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Abstract

Millions of fatalities worldwide are attributed to coronary artery disease (CAD), which

is caused by arterial stenosis. X-ray coronary angiography (XCA) remains the primary

clinical method for diagnosing stenosis, yet manual reading is slow, subjective, and prone

to inconsistency between observers. These practical shortcomings have motivated a push

toward automated segmentation tools that can deliver consistent, reproducible assess-

ments.

evaluations. Ten deep learning architectures for stenosis segmentation in 2D XCA

images are thoroughly compared in this thesis, including two Transformer-based mod-

els (SegFormer MiT-B0 and MiT-B3) and eight CNN-based backbones (MobileNetV2,

ResNet18/34/50/101, DenseNet121/201, ResNeXt50, and EfficientNetB3).

To guarantee a fair comparison, all models were trained using same preprocessing,

augmentation, and training techniques using the publicly accessible ARCADE dataset.

To solve the extreme class imbalance, a combination of Dice and Focal loss was used,

and robustness was increased by using considerable data augmentation. The Dice Score

Coefficient (DSC), Intersection over Union (IoU), sensitivity, specificity, and a bespoke ef-

ficiency score were used to assess performance. With a DSC of 0.632 and an IoU of 0.462,

SegFormer MiT-B3 outperformed ResNet101, the strongest CNN baseline, to earn the

best overall performance. MiT-B3 generated more continuous and anatomically coherent

vessel borders, especially in faint or complex locations, according to qualitative anal-

ysis.Additionally, lightweight models such as MiT-B0 and MobileNetV2 demonstrated

strong accuracy relative to their parameter counts, highlighting their suitability for real-

time or resource-constrained clinical settings.

Overall, the results of the research show that the models used in the research for

the segmentation of stenosis have a specific architectural benefit, which is based on the

ability of the models to capture long-range relationships. The limitation of the research

is based on the fact that the research is based on a single database, the use of static 2D

images, and the lack of measurement of the severity of the stenosis, despite the positive

results. For the development of more comprehensive clinical decision support systems, the

research should be extended to include the measurement of the stenosis, the exploration

of spatiotemporal models, and the use of multiple databases.
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1. Introduction

1.1. Background of the Study

1.1.1. Coronary Artery Disease (CAD) as a Major Health Issue

It develops when fatty plaque gradually accumulates along the inner walls of the coronary

arteries, progressively narrowing the vessel lumen and restricting blood flow to the heart

muscle. Left unchecked, this process substantially raises the risk of acute cardiac events.

The disease carries an enormous global burden in terms of both death and long-term

disability.

1.1.2. Role of X-ray Coronary Angiography (XCA) in Diagnosis

X-ray XCA is the primary method used to identify CAD and its severity. Angiograms are

real-time pictures of the coronary arteries created by X-rays when a contrasting substance

is injected into the arteries. These pictures provide a close-up view of the blood vessels,

which aids in identifying whether stenosis is present. The visual evaluation of XCA

pictures by radiologists and cardiologists has long been considered the gold standard [1]

in CAD therapy decision-making.

1.2. Motivation

1.2.1. Challenges of Manual Stenosis Analysis

In spite of its importance in the diagnostic procedure, the conventional methodology of

manual analysis of the XCA image suffers from various limitations. The most important

limitations are that the procedure of interpretation is often time consuming and requires

careful examination by highly skilled experts [2, 3].

1.2.2. Need for Automated Diagnostic Tools

These challenges of time consumption and variability in diagnosis emphasize the need to

develop efficient tools for the automation of diagnosis [4]. This would be very helpful for

doctors as an aid to provide an objective, consistent, and quick method for segmenting

stenosis. It will also help medical experts diagnose diseases for patients all over the world.
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1.3. Scope of the Study

The scope of this thesis is in a controlled environment where deep learning models are

applied for a specific task which is segmenting the stenosis from 2D X-ray Coronary

Angiography (XCA) images.

The research has these following boundaries:

• Models: The research is based on total 10 models where eight of them are con-

volutional neural networks and two vision transformer models which is Segformer

with MiT B0 and MiT-B3 as backbones.

• Dataset:The whole research was conducted on the publicly available ARCADE

dataset [2]. On this dataset training,validation,testing and all the other experiments

were done. No private dataset were used in this research.

• Task Focus: Our task is only focused on stenosis segmentation where only the

stenotic region is used. The research does not include other tasks like classification

or coronary vessel segmentation.

• Protocol: The comparison is conducted under the same, standardized evaluation

protocol [5] without the application of any external or different optimization meth-

ods for the individual models.

• Deployment: Although efficiency indicators are included in the study, the thesis

does not address the creation or verification of a clinical deployment system that is

ready for production [4].

1.4. Research Questions

This thesis aims to address the following core research questions:

1. Performance Comparison: When compared using the same standardized proto-

col [5], does the Vision Transformer (ViT) architecture, specifically SegFormer with

the MiT backbone, show a statistically significant performance advantage in stenosis

segmentation (as measured by DSC and IoU) over the Convolutional Neural Network

(CNN) architectures tested?

2. Robustness and Morphology Modeling: How do the results of qualitative seg-

mentation and the error patterns of the ViT and CNN models compare, especially

with respect to dealing with the complex, small, and variable morphology of coronary

stenosis in XCA images?

3. Efficiency for Clinical Viability: Which of the assessed deep learning models (ViT

or CNN) is the best option for integration into a real-time clinical assistance system

12



[4] since it provides the best balance between high segmentation performance and

computational efficiency (i.e., low parameter count)?

4. Architectural Guideline: What architecture of which model will perform better in

this controlled environment study and what guidelines can be drawn from that which

will be useful for future research on automated coronary artery disease detection ?

1.5. Research Objectives

1.5.1. Primary Objective

The main goal of this research is stenosis segmentation in XCA images and create a

comparison of performance between conventional Convolutional Neural Network(CNN)

architectures and modern Vision Transformer (ViT) model architectures. For a fair com-

parison all models were trained and tested under same experimental environement.

1.5.2. Secondary Objectives

Analyzing the trade-off between computational efficiency and model performance is a

secondary goal. This will be accomplished by comparing the segmentation accuracy of

each design to the total number of parameters, offering useful information for choosing

models that may be used in clinical settings with limited resources [4].

1.6. Contributions of the Thesis

1.6.1. Evaluation of Deep Learning Model Performance

The prime motivation of this thesis is to tackle a crucial challenge in the automated

segmentation of stenosis in images, which is that despite the immense progress in deep

learning research, there is no clear, consistent, or standardized assessment of model per-

formance on this specific task in medical imaging. The current state of research on this

topic involves testing different models on various training settings, datasets, or prepro-

cessing pipelines, which makes it very challenging to arrive at any conclusive findings

about the performance of different architectures on this task. Consequently, there is a

lack of a standardized reference for choosing the right standardized reference for selecting

appropriate.

To tackle this challenge, the first contribution of this thesis is the systematic and

controlled assessment of a wide range of deep learning architectures. The objective of

this thesis is not only to compare CNNs and Vision Transformers but to systematically

evaluate the performance of different families of architectures when exposed to the same

dataset, the same training conditions, the same loss functions, and the same assessment

metrics.
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Performance was evaluated across several dimensions sensitivity, specificity [6], ro-

bustness under noisy conditions, and computational efficiency with the aim of building a

picture that goes beyond surface-level accuracy metrics. Taken together, these measures

offer a more grounded basis for understanding how deep learning models actually hold

up when applied to something as clinically demanding as coronary stenosis segmentation,

where the margin for error is narrow and the variability in presentation is considerable.

The direct comparison across models is, arguably, where this work becomes most useful:

rather than advocating for a single architecture, it surfaces what different approaches can

and cannot do when the task is identifying and delineating stenotic regions.

1.6.2. Comparative Analysis of CNNs and ViTs

The research addresses the most important gap in the existing system of medical image

segmentaion by doing a direct comparison of the most popular deep learning models of

medical image segmentation which are CNNs and ViTs. Even though a lot of studies have

been conducted on each of these models individually, few have compared them directly

in a controlled study. As a result, there exist no current sound grounds in the literature

to determine the more generally adapted model family to the task of coronary stenosis

segmentation in X ray angiography.

In order to fill this gap, this research compares eight of the most prominent CNN

models with two of the most popular SegFormer Transformer models. All these models

are trained and evaluated on the same publicly available ARCADE dataset [2] with

the same preprocessing, data augmentation techniques used [7], and with the same loss

functions, optimization algorithms, and criteria applied all of them is the same [6]. In

doing so, this study rules out confounding factors like variation in the training process,

varied hyperparameters or varied data partitions [5] which do not affect the findings in

any way other than that which is induced by the models themselves.

This research made a clear statement by addressing the pros and cons of each archi-

tectures through typical evaluation process. The findings show that in both qualitative

and quantitative evaluations, Transformer-based models in particular, the MiT-B3 model

perform better than CNNs. In addition to determining the modeling prowess of CNNs

and ViTs, the comparative analysis of these two paradigms aids researchers, practition-

ers, and physicians in making evidence-based choices regarding the best architecture for

stenosis segmentation.

1.6.3. Efficiency Analysis for Clinical Deployment

In addition to segmentation accuracy, there are also requirements of computational ef-

ficiency, memory, and near-real-time capability, as mentioned in [4]. In other words, it

is not always possible to deploy models with high accuracy, especially in a clinical envi-

ronment, as there are strict requirements of computational power. It is good to consider

computational efficiency as a key aspect of medical image segmentation models. In light
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of this, a separate section of efficiency analysis is included in the thesis, as it is essential

to consider each model’s efficiency for deployment-oriented scenarios.

To determine each model’s efficiency, a separate efficiency score is introduced, based

on a balance between segmentation accuracy and total model parameters. Using this

approach, it is possible to compare the efficiency of heavy models like those based on the

Transformer architecture with those based on CNN, as mentioned in [8]. Even though

the highest accuracy was achieved by the MiT-B3 model, models like MiT-B0 and Mo-

bileNetV2 were found to have much higher efficiency, with a fraction of the parameters.

This Research gives a clear understanding of the accuracy of models and it also tells

if the model is suitable to deploy in normal clinical hardware where high end devices is

unavailable. This research opens up interesting directions for future research which par-

ticularly around model compression, lightweight architectures, and building deep learn-

ing systems that are actually practical to deploy. Beyond the immediate comparison,

the findings feed into a larger conversation about what it would actually take to deploy

computer-assisted diagnostic tools in real clinical environments where accuracy alone is

rarely enough. Identifying which models manage to be both precise and computationally

tractable is, in that sense, as practically significant as the performance results themselves.

1.7. Thesis Organization

The rest of thesis is organized as follows:

• Chapter 2 covers clinical state of CAD, how deep learning models are used in

medical image segmentation, and a detailed test of CNN and Vision Transformer

architectures in a thorough assessment.

• Chapter 3 describes the dataset that has been used in this research.

• Chapter 4 explains all of the processes, model architectures, experiment setup,

evaluation metrics and loss functions

• Chapter 5 presents and evaluates the experimental findings, including discussion,

efficiency analysis, and comparisons of both quantitative and qualitative data.

• Chapter 6 summarizes the main conclusions, talks about the limits, and suggests

areas for further research to wrap up the thesis.
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2. Literature Review

This chapter discusses the interdisciplinary body of knowledge that provides a basis for

this thesis. The chapter begins with a discussion that justifies the clinical importance

of coronary artery stenosis, its pathophysiology, and the traditional diagnostic imaging

modalities used to detect it. The chapter then proceeds to discuss the knowledge in

the computational domain, where a detailed analysis of the two most prominent deep

learning frameworks for image segmentation is presented. These two frameworks are

CNNs and ViTs. A detailed examination of these two foundational frameworks is used

to meticulously present how the evolution of these frameworks is a reflection of two

prominent philosophies that have been in constant competition. Finally, this chapter

presents a synthesis of these two domains by discussing the state-of-the-art in automated

stenosis segmentation, which provides a precise basis for identifying a gap that thesis

seeks to fix.

2.1. Fundamentals of Coronary Stenosis

2.1.1. Pathophysiology of Plaque Buildup

A cardiovascular disease termed CAD is the result of the gradual buildup of plaques in the

walls of the coronary artery. This results in the ”stenosis” of the coronary artery, or the

narrowing of the lumen of the coronary artery. The reduced blood flow to the myocardial

or the heart muscle is termed ”ischemia.” CAD can range from mild conditions such as

”angina” and ”fatigue” to life-threatening myocardial infarction. The reduced blood flow

to the myocardium or the heart muscle brings about a number of symptoms.

CAD has a massive health impact on the world. The collective causes of death are

cardiovascular diseases (CVDs) that are the major cause of death in the whole globe.

As of 2021, an estimated 20.5 million deaths are caused by CVDs worldwide [9] with

CAD alone causing an estimated 9 million of these deaths. This death toll does not exist

in high-income countries alone; more than three-quarters of all deaths associated with

CVDs are in low- and middle-income countries. This straightforward and direct cause-

effect chain, including the accumulation of plaque to stenosis, and stenosis to CAD, the

largest killer of the world, indicates the paramount significance of proper, timely, and

dependable diagnosis of stenosis to successfully manage the patient.
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2.1.2. Diagnostic Imaging Modalities

In view of the severity of CAD, its diagnosis is a cornerstone of clinical cardiology. CAD

diagnosis is heavily dependent upon advanced medical imaging techniques to visualize

the coronary arteries and measure the severity of stenosis. Two main medical imaging

modalities are employed for this purpose: X-ray XCA and CCTA. XCA, or catheteriza-

tion, is an invasive procedure in which a catheter is passed into the coronary arteries and

a contrasting dye is injected. The image obtained from the X-ray is a high-resolution, 2D

image of the vessel lumen and is ”considered the gold standard” [1] for the assessment of

stenosis. However, the standard clinical assessment of the XCA images using the manual

approach is riddled with challenges. The manual assessment of the XCA images is a

laborious task and, more importantly, ”considerable interobserver variability” [2, 3] is an

inherent problem with the standard manual assessment approach. Different cardiologists,

or the same cardiologist on different occasions, may have different opinions on the pres-

ence or absence of a lesion in the coronary arteries. Thus, there is an urgent need for

the development of an efficient and reliable diagnostic tool for the standardization of the

manual assessment approach.

To facilitate the development of such automated tools, standardized benchmark datasets

are essential. A key resource in this domain, and the one utilized in this thesis, is the

ARCADE dataset. [2]. This is a publicly available resource composed of XCA images

with corresponding ground-truth annotations, specifically curated to ”facilitate the de-

velopment and benchmarking of automated segmentation models”.

In contrast to the invasive XCA, CCTA is a non-invasive imaging modality that uses

computed tomography to generate detailed 3D volumetric reconstructions of the heart

and coronary arteries [10]. Deep learning has also been extensively applied to CCTA

data.

For example, Gupta et al. [11] created a deep learning model to detect the stenosis on

CCTA scans. They have used EfficientNet and ResNet in their study and it showed great

results. They achieved an Area Under the Curve for Receiver Operating Characteristic

(AUROC) of up to 0.95 for detecting moderate to severe stenosis [12].

Automating the XCA analysis is currently very challenging .Automated CCTA anal-

ysis is currently the active field of research but XCA is still facing challenges. The 2D

projection nature of XCA is a huge challenge along with vessel overlap and image artifacts

which introduces new set of problems. This research is within the sub field of XCA based

analysis which addresses the central clinical challenge. The challenge is ”interobserver

variability” inherent in the manual interpretation of this diagnostic procedure.

2.2. Deep Learning for Medical Image Segmentation

To address these challenges,CNNs have been recognized as the dominant technology in

solving the problems related to automated medical image analysis [13]. ”CNNs are now
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recognized as a fundamental technology in solving a variety of problems in image analysis,

following their revolutionary success [14].”

The strength behind CNNs is based on their ”inherent architectural design, which

allows CNNs to naturally integrate low/mid/high-level features,” enabling a hierarchical

representation of an image, ”learning simple features like edges, textures, etc., in earlier

layers, and complex, abstract features like objects, scenes, actions, etc., in later layers.”

This is extremely beneficial when it comes to image segmentation, as it is necessary to

”identify complex structures like organs, tumors, or, in our case, blood vessels.”

However, as scientists started to construct more complex networks to tackle more

complex tasks, they faced a serious issue known as the “degradation problem”. Contrary

to expectations, adding more layers to a network led to the network’s accuracy saturating

and then dropping dramatically, resulting in a higher training error than its shallow

counterpart. This was not due to overfitting [15], but rather the difficulty of optimizing

such deep non-linear systems. The answer to this fundamental problem, proposed by He

et al. [16], marked the start of the modern era of deep CNNs.

2.3. State-of-the-Art in Automated Stenosis Segmentation

This section summarizes all the reviews from general purpose model architectures to

architectures which are only made to automate the task of stenosis segmentation. This

sets the stage and gives us a clear performance baseline to measure the work in this thesis

against.

2.3.1. Existing Methods and Models

For this specific task, ARCADE challenge is the central benchmark. This allowed the

development of multiple high performing specialized models. A good example is StenUNet

which is introduced by Lin et al. [17]. This model is a specialized architecture based on

the highly successful UNet [18] framework, which is a gold standard for medical image

segmentation. StenUNet was designed specifically for ”automatic stenosis detection from

X-ray coronary angiography” and was a top-performing entry in the ARCADE challenge,

achieving an F1-score (equivalent to the Dice Score Coefficient, or DSC) of 0.5348.

Another leading solution from the same challenge is the SSASS framework by Lee et

al. [19]. This work introduced a ”Semi-Supervised Approach for Stenosis Segmentation”.

This represents a significant methodological contribution, as semi-supervised learning is

highly valuable in the medical domain where acquiring large-scale, pixel-perfect annota-

tions is a major bottleneck. The SSASS framework achieved a slightly higher F1-score

of 0.536. Together, StenUNet and SSASS establish a strong performance baseline of

approximately 0.536 DSC for specialized models on this public dataset.

More recently, the state-of-the-art has been advanced by the introduction of new ar-

chitectural paradigms. Rostami et al. [20] explored the use of Mamba models for this

18



task. Mamba is a novel sequence model based on a State Space Model (SSM) architec-

ture, which has been shown to ”surpass transformers in terms of linear computational

complexity”. By integrating Mamba blocks into a U-Net-style architecture (termed ”U-

Mamba”), this work set the current state-of-the-art performance. The ”U-Mamba BOT”

model achieved a top F1-score of 0.6879, establishing the new performance ceiling for this

task.

This review of the state-of-the-art (SOTA) is crucial for contextualizing the contribu-

tion of this thesis. The best-performing model in this work, SegFormer-MiT-B3, achieved

a DSC of 0.632. While this is not superior to the current Mamba-based SOTA, it is a

dramatic improvement over the high-performing specialized challenge benchmarks like

StenUNet and SSASS (0.632 vs. 0.536). This demonstrates that the general-purpose,

Transformer-based SegFormer is significantly more effective than specialized CNN-based

approaches, a key scientific finding.

2.3.2. Identified Research Gap

What this literature review has tried to do, above all else, is trace a path from a real

clinical problem to the architectures that have been proposed to solve it and in doing

so, surface where the existing research falls short. That gap is not incidental. It is, in a

sense, the entire reason this thesis exists. The architectural variety that emerged from

the review is striking, and not always in a reassuring way. ResNet pursues depth as its

primary strategy; ResNeXt introduces cardinality as a structural alternative; DenseNet

takes aggressive feature reuse to its logical extreme; MobileNetV2 trades some represen-

tational capacity for efficiency; and EfficientNet attempts a principled scaling of all three

dimensions at once. Then there is SegFormer, which represents a fundamentally different

computational paradigm one built on attention mechanisms rather than local convolu-

tion. Each of these reflects a different hypothesis about what matters most in visual

recognition tasks. The problem is that for stenosis segmentation specifically, no one has

tested those hypotheses against each other in any systematic way. That is where the liter-

ature becomes genuinely frustrating. Most of these architectures have been evaluated in

isolation, or under experimental conditions that differ enough to make cross-study com-

parison unreliable. Application-specific models have been built, some of them performing

well on narrow benchmarks, but the underlying question which backbone actually gen-

eralises best to this task has been left largely unanswered. A researcher trying to make

an informed architectural decision today has no fair comparison to draw on. It is a sur-

prisingly basic gap for a field that has produced this much work. This thesis addresses

it directly. There is, to the best of this review’s knowledge, no existing study that places

these CNN backbones alongside SegFormer on the same stenosis segmentation task, with

identical data, preprocessing, and evaluation criteria [5]. The goal is not to claim a new

state-of-the-art result that framing tends to obscure more than it reveals but to produce

a standardised, reproducible benchmark that gives the field something it can actually use

19



[5]. Whether a ResNet from 2015 remains competitive, or whether Transformer-based

global context modelling makes a meaningful practical difference, are questions worth

answering properly. This thesis attempts to do that.
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3. Dataset

3.1. ARCADE Dataset Description

The ARCADE (Automatic Region-based Coronary Artery Disease Diagnostics utilizing

X-ray Angiography pictures) dataset [2] is a public dataset for coronary artery analy-

sis which was used in this research. This dataset contains collection of grayscale X-ray

Coronary Angiography (XCA) images which are important for training for CAD diagno-

sis. Semantic segmentation [13] of coronary artery stenosis regions is the main goal for

which this dataset was utilized in the current study. Two main directories, ”Syntax” and

”Stenosis,” comprise the dataset; only the ”Stenosis” directory was used for this study

because it includes the pertinent images and masks for the segmentation task.

3.2. Image Specifications and Annotations

The images in the ARCADE dataset are all in the Portable Network Graphics format

(.png) and they all maintain uniform resolution of 512×512 pixel. The associated ground

truth annotations for stenosis segmentation are provided following the Common Objects

in Context (COCO) format [21]. From these annotations, binary ground truth masks

[22] were created. The ARCADE dataset pictures are very consistent. The ground

truth annotations for the ARCADE dataset are important, for stenosis segmentation. In

these masks, pixels that represent the coronary artery are given an intensity value of 255

(white), whereas all background pixels are assigned a value of 0 (black). This binary

format works especially well when training and evaluating segmentation models.

3.3. Data Distribution

The ARCADE dataset is designed in that way so machine learning models will learn

from pre specified training, validation and test sets [5]. This also makes it easier to build

machine learning models and reproduce research findings down the line.

Dataset Partition Composition

The image and corresponding mask pairs are divided into three subsets:
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Table 3.1: Image-Mask Pairs Stenosis
Subset Pairs Percentage Primary Pur-

pose
Training Set 1,000 66.7% Model learning

and parameter
optimization

Validation Set 300 20.0% Hyperparameter
tuning and
overfitting mon-
itoring [15]

Test Set 200 13.3% Final unbiased
performance
evaluation [5]

Total 1,500

Purpose and Rationale

Each subset plays a specific role in the machine learning pipeline:

• Training Set (1,000 pairs): The train set is the biggest set of the data collection

and it is mainly used when the model is training or learning. The model will search

trends and characteristics in these training set data and model will continously

updates its internal parameters which are weights and biases. To make sure that

the model can learn the actual job which is stenosis segmentation , a large data

collection is needed.

• Validation Set (300 pairs): This portion of the data essentially stands in for

all the real-world data the model never gets to see during training. It is utilized

after each training epoch, or at a specified interval, to check the performance of the

model. The main functions of this group of data are:

1. Hyperparameter Tuning: Controlling the choice of training methods and

model architecture parameters (such as learning rate and network depth).

2. Overfitting Monitoring: Identifying the point at which the performance of

the model on training set continues to doing better, but performance of the

model on validation set starts to degrade, which means the model has begun

to memorize noise instead of learning meaningful features [15].

3. Model Selection: Choosing the best-performing model checkpoint across the

training run.

• Test Set (200 pairs): This subset is reserved and only used once after the model

has been completely trained and all decisions about hyperparameters are made. It

is a final, unbiased measure of how the model will actually perform on its own in

terms of segmentation [5].
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4. Method

4.1. Data Preparation

4.1.1. Ground Truth Mask Generation

The original segmentation labels are available in JSON format, where the labels are in

the form of polygonal coordinates that describe the boundary of the coronary arteries.

To use these segmentation labels, a custom script has been developed that can read these

JSON files and fill the polygons, thus creating a 512x512 pixel binary segmentation mask

[22] where pixels corresponding to the arteries are white (255) and pixels corresponding

to the background are black (0). Fig. 4.1 shows an image from the dataset and its

corresponding segmentation mask.

Figure 4.1: Annotated Mask

4.1.2. Data Cleaning

The training set of 1000 images data is verified before starting the actual training. This

ensured the integrity of the dataset. From this verification we found out that there are

two duplicate images which is redundant. Also three images do not have any JSON

annotation files. So, those images were useless for supervised learning. We filtered out

the dataset like this and finally we had the training set consisted of 995 image and their

corresponding mask.
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4.1.3. Data Augmentation Techniques

The training set is small so we applied a thorough data augmentation process [7, 23] to

the training set. We used the Albumentations library [24] for that. It ensured decreased

overfitting [15] and it made the models capacity for learning better. This process had

multiple transformations:

• Geometric Transforms: This process makes horizontal flipping, shifting, scaling

and rotation of images up to 15 degrees.[23].

• Non-linear Deformations: To simulate tissue like variations, elastic and grid

distortions were applied

• Intensity Variations: Gaussian noise, random adjustments to brightness, con-

trast, and gamma values were applied.

No image augmentation were applied to validation and test sets as we want an objec-

tive assessment of the final models. Augmentation applied on a sample image is showed

Fig. 4.3.

Figure 4.2: Data augmentation techniques examples

4.2. Model Architectures

We have chosen the models based on wide range of architectural differences, complexities

and parameter counts. This made sure the thorough comparison between two dominant

approach in segmentation task in computer vision which are CNN and ViT.
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4.2.1. Key CNN Architectures

CNN architectures shined through 2015 to 2019 where there was a strong debate over

how to build the most effective networks for higher performance. This Research mainly

evaluated five of the most key and philosophically distinct architectures from that era.

1. ResNet (Deep Residual Learning)

He et al. [16] provided a direct solution ResNet introduced in 2015. The main innovation

was ”Deep Residual Learning.” Instead of forcing a stack of layers to learn a desired

underlying mapping H(x), the framework reformulates the layers to learn a residual

mapping defined as:

F (x) = H(x)− x (1)

The original mapping is then recast as:

H(x) = F (x) + x (2)

This is implemented via ”shortcut” or ”skip connections” [25] that bypass one or more

layers, performing an identity mapping that is added element-wise to the output of the

stacked layers.

Explanation of terms:

• x: Input to the residual block.

• H(x): Original desired mapping the network would traditionally attempt to learn.

• F (x): Residual function learned by the block.

• F (x) + x: Final output after combining residual and identity mapping.

The hypothesis, which proved correct, was that it is far easier to optimize the residual

F (x) than the original H(x). In the extreme case where an identity mapping is optimal

(H(x) = x), the network can simply learn to push the residual F (x) to zero, a trivial task.

This breakthrough allowed for the effective training of networks that were ”substantially

deeper” than any previous models, such as the 152-layer ResNet, which was 8x deeper

than VGG [26] but had lower complexity [16]. This ”depth-centric” philosophy became

the new standard and is represented in this thesis by the ResNet18, ResNet34, ResNet50,

and ResNet101 models.

2. ResNeXt (Aggregated Residual Transformations)

In 2016, Xie et al. [27] proposed an evolution of the ResNet philosophy. Their archi-

tecture, ResNeXt, introduced a new dimension of network design called ”cardinality”.

ResNeXt is based on ”aggregated residual transformations,” which employs a ”split-

transform-merge” strategy. A network block is split into multiple (e.g., 32) parallel,

low-dimensional transformation paths, each represented mathematically as Ti(x). The

aggregated output is:
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F (x) =
C∑
i=1

Ti(x) (3)

where C denotes cardinality.

The block output is then:

y = F (x) + x (4)

Explanation of terms:

• C: Cardinality, number of parallel transformation paths.

• Ti(x): Transformation applied by the ith branch.

• F (x): Aggregated residual output.

• y: Block output after adding identity.

The authors demonstrated that increasing cardinality was a more effective and efficient

way to gain accuracy than increasing depth or width. For instance, a 101-layer ResNeXt

achieved superior accuracy to a 200-layer ResNet while having only 50% of the computa-

tional complexity. This ”parallelism-centric” philosophy represents a direct competitor to

ResNet’s depth-focused design and is evaluated in this thesis via the ResNeXt-50 model.

3. DenseNet (Densely Connected Convolutional Networks)

Also in 2016, Huang et al. [28] proposed taking the concept of shortcut connections to

its logical extreme. In an L-layer block, this creates:

L(L+ 1)

2
(5)

direct connections.

Each layer receives the concatenation of all features from previous layers:

xl = Hl([x0, x1, . . . , xl−1]) (6)

Explanation of terms:

• xl: Output of the lth layer.

• [x0, x1, . . . , xl−1]: Concatenation of all previous feature maps.

• Hl(·): Transformation applied at layer l.

DenseNet alleviates the vanishing-gradient problem [29], strengthens feature propa-

gation, and encourages explicit feature reuse. In our research, DenseNet201 achieved

the highest sensitivity which proves this property of DenseNet201. From this study it is

proven that DenseNet201 excels at identifying faint stenotic structures .
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4. MobileNetV2 (Inverted Residuals and Linear Bottlenecks)

Resource constrained environments often struggles with various architectures and some-

times fails to achieve high performance due to their resource limitation. Sandler et al. [30]

introduced MobileNetv2 in 2018 which is a lightweight model that will work in resource

constrained environments like mobile devices and it will deliver high performance.

MobileNetv2 works in these sequence of operations:

xexp = PWexp(x) (7)

xdw = DW (xexp) (8)

xproj = PWlin(xdw) (9)

When shapes match, a shortcut connection is added:

y = x+ xproj (10)

Explanation of terms:

• PWexp: 1×1 pointwise expansion convolution.

• DW : Depthwise convolution [31].

• PWlin: Linear 1×1 projection convolution.

• xproj: Compressed bottleneck output.

This architecture avoids nonlinear activations in low-dimensional bottlenecks, prevent-

ing information loss. This model has efficiency centric philosophy which is well suited for

real time clinical deployment [4].

5. EfficientNet (Rethinking Model Scaling)

Tan and Le [8] addressed the network design problem in a different way in 2019. Their

idea was that the best performance comes from scaling depth, width, and resolution

together using a single compound coefficient ϕ:

d = αϕ, w = βϕ, r = γϕ (11)

subject to:

α · β2 · γ2 ≈ 2 (12)

Explanation of terms:

• d: Network depth.
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• w: Network width.

• r: Input resolution.

• ϕ: Compound scaling coefficient.

• α, β, γ: Scaling constants determined via grid search.

This process produced the EfficientNet family (B0-B7). Those models achieved state-

of-the-art results also they were smaller and faster models than current competing models.

It represented the pinnacle of CNN design.

The summary of those five competing models are presented in Table 4.1. These

comparison presents a great debate to find the optimal path to improve the performance

of CNN architectures.

Table 4.1: Summary of Foundational CNN Encoder Architectures and Philosophies
Architecture
(Citation)

Core Innovation Key Philosophy / Contribution

ResNet [16] Residual Learning (Skip
Connections) [25]

Solved the degradation problem, en-
abling extreme depth (e.g., 100+ lay-
ers) to become the standard.

ResNeXt [27] ”Cardinality” (Aggregated
Transformations)

Argued that scaling parallel paths
(”cardinality”) is more effective than
scaling depth or width alone.

DenseNet [28] Dense Connectivity (Fea-
ture Concatenation)

Maximized information flow and fea-
ture reuse by connecting every layer,
leading to high parameter efficiency.

MobileNetV2
[30]

Inverted Residuals & Linear
Bottlenecks

Designed for computational efficiency
(low-latency) using lightweight depth-
wise convolutions [31].

EfficientNet [8] Compound Scaling Provided a principled method for scal-
ing a network, proving that balancing
depth, width, and resolution is key.

4.3. Vision Transformers (ViTs)

The second biggest approach in deep learning is for computer vision is the Vision Trans-

former (ViT).The details of architecture and its mechanism discuseed. Also it will outline

the specific adaptation for semantic segmentation.

4.3.1. Transformer Architecture and Self-Attention Mechanism

The transformer architecture was introduced first in the Natural Language Processing

(NLP) field. In that field it became the state-of-the-art for sequence-modeling tasks [32].

The main power of this architecture is the ”self-attention mechanism” which provides a

new way for model data dependencies.

28



The self attention mechanism represents a new principle which is totally different from

the core principle of CNN architectures. A CNN operates on a fixed, local receptive field

[33] (e.g., a 3x3 kernel). CNN progressivly stacks local operations and builds a global

understanding of the whole image. Self attention works very differently. It has a global

and dynamic receptive field right from the start. When it processes a single element,

whether that is a token in language or a patch of pixels in an image, it looks at every

other element in the sequence at the same time. It then learns a set of weights that tell

the model how important each of those other elements is for understanding the current

one.

The idea that this research puts to the test is that this built in ability to capture

long range, global dependencies [34] should make Transformers a better fit for tasks

that involve complex structures spread across the image. For the segmentation coronary

artery, a CNN must stack many layers to connect one end of a long, curvilinear vessel to

the other. A Transformer, however, can ”model the entire curvilinear structure of a blood

vessel” from the outset, potentially leading to more coherent and robust segmentations.

4.3.2. Adaptation for Computer Vision Tasks

The initial adaptation of the Transformer to computer vision, in the seminal ViT model

[35], involved dividing an input image into a grid of non-overlapping patches (e.g., 16x16

pixels). These patches are ”flattened” into vectors and fed to the Transformer as a

sequence of tokens, analogous to words in a sentence.

While highly successful for image-level classification, this standard ViT adaptation

is fundamentally ill-suited for dense, pixel-level segmentation. The standard ViT archi-

tecture processes the entire sequence of patches and outputs a single feature map at a

very low resolution. This is sufficient for assigning one label to the entire image, but it

discards the high-resolution spatial information required to assign a label to every pixel,

which is the definition of segmentation [13].

4.3.3. SegFormer and MiT Backbone Overview

To overcome this limitation, Xie et al. [36] introduced SegFormer, a ”simple and efficient

design for semantic segmentation with Transformers”. The SegFormer architecture, which

is the Transformer model evaluated in this thesis, was purpose-built to solve the problem

of adapting Transformers for dense prediction tasks. It consists of two key innovations:

a hierarchical encoder and a lightweight decoder.

1. The Mix Transformer (MiT) Encoder: The core of SegFormer is its novel

”hierarchical Transformer encoder,” named the ”Mix Transformer” (MiT). This encoder

is explicitly designed to solve the single-scale problem of the standard ViT.

Hierarchical Features: The MiT encoder mimics the behavior of a CNN by producing

”CNN-like multi-level features”. Using a process of patch merging, it outputs a pyramid

of multi-scale feature maps at 1/4, 1/8, 1/16, and 1/32 of the original image resolution.
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This is the critical adaptation that makes it a powerful backbone for segmentation.

Efficiency: The design is also highly efficient. It uses fine-grained 4x4 patches for

high-resolution detail and is ”positional-encoding-free”, which allows it to robustly handle

input images of varying resolutions without the performance degradation associated with

interpolating positional codes.

2. The Lightweight All-MLP Decoder: SegFormer pairs this powerful hierar-

chical encoder with a surprisingly ”lightweight All-MLP decoder”. Instead of requiring

a complex and computationally heavy decoder (like the expansive path in a UNet), Seg-

Former’s decoder simply takes the multi-level features from the MiT encoder and fuses

them using simple Multi-Layer Perceptrons (MLPs).

This ”simple and efficient design” proved highly effective, setting a new state-of-the-

art in semantic segmentation while being significantly smaller and more efficient than

previous Transformer-based methods. This review provides the direct technical expla-

nation for this thesis’s findings: the SegFormer-MiT model’s superior performance is

a direct result of its purpose-built design, which combines the global context-modeling

of a Transformer with the multi-scale feature hierarchy of a CNN, making it ideal for

segmenting long, complex vessel structures.

4.4. Experimental Setup

4.4.1. Training Protocol

All training experiments were conducted using the PyTorch Lightning framework [37] to

ensure high reproducibility. The computational hardware was a Kaggle instance equipped

with an NVIDIA P100 GPU with 16GB of VRAM. Models were trained for up to 50

epochs with a batch size of 8 [38]. The Dice Score Coefficient on the validation set

was used as the primary metric to guide model selection and save the best-performing

checkpoint.

4.4.2. Optimization

The AdamW optimizer [39, 40] was used for all models, which is a variant of the Adam

optimizer with improved weight decay handling. It was configured with an initial learning

rate of 1× 10−4 [41]. The learning rate was dynamically adjusted during training using a

Cosine Annealing scheduler [39, 42], which gradually decreases the learning rate following

a cosine curve to help the model converge to a more optimal minimum.

4.4.3. Regularization Techniques

To further improve model generalization and prevent overfitting [15], two regularization

techniques were employed:
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• Early Stopping: The training process was monitored, and if the validation score

did not improve for a set number of epochs, training was halted to prevent the

model from overfitting to the training data [43].

• Stochastic Weight Averaging (SWA): This technique averages the model weights

over the final epochs of training, which has been shown to lead to better general-

ization on unseen data [44].

In order to formalize these regularization techniques, the following mathematical formu-

lations are provided.

Early Stopping (Formal Definition)

Early stopping prevents overfitting [15] by tracking the validation loss Lval(t) at epoch

t. Training is halted when the validation loss does not improve for a defined number of

epochs, called patience (P ).

Lval(t) ≥ min
0≤k≤t−P

Lval(k) (13)

Explanation of terms:

• Lval(t): Validation loss at epoch t

• P : Patience parameter (number of epochs without improvement allowed)

• Training is stopped at the first epoch t where the inequality holds

This formulation ensures that training stops before the model begins memorizing the

training data, thus improving generalization.

Stochastic Weight Averaging (SWA)

SWA computes the average of model weights across the last K training checkpoints. Let

wt denote the model weights at epoch t. The SWA weights are computed as:

wSWA =
1

K

K∑
i=1

wti (14)

Explanation of terms:

• wti : Model weights at selected epochs t1, t2, . . . , tK

• K: Number of weight snapshots included in the averaging

• wSWA: Final averaged model weights used for inference
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This averaging process leads to a smoother and wider local minimum in the loss

landscape, which is known to improve generalization and stability.

Both techniques were crucial in ensuring that the evaluated deep learning models per-

formed robustly on unseen angiographic data.

4.5. Loss Function

4.5.1. Composite Loss Function Rationale

A composite loss function was utilized in an effective manner to cope with the challenges of

the stenosis segmentation task, especially in the presence of considerable class imbalance

[45] between the foreground (stenosis) and background regions. Dice Loss [46] and Focal

Loss [47] were combined in an effective manner in the loss function so that the benefits

of both loss functions are exploited: Dice Loss handles the global shapes, whereas Focal

Loss handles the boundaries.

4.5.2. Formulation: Dice Loss and Focal Loss

The final objective function is a linear combination of Dice Loss and Focal Loss:

LTotal = LDice + λ · LFocal (15)

where the balancing coefficient λ was set to 1 in all experiments to give equal impor-

tance to both loss components.

The individual components are defined as follows:

• Dice Loss (LDice): Dice Loss originates from the Dice Score Coefficient [46],

which quantifies the spatial overlap between the predicted mask (A) and the ground

truth mask (B). It is especially effective for highly imbalanced segmentation tasks

[45] because it measures how well the predicted region matches the target region,

independent of class frequency.

The formal expression for Dice Loss is:

LDice = 1− 2|A ∩B|
|A|+ |B|

(16)

In binary segmentation, the above can be equivalently expressed using true positives

(TP), false positives (FP), and false negatives (FN) [6]:

LDice = 1− 2TP

2TP + FP + FN
(17)

Explanation of terms:

– A: Predicted foreground (stenosis) mask

32



– B: Ground truth stenosis mask

– |A ∩B|: Number of pixels correctly predicted as stenosis (true positives)

– TP : True positives

– FP : False positives

– FN : False negatives

Dice Loss optimizes global region similarity, ensuring that the predicted stenosis

shape matches the ground truth even when the region is very small.

• Focal Loss (LFocal): Focal Loss extends the standard cross-entropy loss by reduc-

ing the contribution from well-classified examples and emphasizing misclassified or

ambiguous pixels [47]. This is particularly useful in stenosis segmentation, where

boundaries are often faint and difficult to classify.

The equation for Focal Loss is:

LFocal = −αt(1− pt)
γ log(pt) (18)

Explanation of terms:

– pt: Predicted probability for the true class (foreground or background)

– αt: Class-balancing factor compensating for class imbalance [45]

– γ: Focusing parameter that down-weights easy examples (γ > 0)

– (1− pt)
γ: Modulation term; large for hard examples, small for easy ones

A higher value of γ forces the loss to focus increasingly on challenging pixels, such

as stenotic regions with weak boundaries or low contrast.

Combining Dice Loss and Focal Loss as in Eq. 15 yields a powerful objective function

that simultaneously optimizes global region overlap and fine boundary accuracy—two

requirements that are critical for reliable stenosis segmentation.

4.6. Evaluation Metrics

4.6.1. Confusion Matrix: Definition and Components

Understanding how a model’s predictions relate to the ground truth is, in practical terms,

the starting point for any honest evaluation of segmentation performance. The confusion

matrix [6] provides a structured way to make that comparison explicit. For binary

segmentation tasks where the image is divided into stenosis foreground and background

four components define the matrix:
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Figure 4.3: Graphical Representation of Confusion Matrix

Explanation of terms:

• True Positive (TP): Pixels correctly predicted as stenosis (foreground). These

correspond to diseased regions the model successfully identified.

• False Positive (FP): Background pixels incorrectly labelled as stenosis. These

reflect over-segmentation the model flagging regions that are not actually diseased.

• True Negative (TN): Background pixels correctly classified as background. These

represent regions the model correctly left alone.

• False Negative (FN): Stenosis pixels misclassified as background. These are

missed diseased regions and clinically, they are the most consequential type of error.

Each of these values feeds directly into the evaluation metrics used throughout this study.

Broadly speaking, higher TP and TN counts reflect stronger model performance, while

elevated FP and FN values point to segmentation failures of different kinds.

4.6.2. Metric Definitions and Formulas

Four established evaluation metrics were used to assess each model’s segmentation accu-

racy. Taken together, they capture not just how often a model is correct, but whether

it is failing in ways that matter clinically — missing stenosis regions, generating false

alarms, or both.

• Dice Score Coefficient (DSC):

The Dice Score, also referred to as the Sørensen–Dice coefficient [46], quantifies

the degree of spatial overlap between the predicted and ground truth masks. It is
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particularly well-suited to medical image segmentation tasks where the foreground

class is small and imbalanced [45].

Dice =
2TP

2TP + FP + FN
(19)

Explanation:

– Numerator: 2TP gives additional weight to correctly segmented stenosis pix-

els.

– Denominator: Accounts for all pixels contributing to overlap and errors.

– Value Range: 0 to 1; higher values indicate better segmentation.

• Intersection over Union (IoU):

Also known as the Jaccard Index [48], IoU measures the ratio of overlap to total

coverage between the predicted and ground truth masks.

IoU =
TP

TP + FP + FN
(20)

Explanation:

– Captures strict overlap between predicted and true stenosis regions.

– Somewhat more penalising than Dice, since it does not double-count true

positives.

– Value Range: 0 to 1.

• Sensitivity (Recall):

Sensitivity reflects how reliably the model detects stenosis regions — that is, how

few diseased pixels it fails to catch [6].

Sensitivity =
TP

TP + FN
(21)

Explanation:

– Denominator: All pixels that are genuinely stenotic.

– High sensitivity means fewer missed diseased regions.

– Low sensitivity carries real clinical risk — a false negative here means unde-

tected stenosis.
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• Specificity:

Specificity measures how well the model avoids misclassifying healthy background

pixels as stenosis [6].

Specificity =
TN

TN + FP
(22)

Explanation:

– Denominator: All pixels that are genuinely background.

– High specificity means the model generates few false alarms.

– This matters practically — over-segmentation can trigger unnecessary clinical

concern.

Used in combination, these metrics offer a clinically grounded picture of model perfor-

mance one that goes beyond raw accuracy to ask whether a model detects what it should,

and refrains from flagging what it should not.
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5. Results and Discussions

5.1. Quantitative Performance Analysis

Quantitative performance of all ten models was assessed on an unseen set of test images

[5] for an unbiased measure of their segmentation accuracy. From the results provided in

Table 5.1, it is clear that there is a distinct performance ranking of various approaches.

Also, validation set results are provided in Table 5.2.

The Transformer-based SegFormer-MiT-B3 architecture was found to perform best

among all models for all primary evaluation metrics. It recorded the best DSC of 0.632

[46] and IoU of 0.462 [48] among all models. Therefore, it is clear that the Transformer

architecture has immense potential for this specific problem.

Among all eight CNN-based architectures, it was found that ResNet101 recorded the

best DSC of 0.604. Therefore, it is clear that deeper and more complex residual networks

are highly effective. However, they are still outperformed by the best Transformer-based

model. It was found that the DenseNet201 model recorded the best sensitivity of all

models at 0.670. However, this came at the expense of precision, resulting in a lower

DSC than all other models.
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Table 5.1: Test Set Performance Comparison

Model DSC IoU Loss Sensitivity Specificity

MobileNet 0.576 0.434 0.470 0.632 0.996

ResNet50 0.595 0.4237 0.4122 0.6169 0.9955

DenseNet121 0.540 0.401 0.514 0.621 0.995

DenseNet201 0.541 0.396 0.521 0.670 0.994

EfficientNet-B3 0.555 0.413 0.496 0.668 0.994

ResNeXt 0.576 0.434 0.470 0.632 0.996

ResNet101 0.604 0.433 0.402 0.641 0.995

ResNet18 0.584 0.412 0.421 0.619 0.995

MiT-B3 0.632 0.462 0.373 0.637 0.996

MiT-B0 0.590 0.418 0.416 0.621 0.995

Table 5.2: Validation Set Performance Comparison

Model Dice IoU Loss Sensitivity Specificity

MobileNetV2 0.611 0.447 0.427 0.623 0.996

ResNet101 0.622 0.452 0.381 0.614 0.997

ResNet18 0.595 0.423 0.410 0.579 0.997

MiT-B3 0.655 0.487 0.347 0.651 0.997

MiT-B0 0.590 0.418 0.412 0.627 0.996

ResNet50 0.616 0.446 0.391 0.624 0.997

ResNeXt-50 0.611 0.447 0.427 0.623 0.996

EfficientNet-B3 0.579 0.408 0.475 0.598 0.583

DenseNet121 0.583 0.412 0.464 0.611 0.996

DenseNet201 0.569 0.399 0.484 0.579 0.996

5.2. Qualitative Comparison Analysis

In order to provide an additional comparison of the models’ segmentation outputs, a

qualitative comparison was carried out using a subset of the test set, as shown in Figure
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5.1. In this figure, the qualitative comparison of the segmentation outputs of the models

was carried out, particularly in cases where the structures of the blood vessels, such as

those that are faint, thin, and complex, are most difficult to segment using the models.

From the qualitative comparison of the segmentation outputs of the models, it can

be noted that the segmentation masks generated by the best Transformer-based model,

MiT-B3, have better continuity compared to the segmentation masks generated by the

best CNN-based model, ResNet101, which had relatively more fragmented segmentation

masks with clear discontinuity and less accurate boundaries in the segmentation of the

blood vessel structures, compared to the Transformer-based models.

Figure 5.1: Qualitative comparison of segmentation results on the test set: CNN

(ResNet101) vs. Transformer (MiT-B3). Predicted masks are shown alongside ground

truth for visual evaluation.

5.3. Model Efficiency Analysis

To assess the practical viability of the evaluated models for potential clinical deployment

[4], where computational resources may be limited, an analysis of the trade-off between

segmentation accuracy and model size was conducted. Model size, used as a proxy for

computational cost, was measured by the total number of trainable parameters. As de-

tailed in Table 5.3, while the largest model, MiT-B3 (45.2M parameters), yielded the

highest DSC, several lightweight models demonstrated notable efficiency. MiT-B0, the

smallest Transformer variant, achieved a competitive DSC of 0.590 with only 3.7M pa-

rameters. MobileNetV2 performed comparably, scoring a DSC of 0.576 with just 3.5M

parameters, which is a result that is difficult to dismiss given how little it costs compu-
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tationally.

Table 5.3: Performance and efficiency comparison of all models.

Model Architecture Params (M) DSC Efficiency Score* heightMobileNetV2

CNN 3.5 0.576 1.06 ResNet18 CNN

11.7 0.584 0.54 ResNet50 CNN 25.6

0.595 0.42 ResNet101 CNN 44.5 0.604

0.37 ResNeXt-50 CNN 25.0 0.576 0.41 DenseNet121

CNN 8.0 0.540 0.60 DenseNet201 CNN

20.0 0.541 0.42 EfficientNet-B3 CNN 12.0

0.555 0.50 heightMiT-B0 Transformer 3.7 0.590

1.04 MiT-B3 Transformer 45.2 0.632 0.38 height

To further quantify this relationship, a custom efficiency score was calculated for each

model using the following formula:

Efficiency Score =
DSC

log10(Parameters× 106)
(23)

This analysis suggests that MiT-B0 and MobileNetV2 occupy a genuinely useful middle

ground, delivering strong segmentation performance at a fraction of the computational

cost demanded by larger architectures such as MiT-B3 and ResNet101. The broader

implication is that real-time or near-real-time automated stenosis detection is feasible

without requiring extensive computational infrastructure.

5.4. Training Dynamics and Generalization

The training and validation learning curves for the best-performing CNN (ResNet101)

and Transformer (MiT-B3) models are presented in Figures ?? and ?? respectively. These

plots offer a useful window into how each model learned and how well it generalised beyond

the training data. For both models, the loss curves decreased consistently and smoothly

before converging toward the later epochs, which points to stable and well-behaved learn-

ing. Notably, neither model showed significant divergence between its training and val-

idation curves, whether for loss or F1 score. That degree of alignment between the two

curves suggests the models generalised well to unseen validation data, and that the reg-

ularisation strategies employed, particularly data augmentation and early stopping [43],

were effective in keeping overfitting in check [15]. The stable convergence observed in

both top-performing models reflects the soundness of the overall training protocol.
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Figure 5.2: Training and validation loss trends across epochs for the best performing

Transformer model (MiT-B3).

Figure 5.3: Training and validation Dice coefficient trends across epochs for the best

performing Transformer model (MiT-B3).
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Figure 5.4: Training and validation loss trends across epochs for the best performing

CNN model (ResNet101).

Figure 5.5: Training and validation Dice coefficient trends across epochs for the best

performing CNN model (ResNet101).

5.5. Ablation Studies

To validate the effectiveness of key components of the experimental design, ablation

studies were conducted on the top-performing MiT-B3 model. The results, shown in

Table 5.4, confirm the contribution of the chosen training configurations.
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• Impact of Data Augmentation: Removing the data augmentation pipeline [7,

23] produced a 4.0

• Impact of Composite Loss Function: Replacing the composite Dice+Focal loss

with a standard Dice Loss led to a 2.5

Taken together, these results confirm that both the augmentation strategy and the com-

posite loss function contributed meaningfully to the performance levels reported in this

study. Neither was incidental to the outcome.

Table 5.4: Ablation study on the MiT-B3 model’s training configuration.

Component Removed DSC Absolute Change Relative Change

None (Full Model) 0.632 — —

Data Augmentation 0.607 -0.025 -4.0%

Composite Loss (Focal) 0.616 -0.016 -2.5%

5.6. Discussion

The most consistent finding across the experiments is that Transformer-based architec-

tures outperformed CNNs on the coronary artery stenosis segmentation task. This pat-

tern is arguably explained by the self-attention mechanism that Transformers rely on [32],

which allows the model to process the entire image simultaneously and capture long-range

spatial dependencies. CNNs, by contrast, are constrained by fixed local receptive fields

[33], which limits their ability to reason about structure beyond a small neighbourhood

at a time. For a task that involves tracing the continuous geometry of a curved blood

vessel, that global perspective appears to be a meaningful advantage, particularly un-

der conditions of noise, imaging artefacts, and anatomical variation. Within the ResNet

family, deeper models generally produced stronger results, which is consistent with the

expectation that increased depth expands representational capacity. That said, even

the deepest ResNet variants appeared to plateau, which may reflect the aggressive early

downsampling built into the encoder, a design choice that discards fine-grained spatial

detail before the network has had a chance to use it. A separate but related pattern worth

noting is the sensitivity-specificity trade-off [6]. DenseNet201 illustrates this clearly. Its

sensitivity of 0.670 was the highest recorded across all models, suggesting that its feature

reuse mechanism makes it particularly adept at detecting faint or subtle stenosis signals.

However, its specificity was among the lowest at 0.994, meaning this detection ability

came with a higher rate of false positives. ResNet101, by comparison, presented a more

balanced profile across both metrics. In a clinical context where false alarms carry real

consequences, that balance is arguably as important as raw detection performance.
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6. Conclusion

6.1. Summary

This thesis set out to compare deep learning architectures for coronary artery stenosis

segmentation in X-ray angiography images in a controlled, systematic way. The cen-

tral finding is that Transformer-based models consistently outperform traditional CNNs

on this task. The SegFormer model with a MiT-B3 encoder achieved the strongest re-

sults overall, recording the highest Dice Score Coefficient (DSC) [46] and Intersection

over Union (IoU) [48] across all architectures evaluated. Its segmentations were no-

ticeably more faithful to anatomical structure, particularly in tracing the curved and

branching geometry of coronary vessels. The study also looked beyond raw accuracy to

consider what deployment in real clinical settings would actually require [4]. Lightweight

models such as MiT-B0 and MobileNetV2 demonstrated that competitive segmentation

performance is achievable with substantially fewer parameters, which points to a viable

efficiency trade-off for resource-constrained environments. The results also reinforced

the theoretical advantage of Transformers in capturing long-range spatial dependencies

[34], which appears to translate into greater resilience against imaging noise and ves-

sel appearance variability. Finally, the ablation studies validated the core experimental

choices: aggressive data augmentation [7] and the composite Dice+Focal loss function

[46, 47] each contributed meaningfully to final segmentation accuracy and generalisation.

6.2. Limitations

This study has several limitations that are worth addressing honestly, both to contextu-

alise what the results can and cannot claim, and to identify where future work is most

needed.

• Only One Dataset Was Used: All experiments were conducted on a single

publicly available dataset, ARCADE [2]. While this supports reproducibility, it also

means the reported performance may not transfer cleanly to data collected at other

institutions using different equipment, imaging protocols, or patient demographics.

Generalisation beyond this dataset remains an open question.

• Restricted to 2D Images: The study operates entirely on 2D image frames,

even though coronary angiography is fundamentally a dynamic, three-dimensional
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process. Working with static 2D snapshots means the models do not have access

to temporal information such as blood flow dynamics or the spatial context that

multi-angle acquisition could provide.

• No Severity Estimation: The models identify where a stenosis is located, but

offer no information about its severity. Estimating the percentage of arterial nar-

rowing is precisely what clinicians need to assess disease progression and guide

treatment decisions, and this capability is absent from the current framework.

6.3. Future Work

The limitations outlined above point fairly directly toward the most productive directions

for future research.

• Testing on Larger, More Diverse Datasets: Validating the best-performing

models on multi-centre datasets drawn from different hospitals and patient popu-

lations would be an important next step. This kind of external validation is what

separates models that perform well under controlled conditions from tools that

could realistically be trusted in clinical practice.

• Moving to 3D Spatio-Temporal Models: Extending the current framework to

handle full 3D angiographic sequences [49] represents a compelling research direc-

tion. Rather than processing isolated frames, such models could learn from both

the spatial structure of vessels and the temporal dynamics of blood flow, potentially

yielding more robust and informative stenosis detection.

• Adding Stenosis Severity Estimation: For this work to have genuine clini-

cal utility, the ability to quantify stenosis severity would need to be incorporated

alongside localisation. Attaching a regression head to predict arterial narrowing

percentage from the learned feature representations is one plausible approach. This

would shift the system from a segmentation-only tool [13] toward something closer

to a complete diagnostic aid for Coronary Artery Disease.
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