagram is taken f8m [

The signi cance of LeNet lies in its pioneering use of convolutional layers, which are now a
fundamental component of modern DL models. These layers are designed to automatically and adaptively
learn spatial hierarchies of features from input images and reduces the need for manual feature extraction.
By combining convolutional and subsampling layers, LeNet captures spatial relationships and patterns in
image data. This design not only enhanced the accuracy of image classi cation tasks but also in uenced
the architecture of subsequent models like AlexNet, VGG, and ResNet. The input image, say 32x32
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pixels, rstprocessed through the C1 layer, which applies six convolutional lters, each produces a 28x28
feature map. The S2 layer then performs average pooling to reduce the feature maps to 14x14. This
process gets repeated in the C3 and S4 layers which further extracts and condense features. In the nal
stages, the C5 layer applies 120 convolutional Iters followed by the F6 fully connected layer with 84
neurons. This brings to the output layer which classi es the input image into one of the ten digits (0-9).
This ow of data through the network enables LeNet to learn and recognize complex patterns in images
and makes it a cornerstone in the eld of computer vision.

2.2.1.2 AlexNet

AlexNet was designed to tackle the ImageNet Large Scale Visual Recognition Challenge (ILSVRC),
and its success popularized the use of deep CNNSs for image classi cation tasks. It was build upon
LeNet's foundation and pushes the boundaries of depth, Iter size strategies, and training techniques.
The architecture consists of eight layers, which includes ve convolutional layers followed by three fully
connected layers. The network also introduced the use of Recti ed Linear Unit (ReLU) activations, the
dropout layer for regularization, and the data augmentation technigues to improve the models performance
and generalization ability4]. It achieved state of the art performance in ILSVRC competition and
encouraged further research and development in DL.

Figure 2.2: Diagram of the AlexNet architecture. This diagram is taken fdm [

The working mechanism of AlexNet can be understood through its architecture diagram shown in
Figure2.2 The inputto the network is a 224x224 RGB image, which rst goes through the convolutional
layer with 96 Iters of size 11x11 with a stride of 4. This produce feature maps of reduced spatial
dimensions. This is followed by a max-pooling layer that further reduces the spatial size. This process
is repeated with various lter sizes and depths in the subsequent convolutional layers to capture complex
features at a later stage of the model. After the convolutional layers, the output is attened and passed
through three fully connected layers. The rst two fully connected layers contain 4096 neurons each and
use dropout for regularization. Finally, using the softmax activation in the last layer output probabilities
for the 1000 classes of the ImageNet dataset. This approach allows AlexNet to learn hierarchical
representations of the input data which makes it highly e ective for image classi cation tasks.

2.2.1.3 VGG16

Unlike its predecessors, VGG focused on the impact of depth on a network's performance. It consists
of 16 convolutional layers which is signi cantly deeper as compared to LeNet and AlexNet. This
increased depth allowed VGG16 to learn more complex features from images. It stacked many 3x3
convolutional layers with small Iter sizes one after another to achieve a similar e ect compared larger
Iters and maintained the computational e ciency. It also employed RelLU activation functions after
each convolutional layer to introduce non-linearity which improves the network's ability to learn complex
patterns 25]. It achieved state-of-the-art performance on image classi cation tasks. However, the depth
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