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Abstract

Coronary artery disease remains a primary driver of morbidity and mortality world-
wide, with precise quantification of arterial stenosis essential for risk stratification
and treatment planning. We propose a fully automated, cascaded—ensemble deep
learning framework for 3D CTA analysis that integrates coarse whole-volume seg-
mentation with multi-model patch-level refinement and skeleton-based stenosis as-
sessment. First, a 3D U-Net coarse network localizes the coronary tree across the
entire volume. Regions of interest are then cropped via dilated centerline extrac-
tion and passed through an ensemble of four patch-level architectures—3D U-Net,
3D ResU-Net, Attention U-Net, and U-Net+-+—to capture fine vessel details. Pre-
dicted centerlines are skeletonized and compared against ground truth to compute
percentage stenosis, leveraging distance-transform radii measurements. We evaluate
performance over 40 training epochs, reporting AUC, Dice, precision, recall, F1 for
training, validation, and test cohorts, alongside bootstrapped 95% Cls, Wilcoxon
p-values, and correlation matrices. Visual comparisons of all model outputs on the
same Frangi-enhanced slices demonstrate complementary strengths, while ensemble
voting yields more robust boundary delineation. On a 1000-case CTA dataset, this
research’s approach achieves a mean Dice >0.80 and significantly less stenosis error,
illustrating its potential and reliability than other prior researches and 2D Unet
Models.

Keywords: Coronary, quantification, stenosis.
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Chapter 1

Introduction

1.1 Global burden of cardiovascular disease

Cardiovascular disease continues to be the leading cause of death globally, fueled
by preventable lifestyle factors. According to the World Health Organization, car-
diovascular diseases (CVD) contribute to 17.9 million deaths annually , which is
about 32% of all deaths globally. In Australia, according to the Australian Insti-
tute of Health and Welfare’s (ATHW) report, in 2018, CVD was the top cause of
death. It was responsible for 42% of all fatalities [7]. Abnormal coronary artery
stenosis reduces the blood flow to the heart muscle, which causes hypoxia damage
to myocardial cells. As a result, infarction happens among those myocardial cells,
which consequently makes coronary heart disease the most common among all kinds
of CVD [2].Besides, those myocardial infractions can lead to untimely cardiac ar-
rest.To start timely interventions that may substantially decrease patient morbidity
and mortality, early and precise diagnosis of coronary artery blockages is essential

[63].
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Figure 1.1: Coronary artery disease pipeline

This makes the need to detect artery stenosis early and accurately very obvious. One
of the best medical practices for this purpose is Computed Tomography Angiography



(CTA). This is a non-invasive scan that produces clear 3D images of the coronary
muscles and arteries, which is why it is widely used by doctors in diagnosis and
planning treatments. [31]. This technique exceeds accuracy while diagnosing coro-
nary artery diseases than other processes like magnetic resonance imaging (MRI)
[6]. Currently, doctors (radiologists) process these images by hand, outlining the
coronary arteries. Then they measure how narrow the arteries are. But this manual
work takes a lot of time and can be susceptible to errors [67]. On top of that, the
amount of medical imaging data is growing rapidly both in number and nature ,
which is making manual work less realistic in terms of time, cost, and consistency
[36].

As a result, there’s been a growing interest in using artificial intelligence, especially
deep learning, to automatically find and outline coronary arteries. However, this
isn’t easy at all for multiple reasons. Everyone’s heart structure is a bit different.
Some people have arteries surrounded by fat, while others have them deep inside
the heart muscle. Again, the image quality can also be affected by noise, resolution,
or other issues. On top of that, coronary arteries are complicated in shape and
build-up. They are long, thin, and branched out in many directions, which makes
them difficult to segment and especially in cross-section views [64].

To solve these problems, researchers have mainly used two approaches. They are
traditional machine learning (ML) and deep learning (DL). Traditional ML methods
depend on manually chosen features and knowledge of coronary anatomy. These are
often divided into pixel-based [3], [4], [11], [20] and structure-based methods [5], [15],
[21], [25]. These techniques can work promisingly well, but their performance drops
significantly when arteries are badly deformed. Deep learning, on the other hand,
doesn’t require manual feature design. And thus, has shown better effectiveness in
segmenting coronary arteries [32], [38], [43], [45], [49], [54], [57], [65]

Among deep learning models, the U-Net architecture and its improved versions like
U-Net++ and U-Net+ are functioning particularly well, especially in segmenting
coronary arteries from 3D medical scans [61],[68]. Previously, there was one key
problem that there was no particular numerical medical threshold globally to decide
when a segmented artery is considered dangerously narrow. But according to the
National Heart, Lung, and Blood Institute’s article, coronary artery disease is con-
sidered obstructive when the artery is occupied 50% of its diameter by fat deposits;
which information was used in this research.

Another issue is that current research often lacks consistent and fair comparisons.
Some studies only compare their models to general deep learning models and not
similar ones [50]. Others use different datasets or label things differently, which
makes comparisons unreliable [19], [23]. This is partly because there are very few
large, public datasets available for coronary segmentation; only one exists, with just
18 training images [13]. Also, many researchers didn’t share their code. This makes
it difficult for other researchers to have a decent comparison of their work.

1.2 Research Motivation

Due to the data driven approaches of hierarchical feature learning in deep learning
frameworks, these advances can be translated to medical images without much diffi-
culty. One of the most common tasks in medical imaging is semantic segmentation.
Cardiovascular disease has become one of the most widespread causes of death in



the world today.Among this is coronary artery disease which is in fact one of the
most widespread forms.It comes into occurrence when the arteries that are carrying
blood to the heart are interrupted by the fat distribution on the artery walls.This
is call stenosis.Less severe stenosis in its early stages does not attract any attention
since it has minor imaging manifestations. Even mild cases will otherwise result in
deadly blockages in case they are not correctly diagnosed. These could be detected
earlier with more sensitivity by the use of automated tools as compared to human
interpretation..This possibility of early detection by using technology is what has
driven the work of this research. The existing possibilities to enhance the accuracy
of segmentation following the spread of popularity of deep learning with the use of
models like U-Net is quite large . These models have the ability to automatically infer
the characteristics based on the data and thus, it is appropriate to apply them to the
problem of coronary artery segmentation that is challenging because the anatomy of
patients may vary significantly. Measuring the arterial stenosis is important to ensure
that the patients with coronary disease are classified properly and receive appropri-
ate treatment without any adverse outcomes related to them. The fact that the
illness becomes more and more widespread proves the necessity in obtaining higher
quality diagnostic methods . As radiologists perform manual segmentation of the
pictures ,It requires much time and may be contaminated with human error.This
poor efficiency has brought the need to have automatic procedures that would not
only be accurate but also leave the healthcare workers with less to do since they will
have to face reduced workload. Coronary artery rotation is one such procedure that
has been simplified using Computed Tomography Angiography (CTA) that results
in clear 3D images. The advancement exposes a possibility of applying deep learning
to autonomous CTA picture extraction.

1.3 Research Problem

Proper segmentation of coronary arteries forms a fundamental requirement in differ-
ent applications of medical imaging like detection of stenosis,3D reconstruction, and
addressing of cardiac dynamics. Quantitative evaluation performed on real angiog-
raphy images shows that the proposed segmentation method identifies about 80%
of the total coronary artery tree in relatively easy images and 70% in challenging
cases with a mean precision of 82% and outperforms others segmentation methods in
terms of sensitivity. The research problem that is presented in this paper is based on
the issues and the constraints of segmenting of the coronary arteries during the med-
ical imaging, in specific Computed Tomography Angiography (CTA). Now, manual
tagging of the coronary arteries by the radiologists is not only time consuming but it
is also prone to human error. Such discrepancy may contribute to a false evaluation
of arterial narrowing, which is crucial in the identification of coronary artery disease
and the development of a treatment plan .The coronary arteries are anatomically
complex and exhibit high degrees of variation which presents a challenge to the pro-
cess of segmentation. Segmentation is not an easy one to get good results in varying
patients because factors like the depth of the arteries in heart muscle, fat around it,
and different anatomy of the heart makes it complicated to get a good outcome.The
available datasets, although publicly available in large quantities, are not always
of high quality and may not be very suitable to train at and validate segmenta-
tion models. The current datasets usually have few number of picture images and



this limits the progress and image deep learning having effective training to provide
ample generalization of unseen pictures.Most of the research on the topic does not
employ uniform measurement of the evaluations and it becomes hard to compare
the performance of various segmentation methods. This is not standardized and
may give a faulty conclusion on effectiveness of different methods.Since there is a
huge growth in the amount of medical imaging data very rapidly there is a required
need to have automatic solutions which can process and analyse the available data
effectively. Based on manually designed features, the traditional machine learning
approaches can rarely include complex patterns in the images of coronary arteries.

1.4 Research Objective

The main purpose of this study is to develop and apply an automated deep learn-
ing pipeline that could effectively segment coronary arteries in 3D CTA scans and
properly measure the stenosis of arteries. Our current research project is carefully
designed to overcome the limitations posed by manual segmentation that would
feature its subjective nature, huge time-consumption, and vulnerability to misinter-
pretation by the human being, through adhering to the cascaded ensemble structure
of advanced forms of U-Net architecture. The aim is to increase the precision of seg-
mentation using a two-staged approach performing crude localization of the coronary
arteries and then proceed to do patch-level segmentation on multiple deep learning
models for accurate stenosis quantification.

1.5 Research Contribution

The present research has several important contributions to the coronary artery seg-
ments issue, especially, using innovative methods of deep learning. This research aims
to develop a cascaded-ensemble deep learning framework that can mitigate the er-
ror that occurs during the interpretation of CTA images conducted by humans.This
framework includes volumetric segmentation of the datasets using coarse segmen-
tation which is followed by patch -based segmentation ,All these steps provides the
possibility of great accuracy and efficiency of coronary artery segmentation over
conventional approaches.With an ensemble of four various patch-level architectures
such as 3D U-Net, U-Net++, 3D ResU-Net and Attention U-Net, the paper achieves
better visualisation of fine vessels in detail. The method is associated with a multi-
model solution providing thorough examination of the coronary tree as compared to
single-model theories. The study establishes a new procedure of stenosis evaluation
on skeletonized centerlines and then compares them to truth with reference to a
prediction. It uses the distance-transform radii to calculate the percentage stenosis
by a more accurate measures based on the narrowing of the arteries



Chapter 2
Related Work

This section has well reviewed previous literature related to the coronary artery
segmentation. This discussion was mainly concentrated on two different types of
approaches that had been dealt with in the field, which is the traditional machine
learning (ML) based methods and deep learning (DL) based methods. The intention
was to report an overview of the developed methodologies and their characteristics.
The course of the review considered the emergence and use of these various meth-
ods sequentially in the background of coronary artery segmentation. This involved
the examination of how the conventional approaches had remained dependent on
hand-designed characteristics and sector-specific priorizations in segmenting. Sub-
sequently, the section explored deep learning based approaches which had became
center of intense interests because they could handle complex data without explicit
field engineering. Diverse methods in both of the types were discussed with refer-
ences to their role in the sphere of coronary artery segmentation.

2.1 Traditional ML-based approach

Traditional machine learning methods for coronary artery segmentation often rely
on hand-crafted features and domain-specific priors. For example, this paper used
geometric and image features calculated from expert annotations to guide the seg-
mentation[8]. Similarly, this other paper proposed a level set approach that uses
smooth processing to improve segmentation accuracy[10] .

Building on this, this research combined the two approaches (level sets and 3D im-
plicit model of vessel structures) to obtain more precise results[12]. In this paper, the
centerline extracted from the coronary vessels were used as the basis of the segmen-
tation[14]. Also this paper a three-step pipeline for segmentation was introduced,
although they were not developed with details in this context [9]. An intensive ray-
casting technique was applied along with the learning-based boundary detector for
better detection of the contour of the lumen in [16]. Model-guided segmentation
using Markov Random Field formulation was discussed in this paper[17]. Further-
more, vessel segmentation was also identified as an iterative tracking problem, and
a Bayesian tracking algorithm using particle filtering was proposed in this research
to capture the coronary artery structures effectively[25].

Further, this paper reported using flow simulation to analyze fluid behavior within
the vascular system, giving insight into segmentation of a PVE on the coronary
tree[27]. Also, this research used an active search method to reconnect seemingly



Work | Year Data Compared Traditional ML | Compared Deep Learning | Average Code Data
quantity methods methods Dice score | available | available
General Specific General Specific

[8] | 2011 | 54(40) [42] NA NA NA NA No No
[10] | 2012 247 NA NA NA NA 70-73 No [13]
[12] | 2012 | 42(18) NA NA NA NA 68-72 No [13]

[9] |2012| 42(18) NA NA NA NA 66 No [13]
[41] | 2013 | 48(18) NA NA NA NA 65 No [13]
[16] | 2014 | 48(18) NA [10] [[12]] [[14]] NA NA 72-74 No [13]
[17] | 2014 | 48(18) NA [10] [16]] [14] [12]] NA NA 7577 No [13]
[19] | 2015 | 10(6) NA NA NA NA 84 No No
[25] | 2016 | 61(10) | [77][15] NA NA NA 86.2 No No
[24] | 2016 | 32(8) NA [70] NA NA < 84.3 No [31]
[27] | 2017 | 48(18) NA [10] [16] NA NA 69-74 No [13]
[41] 2017 ] 509 NA NA NA NA 93-95* No No
[53] | 2021 100" NA NA [29] [43] NA 82 No No

Table 2.1: Comparison of traditional ML vs. deep-learning methods on coronary
artery segmentation.[67]

disconnected vessel segments [24]. Another research applied the Hough transform
in the extraction of the aorta and location of the coronary root to allow greater
accuracy in the initial step of segmentation[41].

2.2 DL-Based Approach

In these present days, deep learning has created such amazing opportunities in var-
ious fields that it has already grabbed huge attention. As this method is already
vastly popular, there are various related communities where deep learning is making
its way up to the top. Currently, it resides there in about roughly five technique
trends such as direct segmentation [52], [48], [54], patch based segmentation, [39],
[40], [33], [42], [56], [59], pixel based segmentation , [26], tree data based [51], [34],
[35],[55], [60], [39], [58], [66], segmentation [50], graph data-based segmentation [45].
Among the researchers, direct segmentation has become quite popular as it does not
require many preprocessing steps to get the desired output results. Another reason
for this segmentation method to be popular among researchers is due to the rise of
the U-Net model . This approach is used more frequently for segmented imaging
models as it is not time-consuming due to having fewer steps. Another paper uses
a method where the process starts with a pre-shaped stencil that is similar to any
coronary artery structure, and after getting the selected patient’s information, this
pre-shaped stencil gets aligned according to the actual artery. This uses a spatial
transformer network(STN) that is used during the whole process while it’s navi-
gating for the actual alignment. Another work shows that two different types of
approaches have been adopted to track the artery’s path & to monitor whether the
tracked path is the diseased path or not using a tracker & discriminator. Provide a
combined deep learning and conventional level set approach framework. This works
as a hybrid model that improves the segmentation accuracy. The model used in
the deep learning method eventually extracts and uses the global features of the
provided image, so it compares the results and finds out the local details, which is
essential to get more robust segmentation results [48]. This method is even useful
when the provided image might be of low quality. As in the first process, the model



captures the essence of 2D CNN that makes the process faster, while 3D CNN are
more vast and take more time and space. But this strategy raises the bar of get-
ting more accurate results, which is more efficient in the field of diagnosis. One
method proposed a different method by using U-net, which uses attention mecha-
nisms. These mechanisms focus on the most relevant area that makes this process
faster, which makes it easier to identify between the regions that are very similar in
nature[55]. For a precise detection of artery boundaries, a model is used by creat-
ing a U-shaped network that uses a spatiotemporal fusion approach. Basically this
approach uses multiple slices of the same image and identifies the different features
using a different sizing system within the same given image[66]. This research used
a unique approach for segmentation of the arteries by using a 2D UNet model that
is fully automated[52]. This paper provided a method where the model they used
uses their learning ability and distinguishes between the differences of pulmonary
vessels from arteries[47]. This helps the segmentation to detect the required area
more smoothly. This method uses Mask R-CNN. Even though direct segmentation
has done a tremendous job in the field of deep learning methods, it has some bound-
aries as well. For instance, to use direct segmentation on an image, it uses some
sort of low resolution, which can give false results in some cases.

Work | Year Data Traditional ML | Traditional ML | Deep Learning | Deep Learning | Avg. Dice | Code Data
quantity General® Specific? General Specific score available | available

[26] | 2016 10(6) NA NA NA NA < 657 No No

2017 | 42(18) NA NA NA NA 78 No [13]
[40] | 2018 | 50(40) [20] NA NA NA 80 No No
[30] | 2018 | 44(35) NA NA NA NA 86 No No
[33] | 2018 | 52(45) NA [10] [14] NA [26] 837 No [13]
[43] | 2019 | 70(50) NA NA [47] NA 907 No No
[42] | 2019 | 50(40) NA NA NA NA 92 No No
[45] | 2019 | 42(18) NA [17][9] NA NA 73-75 No [13]

2019 | 548(274) NA NA 8] NA 85 No No
[46] | 2019 | 8(7) [50] NA NA NA < 99t No [54]
[47] | 2020 | 25(20) NA NA NA NA 90 No No
[61] | 2020 | 48(18) NA NA NA NA 83 No [13]
[51] | 2020 | 70(50) NA NA [22] NA 91 No No
[49] | 2020 | 916(733) NA NA [11] NA 85 No No
[59] | 2021 | 48(18) NA NA NA [26] [39] 91 No [13]
[54] | 2021 | 59(34) NA NA [50] NA 87 No No
[65] | 2021 | 30(24) NA NA 8] NA 88 Yes No
[55] | 2021 | 300(200) NA NA [22] NA 89 No No
[58] | 2021 | 70(50) NA NA [22] NA 947 No No
[56] | 2021 | 70(50) NA NA [22] NA 94 No No
[52] | 2021 | 69(44) NA NA [93] NA 89 No No

Table 2.2: Work Details Comparison (traditional ML vs. deep learning). [67]

Also, in that chase, patch-based segmentation is more preferable where the images
are too big to process all at once, rather than direct segmentation. Patch-based
segmentation focuses on the region of interest only, so it is faster and does not re-
quire much time or memory to process. This paper classified its voxels to determine
which are the actual part of the blood vessels by using a multi-scale 3D CNN. One
work showed the transformation of CTA images by dividing them into small patch-
based segments to get more precise results faster[33]. This paper provided a method
where the model gets a vesselness map that helps it to learn and identify the shapes
that are the arteries [39]. By using a convolutional neural network (CNN) with a
recurrent neural network, it is able to identify the provided slices and differentiate
between arteries and other parts of the given image[42]. This paper introduced a

7



new system where the 3D images are easily monitored by the Dense U-net model
that uses various functions in order to find the actual pixels that are required for the
identification of the vessels[56]. This helps to eliminate all the unnecessary pixels
and lets the model focus only on the required parts. Another important part of the
deep learning method is pixel-based segmentation. One of the very first methods
that uses CNN to segment the coronary arteries. In pixel-based segmentation, this
system was a huge stepping stone for the deep learning system as it was the first
time a segmentation method was classifying each pixel of the provided image.

In conclusion, these reviews further suggested that such processes were prone to
errors and were time consuming in their manual nature. Several ways of scanning
with manual features were presented, but then deep learning which promised to
automatically outline and identify coronary arteries without manual feature con-
struction was brought up. In particular, it discussed the U-Net architecture and
its derivative models as very useful in segmenting coronary arteries of 3D medical
scans. Several trends in deep learning were discussed, such as direct segmentation,
patch-based segmentation, pixel-based segmentation, and the graph data scale seg-
mentation. Lastly, the chapter noted that challenges were observed in the current
research, including the absence of a consistent fair comparison of different models.
It further adds that other studies had varied datasets used or labeled differently
which made the comparison not reliable. It was also referred as one of the causes
to these issues by the limited availability of large, publicly available, datasets to be
used in segmentation of coronary.



Chapter 3

Proposed Methodology

3.1 Dataset Description

For this research purpose, ImageCAS (A-Large-Scale-Dataset-and-Benchmark-for-
Coronary-Artery-Segmentation-based-on-CT) dataset was used [67].

(a) (b)
Figure 3.1: A 3D CTA Volume

The ImageCAS dataset contained 1000 3D CTA images, shown in Figure, of patients
who were diagnosed with coronary artery disease previously. The original dimension
of the image is 512*512*(206-275) voxels with a planar resolution and spacing of
0.29-0.43 mm square and 0.25-0.45 mm consequently [67].

3.2 Experimental Setup

The experiment of this research was extremely thought out to guarantee the best
functioning of deep learning models applied in supervised segmentation of the coro-
nary arteries. The complete pipeline has been adopted in terms of PyTorch framework
that is most commonly known to be flexible and efficient in context of deep learn-
ing applications. The PyTorch framework was implemented for the whole pipeline
on an NVIDIA RTX 4090 GPU with 24GB VRAM. As our input size was fixed,
for faster runtime, cuDNN benchmark was used [70]. Each of the neural networks
in the pipeline got a total of 40 epochs of training. The learning rate was fixed to



0.002 and this is a frequently used option that is a trade- off concept between fast
convergence and a stable training process. This setting was necessary in order to
make sure that the models could learn on the data without the danger of overfitting
it.

Average Time per Batch (seconds)
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Figure 3.2: Average Time Per Batch (seconds)

During training, the batch sizes were smaller with coarse and patch based networks
because of the shortage of CUDA memory on GPU. The smaller batch was 3 in the
case of the coarse-based network. This was done to accommodate the higher volumes
of input which are processed by the coarse network. Conversely, the patch-based
networks used a larger batch size of 60 which made training using smaller localized
sections of the data more efficient. This strategic alternation of the batch sizes
played a very essential role in well-utilization of available GPU resources without
losing a well working training dynamics (3.2). For running the coarse based model,
every epoch took 8-10 minutes and for patch based model, each epoch took 3-6
minutes to perform.

3.3 Preprocessing

Preprocessing was done individually for images and masks with various steps (3.3).
Every steps are being described below :

3.3.1 Resizing

To support the implementation of a similar and efficient processing of the 3D CTA
images, it was important that all volumetric scans were adjusted to be resized into
a standardized spatial resolution before the actual processing was performed. Such
normalization guarantees that all images, regardless of the size of acquisition, and
parameters, will be able to be entered into the deep learning models with standard
size of input, simplified the design of networks architecture and decreased variability
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Figure 3.3: Preprocessing Workflow

in computation. In order to do so, the interpolation method called linear interpo-
lation was used to resize the images: new voxel values were recalculated to occupy
a new, evenly spaced grid. In particular, the whole image was subsampled to rect-
angular dimension of 256*256*128 voxels. This will entail interpolating the original
image data along the axes to as close as the desired resolution, and will result in
either stretching or compressing the image in such a way that does not necessarily
change the structural integrity of the image and anatomical features. Notably, the
adopted approach was selected to preserve as much information of the original image
as possible, but at the same time result in minimal to none artifacts or distortions
that may distract successful segmentation. After embracing linear interpolation, the
process balances between effectiveness and fidelity in the sense that the resampled
images capture the spatial relationships as they were in the original data. Further
with the respective binary masks as ground truth the nearest neighbor resampling
over the whole field was adopted so as to maintain voxel-wise label precision to avoid
induction of non-specified answers or interpolated answers. This diligent resampling
allows maintaining the alignment between image data and their labels at the highest
level without losing the trustworthiness of training and evaluation of the model.
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Figure 3.4: Resized and Normalized Image

3.3.2 Intensity Normalization

Once the resampling of the images to a consistent spatial resolution was performed,
the process of standardizing the intensity over the images was the next important
step of the preprocessing, which is central to the consistent model performance
throughout the dataset. These Computed Tomography Angiography (CTA) images
have diverse and broad admission of the Hounsfield Unit (HU) values and are prone
to variations because of factors like the types of scanners, the acquisition techniques,
the specific tissue of the patient. Such variability may be problematic to deep learn-
ing algorithms that are highly sensitive to the scale and distribution of the input
features. In order to reduce this effect, each 3D image had the individual intensity
values clipped into the 1st and 99th percentiles of the corresponding HU value dis-
tributions. It is a technique of examining the allocation of voxel intensities in every
picture and ascertaining the threshold intensities at the percentiles, which is a strat-
egy of eliminating the extreme outliers and the skew values that might be developed
by the noise, artifacts or non-tissue compounds. Reducing the range to the central
98 percent of the data makes it possible that the most interest tissue structures, and
in particular the vessels and the building tissues and vessels around the muscles need
to be adequately contrasted to be emphasized without being interfered with by the
anomalous high intensities of the data and anomalous low intensities of the data.
Then, within this clipped range, the intensities were scaled using methods commonly
referred to as normalization to come within a standardized range (0 to 1).This in-
variant scaling enables neural networks to learn better as they concentrate on what
is really important in the images, the common attributes among them, and are not
left confused by varying values of absolute intensities. Moreover, such normalization
increased the strength of the model implemented in this research pipeline, making it
less prone to inter-scanner and inter-patient differences, which is also essential when
implementing the model in various clinical scenarios. (3.4).
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3.3.3 Vessel Enhancement

The patch based models were made to perform their calculations more on the sub-
stantially important contents of the image, that is the sections where the coronary
arteries could be found by extracting smaller, defined ROIs. ROI extraction is an
important procedure in the proposed framework that helps to narrow down to the
area of interest in further studies. It was done following a rough estimate of vessel
areas which was obtained based on a rough approximated segmenting model. The
dilated mask (obtained during the earlier preprocessing stages) as well as original
mask independently undergo this ROI selection procedure, also. It made sure that
the ground truth and other masks were also subjected to the pre-processing and fit
the obtained ROI that could be uniformly used during the training and assessing
of the patch-based models. ROI extraction helped the patch-based models to focus
on the areas where the coronary arteries could be mostly seen. Such specificity
allowed such models to have improved accuracy in performing the diagnosis and
description of arterial stenosis In consequence, a multi-scale Frangi vesselness map
was computed on the normalized CTA for extracting tubular structures accurately.

Figure 3.5: Frangi Vesselled 3D Volume

This 3D Frangi filter emphasized keeping the vessel’s anatomical structure more
highlighted by suppressing the background (3.5).
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3.3.4 Dilation

To resolve the issue of coarse or incomplete boundaries, which was frequently pro-
duced during mask interpolation, an operation of dilation was enacted as a means
of pre-processing. In particular, the segmentation masks were dilated with spherical
voxel radius of 5 (so-called morphological dilation). This dilation is the process of
increasing the size of the borders, that is, the segmented vessel structures by in-
cluding the voxels around the existing vessel boundaries in a prescribed radius, in
this pipeline five voxels and at the same time thickening the vessel boundaries in
the process. The main idea behind using dilation in such case is to produce a soft
border zone around the vessels” masks that would act as a compromise to resolve the
problem of misalignment or tiny boundaries or minor inaccuracies in the resulting
segmentation. With such a dilation, the masks now tolerate small misrepresenta-
tions and boundary variations to better and facilitate an easier transition between
the vessel and tissue-margins. The presence of such a soft border zone helped to
minimize the effects of the segmentation errors in the area of the borderlines affecting
later stages in this pipeline, such as skeletonization, stenosis quantification. It also
made sure that the most central areas of the vessel were well represented both in the
training and during inferences, and gave some form of padding that added presence
of the vessel in the input data fed to the model. Moreover, dilation was more con-
ducive to overall robustness in owning the downstream processing so that the model
could cope with minor differences, or artifacts, that could otherwise compromise
accuracy of boundaries. It led to the more stable feature extraction and increased
reliability of the segmentation results in this study. The five-voxel radius had a fair
trade-off between adequate boundary smoothing and detailed vessel morphology.
This dilation step is a general step of the pipeline in order to enhance the over-
all quality and accuracy of vessel segmentation, in particular, to address boundary
uncertainties due to the presence of many imaging or preprocessing artifacts.

&

(a) (b)
Figure 3.6: Dilated Mask vs Original Mask

In this step of preprocessing, dilation with a radius of 5 (5 voxels) was applied on
the masks to create a soft border zone to mitigate the unaligned border.
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3.3.5 Dataset Splitting

As the dataset of this research was too large, cross-validation during model training
was too time costly, even for 3-fold CV. To mitigate this situation, the dataset was
split by a stratification logic. The dataset was categorized into two parts: vessel-rich
and vessel-sparse, by calculating the percentage of vessels an image contained and
their mean.

Dataset Stratification Process

Train Set
Vessel-Rich (80%)

Calculate Vessel Category Split into Test Set
Dataset —> Vessel —> Percentage > Train, Test,

(10%)

Percentage Mean? Validation

Vessel-Sparse
Category Validation
Set (10%)

Figure 3.7: Data Splitting Pipeline

After that, the train, test, and validation sets of data got consecutively 80%, 10%,
and 10% from those 2 categories where the count of vessel percentages was higher
than the mean and equal to or lower than the mean equally.

After all the preprocessing (3.3), the images were input in 2 channels, where 1
channel contained the normalized images and the other the Frangi-vesselled image.
In the case of masks, the dilated masks and the original masks were both input
separately into the next steps of the pipeline.
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3.4 Model descriptions
3.4.1 UNet++

UNet++ employs re-designed skip pathways composed of nested dense convolutional
blocks that bridge the semantic gap between encoder and decoder feature maps,
thereby facilitating more accurate medical image segmentation [37].”U-net++ is also
known as the nested U-net model. To improve the accuracy of image segmentation,
the more elevated version of U-Net known as U-Net++ was introduced .There are
five architectural steps that work in the process of U-Net++, such as Encoder path,
Decoder path, Nested skip pathways, Deep supervision, and final segmentation.

. Down-sampling
A1 Up-sampling
>  Skip connection

4 XY Convolution
Figure 3.8: Unet++ Architecture [44]

Basically, this model starts with an encoder that is used to extract the features
from the given image and then prepares it for the nested skip connection pathways.
UNet+4 modifies these connections into nested dense convolutional blocks. After
that decoder path combines the results of two previous steps so that the output
segmentation is reconstructed. For the final part, the segmentation gives the output
of refined features. UNet++ was announced in an effort to improve the accuracy
of the segmentation task by eliminating the disparities between the encoder and
decoder features, as well as providing the model with more information at various
levels.[37]

3.4.2 ResUNet

The ResUNet is a deep learning model with a network architecture that integrates
the U-Net structure and residual learning to perform efficiently and robustly with
image segmentation tasks, especially in biomedical and medical imaging.The limi-
tations faced by the traditional U-Nets, such as gradients vanishing and deficient
feature reuse, are addressed in ResUNet. ResUnet follows a similar encoder-decoder
structure as U-Net architecture.ResUNet shown performing better than other mod-
els in various segmentation tasks, specifically in biomedical imaging, for example,
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liver and tumor segmentation from CT scans, retinal vessel segmentation, and brain
tumor detection.[62]

3.4.3 Attention based 3D U-Net

The Attention based 3D U-Net is a smarter version of the regular 3D U-Net. It
is specially made to analyze medical scans like coronary CT angiography (CTA).
These scans create 3D images of the heart. They use many thin slices in the process.
Thus, using a 3D model helps capture the full structure clearly. One limitation
of the regular U-Net is that it looks at every part of the image equally. Even
the parts that don’t help with diagnosis are observed. The attention mechanism
improves this by allowing the model to focus more on the important regions. Such
as- areas with blocked or narrowed arteries. The model is made of three main parts.
They are- the encoder, the decoder and the skip connections. Skip connections now
include attention gates. The encoder works like a feature extractor. It takes the
3D image input. Then passes it through multiple blocks of 3D convolutional layers,
14 ReLU activation functions and batch normalization. Each block is followed by
a downsampling layer (3D max-pooling). It reduces the image size while increasing
the depth of features. These layers are used to detect textures or patterns that
are possibly vital in predicting diseases. The decoder does the opposite. It starts
with the smallest and most detailed features. Then slowly upsamples them using 3D
transposed convolutions. Each upsampling step is followed by more 3D convolutions
and activations. These help sharpen the final segmented image. At every stage,
the decoder is helped by the encoder through skip connections. Here’s where the
attention gates come in. In a regular U-Net, skip connections pass all the encoder
features to the decoder. But in this improved model, attention gates act like smart
filters between the encoder and decoder. They look at both the encoder features (x;)
and a signal from the decoder (¢). Then calculate which regions are worth focusing
on. The gate produces an attention map («) using this equation:

a =0 (W ReLUW,z; + W, g + b)) (3.1)

The filtered output z; is:
i‘l = - (32)

This means that only the important features from the encoder are allowed to pass
to the decoder. It helps the model ignore irrelevant background details. Then focus
on areas like plaques or calcifications. Before sending features to the next step, both
the encoder part (x) and decoder part (g) are made smaller using tiny 1x1x1 filters.
Then some basic clean-up (called instance normalization) is being done. If they are
not the same size, the decoder part is resized. It is done to match the encoder part.
Then they are added together. This goes through a ReL.U (a kind of switch). Then
another small filter and more cleaning. Thus finally, this goes through a special
function called sigmoid. This gives a map that tells the model what to focus on.
The values in this map go from 0 to 1. The map is used to multiply with the encoder
features. This keeps the important parts and removes the extra noise. It helps the
model see only what matters. Because this model is fully 3D, it can understand the
shape and location clearly. Especially the heart structures across all slices. This
makes its segmentation output more accurate and realistic compared to 2D models.
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Studies show that using attention in this way helps improve detection accuracy. It
also reduces errors in segmenting complex areas like blood vessels.

—£ 5 Wy xixl
Fyx Hyx Wex Dy

'
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Figure 3.9: Attention Gate Functionality

The model uses MaxPool3D to shrink images when going down. This makes the
image smaller. Then uses upsampling to make it bigger again. At the end, it uses
a tiny filter (1x1x1) to give the final result. This model looks at small parts of
the image known as regions of interest (ROIs). But the model does not look at the
whole image at once. It picks important areas like- blood vessels. This helps it work
better and find even the tiny vessel parts.

By combining smart attention with full 3D awareness, this model gives doctors much
clearer views of the heart and arteries. This can lead to earlier and more confident
diagnoses of cardiovascular disease. And this is critical for effective treatment plan-
ning.

3.4.4 3D Unet

The 3D CNN(convolutional neural network) architecture which is primarily designed
for 3D (volumetric) medical image segmentation. It generally extends the known 2D
U-net by integrating 3D convolutions, allowing it to process 3D medical imaging
data such as MRI,microscopy volumes and CT scan. The main difference between
the 2D and 3D U-Net is in the implementation of operations: the former engages in
2D operations, whereas the latter uses their 3D counterparts. In the encoder path,
features are captured by 3D convolution layers, followed by 3D max-pooling applied
for downsampling.
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Ifxlage * segmentation
tile map

256 256
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I
L 4
. 1

* Conv 3x3, ReLu
1024 51

) 512 512
i — -

Max pool 2x2
1024

T up-Conv 2x2

® Conv 1x1
Figure 3.10: 3D Unet Pipeline

From the deeper part of the network abstract representations of inputs are extracted.
In the decoder path, the 3D up-convolutions or transposed convolutions are applied
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for the upsampling of the feature maps. The skip connections connect each layer
in the encoder with the corresponding layer in the decoder. These connections are
important when recovering fine-level spatial information that is lost during down-
sampling.[34] states that 3D-UNet comprises contracting and expanding pathways
that intend to build up the bottleneck part in its very center through convolution
and pooling operations. After this bottleneck, somehow, the image is reconstructed
from a mixture of convolutions and upsampling. Skip connections are added to take
care of supporting gradient backward flow for better training.

3.5 Proposed pipeline for Training and Testing

A cascaded pipeline was proposed for model training with ensemble learning (3.11).
On the proposed pipeline, first of all, the image dataset and the dialated mask went
through coarse based segmentation (3.5.1). After getting the rough prediction mask
output from this coarse based segmentation, ROI was selected from the original
images and masks based on that output (3.5.2). These ROIs went through four
different patch based models as a fine tune factor and output accurate anatomically
structured prediction masks (3.5.3). Then the original masks were skeletonized and
from that centerline, the arteries radii of each mask were calculated and with the
80th percentile, a reference radius was selected for further comparison. At the same
time, the radius of predicted masks from patch-based model output was calculated
in the same process. Then radii calculated from the output predicted masks were
than compared with the reference radius to decide whether there is stenosis present
or not. If stenosis remains present, stenosis percentage was calculated in the process

(3.5.4).
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Figure 3.11: Proposed Pipeline

3.5.1 Coarse-Based Segmentation

As per coarse-based segmentation, 3D-Unet, a single neural network, processed the
whole 3D image. The development of the coarse-based segmentation model was
designed to attain success in the localization of the coronary tree within three-
dimensional medical imaging. As our research goal was to find out the volumetric
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area of the arteries, the convolution layers of this model assisted in capturing that
successfully [22]. This model took our two-channel preprocessed volume as input,
and as output, it provided a rough vessel mask, which helped to locate the Region of
Interest(ROI) for later usage in the pipeline. This type of activity is a critical step
since it increases the quality of the information feeding in the network enabling the
model to learn the anatomical features contained in the images at a higher level. The
two channels were of different characteristics extracted out of the original images
thus contributing to better performance of the model during training.

A smoothed dice loss was used to train this network :

2y . pimi+e¢

where i index of voxels, ¢; predicted probability of model, p; and m; are predicted
probability at voxel i and mask value of voxel i, £ is the smoothing constant to
remove division by zero error.

Then a positive-class weight was computed from all dilated mask voxels for address-
ing class imbalance. Formula for positive-class weight was :

DiceLoss =1 — pi=0o(l;), my € {0,1}, e =1x107°. (3.3)

- Npos

Nyox
pos_ weight — min( ¥o , MAX7P087WEIGHT>. (3.4)

pos

where Ny and Ny, referred to total number of voxels and positive number of
voxels across the dilated masks.
then binary cross entropy loss was calculated :

N
BCEWithLogits(¢, m; w) Z [wmZ log(o(4;)) + (1 —my) log(1— a(&))],
=1

(3.5)
where /£ referred to the logit of coarse network, o (¢;) referred to sigmoid of predicted
probability, m; is the GT mask label, w is positive class weight and N is total
number of voxels
After that, the coarse loss was calculated using these adding these 2 losses. These
losses assisted the model to perform better [28]. Although this model was able to
capture large and mid-scale anatomical context, it could not focus on the boundary
properly, as shown in the figure (4.7).

ZIH
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Figure 3.12: Coarse Prediction

3.5.2 Region Of Interest Extraction

After getting the approximate prediction of vessel regions (4.7) from the coarse
model, a smaller volume of dimension consisting of 64*64*64 voxels is selected as
the region of interest(ROI) to run patch-based models (3.11). The center of ROI
was selected by calculating the mean of the coordinates of vessel voxels predicted
by the coarse model. The dilated mask and the original mask also went through
the ROI selection process. The patch based models were made to perform their
calculations more on the substantially important contents of the image, that is the
sections where the coronary arteries could be found by extracting smaller; defined
ROIs. ROI extraction was an important procedure in the proposed framework that
helped to narrow down to the area of interest in further implementations.

It was done following a rough estimate of vessel areas which was obtained based on
a rough approximated segmenting model. The dilated mask obtained during the
earlier preprocessing stage as well as original mask independently underwent this
ROI selection procedure, also. It made sure that the ground truth and other masks
were also subjected to the pre-processing and fit the obtained ROI that could be
uniformly used during the training and assessing of the patch-based models. ROI
extraction helped the patch-based models to focus on the areas where the coronary
arteries could be mostly seen. Such specificity allowed models to have improved
accuracy in performing the diagnosis and description of arterial stenosis.
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Figure 3.13: ROI selection

3.5.3 Patch-Based Segmentation

On the ROI extracted volumes, four distinct architectures: 3D Unet, 3D ResUnet,
3D AttentionUnet, and 3D Unet++ were trained.

While training the patch based model, the ROI volume and the original mask with
ROI clipped were taken as input. Training on the selected patches allowed these
models to focus on the boundary with utmost effectiveness. Besides, some mod-
els are more deeper and complex like Attention Unet, Unet++; so it was hard to
run them coarsely as that would be time sensitive, therefore, they were applied
on patches so that without processing full image but only an important portion
of image, they could provide richer outcomes. Patch level segmentations also used
the same loss functions as coarse level one did (3.3), (3.5). This patch-based seg-
mentation technique of coronary vessels analysis were conducted in a procedural
manner where four different deep learning architectures, such as 3D U-Net, U-Net
++, Attention-Based 3D U-Net and ResU-Net, were used.The models were dis-
tinctive in their contribution to the segmentation process, and obtained some fine
details of the regions of interest (ROIs).To achieve a good segmentation framework
through the improvement of the accuracy in the detection and characterization of
arterial stenosis,the working principle and architecture of the models were contrib-
utory. This procedure was important because it enabled the models to target the
vital regions of the images including the images of vessels, improving the accuracy
of vessel detail capture to a large extent. While training the patch based model,
the ROI volume and the original mask with ROI clipped were taken as input and
later those were run by models such as UNet++ , ResUNet, Attention based 3D
U-Net and 3D UNet. By focusing on the smaller parts that were relevant to the
entire image, the models can be trained to detect complex structures, which are
critical towards the segmentation process.Training on the selected patches allowed
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these models to focus on the boundary with utmost effectiveness. The batch size of
the patch-based networks was initialized to 60. The increase in this batch size was
favorable because it allowed quicker training over the smaller patches. Applying
many patches in parallel did not only increase the overall training speed but also
helped the model to learn a rich variety of examples on each training step, which
was a crucial aspect of generalization.The results of the coarse-based segmentation
were used as a starting point to the patch-based refinement .

After the patch stage’s completion, there were some voxel probability overlapping
because of neighboring patch overlap which was solved by calculating mean of their
probabilities; which consequently provided refined predicted mask as patch output.

3.5.4 Stenosis quantification

For translating the output got from the patch level models. At first, the original
mask got straight from preprocessing, was skeletonized and was selected centerline of
the artery. Then from this centerline voxels, the distance of the nearest background
was calculated which referred to the radius of the vessel. After that, with 80th
percentile calculation for all centerline radii, a reference lumen size was decided. At
the same time, this radii calculation process was applied on the output mask from
patch models too. After that the percentage of stenosis was calculated using this
formula [1]:

Percent Stenosis = <1 — Tles—m) x 100% (3.6)

Tref
where ’lesion’ refers to the narrowest part of the predicted mask’s vessel, 'ref” refers
to the reference radius found out after calculation on original mask. After these
processes, the metrics was calculated on the model performances and stenosis cal-
culation (3.6).
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Chapter 4

Results and Discussions

The cascaded ensemble pipeline study demonstrated robust performance across the
whole pipeline and also yielded viable results clinically. The selected models chosen
for this pipeline were evaluated on different kinds of metrics, such as Dice score,
precision-recall, F1-score, AUC score, and stenosis percentage. The Dice Score, or
the Dice Similarity Coefficient (DSC), is usually a range in spatial indices, seg-
mentation, and binary classification problems. It indicates the level of similarity
between predicted and actual positive sets and is thus an excellent metric for judg-
ing the overlap between classifications. In the context of image segmentation, for
instance, the Dice Score can be utilized to evaluate the degree of similarity between
the predicted segmentation mask and the ground truth segmentation mask. [69]
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Figure 4.1: Dice Score for all the networks

According to Dice score, the coarse-based model showed the highest performance
with a dice score of 82% (4.1). Although the coarse-based model performed well in
terms of Dice, it still cannot segment the arteries with utmost precision, as the mask
used in this case was dilated to facilitate the initial localization of vessels. Besides,
among the patch level models, Attention Unet 3D and Unet+43D models showed
best convincing performances with a dice score of 75.3% and 74.3% cosecutively on
the test data set (4.1). The remaining patch-based models, Eg, ResUnet3D and

24



Unet 3D, lacked in terms of this metric with dice score of 73% and 74%. These
metrics showed better results than previous research using 2D Unet.

For this research, precision and recall combination is crucial, as the indirect goal was
to differentiate between voxel classes. Precision tells us how many of the people the
model says have heart disease do. In other words, it checks how correct the model’s
positive predictions are. Precision = TP/(TP+FP) For example, if the model says
10 people are sick but only 7 truly are, then the precision is 70%. Models like UNet
need to be careful not to over-predict disease. High precision means the model is
good at avoiding these mistakes.
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Figure 4.2: Precision for all the networks

This becomes even more important when we have fewer sick cases than healthy
ones in the dataset. In that case, precision helps check if the model is still reliable.
Most of the dataset voxels were background, thus the precision graph (4.2) was
upwards and the recall graph (4.3) was downwards. For precision, a patch-based
model performed better with a peak value of 70% (4.2) from Attention Unet 3D,
as well as its recall value was 85.6% (4.3). This was the lowest distance between
precision and recall among all other models. Among other models, Unet++3D also
showed somewhat consistency with precision and recall value of 69% and 86.5%
concurrently (4.1). The other models e.g. ResUnet3D and Unet3D lacked behind
as the precision and recall distance was a bit far (4.1).

When analyzing coronary computed tomography (CTA) images to predict heart
disease, recall is a vital measure. It tells us how well our model spots actual
problem areas. Like diseased parts of the heart’s arteries, by calculating: Recall=
TP/(TP+FN) In simple terms, high recall means we’re catching most of the trouble
spots. Thus, such as- plaques or narrowed arteries. Which is crucial to avoid missing
something that could lead to serious health issues [18].

The coarse-based Unet 3D model resulted in better recall than precision, which
shows that the result was biased towards positive predictions. Mostly, the patch-
based models showed compelling outcomes as their precision and recall values were
closer than the coarse-based model, as shown in the (4.2),(4.3).

F1 score is an alternative machine learning assessment metric used to measure a
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Figure 4.3: Recall for all the networks

model’s skill in prediction by specifying the class-wise performance of that pre-
dictive model instead of giving an overall performance index like accuracy. F1
score combines two antagonistic measurements, being the precision and the other
being the recall score of a model. For this reason the Attention Unet 3D model
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Figure 4.4: F1 score for all the networks

showed best promising performance with an F1 score of 75.3%(4.4). Among the
other patch-based models, Unet++3D resulted better F1 with a score of 74.3%.
The coarse-based 3D Unet model exceeds this result with a F1 score of 83%, but it
was biased in terms of recall (4.4).

The AUC score for all the models was between 98% and 99%, which means that all
of the models were able to differentiate between voxel types almost perfectly (4.5).
According to the box plot of stenosis percentage error across all the models (4.6),
the error between the ground truth and the predicted stenosis percentage for all

26



AUC (val & test) over Epochs (95% Cl)
100 - ———y———v ey v — v
—8— Coarse_val

Coarse_test

—8— UNet3D_val

—8— UNet3D_test

80 7 —8— ResUNet3D_val

—8— ResUNet3D_test
AttentionUNet3D_val

—8— AttentionUNet3D_test
UNetPlusPlus3D_val

—&— UNetPlusPlus3D_test

60 4

AUC (%)

40 4

20 4

T T T T T T T T T
0 5 10 15 20 25 30 35 40
Epoch

Figure 4.5: AUC score for all the networks

the models were around -20% to 20% (4.6a) with some outliers. The predictions
are almost centered near ground truth, and their median error is close to 0%, which
suggests that the models were quite accurate in their estimation. As Attention Unet
3D has the smallest IQR,lowest median error and insignificant amount of outliers,
this model has the best consistent performance.
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Figure 4.6: Stenosis Prediction

The ResUnet shows the widest IQR, which indicates the variability among the pre-
dictions at a large scale in its predictions. The same results go for the stenosis
percentage graph (4.6b), where also Attention Unet 3D showed best performance.
Among all the patch-based models, Attention Unet 3D showed the best and
clinically consistent results across all metrics (4.1) and stenosis calculation, which
is being considered as the best model for this unique pipeline. Despite this factor,
according to the metrics, all of the models of this pipeline resulted in high recall
values,with an average value of 85%, which indicates that the vessel detection had
strong sensitivity. But, the precision value was a bit inconsistent in this case, having
70% on average, which indicates that the model is having challenges while reducing
false positive predictions. Summing up, the coarse model’s prediction had some
error which was addressed and solved by patch-based models, especially Attention
Unet 3D (4.7), (4.1).
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Table 4.1: Performance Comparison of Best Models Based on Recall, Dice, Precision,

AUC, and F1 [Best Epoch = 40]

Models Recall Dice (%) Precision AUC (%) F1 (%)
(%) (%)

UNet++-3D 86.5 74.3 69 98.9 74.3

AttentionUNet3D 85.6 75.3 70 99.2 75.3

ResUNet3D 86.1 73 64.4 99.4 72.3

Unet3D 85.7 74 68 99.1 74
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Chapter 5

Future Improvement and
Conclusion

5.1 Limitations and Future Improvements

As a coarse based model only 3D Unet was run. Due to computational complexity
and prolonged runtime, the other dense models like attention Unet, ResUnet and
Unet++ 3D were not run coarsely. Besides, A cascaded multitask learning pipeline
could be designed for better segmentation. Moreover, The 3D image volumes were
not evenly sliced, for which different criteria was used to form a global dimension
among all the volumes.But this arises anatomical breach, which is insignificant but
still a drawback. The models could be run more than 40 epochs to get more gen-
eralized metrics, but for time complexity made it harder to run for more epochs.
Besides, the dataset should be cross validated which was also tough to accomplish
as there was time limit for this experiment.

5.2 Real-Life Implementation

This achievement of the cascade ensemble U-Net framework on the segmentation
of coronary arteries has shown great capabilities to be implemented in the clini-
cal area, and it can be seen as an applicative instrument in the early diagnosis
and risk prediction of coronary artery disease. In order to enable the system in
real-life settings, the introduction of this system into clinical workflows should be
smooth. In this, it would include the development of user friendly graphical user
interfaces (GUIs) that would be easily handled by clinicians that have little tech-
nical know-how to facilitate easy upload of imaging data and display of the output
results including detailed segmentation maps and stenosis dimensions. Moreover,
it is also important to integrate with the hospital information systems (HIS) and
picture archiving and communication systems (PACS) to facilitate an automated
process of data retrieval, processing, and reporting with reduced manual assistance
and error possibilities. In a real-life scenario, the system should be super-fast and
efficient to deliver near-real time results, which are crucial in emergency-like and
routine diagnostics scenarios. This includes the use of optimal computational algo-
rithms and even the use of hardware acceleration mechanisms in the form of GPU
processing, that would allow completing the analysis fast without affecting the ac-
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curacy. Besides, the system needs to be deeply validated on the data of various
patients, with varied demographic backgrounds, varieties of imaging machines, and
disease conditions, to certify its strength and universality. This will make it easier
to determine possible biases or restrictions, with a view of improving as time goes
by. Moreover, since such information as patient history, biomarkers and any other
clinical information regarding diagnosis is significant, its addition to the model can
in turn add to the overall clinically representative predictive ability of the model
and overall clinical decision-making. There is also a possibility of future develop-
ments to accommodate cloud-based deployment to enable remote consultation and
access to expert analysis, particularly in resource-scarce environments. Overall, suc-
cessfully implementing this framework could revolutionize cardiovascular diagnostics
by enabling precise, automated, and rapid assessments of coronary artery stenosis.
This would not only improve diagnostic accuracy and reduce inter-observer vari-
ability but also support timely treatment interventions, ultimately leading to better
patient outcomes. Continued research, collaboration with healthcare professionals,
and technological advancements will be essential to translate this promising research
into a widely adopted clinical tool that can be validated in diverse healthcare envi-
ronments.

5.3 Conclusion

Quantifying stenosis in coronary arteries plays a critical role in the diagnosis and
management of cardiovascular diseases. In this study, we present a cascaded ensem-
ble U-Net based framework. It is designed to accurately estimate the severity of
arterial blockages from medical imaging data. The cascaded structure allows suc-
cessive U-Net models to progressively refine segmentation outputs. This is while
the ensemble strategy integrates their predictions to enhance overall robustness and
precision. Evaluations conducted on a comprehensive dataset demonstrated that the
proposed method outperformed existing approaches. This achieved a Dice similarity
score of 83%. Although these results are promising, there is still potential for im-
provement through further tuning and optimization of the pipeline. This approach
offers a valuable tool for clinical decision-making, with the potential to support
timely and accurate diagnosis. Future work will aim to incorporate relevant clini-
cal variables, explore real-time application, and validate performance across diverse
populations and imaging modalities to ensure broader clinical applicability.
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