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Abstract

Coronary artery disease (CAD) remains a leading cause of mortality worldwide,

necessitating advancements in diagnostic and treatment methods. This thesis ex-

plores novel deep learning approaches to improve the analysis of coronary artery

imaging, addressing challenges in stenosis detection, and 3D reconstruction. Three

key contributions are presented: (1) a Hessian-based image preprocessing method

integrated with image fusion, enhancing visualization of coronary angiography; (2)

an attention-enhanced YOLO-based framework for stenosis localization, improving

detection accuracy in complex angiographic scenarios; and (3) an automated deep

learning pipeline leveraging GhostNet and transformers for the extraction and 3D

reconstruction of the right coronary artery (RCA) from CT images. Comprehensive

experiments validate the efficacy of the proposed methods across multiple tasks in

coronary artery analysis. The Hessian-based image preprocessing combined with

image fusion significantly enhanced vessel visualization, leading to a 5% increase in

detection accuracy (AP50 = 87.1%) using the YOLOv10-X model compared to raw

dataset. The proposed attention-enhanced YOLO-based network achieved outstand-

ing performance in stenosis localization, with an AP50 of 90.5% at the zero-degree left

coronary artery (LCA) imaging angle, the highest accuracy across all tested angles.

Additionally, the automated deep learning pipeline for the extraction and 3D recon-

struction of the right coronary artery achieved a segmentation F1 score of 0.866 and

a mean IoU of 0.835. The 3D reconstruction process provided superior visual clarity,

making it suitable for clinical applications. These contributions collectively advance

the accuracy, efficiency, and practicality of coronary artery disease analysis, offering
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transformative potential for real-time medical diagnostics and treatment planning.

This study highlights the transformative potential of advanced deep learning ar-

chitectures in CAD diagnosis, offering pathways for real-time, precise, and robust

medical imaging solutions. Future research will focus on extending these techniques

to broader datasets and refining latency for real-time clinical applications.

Keywords: Artificial Intelligence, Coronary Artery Disease, Deep Learning, 3D

Reconstruction, Medical Image Processing
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General Introduction

Coronary artery disease is a leading global health concern, characterized by the

narrowing and hardening of arteries that restrict blood flow to the heart, significantly

impacting mortality rates, quality of life, and healthcare systems worldwide [1, 2].

The ”gold standard” for diagnosing CAD has traditionally been invasive coronary

angiography (ICA), which involves visualizing coronary arteries using a contrast

agent and X-ray imaging [3]. However, this method heavily relies on the subjective

judgment of radiologists, leading to variability in diagnostic outcomes [4]. The

anatomical complexity of coronary arteries, combined with dynamic blood flow,

further complicates the accurate assessment of arterial stenosis.

Advancements in deep learning have revolutionized medical imaging, particu-

larly in the detection and analysis of coronary artery stenosis. Convolutional neural

networks (CNNs) and their variants have been successfully applied to vessel segmen-

tation, stenosis detection, and feature extraction. However, challenges such as lim-

ited computational efficiency, high parameter counts, and difficulties in accurately

processing multi-angle imaging persist [5, 6]. Furthermore, traditional approaches

often overlook the complex geometry and smaller branches of the coronary network,

which are crucial for comprehensive diagnostics.

Transformer-based architectures have emerged as a promising solution, offering

the ability to capture global context and model dependencies across entire datasets.

These models, particularly when integrated with lightweight networks like Ghost-

Net, provide a balanced approach to achieving high accuracy with reduced computa-

tional demands [7, 8]. By combining GhostNet’s efficiency with the global attention
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capabilities of transformers, modern frameworks have demonstrated significant im-

provements in segmenting complex vascular structures, making them suitable for

clinical environments requiring real-time processing.

In this thesis, we discuss three methods, presented respectively in Chapters 1, 2,

and 3. These are: (1) a Hessian matrix-based image preprocessing method combined

with image fusion; (2) a YOLO-based coronary artery stenosis detection network

incorporating attention mechanisms and feedforward paths; and (3) a GhostNet

and transformer-based approach for CT coronary artery RCA extraction and 3D

reconstruction. These methods not only enhance visualization and segmentation

capabilities but also enable more accurate and efficient stenosis detection, address-

ing critical limitations in existing methodologies. By leveraging state-of-the-art

technologies, this study aims to advance CAD diagnosis and treatment planning,

ultimately improving patient outcomes.
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Chapter 1

A Hessian-Based Deep Learning

Preprocessing Method for

Coronary Angiography Image

Analysis

1.1 Introduction

Coronary artery disease emerges as a critical cardiovascular medical issue charac-

terized by progressive arterial narrowing and hardening, substantially influencing

cardiac blood circulation [1]. As a mounting global health concern, CAD’s preva-

lence continues to surge dramatically. The condition significantly impacts public

health by elevating mortality and morbidity rates, dramatically diminishing patient

life quality, and imposing considerable burdens on healthcare infrastructures world-

wide [2]. Historically, coronary angiography has been revered as the diagnostic

benchmark for identifying coronary artery disease. Invasive coronary angiography

represents a pivotal diagnostic technique for detecting arterial stenosis in clinical

settings. During this procedure, medical professionals introduce a radiopaque con-

trast agent into coronary arteries, generating a series of X-ray images to visualize
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potential blockages [3]. The assessment of CAD severity predominantly relies on

measuring percent stenosis, a method intrinsically dependent on physician visual

interpretation. Clinical guidelines typically employ specific stenosis thresholds: a

50% narrowing often prompts consideration of coronary revascularization, while a

70% stenosis signifies clinically significant arterial obstructions [9]. Nevertheless,

this diagnostic approach harbors inherent limitations that challenge its absolute

precision.

The diagnosis of CAD through ICA is significantly influenced by radiologists’

subjective expertise and judgment, potentially leading to inconsistent diagnostic in-

terpretations [4]. The diagnostic process is susceptible to various human factors,

including physician fatigue and disparities in professional experience, which can

compromise diagnostic accuracy. Traditional angiographic imaging faces multiple

technical challenges that impede precise visualization. Image quality is frequently

compromised by constraints such as radiation dose limitations, non-optimal imaging

perspectives, and uneven distribution of contrast agents. These factors contribute to

reduced image contrast and structural blurring, thereby substantially complicating

manual assessment of coronary artery stenosis. The inherent complexity of coronary

arterial anatomy further compounds diagnostic difficulties. Each individual’s arte-

rial network exhibits unique three-dimensional characteristics, creating substantial

interpretation challenges. The dynamic physiological environment introduces addi-

tional complexity, as blood flow velocity and pressure variations during the cardiac

cycle can dramatically alter stenosis appearance. These multifaceted challenges un-

derscore the critical need for advanced diagnostic methodologies that can transcend

current limitations. Innovative imaging techniques capable of capturing real-time,

precise arterial structural and functional information are essential to enhance the

accuracy and reliability of CAD diagnosis.

Deep learning technologies, particularly convolutional neural networks, have

emerged as transformative solutions to the persistent challenges in coronary artery

disease diagnosis. Recent research has demonstrated remarkable progress in im-
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age processing techniques that enable more precise and reliable stenosis detection

and quantification. The existing literature reveals a diverse range of deep learning

applications in cardiovascular imaging. Researchers have made significant strides

in multiple domains, including blood vessel extraction [10, 11], automated stenotic

lesion localization [6, 12], and non-invasive fractional flow reserve (FFR) estima-

tion from angiographic images [13]. Innovative mathematical methodologies have

also been proposed for stenosis rate calculation [5]. Despite these advancements,

current research exhibits notable limitations. While groundbreaking studies often

concentrate on stenotic regions within the primary vessel, they frequently neglect

the critical implications of stenosis in branch vessels. This research gap stems from

substantial technical challenges, including vessel overlay complexities, inconsistent

contrast agent distribution, and suboptimal imaging perspectives that impede clear

branch vessel visualization. Existing segmentation algorithms frequently struggle

with real-time clinical implementation, and many research approaches remain con-

fined to zero-degree imaging angles. These constraints significantly restrict the com-

prehensive diagnostic potential of coronary angiography. Consequently, the detec-

tion of stenosis within the intricate coronary arterial network continues to represent

a complex and promising frontier of medical imaging research. The ongoing evolu-

tion of deep learning techniques offers substantial potential to address these critical

diagnostic challenges, potentially revolutionizing our approach to identifying and

characterizing coronary artery stenosis.

Addressing the complex challenges of the coronary arterial network, character-

ized by its intricate branching and geometric complexity, researchers have increas-

ingly turned to Hessian matrix-based filtering as a promising visualization technique

[14]. This innovative approach exploits the inherent relationships between Hessian

matrix eigenvalues to identify and extract tubular blood vessel structures in medical

imaging. The Hessian-based Frangi vesselness (HFV) filter has emerged as a cru-

cial tool for vascular enhancement and quantification, with extensive applications

demonstrated across multiple research domains [15, 16, 17]. Previous research has
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highlighted the filter’s potential to improve image quality, particularly in coronary

angiography, thereby enhancing deep learning networks’ ability to learn stenotic

features [18]. Advanced hybrid enhancement techniques have further expanded the

filter’s capabilities, combining approaches like region growth with HFV to improve

background clarity and reduce noise levels [19, 20]. However, a significant research

gap persists: while numerous studies have explored the HFV filter’s image enhance-

ment potential, few have systematically investigated its impact on deep learning

networks’ feature learning capabilities. This limitation may be attributed to the his-

torical constraints in deep learning network development, which potentially hindered

researchers from obtaining conclusive evidence about the filter’s comprehensive diag-

nostic potential. Consequently, the full capabilities of Hessian matrix-based filtering

in improving coronary artery image analysis remain an exciting and promising area

of ongoing research.

The field of convolutional neural networks has witnessed remarkable advance-

ments in stenosis identification and detection methodologies. In 2018, researchers

introduced a modified CNN structure that demonstrated significant potential in

identifying stenotic regions within angiographic images [21]. This pioneering ap-

proach involved training networks on synthetic data and subsequently refining them

using clinical datasets, achieving an impressive accuracy of approximately 90%. No-

tably, this method outperformed traditional feedforward neural networks, marking

a substantial breakthrough in diagnostic imaging. Transfer learning emerged as

another critical avenue of research, with studies exploring the optimization of pre-

trained CNN architectures [22]. Investigators discovered that utilizing the top three

layers of pretrained networks as feature extractors could yield substantial improve-

ments in stenosis detection, highlighting the potential of adaptive learning tech-

niques. Building upon these foundational research efforts, the scientific community

developed CathAI, an innovative fully automated method for analyzing coronary

artery stenosis in conventional angiography [23]. This breakthrough approach has

significantly enhanced the standardization and reproducibility of coronary artery
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stenosis assessment, representing a pivotal advancement in medical imaging diag-

nostics. These progressive methodologies underscore the transformative potential

of deep learning technologies in addressing complex cardiovascular diagnostic chal-

lenges, offering more precise, consistent, and reliable approaches to identifying ar-

terial stenosis.

The landscape of blood vessel segmentation has undergone significant trans-

formations, with researchers developing a diverse array of innovative models and

tracking-based techniques. These methodological advances encompass a wide range

of approaches, including multiscale Gabor filtering [24], sophisticated Hessian filter-

ing integrated with flux flow measurement [25], and segmentation strategies leverag-

ing active contour methods [26]. Moreover, deep learning technologies have played a

pivotal role in advancing medical image analysis, with long short-term memory re-

current neural networks emerging as particularly promising techniques [27]. Concur-

rently, transformer technology has rapidly gained prominence, revolutionizing med-

ical image processing and segmentation. Recent years have witnessed the emergence

of numerous groundbreaking methods utilizing transformer architectures [28, 29, 30].

These diverse and sophisticated approaches collectively represent a comprehensive

technological ecosystem dedicated to enhancing our capabilities in medical imaging.

The primary focus remains on advancing the detection of coronary artery stenosis

and refining blood vessel segmentation techniques, demonstrating the field’s commit-

ment to improving diagnostic precision and understanding cardiovascular imaging.

In this chapter, we implemented a preprocessing technique, designed to enhance

coronary artery imagery through the integration of Hessian matrix multiscale fil-

tering and image feature fusion. Our methodology prioritizes feature preservation,

particularly for identifying small or distal vessels. The approach involved applying

Hessian-based Frangi vesselness filtering to improve blood vessel visibility, followed

by image fusion to accentuate vessel characteristics. We conducted a comprehensive

evaluation by training and comparing various deep learning networks under consis-

tent conditions, assessing the preprocessing technique’s impact on their performance.
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Additionally, we investigated the influence of different imaging angles on stenosis lo-

calization. The experimental outcomes demonstrated satisfactory detection results.

Our study has made the following contributions:

1. We substantially improved the identification of branch vessel stenosis. Tradi-

tional object detection approaches often overlook branch vessel stenosis due

to accuracy constraints, despite the considerable clinical health risks these

conditions pose. Our method enhances the potential for clinical application.

2. Our dataset incorporates cases from elderly patients, many featuring artifacts

such as surgical stents, which introduce additional noise. The inclusion of these

diverse data samples increases dataset complexity and improves the method’s

practical applicability.

3. We conducted a systematic latency assessment comparing our method to di-

rect image processing. Recognizing latency as a critical factor in real-time

clinical detection, we evaluated the method’s potential for development and

application in time-sensitive diagnostic scenarios.

1.2 Materials and Methods

Our methodological approach incorporated two dataset variants: the original raw

dataset and a preprocessed dataset. For the preprocessed version, we implemented

our proposed preprocessing technique, which commenced with the application of the

Hessian-based Frangi vesselness filter and subsequently employed image fusion tech-

niques to further enhance image quality. Both datasets were then utilized to assess

the performance of various deep learning models. The comprehensive preprocess-

ing procedure is systematically outlined in Algorithm 1, which provides a detailed

sequential breakdown of the image preprocessing steps. This approach enabled a

comparative evaluation of the preprocessing method’s impact on deep learning model

performance, offering insights into the potential improvements in image quality and

subsequent diagnostic capabilities.
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1.2.1 Materials

This study utilized a comprehensive dataset sourced from 40 patients who under-

went coronary angiographic examinations at Hokkaido University Hospital. To en-

sure methodological precision, experienced radiologists conducted meticulous evalu-

ations of all angiographic sequences and static images. The data collection method-

ology involved systematically segmenting continuous angiographic recordings into

discrete frames, standardized at a frequency of 15 frames per second. This approach

generated a robust collection of 400 contrast-enhanced radiographic images. These

images were strategically categorized into two primary classifications: right coronary

artery and left coronary artery. Each classification incorporated images captured

from three distinct angular projections: left anterior oblique (LAO), right anterior

oblique (RAO), and zero-degree (ZERO) orientation.

1.2.2 Preprocessing Approaches

1.2.2.1 HFV Filter

Enhancement filters serve as fundamental tools for optimizing image quality and

detail across various medical imaging modalities, including X-ray, MRI, CT, and

ultrasound. These enhancements are indispensable for clinicians in their diagnos-

tic procedures and disease monitoring protocols. For vessel structure enhancement,

practitioners frequently employ differential-based techniques, such as second deriva-

tive analysis and Hessian matrix operations. These differential analytical approaches

significantly augment vessel visibility, rendering them instrumental in medical image

segmentation and analytical processes. The methodology incorporates eigenvalue

analysis of the Hessian matrix (H (x, y)) to identify vessel-like formations within

images. The source image is denoted as I (x, y). To establish a continuous Hessian

matrix, convolution with a two-dimensional (2D) Gaussian filter is implemented.

Equation (1.2.1) demonstrates the convolution between the Gaussian filter and the

Hessian of image I (x, y):
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H(x, y) ≈ G ∗

 ∂2I
∂x2

∂2I
∂x∂y

∂2I
∂y∂x

∂2I
∂y2

 =

 ∂2G
∂x2

∂2G
∂x∂y

∂2G
∂y∂x

∂2G
∂y2

 ∗ I(x, y) (1.2.1)

The detection of local image structures is significantly enhanced through analy-

sis of Hessian eigenvalue magnitudes and signs. Thus, eigenvalues and eigenvectors

of H (x, y) are computed to extract contrast and orientation data at each image

point. This decomposition yields two eigenvalues, designated as (λ1, λ2), with corre-

sponding eigenvectors (ū1, ū2). These elements facilitate the identification of various

structural features including blobs, tubes, and plates. In the context of blood vessel

detection, characteristic conditions include |λ1| ≈ 0, |λ1| ≪ |λ2|, where ū1 indicates

vessel orientation. Furthermore, λ2 typically exhibits negative values for bright

vessels contrasted against darker backgrounds, a crucial criterion for maintaining

consistency and excluding non-vessel structures. The Frangi vesselness function is

consequently defined as:

F(v) =


0 if λ2 > 0,

e
−RB

2

2β2

(
1− e

s2

2c2

)
othewise,

(1.2.2)

where

RB =
|λ1|
|λ2|

, S =
√

λ2
1 + λ2

2 (1.2.3)

The parameter RB quantifies object eccentricity in 2D imagery, while S evalu-

ates structural presence, effectively differentiating background regions. Background

areas, characterized by minimal structural definition, exhibit low contrast and con-

sequently low S values, whereas regions containing distinct structures generate high

S values. The parameters β and c modulate the line filter’s sensitivity to RB and

S. Conventionally, β is assigned a value of 0.5, while c is calibrated according to

vessel gray-level intensities. The filter generates response values upon application,

where elevated values correspond to vessel pixels and diminished values indicate

background pixels.
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1.2.2.2 Image Fusion

Medical image fusion serves as a critical methodology for combining multiple medical

images, whether derived from single or multiple imaging modalities. This integra-

tion technique aims to maximize image quality while preserving and highlighting

clinically relevant features, ultimately enhancing the diagnostic and analytical value

of the resulting images. The field draws from multiple scientific disciplines, includ-

ing image processing, computer vision, pattern recognition, machine learning, and

artificial intelligence. Its widespread clinical applications enable healthcare practi-

tioners to gain comprehensive understanding of pathological conditions through the

integration of multi-modal imaging data, facilitating more precise diagnostic pro-

cesses and treatment decisions. The intensity-hue-saturation (IHS) transformation

represents a key element in IHS-based medical image fusion approaches. The pro-

cess begins with converting source medical images from their original red-green-blue

(RGB) format through RGB-to-IHS transformation. This conversion translates the

initial image data into the IHS color space, which comprises intensity, hue, and sat-

uration components, creating a matrix representation within this alternative color

framework. The fusion process concludes with an inverse IHS transformation. In

this methodology, medical images from different modalities first undergo conversion

to the IHS color space through RGB-to-IHS transformation. The final fused image

is then generated through the reverse process using IHS-to-RGB conversion:

I =
R +B +G

3
(1.2.4)


H = G−B

3I−3B
, S = I−B

I
if B < R,G,

H = B−R
3I−3R

, S = I−R
I

if R < B,G,

H = R−G
3I−3G

, S = I−G
I

if G < R,B

(1.2.5)
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

R = I(1 + 2S − 3S ×H),

G = I(1− S + 3S ×H),

B = I(1− S) if B < R,G,

R = I(1− S),

G = I(1 + 5S − 3S ×H),

B = I(1− 4S + 3S ×H) if R < B,G,

R = I(1− 7S + 3S ×H),

G = I(1− S),

B = I(1 + 8S − 3S ×H) if G < R,B

(1.2.6)

This methodology capitalizes on the distinctive advantages of the IHS color space

framework, enabling seamless integration of diverse medical imaging modalities into

a unified visual format. Through the IHS transformation process, critical diagnos-

tic features are preserved and enhanced while effectively merging complementary

information from various imaging sources. Moreover, this sophisticated integration

technique maintains the fundamental anatomical and pathological characteristics

present in the source images while simultaneously improving their visibility and in-

terpretability. The resulting fused images offer healthcare professionals enhanced

visual information, significantly advancing their capacity for accurate clinical inter-

pretation and thorough analysis. Meanwhile, the improved clarity and comprehen-

sive nature of these fused visualizations facilitate more precise detection of subtle

pathological changes and anatomical relationships. This enhanced diagnostic capa-

bility leads to more informed clinical decisions and treatment strategies. Addition-

ally, this advanced fusion approach substantially streamlines clinical workflows by

consolidating complex multi-modal imaging data into a single, easily interpretable

format.
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Algorithm 1 Vessel Enhancement and Image Fusion
Input: Medical image I(x, y), Gaussian filter G, parameters β, c

Output: Enhanced and fused image Ifused

1: Compute Hessian matrix H(x, y):

H(x, y)← G ∗

 ∂2I
∂x2

∂2I
∂x∂y

∂2I
∂y∂x

∂2I
∂y2



2: Perform eigenvalue decomposition:

(λ1, λ2)← Eig(H(x, y))

3: Identify vessel-like structures:

Condition: |λ1| ≪ |λ2| , λ2 < 0

4: Compute vesselness function:

F(v)←


0 if λ2 > 0,

e
−R2

B
2β2

(
1− e−

S2

2c2

)
otherwise

5: Enhance image: Ienhanced ← F(v)

6: Set fusion inputs: R← Ienhanced, B,G← Original channels

7: Transform RGB to IHS: I,H, S ← RGB-to-IHS(R,G,B)

8: Enhance intensity channel I and adjust H,S

9: Transform IHS to RGB: R,G,B ← IHS-to-RGB(I,H, S)

10: Combine vessel-enhanced and fused images:

Ifused ← Combine(Ienhanced,Fused GB)

11: return Ifused
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1.2.3 Model descriptions

1.2.3.1 Region-Based Fully Convolutional Networks

Region-Based Fully Convolutional Networks (R-FCN) represent advanced deep learn-

ing architectures optimized for targeted object detection. These networks combine

the strengths of Region-based Convolutional Neural Networks (R-CNN) and Fully

Convolutional Networks (FCN) to achieve both efficient and accurate object detec-

tion. As detailed in [31], the R-FCN architecture incorporates four fundamental

components: the Region Proposal Network (RPN), the residual network (ResNet),

and modules for classification and regression, each contributing distinctly to the

network’s effectiveness.

Following a methodology similar to Faster R-CNN, the Region Proposal Network

(RPN) within R-FCN functions primarily to generate region proposals, identifying

potential Regions of Interest (RoIs) in input images. This process enables convo-

lutional operations across the entire image, facilitating weight layer computations.

The R-FCN workflow begins with image resizing to maintain consistent short-side

dimensions, followed by feature extraction using ResNet-101’s five convolutional

blocks. The RPN receives its input specifically from ResNet-101’s fourth convolu-

tional layer.

To address the high dimensionality in ResNet-101’s fifth convolutional layer out-

put, additional convolutional layers are integrated to reduce channel count, gen-

erating a 1024-dimensional feature map. The network then implements parallel

convolutional layers for classification and regression tasks. Position-sensitive score

maps, dimensioned k2(C + 1) for classification and 4k2 for regression, incorporate

crucial positional information. In the final phase, these score maps undergo pool-

ing with the RPN-extracted Regions of Interest (RoIs), producing classification and

regression results that demonstrate the network’s capability in object identification

and localization within input images.
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1.2.3.2 YOLO Series

1.2.3.2.1 Core Concept

The fundamental concept of the YOLO (You Only Look Once) series is to convert

object detection into a regression task. This methodology involves using the whole

image as input to the neural network, which subsequently forecasts the locations of

the bounding boxes along with their associated classes.

1.2.3.2.2 Steps of YOLO Series Algorithms

1. Image Division: YOLO divides the input image into a fixed-size grid;

2. Predicting Bounding Boxes and Classes: In each grid cell, YOLO estimates a

set number of bounding boxes (usually 5 or 3). Every bounding box is defined

by five key attributes: the center coordinates, width, height, and the confi-

dence score indicating the likelihood of an object being present. Furthermore,

each bounding box also predicts the class of the detected object.

3. Single Forward Pass: YOLO uses a single forward pass through a CNN to

predict all bounding box positions and classes simultaneously. This approach

provides faster speed compared to other object detection algorithms, such as

those based on sliding windows or region proposals, because it only requires

one forward pass to complete the prediction;

4. Loss Function: YOLO utilizes a composite loss function to optimize its net-

work training, which comprises location loss, confidence loss, and class loss.

The location loss quantifies the discrepancy between the predicted bound-

ing boxes and the actual ground truth bounding boxes. The confidence loss

assesses the correctness of the object predictions and penalizes incorrect pre-

dictions for background areas. Finally, the class loss evaluates the accuracy

of the object class predictions made by the network.

5. Non-Maximum Suppression (NMS): Among the predicted bounding boxes,

multiple overlapping boxes may represent the same object. To eliminate re-
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dundant boxes, YOLO uses the non-maximum suppression algorithm, which

selects the best bounding box based on confidence and overlap.

1.2.3.2.3 Structure

The object detector architectures within the YOLO family typically comprise three

primary components: Backbone, Neck, and Head. The Backbone component, com-

monly implemented as a pre-trained convolutional neural network, performs hier-

archical feature extraction from input images. This process progressively identifies

features from basic elements like edges and textures in early layers to more complex

semantic content and object components in deeper network layers.

The Neck component functions as an intermediary structure between the Back-

bone and Head, performing feature refinement on the Backbone’s extracted features.

Through additional convolutional layers, Feature Pyramid Networks (FPN), or sim-

ilar mechanisms, it enhances both spatial and semantic information quality. The

Head component, as the final architectural element, generates predictions using the

refined features from preceding components. This component manages critical tasks

including classification, localization, and instance segmentation, employing Non-

Maximum Suppression in post-processing to eliminate redundant predictions and

preserve only the most confident detections [32].

1.2.3.2.4 YOLOv8

YOLOv8 [33] represents an evolution of the YOLO architecture, incorporating in-

novative features and improvements to enhance both performance and versatility.

This iteration is engineered for speed, accuracy, and user-friendliness, making it par-

ticularly effective for diverse tasks including object detection, image segmentation,

and image classification.

Key architectural innovations include a redesigned backbone network, an Anchor-

Free detection head, and a sophisticated loss function that integrates three dis-

tinct components: Varifocal Loss (VFL) for classification, and a combination of

Complete-IoU (CIOU) and Deep Feature Loss (DFL) for regression. The archi-
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tecture maintains backward compatibility with previous YOLO versions, enabling

seamless version transitions and comparative performance analysis. Beyond its pri-

mary object detection capabilities, YOLOv8’s versatility extends to advanced tasks

such as instance segmentation and keypoint detection. This flexibility is supported

by a robust community and ecosystem that ensures continuous development and

support, enhancing its practical utility across diverse applications.

1.2.3.2.5 YOLOv9

YOLOv9 [34] introduces an innovative methodology called Programmable Gradient

Information (PGI), which enhances deep networks’ capacity to address multiple

objectives simultaneously. PGI facilitates the incorporation of comprehensive task-

specific input data for objective function computation, ensuring precise gradient

information for network weight optimization. The model also introduces the General

Efficient Layer Aggregation Network (GELAN), a lightweight architecture developed

through gradient path planning, demonstrating PGI’s effectiveness in streamlined

model designs.

The model presents several significant contributions: First, it provides a the-

oretical analysis of existing deep neural network architectures through the lens of

reversible functions, offering clarity to previously complex phenomena. This analysis

culminated in the development of PGI and auxiliary reversible branches, yielding ex-

ceptional results. Second, PGI extends the applicability of deep supervision beyond

very deep neural networks, enabling the practical implementation of new lightweight

architectures in everyday applications. Third, GELAN achieves superior parameter

utilization compared to contemporary deep convolutional designs while maintaining

lightweight characteristics, speed, and accuracy, using only traditional convolutions.

1.2.3.2.6 YOLOv10

YOLOv10 [35], developed within the Ultralytics Python framework, presents sig-

nificant improvements over its predecessors. Traditionally, YOLO methodologies

employ Task Alignment Learning (TAL) during training, assigning multiple posi-
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tive samples to each instance. While this one-to-many assignment approach gener-

ates rich supervisory signals and enhances optimization, it necessitates NMS post-

processing, potentially compromising inference efficiency in deployment scenarios.

Although previous research has explored one-to-one matching to reduce redundant

predictions, such approaches often result in either increased inference overhead or

suboptimal performance.

The researchers introduce a novel YOLO training strategy that eliminates the

need for NMS by implementing dual label assignment and consistent matching met-

rics, achieving both high efficiency and competitive performance. In contrast to

one-to-many assignment, one-to-one matching assigns a single prediction to each

ground truth, eliminating the need for NMS post-processing. However, this ap-

proach typically results in weaker supervision, potentially compromising accuracy

and convergence speed. To address these limitations, the authors developed a dual

label assignment approach for YOLO, combining the advantages of both strategies.

The model’s components undergo comprehensive optimization for both efficiency

and accuracy, substantially reducing computational demands while enhancing capa-

bilities. Extensive experimental validation demonstrates superior accuracy-latency

trade-offs across various model scales.

1.2.3.3 Real-Time Detection Transformer

The Real-Time Detection Transformer (RT-DETR) [36] represents an innovative

object detection model optimized for real-time applications. This architecture com-

bines two significant approaches in object detection: Transformer and Detection

Transformer (DETR). While Transformers have demonstrated exceptional capa-

bilities in sequence modeling for computer vision tasks, DETR transforms object

detection into an object query problem utilizing the Transformer architecture. RT-

DETR enhances DETR’s foundational structure to enable efficient real-time object

detection.

DETR [37], developed by Facebook AI researchers, integrates Transformer-based
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encoding and decoding in an end-to-end object detection framework. Unlike tradi-

tional object detection methods, DETR conceptualizes each image pixel position as

a query vector, which the Transformer encoder converts into feature vectors. The

decoder then processes these vectors to predict object categories, bounding box coor-

dinates, and feature vectors for detected objects through query vector interactions.

While maintaining DETR’s basic encoder-decoder architecture, RT-DETR intro-

duces several crucial optimizations. These include the use of reduced feature maps to

minimize computational costs, fewer attention heads to decrease model parameters,

and an innovative grouped attention mechanism to enhance performance. The RT-

DETR architecture specifically employs a modified ResNet50 network in its encoder,

utilizing only the initial four residual blocks to reduce feature map dimensions. Its

decoder combines a Transformer decoder with an object embedding network. The

model implements just two attention heads, compared to DETR’s eight, and in-

troduces a grouped attention mechanism that partitions attention calculations to

improve computational efficiency. The object embedding network integrates object

feature vectors for subsequent processing tasks.

1.2.4 Evaluation Indicators

1.2.4.1 AP50(%)

AP50(%) represents a distinct form of the Average Precision (AP) metric, defined by

setting the Intersection over Union (IoU) threshold to 0.50. This metric encapsulates

various sub-metrics to provide a comprehensive evaluation:

• Intersection over Union: This metric evaluates the extent of overlap between

the predicted bounding boxes and the actual bounding boxes. This metric

offers a measure of the model’s accuracy in localization. IoU is computed by

dividing the area of intersection between the predicted and ground truth boxes

by the area of their union.

• IoU Threshold: In order for a prediction to be classified as a True Positive
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(TP), the Intersection over Union between the predicted bounding box and

the actual ground truth box must surpass a predefined threshold. For the

AP50(%) metric, this threshold is established at 0.50.

• Precision: This metric indicates the precision of the model’s positive predic-

tions. It is determined by dividing the number of true positive outcomes by

the total number of true positive and false positive outcomes.

Precision =
TP

TP + FP
(1.2.7)

• Recall: his metric evaluates the model’s effectiveness in recognizing all perti-

nent instances. It is calculated by dividing the number of true positives by

the combined total of true positives and false negatives.

Recall = TP

TP + FN
(1.2.8)

• Average Precision: The Average Precision metric encapsulates the precision-

recall relationship by calculating the area under the precision-recall curve.

This metric signifies the model’s overall precision when considering all levels

of recall.

AP =

∫ 1

0

Precision(Recall) d(Recall) (1.2.9)

1.2.4.2 APval(%)

The metric APval(%) offers a more thorough assessment of a model’s performance

by evaluating both precision and recall across various IoU thresholds, rather than

focusing on just one. This measure generally represents the Average Precision com-

puted over a range of IoU thresholds, typically from 0.50 to 0.95, in increments

(e.g., every 0.05). In some benchmarks, this is referred to as mAP (mean Average

Precision).

APval(%) =
1

n

k=1∑
k=n

APk (1.2.10)

Here, n denotes the quantity of IoU thresholds evaluated, while APk signifies the

mean precision for class k.
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1.2.4.3 Parameters (M)

The measurement of learnable weights in neural network architectures, expressed

in millions (M), represents a key metric for evaluating model complexity. This pa-

rameter count serves as a quantitative measure of the network’s capacity to encode

information and recognize patterns. While higher parameter counts generally enable

more sophisticated pattern modeling capabilities, they also demand greater compu-

tational and memory resources. Implementing too many parameters can lead to

overfitting issues and reduced generalization effectiveness, highlighting the need for

careful balance between architectural complexity and computational resource usage.

1.2.4.4 FLOPs(G)

Neural architecture computational requirements are primarily measured through

floating point operations (FLOPs), quantified in gigaflops (G), with each gigaflop

representing one billion individual operations. This metric captures the arithmetic

computational load required for forward propagation during inference. FLOPs pro-

vide a meaningful measure of operational costs in model deployment, particularly

crucial in environments with limited resources where minimizing computational de-

mands is beneficial. However, efforts to reduce computational complexity must be

carefully balanced, as overly aggressive optimization can adversely affect predictive

accuracy and overall model performance.

1.2.4.5 Latency(ms)

Latency represents the time duration between input reception and response genera-

tion, measured in milliseconds (ms). This performance metric is particularly crucial

in applications requiring real-time processing capabilities, such as medical diagnos-

tic systems, autonomous operations, and interactive technologies. The speed of

response is influenced by multiple factors, including architectural design choices,

hardware specifications, and software optimization techniques. Minimizing latency

is essential for enhancing user experience and enabling effective decision-making in
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time-critical scenarios where delays can significantly impact operational outcomes.

1.3 Experiments and Results

1.3.1 Experiments

1.3.1.1 Data Acquisition

To address the variability in contrast agent distribution during different angiography

phases, which affects vascular image clarity, we carefully selected 400 representative

images from our dataset for model development. These images were specifically

chosen from the mid-phase of coronary angiography to ensure consistent contrast

agent distribution within the vessels. The annotation process for stenotic regions

was conducted using MATLAB R2022a following a systematic approach. Expert

radiologists from Hokkaido University Hospital provided patient diagnoses, which

formed the basis for image annotations. We prioritized regions showing stenosis

rates exceeding 50%, considering their higher clinical significance and improved vis-

ibility. The dataset was organized according to coronary angiography imaging an-

gles, comprising 280 images of the left coronary artery and 120 images of the right

coronary artery. These images were further subdivided based on zero, left anterior

oblique , and right anterior oblique angles. A comprehensive breakdown of the data

distribution is provided in Table 1.1.

1.3.1.2 Data Preparation

Our methodology began with applying the proposed preprocessing technique to en-

hance input image quality across the dataset. The enhanced images were then

randomly partitioned into three distinct sets: 70% allocated for training, 15% for

validation, and the remaining 15% for testing purposes. To address the constraints

of limited data availability and enhance model robustness, we implemented several

augmentation strategies. The primary augmentation technique involved rotating
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Table 1.1: Data Distribution in CAG Dataset.

Imaging Angles Numbers Training Validation Testing

LCA zero 109 76 16 17

LCA LAO 96 67 14 15

LCA RAO 75 53 11 11

RCA zero 30 21 5 4

RCA LAO 51 36 8 7

RCA RAO 39 27 6 6

SUM 400 280 60 60

images in 5-degree increments within a -45° to 45° range. We supplemented this

with additional augmentation methods, including horizontal and vertical flips, to

further expand dataset variety. These augmentation techniques were designed to

simulate diverse clinical scenarios, enhancing the model’s capacity to generalize ef-

fectively to novel data. Through these augmentation procedures, we successfully

expanded our training dataset to 7320 images, substantially increasing its diversity

and generalization potential. Additionally, all images were standardized to uniform

dimensions to ensure consistent model input during the training phase. The entire

preprocessing and augmentation workflow was executed using Matlab2022a.

1.3.1.3 Model Training and Evaluation

We employed multiple deep learning frameworks, R-FCN, YOLOv8, YOLOv9, YOLOv10,

and RT-DETR to develop models using our enhanced dataset, evaluating their effec-

tiveness in identifying stenotic features within vascular structures. To ensure result

integrity, all models were trained from scratch without pre-trained weights. The

data structure was adapted according to each repository’s requirements, and model

performance was evaluated under consistent conditions for both preprocessed and

unprocessed images.

Our quantitative performance evaluation focused on the models’ ability to ac-
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curately detect and delineate stenotic regions in coronary angiography images. The

evaluation utilized metrics including APval(%) and AP50(%) to measure the mod-

els’ proficiency in recognizing and representing stenotic areas. We also assessed

each model’s real-time performance capabilities by measuring latency using original

coronary stenosis detection videos.

To establish robust and unbiased evaluation results, we implemented a compre-

hensive validation methodology. This involved training each model multiple times

with different random initializations to account for training outcome variability. The

final performance metrics were calculated by averaging results across these multiple

training iterations, ensuring reliable and consistent performance assessment.

1.3.2 Results

We performed a comparative investigation to evaluate how HFV filter preprocessing

and image fusion affected deep learning models’ stenosis detection capabilities com-

pared to using unprocessed images. The study also examined the optimal model’s

performance across different imaging angles. The comparative methodology involved

applying the HFV filter for image preprocessing to enhance fine vascular structure

visibility through high-frequency component emphasis. We then combined these

filtered images with the original images through fusion, creating composite inputs

that leveraged the advantages of both preprocessing approaches. This evaluation

aimed to determine whether the fusion methodology could enhance stenotic region

detection compared to using unprocessed source images.

Following the preprocessing phase, we carefully annotated stenosis locations in

both main and branch vessels, particularly focusing on regions where stenosis rates

exceeded 50%, guided by expert medical diagnostics. For comprehensive visualiza-

tion of our findings, we included Figure 1.1, which systematically presents different

aspects of our investigation. Figure 1.1(a1), (b1), (c1), (d1), (e1), and (f1) show the

original, unprocessed images as baseline references. Figure 1.1(a2), (b2), (c2), (d2),

(e2), and (f2) demonstrate the results after HFV filter preprocessing, while Fig-
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ure 1.1(a3), (b3), (c3), (d3), (e3), and (f3) display the outcomes of the image fusion

process, effectively illustrating the progression and success of our image processing

techniques.
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(a1) (a2) (a3) (b1) (b2) (b3)

(c1) (c2) (c3) (d1) (d2) (d3)

(e1) (e2) (e3) (f1) (f2) (f3)

Figure 1.1: The performance of the proposed preprocessing method applied to six imaging angles. Specifically, (a1--f1) portray

the original images from the dataset for the conditions of Left Coronary Artery (LCA) zero, LCA Left Anterior Oblique (LAO),

LCA Right Anterior Oblique (RAO), Right Coronary Artery (RCA) zero, RCA LAO, and RCA RAO, respectively. The images (a2--f2) show

the results after applying the HFV filter to these original images. Finally, (a3--f3) illustrate the output images following the

application of the proposed preprocessing method. Moreover, (a1--f1) belong to the initial image dataset, while (a3--f3) will be

classified as the preprocessed image dataset for training.
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The HFV filter application notably enhances vascular feature visibility, partic-

ularly in primary vessels, while reducing background noise. As illustrated in Fig-

ure 1.1(a2), the filter produces clearer tubular structure visualization. However, it

also generates pseudo-vessels that closely resemble branch vessel structures through-

out the image. These artificial structures appear in areas where the original image

shows either no vessels or poorly defined vessels.

Figure 1.1(b2) further demonstrates this effect, showing enhanced prominent

features but diminished small vessels in low-contrast regions. To optimize vascular

feature enhancement while preserving fine vessel details, we implemented an im-

age fusion approach. Figure 1.1(a3), (b3), (c3), (d3), (e3), and (f3) demonstrate

the results of applying this fusion technique to processed images from six different

imaging angles. This methodology successfully preserved essential features from the

original images while substantially reducing noise and random morphological fea-

tures that might appear as vessel-like structures due to HFV filter application. This

enhancement provided our deep learning models with higher quality input images,

improving their capacity to accurately detect and outline stenotic regions, thereby

enabling more reliable coronary artery analysis. Our testing revealed that the pre-

processing module alone requires an average execution time of 37.1 ms, a factor

that must be considered when evaluating overall system performance in real-time

applications.

To establish a performance baseline for subsequent experiments, we conducted a

comprehensive evaluation of various neural network architectures using unprocessed

images. Our assessment included advanced models: R-FCN-InceptionResNetV2,

YOLOv8-X, YOLOv9-E, YOLOv10-L, YOLOv10-X, RT-DETR R50, and RT-DETR

R101. We evaluated each model’s effectiveness by measuring the Average Precision

at an Intersection over Union threshold of 0.50, maintaining consistent training and

testing conditions across all models.

The experimental results revealed that R-FCN-InceptionResNetV2, which was

the top-performing network in our previous research [18], achieved an AP50(%) of
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only 47.6 on the raw dataset. In comparison, the newer architectures demonstrated

significantly better performance: YOLOv8-X, YOLOv9-E, YOLOv10-L, YOLOv10-

X, RT-DETR R50, and RT-DETR R101 achieved AP50(%) values of 77.3, 82.1, 78.2,

82.9, 74.6, and 82.7, respectively. These results are comprehensively presented in

Table 1.2.

This baseline evaluation serves as a crucial reference point for our subsequent

experiments involving image preprocessing and augmentation techniques. The find-

ings indicate that while older architectures like R-FCN-InceptionResNetV2 may

have limitations with complex data, contemporary models exhibit robust perfor-

mance that could potentially be further enhanced through appropriate preprocessing

methods.

Table 1.2: Performance Comparison of Different Models on Raw CAG Dataset.

Model APval(%) AP50(%)

R-FCN-InceptionResNetV2 29.3 47.6

RT-DETR R50 45.7 74.6

YOLOv8-X 46.2 77.3

YOLOv10-L 47.3 78.2

YOLOv9-E 50.3 82.1

RT-DETR R101 50.5 82.7

YOLOv10-X 51.6 82.9

Following our experiments with the raw dataset, we applied the same neural

networks (excluding the underperforming R-FCN-InceptionResNetV2) to the pre-

processed dataset to evaluate their detection performance under identical conditions.

We conducted additional latency testing using preprocessed videos and documented

the networks’ training process data. All results from these experiments are compiled

in Table 1.3.
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Table 1.3: Performance Comparison of Different Models on Preprocessed CAG Dataset.

Model Parameters (M) FLOPs(G) APval (%) AP50(%) Latency (ms)

RT-DETR R50 13.8 40.0 45.9 79.2 3.02

YOLOv10-L 10.6 50.3 49.4 82.4 3.16

YOLOv8-X 28.1 112.4 50.5 84.2 5.54

YOLOv9-E 23.6 89.4 52.5 86.0 5.11

RT-DETR R101 25.1 98.6 53.8 86.7 4.51

YOLOv10-X 12.2 65.3 53.9 87.1 4.43

29



Among the six networks evaluated, RT-DETR R50 shows the lowest perfor-

mance, despite demonstrating improvement over previous results, achieving an AP

of 0.792 at an IoU threshold of 0.50. YOLOv10-X maintains its position as the

superior model, demonstrating an AP of 0.871 at an IoU of 0.50, and an APval(%)

of 53.9 when averaging AP values across different IoU thresholds.

A horizontal comparison across networks reveals progressive improvements in de-

tection accuracy with successive YOLO versions. The transformer-based RT-DETR-

R101 achieves detection accuracy comparable to YOLOv10-X. In terms of processing

speed, YOLOv10-X demonstrates superior performance with a latency of 4.43ms,

compared to RT-DETR-R101’s 4.51ms. These results underscore the enhanced de-

tection performance achieved through our preprocessing methods. YOLOv10-X’s

consistent leadership in both accuracy and efficiency emphasizes its suitability for

real-time coronary artery stenosis detection. Its slight advantage in latency over

RT-DETR-R101 further establishes its superiority in time-sensitive applications.

Figure 1.2: Comparison of YOLOv10-X detection results on original image and

preprocessed image.

Figure 1.2 presents a comparative analysis of LCA zero angle images, contrasting

YOLOv10-X’s detection performance on both original and preprocessed images. The

left image shows detection results using the original image, while the right image
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demonstrates results using the preprocessed image. The detection boxes have been

enlarged to facilitate clearer observation of the detection outcomes. The comparison

reveals that the preprocessed image enables more precise and distinct detection

of stenotic regions, with the enlarged detection boxes emphasizing YOLOv10-X’s

enhanced stenosis identification capabilities when applied to preprocessed images.

To provide a more concrete demonstration of our preprocessing approach’s ad-

vantages in terms of processing performance, we have compiled both latency and

accuracy metrics for preprocessed and raw images in Table 1.4, including calculations

of improvement margins.
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Table 1.4: Comparison of Latency and Accuracy with and without Preprocessing Method.

Model AP50(%) Latency(ms)

Original Preprocessed Improvement Margin(%) Original Preprocessed Improvement Margin(%)

RT-DETR R50 74.6 79.2 6.17 2.73 3.02 -9.60

YOLOv8-X 77.3 84.2 8.95 5.05 5.54 -8.84

YOLOv10-L 78.2 82.4 5.37 2.77 3.16 -12.21

YOLOv9-E 82.1 86.0 4.79 4.58 5.11 -10.33

RT-DETR R101 82.7 86.7 4.84 4.04 4.51 -10.47

YOLOv10-X 82.9 87.1 5.07 3.90 4.43 -11.91

32



The results in Table 1.4 demonstrate that while our preprocessing method en-

hanced stenotic region detection accuracy, it introduced additional processing time.

The accuracy improvements varied across models, with YOLOv8-X showing the

highest improvement at 8.95%, while YOLOv9-E demonstrated the smallest gain

at 4.79%. In terms of processing speed, YOLOv10 models experienced the most

significant impact, with both YOLOv10-L and YOLOv10-X showing approximately

12% increases in processing time.

The increased latency can be attributed to two main factors. First, the trans-

formation from original to preprocessed images requires additional computational

time, particularly due to the iterative Hessian eigenvalue calculations needed by the

HFV filter across various parameter settings and the image fusion process. Second,

the enhanced complexity of the preprocessed images, resulting from the fusion of

original and enhanced images, demands additional processing time from the deep

learning networks.

Despite these processing delays, the method’s significant improvement in de-

tection accuracy suggests its potential to effectively balance the trade-off between

real-time processing capabilities and diagnostic precision, a persistent challenge in

clinical applications. The application of this preprocessing technique to optimized

networks like RT-DETR R101 and YOLOv10-X, which have already undergone

substantial computational optimization, shows promise for real-time diagnostic ap-

plications. These findings suggest that with further optimization, our method could

be successfully integrated into clinical workflows, contributing to more accurate and

timely coronary artery disease diagnosis.

Additionally, to thoroughly assess our the efficacy of our approach from various

imaging perspectives and to determine the optimal angle for analyzing coronary

artery stenosis, we performed an in-depth analysis for each angle within the test

dataset. This comprehensive review included segmenting the dataset and evaluating

the performance of the top-performing YOLOv10-X model. Specifically, we mea-

sured three performance metrics: AP50(%) for the raw images, and both AP50(%)
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and APval(%) for the preprocessed images. The detailed results of these assessments

are presented in Table 1.5:

Table 1.5: Performance of YOLOv10-X Model on Different Imaging Angles.

Imaging Angle APval (%) AP50(%)

Preprocessed Original Preprocessed

LCA Zero 55.8 85.0 90.5

LCA LAO 55.8 83.3 87.8

LCA RAO 54.0 83.9 88.3

RCA Zero 51.3 81.1 85.2

RCA LAO 49.2 78.8 80.1

RCA RAO 51.7 80.7 84.6

The analysis demonstrates YOLOv10-X’s superior performance on preprocessed

images compared to raw images across all imaging angles. The LCA zero imaging

angle exhibited particularly noteworthy results with preprocessed data, achieving

the highest metrics with an AP50(%) of 90.5 and an APval(%) of 55.8. These find-

ings suggest that the LCA zero angle may provide optimal conditions for analyzing

coronary artery stenosis.

1.4 Discussion

Our research explored the benefits of combining a general HFV filter for vascular

contrast enhancement with image fusion to improve the accuracy of deep learning-

based stenosis detection in coronary angiography images. The study investigated

the impact of image preprocessing on processing latency and evaluated how different

imaging angles affect coronary artery stenosis detection efficiency. The investigation

involved training and evaluating seven deep learning models using both preprocessed

and raw images. Advanced models like YOLOv10 and RT-DETR demonstrated
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superior detection performance. The method’s robustness was enhanced through

increased annotations and more complex image processing. Our approach extended

beyond static image analysis to include real-time detection testing, while the detailed

examination of various imaging angles provided valuable clinical insights. The re-

sults indicate that preprocessing methods incorporating HFV filtering and image

fusion can enhance deep learning models’ precision in analyzing complex coronary

angiography images while maintaining reasonable training complexity. However, it’s

important to note that HFV-filtered images may generate pseudo-vascular structures

or inadequately enhance actual vessels, potentially leading to misclassifications and

false positives during both training and detection phases. These findings underscore

the importance of carefully evaluating the optimal scenarios for HFV filter prepro-

cessing application. Critical assessment is needed to determine whether enhanced

visual quality comes at the cost of image accuracy, establishing a foundation for

future image processing research.

The training performance of the model was significantly influenced by the quan-

tity of relevant features present in the images. We employed image fusion with

HFV filtering to enhance stenosis feature identification in coronary angiography im-

ages, particularly focusing on improving the visibility of stenosis in smaller vessels.

This approach specifically addressed feature loss following vascular enhancement and

minimized edge enhancement issues in small features caused by filtering. Experimen-

tal results demonstrate that this methodology substantially improves branch vessel

stenosis detection in complex coronary angiography images. The fusion technique

successfully preserves essential vessel characteristics while reducing HFV filtering-

induced noise and artifacts.

Our investigation also examined the technique’s impact on feature learning capa-

bilities. We conducted thorough assessments of the AP50(%) improvements achieved

through our method, while addressing critical dataset considerations including class

imbalance and dataset size effects. Results confirmed superior neural network perfor-

mance on preprocessed images compared to raw images. Furthermore, our research
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included a comprehensive analysis of how different imaging angles affect coronary

artery stenosis detection accuracy. The experimental findings revealed a significant

correlation between imaging angle and detection precision. Notably, Left Coronary

Artery imaging angles demonstrated higher detection accuracy compared to Right

Coronary Artery angles, with peak AP50(%) values observed at the LCA Zero angle.

This marked performance disparity between arterial segments suggests a promising

direction for future research. It indicates that future efforts to enhance coronary

artery stenosis detection efficiency should consider the advantages offered by spe-

cific imaging angles, particularly given the superior accuracy demonstrated in LCA

imaging.

From a clinical perspective, the enhanced detection of branch vessel stenosis car-

ries substantial implications for patient care and procedural planning. The improved

visualization achieved through our preprocessing method offers interventional car-

diologists better insight into complex vascular anatomy, potentially reducing proce-

dure times and contrast agent usage during catheterizations. This advancement is

particularly valuable when working with elderly patients who have existing surgical

stents, as this growing demographic often presents complex cases requiring care-

ful intervention planning. The clearer visualization of stenotic regions could lead

to more precise interventional strategies and better-informed decisions about stent

placement and sizing. Furthermore, the method’s ability to handle cases with sur-

gical artifacts makes it particularly relevant for real-world clinical scenarios where

previous interventions often complicate image interpretation.

Our research in this chapter encountered several significant limitations that war-

rant discussion, each providing important context for understanding the constraints

of our analysis.

Firstly, while our dataset incorporates typical coronary angiography angles to

mirror clinical scenarios, it presents specific challenges. The complex backgrounds

and subtle stenosis features in these images limit deep learning model accuracy,

highlighting the need for further research to enhance model robustness in real-world
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conditions.

Secondly, the process of extracting key frames from coronary angiography video

streams faces inherent challenges, particularly regarding branch vessels. The pre-

dominant elderly patient demographic often presents surgical artifacts that obscure

vessels, while coronary blood flow dynamics complicate comprehensive capture of

the aorta and its branches, resulting in dataset size limitations.

Thirdly, despite careful attention to branch vessel stenosis annotation, many

instances remain unidentified and unmarked, limiting the model’s detection capa-

bilities in these areas. This emphasizes the need for future research focused on

improving branch vessel stenosis identification.

Fourthly, dataset distribution imbalance presents a significant challenge, primar-

ily due to overlapping blood vessels in RCA imaging angles complicating stenosis

location marking. Future work aims to address this by expanding the dataset with

additional RCA images.

Fifthly, the preprocessing stage did not specifically account for image attribute

variations such as brightness, potentially affecting experimental outcomes. This

factor will be considered in future experiments.

These limitations underscore the need for continued research to overcome these

challenges and enhance methodology effectiveness. Future developments should fo-

cus on advanced image processing techniques and larger, more diverse datasets to

establish a more reliable clinical system for coronary artery stenosis detection.

1.5 Conclusions

Overall, the implementation of the HFV filter in coronary angiography has notably

enhanced the clarity of images, emphasizing vascular details while minimizing noise

in complicated imaging contexts. The image fusion technique has compensated for

the feature loss encountered during the vascular enhancement phase. Experimental

outcomes revealed that compared with the unprocessed images, training deep learn-

ing models on fusion images can generate about 5% accuracy improvement under
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the premise of less speed loss. Looking forward, it is crucial to increase both the

volume and diversity of the dataset, particularly addressing any potential imbal-

ances. Additionally, further development and refinement of existing networks are

necessary to improve their ability to recognize stenotic features in complex coronary

angiography images.
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Chapter 2

YOLO-Based Attention-Enhanced

Network for Coronary Artery

Stenosis Localization

2.1 Introduction

Coronary artery disease remains a leading cause of mortality worldwide, making ac-

curate and efficient diagnosis of arterial stenosis a critical area of research in medical

imaging. Advances in deep learning have significantly improved the capabilities of

medical image analysis, with convolutional neural networks and transformer models

being widely adopted for tasks like segmentation and object detection. However,

challenges such as computational efficiency, redundancy in image processing, and

the balance between model accuracy and processing speed persist. These limitations

necessitate the development of novel methods that address both performance and

resource constraints while maintaining high accuracy in medical imaging applica-

tions.

Among the state-of-the-art models, the YOLO series has demonstrated excep-

tional performance in object detection and image segmentation tasks. YOLO models

are known for their speed and efficiency, achieved by processing the entire image in

39



a single pass through the network. The recent evolution in the YOLO series, culmi-

nating in Yolov10, has introduced further enhancements, including the displacement

of Non-Maximum Suppression and an advanced matching mechanism for efficient

region identification. These features make Yolov10 a suitable candidate for mod-

ifications targeting specific use cases such as coronary artery segmentation, where

precise delineation of stenosis location is critical.

Attention mechanisms have also become a cornerstone of modern deep learning

architectures, enabling models to focus on relevant features while minimizing irrel-

evant noise. Traditional attention mechanisms, such as Softmax attention[38], offer

powerful global context modeling but are computationally expensive. The recent

development of Agent Attention[39] provides a promising alternative, blending the

strengths of Softmax attention and linear attention for a more efficient yet expressive

approach. This mechanism is particularly relevant for tasks requiring both detailed

local feature extraction and global context modeling, such as the segmentation of

coronary arteries in angiographic images. The Efficient Multi-scale Convolutional

Attention Module (EMCAM)[40] is a component of the EMCAD framework, de-

signed to enhance medical image segmentation by improving both performance and

computational efficiency. EMCAM comprises three key sub-modules: the Multi-

scale Convolution Block (MSCB), which captures features across various resolutions

using depth-wise convolutions; the Channel Attention Block (CAB), which assigns

varying levels of importance to each channel to emphasize relevant features; and

the Spatial Attention Block (SAB), which focuses on specific spatial regions within

the input to enhance pertinent features. By integrating these sub-modules, EM-

CAM effectively captures intricate spatial relationships and concentrates on salient

regions within medical images, leading to improved segmentation outcomes. No-

tably, EMCAD achieves state-of-the-art performance with significant reductions in

parameters and floating-point operations, making it suitable for scenarios with lim-

ited computational resources. Parallelized Patch-Aware Attention (PPA)[41] is a

lightweight attention mechanism designed to enhance object detection and semantic
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segmentation tasks. By employing a multi-branch feature extraction strategy, PPA

captures information at various scales and levels, effectively improving the perfor-

mance of these tasks. In the context of infrared small object detection, PPA has

been integrated into the Hierarchical Context Fusion Network (HCF-Net). Within

HCF-Net, the PPA module utilizes a multi-branch feature extraction approach to

capture features at different scales and levels, thereby addressing challenges associ-

ated with detecting small objects in complex backgrounds. Additionally, PPA has

been applied in person re-identification through the Attention-Aware Compositional

Network (AACN). In this framework, the Pose-guided Part Attention component

is learned and applied to mask out undesirable background features in pedestrian

feature maps, enhancing the accuracy of person re-identification. These advanced

attention mechanisms have enabled significant progress in handling complex tasks,

particularly those requiring a balance between computational efficiency and global

context modeling in deep learning applications. Moreover, these mechanisms have

opened new possibilities for enhancing model capabilities across diverse applications.

The Partial Self-Attention module (PSA)[35], originally integrated into YOLO, was

designed to balance computational efficiency and global representation learning.

By selectively applying multi-head self-attention (MHSA) to a portion of the in-

put features, PSA reduces the computational and memory overhead associated with

traditional attention mechanisms. However, its selective focus on only part of the

feature set may limit its ability to fully capture the complex spatial relationships

required for detecting stenosis, especially in the intricate and often subtle features

present in CAG images. Moreover, PSA lacks mechanisms to explicitly address

feature diversity, which is essential for robust object detection in medical imaging.

To address these limitations, we replaced PSA with the Agent Attention module.

This module combines the strengths of Softmax and linear attention mechanisms,

providing both high expressive capacity and computational efficiency. Agent At-

tention introduces two critical enhancements: agent bias and a diversity restoration

module. The agent bias, inspired by relative position bias (RPB), augments the at-
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tention calculation by integrating spatial information, enabling the model to better

capture the positional relationships among features. This is particularly important

in CAG images, where precise localization of stenosis depends on understanding

the spatial arrangement of vascular structures. The diversity restoration module

employs depthwise convolution to preserve feature diversity, ensuring that the at-

tention mechanism maintains a rich representation of the input features, which is

critical for identifying subtle signs of stenosis. The integration of Agent Attention

was carefully designed to align with the computational constraints of YOLO. Similar

to PSA, the module was applied at the low-resolution stage of the model, where the

computational cost is less intensive. This placement allowed the model to benefit

from the enhanced attention mechanism without significantly increasing its overall

computational complexity. The linear nature of Agent Attention ensured that the

modification remained efficient and scalable. Experimental results demonstrated an

improvement in the detection accuracy of stenosis locations when using the modi-

fied YOLO model. The enhanced ability of the Agent Attention module to model

global contexts and capture diverse spatial features proved particularly effective in

this application.

In this chapter, we developed an enhanced version of YOLOv10, incorporat-

ing strategic modifications to address existing challenges. Our study presents two

primary contributions:

1. We demonstrated that substituting PSA with Agent Attention in YOLOv10

improves model performance on coronary angiography images.

2. We incorporated an additional feedforward pathway to retain shallow feature

information, ensuring that both low-level and high-level features contribute

effectively to detection accuracy.
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2.2 Methods

2.2.1 Agent Attention mechanism

Agent Attention introduces a novel mechanism that leverages agent tokens A ∈

Rn×C , where n ≪ N . The process is divided into two stages: Agent Aggregation

and Agent Broadcast.

The attention output OA can be expressed as:

OA = AttnS(Q,A,AttnS(A,K, V )), (2.2.1)

where:

• AttnS(A,K, V ) performs agent aggregation by computing attention between

A and K, weighted by V ,

• AttnS(Q,A, ·) performs agent broadcast by computing attention between Q

and A based on the aggregated representation.

Expanding the equation, OA can be equivalently written as:

OA = σ(QA⊤)σ(AK⊤)V, (2.2.2)

where σ(·) is the softmax function applied to the attention scores. This is further

simplified as:

OA = ϕq(Q)ϕk(K)⊤V, (2.2.3)

where ϕq(·) and ϕk(·) are kernel functions applied to Q and K, respectively.

The generalized form of Agent Attention is:

OA = Attnϕq/ϕk(Q,K, V ), (2.2.4)

where ϕq/ϕk represent the feature maps for query and key, and A serves as the

intermediary for reducing computational complexity.

By introducing the agent tokens A, the dimensionality of the attention mech-

anism is effectively reduced, allowing for significant computational savings while

maintaining robust performance.
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2.2.2 Proposed method

The proposed model builds upon the architecture of YOLOv10, specifically incorpo-

rating modifications aimed at improving efficiency and accuracy in coronary artery

stenosis detection. In our model, we retained the structure of YOLOv10 that ex-

cludes the use of Non-Maximum Suppression and instead introduces an advanced

matching mechanism earlier in the process to enhance image processing efficiency.

This adjustment allows the model to identify and match regions of interest more

effectively, reducing redundancy and improving computational speed.

In addition, we introduced Agent Attention mechanism just before the head

of the model, after feature extraction. This attention mechanism is an advanced

mechanism designed to enhance transformer models by balancing computational

efficiency and representational power. Traditional attention methods, like Softmax

attention, excel in expressiveness but are computationally expensive, especially for

global context modeling. Agent Attention introduces agent tokens into the attention

framework, represented as a quadruple (Q: Query tokens, A: Agent tokens, K: Key

tokens, V: Value tokens). The process occurs in two stages: aggregation, where agent

tokens collect information from key and value tokens, and broadcasting, where the

aggregated data is shared back with the query tokens. By using fewer agent tokens

than query tokens, this method achieves higher efficiency while maintaining global

context modeling capabilities. Moreover, it generalizes linear attention, blending

the strengths of Softmax and linear approaches for improved performance.

Moreover, we integrated a feedforward path to compensate for the loss of shallow

feature information during training. This modification was introduced because we

observed that, as the model learns, deeper layers tend to receive more effective

and accurate weight updates compared to shallower layers, primarily due to the

feedforward nature of deep learning models. By including this additional feedforward

path, we aimed to preserve the valuable shallow layer information, ensuring that the

model retains both low-level and high-level features for improved detection accuracy.

The specific model structure is illustrated in Figure 2.1. It consists of four key
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components: the Head, Neck, Backbone, and an Auxiliary module, each playing a

distinct role in the network’s functionality and performance.The Backbone serves

as the core feature extraction module of the network. It processes the input image,

systematically extracting features at multiple levels to capture both spatial and se-

mantic characteristics. These features are crucial for understanding the underlying

patterns within the image, enabling the detection of intricate details such as steno-

sis in coronary arteries. The Backbone’s hierarchical structure ensures that both

low-level and high-level information is effectively captured.The Backbone’s hierar-

chical structure ensures that both low-level and high-level information is effectively

captured. Positioned as the intermediate part of the network, the Neck bridges the

Backbone and the Head. Its primary function is to fuse and enhance the features

extracted by the Backbone, effectively preparing them for the detection tasks han-

dled by the Head. By combining features from various layers of the Backbone, the

Neck captures both fine-grained details and high-level semantic information. Addi-

tionally, it incorporates multi-scale feature integration, which is critical for handling

objects of varying sizes and complexities, ensuring robust performance across dif-

ferent data distributions. The Head is the final component of the network, directly

responsible for the tasks of object detection and classification. It outputs essential

information such as bounding boxes, class predictions, and confidence scores for the

detected objects. Specifically, the Head predicts the coordinates of the bounding

boxes and assigns a class label to each detected object, ensuring accurate localiza-

tion and identification of relevant features. In addition, inspired by the architecture

of Yolov9, the Auxiliary module adopts a forward-feedback approach aimed at ad-

dressing the loss of shallow feature information during training. This module plays

a pivotal role in preserving and enhancing shallow features, which are often critical

for detecting fine structures. By compensating for this loss, the Auxiliary module

significantly boosts the network’s capacity to detect stenosis in coronary arteries,

improving overall accuracy and reliability.
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Figure 2.1: Structure of proposed YOLO-based attention-enhanced network
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2.3 Experiments and Results

We performed a comprehensive comparative analysis to assess our proposed prepro-

cessing method’s effectiveness against leading object detection models. The eval-

uation utilized a coronary angiography dataset in two configurations: the original

unprocessed dataset and a version enhanced using our preprocessing method detailed

in Chapter 1. The primary objective of this evaluation was to assess improvements

in detection accuracy, with a particular focus on detecting stenosis in branch vessels,

which often pose significant difficulties for conventional detection methods.

The impact of the proposed preprocessing method is illustrated in Table 2.1,

which compares the performance of the same detection model when applied to the

original dataset and the preprocessed dataset. These results exceed the best out-

comes achieved by the model used in Chapter 1. Specifically, compared to the best

result in Chapter 1 (YOLOv10-X), the method proposed in this chapter improved

APval(%) and AP50(%) on the original dataset by 1.9% and 2%, respectively. On

the dataset preprocessed using our proposed method in Chapter 1, APval(%) and

AP50(%) improved by 2.7% and 4.4%, respectively. Furthermore, on the original

dataset, the model achieved an APval of 53.5% and an AP50 of 84.9%. When tested

on the preprocessed dataset, the model’s performance improved, achieving an APval

of 56.6% and an AP50 of 91.5%. This improvement represents an approximate in-

crease of +3.1% in APval and +6.6% in AP50, highlighting that preprocessing the

dataset using the method proposed in Chapter 1 enhances the performance of deep

learning networks on the dataset.

We also tested the six angiographic angles using the method proposed in this

chapter. The results are shown in Table 2.2. Across all angiographic angles, the

proposed method achieved varying degrees of improvement in accuracy for steno-

sis detection. Notably, for the LCA zero degree angiographic angle, the dataset

processed using the method proposed in Chapter 1 achieved an AP50(%) value of

95%.
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Table 2.1: Performance of YOLO-Based Attention-Enhanced Network on Two Datasets.

Dataset Parameters (M) FLOPs(G) APval (%) AP50(%) Latency (ms)

Original 10.2 48.0 53.5 84.9 3.52

Preprocessed 10.2 48.0 56.6 91.5 3.88

Table 2.2: Performance of YOLO-Based Attention-Enhanced Network on Six Imaging

Angles.

Imaging Angle APval(%) AP50(%)

Original Preprocessed Original Preprocessed

LCA Zero 55.9 60.6 85.7 95.0

LCA LAO 56.2 57.3 87.8 93.3

LCA RAO 54.7 56.1 85.4 91.2

RCA Zero 50.9 52.7 84.8 87.1

RCA LAO 46.9 53.3 80.2 88.0

RCA RAO 48.5 52.1 80.7 85.7
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2.4 Discussion

Our proposed method advances coronary artery segmentation through several key

modifications to the YOLOv10 architecture: implementing Agent Attention, and

incorporating a feedforward path for shallow feature preservation. These enhance-

ments collectively improve the model’s processing capabilities for coronary angiog-

raphy images. The replacement of Non-Maximum Suppression with an advanced

matching mechanism significantly reduces redundancy and computational overhead,

enabling more effective identification of regions of interest, particularly in complex

vessel structures. This modification improves detection efficiency while maintaining

accuracy, making it suitable for real-time clinical applications.

The Agent Attention mechanism implementation demonstrates effective balance

between computational efficiency and representational capability. By introducing

agent tokens to optimize attention processing, the method maintains global con-

text modeling benefits while addressing computational challenges associated with

traditional Softmax attention, leading to improved segmentation accuracy.

The addition of a feedforward path addresses the critical issue of shallow feature

information loss during training. This design ensures preservation of both low-level

and high-level features, crucial for medical imaging applications where fine detail

accuracy is essential for diagnosis. Results confirm this modification’s contribution

to improved segmentation performance, particularly in challenging scenarios like

small vessel stenosis detection.

Experimental validation demonstrates the preprocessing method’s effectiveness,

with improved AP scores showing enhanced object detection model performance on

preprocessed datasets. This improvement is particularly noteworthy for small vessel

stenosis detection, traditionally a challenging area. However, these improvements

came with an increased processing latency, rising from 3.52ms to 3.88ms.

The clinical applications of the attention-enhanced network extend beyond mere

technical improvements, offering practical benefits in daily cardiac care. The model’s
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rapid processing time makes it particularly valuable as a real-time decision support

tool during interventional procedures. In teaching hospitals, the system could serve

as an educational resource, helping new interventional cardiologists develop and

refine their ability to identify stenotic regions.

This research also faces several limitations.

Firstly, while we have made progress in addressing the first limitation discussed

in Chapter 1, the second through fifth limitations remain unresolved as we utilized

the same dataset for our experiments.

Furthermore, our detection process revealed a new challenge: HFV filtering gen-

erates vessel-like structures that lead to pseudo-feature generation in the output of

backbone when deep learning networks use transformers or similar feature extrac-

tion methods. This newly identified issue will be a key focus of our future research

efforts.

2.5 Conclusion

In conclusion, our modifications to the YOLOv10 architecture through Agent Atten-

tion and feedforward path integration have demonstrated improved coronary artery

stenosis detection performance, particularly for complex vessel structures and small

vessel stenosis detection. While achieving enhanced AP scores with only a minor in-

crease in processing latency, the research identified a new challenge regarding vessel-

like artifacts. Future work will focus on addressing this limitation while expanding

dataset diversity to further validate and improve the system’s clinical applicability.
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Chapter 3

Automated Extraction and 3D

Reconstruction of the Right

Coronary from CT Images Using

Deep Learning

3.1 Introduction

The right coronary artery plays a vital role in cardiac function by delivering oxygen-

rich blood to crucial heart structures, including the right atrium, right ventricle, and

parts of the left ventricle. It also supplies the essential sinoatrial and atrioventric-

ular nodes [42]. As the source of the posterior descending artery in most cases,

the RCA is particularly significant in determining coronary dominance. Any RCA

pathology, such as stenosis or anatomical variations, can result in serious compli-

cations including inferior myocardial infarction and cardiac arrhythmias[43]. While

invasive coronary angiography remains the gold standard for RCA assessment, com-

puted tomography has emerged as a valuable non-invasive alternative that provides

detailed anatomical visualization without procedural risks [44].

The extraction and reconstruction of coronary arteries from CT images pose sig-
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nificant challenges due to the complex structure of the coronary vessels, the presence

of noise and calcifications, and the dynamic nature of the heart, which is influenced

by both respiratory and cardiac motion[45]. Manual segmentation of these vessels

is a time-consuming process prone to inter-observer variability, making it an unre-

liable option for consistent clinical use[46]. Automated methods, particularly those

involving artificial intelligence, are increasingly being pursued as viable alternatives

to overcome these challenges, ensuring consistency, accuracy, and efficiency[47, 48].

In recent years, convolutional neural networks have emerged as powerful tools for

medical image segmentation, due to their ability to learn hierarchical features from

large volumes of image data. For instance, the U-Net architecture[49] has become a

benchmark in medical imaging tasks, demonstrating strong performance in segment-

ing various types of tissues and organs. This foundational architecture has inspired

numerous variants and improvements, each addressing specific challenges in medi-

cal image analysis. The Attention U-Net[50] enhances the original architecture by

incorporating attention gates, which enable the network to focus on relevant image

regions while suppressing irrelevant features. This modification has proven particu-

larly effective in multi-organ segmentation tasks, where precise boundary delineation

is crucial. Similarly, the Residual U-Net[51] integrates residual connections to facili-

tate deeper network training and mitigate the vanishing gradient problem, resulting

in improved feature representation and segmentation accuracy. Furthermore, the

Dense U-Net[52] leverages dense connectivity patterns to strengthen feature propa-

gation and encourage feature reuse, leading to more efficient network training and

robust segmentation results. The 3D U-Net[53] extends the original architecture to

process volumetric medical data directly, making it particularly suitable for three-

dimensional imaging modalities such as CT and MRI scans. This adaptation has

significantly improved the accuracy of volumetric segmentation tasks. More recently,

the TransUNet[54] combines the strengths of U-Net with transformer architectures,

capitalizing on both local and global feature dependencies for enhanced segmentation

performance. The Swin-Unet[55] further advances this approach by incorporating
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hierarchical transformer blocks, demonstrating state-of-the-art performance across

various medical image segmentation benchmarks. However, despite their effective-

ness, CNN-based approaches struggle with capturing long-range dependencies due

to their limited receptive fields. This makes them less suitable for tasks where un-

derstanding the broader anatomical context is crucial, such as in coronary artery

segmentation.

To overcome the limitations of CNNs in capturing global context, transformer-

based architectures have gained increasing attention in the field of medical imag-

ing. Originally developed for natural language processing, transformers utilize self-

attention mechanisms that excel in modeling global dependencies and contextual

relationships within data. In medical imaging, transformers have proven effective in

enhancing segmentation accuracy by allowing the model to consider the entire image

context, rather than being constrained to local features. This capability is particu-

larly beneficial in segmenting coronary arteries. The Vision Transformer (ViT)[56]

utilizes self-attention mechanisms to model global dependencies within the input

data. Recent transformer models, such as the Swin Transformer[57], have further

improved the efficiency of self-attention by introducing a hierarchical representa-

tion, making them more computationally feasible for use in medical applications.

Additionally, several studies have focused on vessel segmentation in coronary artery

CT images, exploring various methods. For instance, a CNN-based approach[58]

has been applied for coronary artery segmentation from CT images, demonstrat-

ing strong performance in detecting vessels; however, their method suffered from

high computational requirements and occasional inaccuracies in small vessel detec-

tion. Similarly, a 3D fully convolutional network (FCN) [59] has been employed

to segment coronary arteries, which improved the continuity of segmented vessels

but faced challenges in distinguishing closely positioned vessel branches, especially

in the presence of noise or calcifications. Another notable work introduced a hy-

brid approach combining a U-Net with attention mechanisms to segment coronary

arteries from CT images[60]. This method provided improved segmentation accu-
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racy, particularly for smaller vessels, by focusing on critical regions. However, the

reliance on complex attention layers resulted in increased memory consumption and

slower inference times, limiting its real-time applicability in clinical settings. These

methods collectively highlight the ongoing efforts and challenges in achieving pre-

cise and efficient coronary artery segmentation, paving the way for more advanced

approaches, such as the integration of transformer-based models discussed in this

work.

Despite the advantages transformers bring to medical image analysis, they come

with significant computational costs, which limits their practical applicability in

clinical environments that require real-time processing. One promising approach to

mitigate these issues is the integration of lightweight network architectures, such

as GhostNet, into transformer models. GhostNet[7] employs Ghost modules to

generate additional feature maps from intrinsic features, significantly reducing the

computational burden while retaining accuracy. This hybrid approach, combining

the global attention capabilities of transformers with the parameter efficiency of

GhostNet, offers a balanced solution that is both effective and practical for clinical

use. In medical imaging, GhostNet has been incorporated into U-Net architectures,

such as Ghost-U-Net[8], to improve liver tumor segmentation in CT scans, achiev-

ing efficient processing without compromising accuracy. Additionally, GhostNet has

been utilized in mobile healthcare applications, including real-time ECG classifica-

tion, where its lightweight design enables rapid analysis with reduced latency and

power consumption[61].

Furthermore, transitioning from 2D cross-sectional images to a 3D reconstruction

of coronary arteries presents notable advantages. Three-dimensional reconstructions

provide a holistic view of the vascular structures, enabling clinicians to assess vessel

morphology more intuitively and accurately. Studies have shown that 3D mod-

els can significantly improve the accuracy of detecting and quantifying stenosis[62].

For sonographers and radiologists, the added depth information facilitates a more

precise evaluation of complex coronary anatomy, aiding in better preoperative plan-
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ning and reducing uncertainties during interventions. This advancement not only

enhances diagnostic capabilities but also reduces the cognitive load on healthcare

professionals, ultimately leading to improved clinical outcomes. For patients, the

shift towards non-invasive 3D imaging provides multiple benefits, including reduced

exposure to the risks associated with invasive coronary angiography, such as arterial

damage or infection. Additionally, a 3D representation allows for more personalized

treatment planning, as the detailed visualization of the coronary artery tree can help

clinicians devise more accurate interventions, potentially improving prognosis and

reducing the likelihood of adverse events[63].

This chapter presents a novel method utilizing a transformer integrated convo-

lutional neural network with GhostNet for segmentation, enabling the automated

extraction of the RCA from CT images and its reconstruction in 3D. The approach

aims to address both the accuracy and efficiency challenges inherent in current

methodologies, ultimately contributing to improved clinical workflows and patient

care in the context of coronary artery disease management.

Our study has made the following contributions in this chapter:

1. We proposed a method for extracting cross-sections of the right coronary artery

that achieves effective results without requiring excessive computational re-

sources.

2. By employing volume rendering and surface smoothing techniques, we success-

fully reconstructed the three-dimensional structure of the vessel, facilitating

more accurate localization of coronary artery stenosis for clinical diagnosis.

3.2 Materials and Methods

3.2.1 Materials

The research dataset consisted of CT images collected from 32 patients examined

at Hokkaido University Hospital. The CT volumes ranged from 400 to 640 slices
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per patient, with each slice having dimensions of 512 × 512 pixels. Through careful

manual selection, 4,830 CT slices containing diagnostically significant information

were separated from the complete volumes. These selected images underwent de-

tailed annotation to mark the right coronary artery cross-sections, establishing an

accurate ground truth dataset necessary for model development and evaluation. The

dataset distribution involved 3,400 CT images assigned for training purposes, 500

allocated for validation, and 930 designated for testing, all selected through random

sampling from the 32 cases.

The image preparation workflow incorporated both preprocessing and data aug-

mentation techniques. The preprocessing involved enhancing image quality, while

augmentations, such as rotations, scaling, and flipping, were implemented to ar-

tificially increase the dataset’s diversity. These augmentation strategies served to

expand the effective dataset size artificially, thereby strengthening the model’s abil-

ity to generalize and minimizing potential overfitting issues by introducing diverse

data variations. The entire preprocessing and augmentation workflow was executed

using Matlab2023b.

3.2.2 Model descriptions

3.2.2.1 DeepLabv3+

DeepLabv3+ [64] represents an advanced iteration within the DeepLab model series,

distinguished by its integration of atrous convolution techniques with an encoder-

decoder framework for semantic segmentation tasks. The model’s architecture em-

ploys atrous convolutions to regulate feature response resolution and extract contex-

tual information across multiple scales while preserving spatial details. Its encoder-

decoder configuration enhances the preservation of spatial information throughout

the segmentation pipeline. A key feature of DeepLabv3+ is the incorporation

of atrous spatial pyramid pooling (ASPP), which enables multi-scale information

capture, particularly beneficial for analyzing intricate structures like coronary ar-

teries. Through the synergistic combination of atrous convolutions and ASPP,
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DeepLabv3+ delivers precise segmentation outcomes while maintaining computa-

tional performance, rendering it particularly suitable for clinical environments where

accurate and detailed segmentation is essential.

3.2.2.2 U-Net++

U-Net++ [65] represents an enhanced iteration of the U-Net architecture, featuring

integrated nested and dense skip pathways to improve segmentation accuracy. The

model’s nested skip connections effectively reduce the semantic gap between encoder

and decoder feature representations, leading to enhanced segmentation capabilities.

Through its dense skip connections, U-Net++ creates multiple pathways for hierar-

chical feature learning, facilitating improved feature representation and more precise

segmentation outcomes. The architecture demonstrates particular effectiveness in

analyzing complex anatomical structures where detailed segmentation precision is

essential. The combination of semantic gap reduction and enhanced feature learning

pathways makes U-Net++ particularly valuable for medical imaging applications,

specifically in coronary artery segmentation tasks where both precise vessel detail

capture and broader anatomical context are critical.

3.2.2.3 TransUNet

TransUNet [54] represents a hybrid architecture that combines transformer tech-

nology with U-Net design principles, specifically engineered for medical image seg-

mentation tasks. The architecture leverages U-Net’s established encoder-decoder

framework, known for its proficiency in local feature extraction, while integrating

transformer capabilities for comprehensive contextual analysis. The transformer

components enable the model to process long-range dependencies and contextual

relationships within images. This integrated approach enables TransUNet to simul-

taneously maintain precise local detail capture while processing broader contextual

information, resulting in enhanced segmentation performance. The model demon-

strates particular effectiveness in segmenting intricate anatomical features like coro-
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nary arteries, where accurate representation of both fine details and spatial context

is essential. TransUNet’s architecture has shown significant improvements in clini-

cal applications by delivering precise segmentations that support accurate diagnosis

and treatment strategy development.

3.2.2.4 RCA-IUnet

RCA-IUnet [66] represents a specialized deep learning architecture designed for

breast ultrasound tumor segmentation, playing a vital role in breast cancer diagnosis

and intervention. Building upon U-Net’s foundation, the model incorporates sev-

eral key enhancements for improved performance. The architecture utilizes Residual

Inception Blocks to extract multi-scale features through varied convolutional ker-

nel sizes, enabling comprehensive tumor detection across different morphologies.

Its Cross-Spatial Attention mechanism, integrated within skip connections, enables

focused processing of tumor regions while minimizing background interference, re-

sulting in precise boundary definition. The model employs Hybrid Pooling, combin-

ing max and spectral pooling approaches, to maintain crucial spatial information

during downsampling operations. RCA-IUnet’s implementation of Depth-Wise Sep-

arable Convolutions optimizes computational efficiency while maintaining effective-

ness. Through validation on public datasets, the model has demonstrated superior

segmentation capabilities compared to contemporary approaches, establishing itself

as a valuable tool for breast cancer diagnostics across various healthcare settings,

including those with limited resources.

3.2.2.5 ResUNet

ResUNet [51] advances the U-Net framework by incorporating residual connections,

specifically engineered to enhance feature propagation and combat the vanishing gra-

dient issue commonly encountered in deep neural networks. These residual connec-

tions establish direct gradient pathways, facilitating more effective network training

through improved gradient flow. This architectural enhancement proves particu-
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larly valuable in medical image segmentation applications where detail preservation

is essential. The model excels at capturing intricate features while maintaining fine-

scale details, making it particularly suited for segmenting delicate structures such

as coronary vessels. Through the implementation of residual blocks, ResUNet en-

sures robust feature preservation and enables effective training of deeper network

layers without performance deterioration. This architecture demonstrates particu-

lar effectiveness in challenging segmentation tasks where precise capture of subtle

anatomical variations is critical.

3.2.2.6 Medical Transformer

The Medical Transformer [67] represents a dedicated deep learning architecture

adapting transformer principles to medical imaging applications, spanning segmen-

tation, classification, and diagnostic tasks. It features a distinctive gated axial-

attention mechanism that enhances segmentation capabilities on limited datasets

through effective integration of both global and local context. The model’s gated

system modifies conventional axial attention by implementing control gates that

regulate positional embedding influences on key attention components, enhanc-

ing learning efficiency with smaller medical datasets. The architecture employs

a dual Local-Global training approach, simultaneously processing complete images

and image patches to capture comprehensive feature relationships. Performance

evaluations across multiple medical image segmentation datasets have shown Medi-

cal Transformer’s superior capabilities compared to traditional convolutional neural

networks and alternative transformer-based models, establishing a notable advance-

ment in medical image analysis methodology.

3.2.2.7 GhostNet

GhostNet[7] is a lightweight neural network module designed to reduce the computa-

tional load without sacrificing performance. It achieves this by using Ghost modules,

which generate additional feature maps from the original features through simple

59



linear operations. The core idea of GhostNet can be expressed mathematically as:

Fghost = Fintrinsic + h(Fintrinsic) (3.2.1)

where Fintrinsic represents the intrinsic feature maps generated by a standard

convolution, and h(·) represents a set of cheap linear transformations applied to

Fintrinsic to produce more feature maps. This approach significantly reduces the

number of parameters and computational costs associated with the model, making

it suitable for applications where efficiency is crucial.

GhostNet’s architecture employs a dual approach to feature map generation,

utilizing standard convolution layers for primary feature extraction alongside Ghost

modules for derivative feature map creation. This architectural design enables

GhostNet to maintain robust feature representation capabilities while achieving sig-

nificant reductions in parameter count and computational operations.

The implementation positions GhostNet between encoder and decoder compo-

nents, creating an optimized architecture for coronary artery segmentation that bal-

ances performance with computational efficiency. This integration leverages Ghost

modules to maintain segmentation precision while reducing model complexity, par-

ticularly beneficial for real-time clinical applications. The architecture incorporates

batch normalization and activation layers throughout the Ghost module sequence,

ensuring optimal feature map conditioning for subsequent network processing stages.

3.2.2.8 Volume Rendering

Volume rendering serves as a core visualization technique for examining complex

three-dimensional anatomical structures, with significant applications in medical

imaging. This methodology transforms volumetric data obtained from CT and MRI

scans into comprehensive visual displays that highlight intricate spatial anatomical

relationships [68]. In the specific context of coronary artery visualization, volume

rendering plays a crucial role by offering detailed perspectives of vessel structure,

thus enhancing diagnostic accuracy and supporting treatment planning processes.
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The technique involves converting volumetric data into three-dimensional rep-

resentations through projection onto two-dimensional viewing planes. In contrast

to surface rendering methods that only show structural boundaries, volume render-

ing examines the complete data volume to display internal characteristics. This

capability is essential in medical imaging scenarios where healthcare professionals

must evaluate both external surfaces and internal features, including tissue density

variations [69]. The technique’s flexibility in modifying opacity levels and color map-

pings enables selective emphasis of various tissue types and anatomical structures,

establishing volume rendering as an adaptable tool for medical visualization appli-

cations. Volume rendering distinguishes itself through its capacity to preserve fine

details that might be lost in conventional surface rendering methods. Studies have

demonstrated that volume rendering enhances the precision of clinical evaluations

by providing more realistic anatomical visualizations compared to surface rendering

techniques [70].

3.2.2.9 Proposed Methods

Despite the proven capabilities of the Medical Transformer in many applications, it

has a significant drawback: deep networks generally require long training times and

incur high computational costs. Specifically, while the Medical Transformer employs

optimizations such as reducing attention window sizes and hierarchical processing to

maintain training accuracy while reducing training costs, the fundamental Trans-

former architecture limits the effectiveness of these measures. Additionally, the

object queries in the decoder of the Medical Transformer are not highly correlated

with the image, which impacts segmentation quality.

The proposed attention mechanism model is based on enhancing the axial at-

tention mechanism. The axial attention mechanism is an approach that improves

the efficiency of self-attention, particularly for high-dimensional data such as im-

ages or 3D volumes. Unlike traditional self-attention, which calculates relationships

between all elements in the input tensor simultaneously, axial attention breaks this
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computation into sequential steps along specific dimensions, such as rows, columns,

or depth. In Figure 3.1, the input tensor, x, is first transformed using learnable

weight matrices (Wq, Wk, and Wv) into queries (Q), keys (K), and values (V ).

These components allow the model to compute attention scores and aggregate in-

formation from relevant positions. Positional information (rq, rk, and rv) is added

at various stages to capture spatial dependencies, ensuring that the mechanism re-

spects the structure of the input. The attention process begins by computing the

interaction between Q and K, incorporating positional encodings to reflect relative

positions. These interactions are normalized using a softmax function, producing at-

tention weights. These weights are then used to combine the corresponding values,

resulting in an aggregated representation. This process is repeated for each axis

independently, such as row-wise and then column-wise, to ensure the model cap-

tures dependencies across all dimensions. By decomposing the computation along

each axis, axial attention significantly reduces the computational cost compared

to traditional self-attention. Instead of scaling quadratically with the total num-

ber of elements in the input tensor, the computation scales linearly with respect

to the size of each axis. This efficiency makes axial attention particularly suitable

for handling large inputs while maintaining high performance. The output of axial

attention, represented as y in the diagram, is a context-aware representation of the

input, combining information along all dimensions. This mechanism not only pre-

serves the global context of the input but also allows for more efficient processing

of high-dimensional data, making it a powerful tool for tasks like image and volume

analysis, where computational efficiency and spatial structure are both critical.

The gated axial attention mechanism, in Figure 3.2, builds upon axial attention

by introducing gate parameters (qr, kr, sv, sve) to dynamically control the contribu-

tions of queries, keys, values, and positional encodings. This adjustment addresses

a limitation in axial attention, where positional information (rq, rk, rv) can overly

influence the attention scores. By scaling the impact of positional encodings, the

gates ensure a better balance between content relevance and spatial dependencies,
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Figure 3.1: The architecture of position-sensitive axial-attention

allowing the model to focus more effectively on meaningful relationships in the data.

In this mechanism, the gates act as learnable coefficients that modulate the inter-

action between content and position. For example, qr and kr scale the influence

of queries and keys when combined with positional encodings, while sv adjusts the

contribution of values during aggregation. This dynamic modulation reduces the

risk of overfitting to positional biases, making the model more robust to variations

in spatial structure. The gated axial attention mechanism retains the computational

efficiency of axial attention, as it still processes data along individual axes. How-

ever, the added flexibility of gate parameters allows the model to adapt to diverse

data distributions and varying importance of spatial axes. This makes it especially

useful for high-dimensional structured data, such as images and volumetric datasets,

where spatial dependencies can differ significantly across dimensions.

We observed that when using gated axial attention for large tissue segmentation,

the segmentation performance improved when the gate unit weights were smaller.

Conversely, for smaller tissues, the segmentation accuracy improved when the gate

unit weights were larger. This indicates that the smaller the impact of gate unit

parameters on positional information, the more effective the model becomes in seg-

menting small targets. Since our goal is to identify small targets, we introduced four
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Figure 3.2: The architecture of gated axial-attention

additional parameters, as shown in Figure 3.3, to mitigate the weakening effect of

the gate unit on positional information, thereby enhancing the model’s capability

to segment vascular cross-sections.

Figure 3.3: The architecture of proposed attention mechanism

With the proposed modifications, the self-attention mechanism applied to the
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width axis can be expressed as follows:

yij =
W∑
w=1

softmax
(
qTijkiw + βqrGQq

T
ijr

q
iw + βkrGKk

T
iwr

k
iw

)(
βsvGV 1viw + βsveGV 2r

v
iw

)
(3.2.2)

We introduced amplification factors to the gated attention mechanism. Specif-

ically, GQ, GK , GV 1, GV 2, βqr, βkr, βsv, and βsve are learnable parameters that

collectively form the new parameters for modulating positional information. These

parameters control the influence of the learned relative positional encoding on cap-

turing non-local contextual information.

Additionally, we utilized GhostNet as the feature extractor, which significantly

reduced the number of parameters and computational memory requirements while

maintaining prediction accuracy. This approach not only lowered the time required

for feature extraction but also enhanced the model’s efficiency. To further improve

performance, we incorporated a structure similar to the Medical Transformer, which

combines both local and global features extracted by GhostNet and feeds them into

the decoder. This integration enabled effective detection of small regional targets,

a critical factor for accurately segmenting the coronary arteries.

The overall network structure can be referred to in Figure 3.4. In the proposed

architecture, feature extraction is divided into two pathways: global and local. After

extracting the features, they are fused and passed through fully connected layers.

For global feature extraction, due to the large image size, we reduced the number

of convolutional layers. On the other hand, for local feature extraction, where the

segmented regions are smaller, we increased the number of convolutional layers. This

adjustment ensures that the time required for global and local feature extraction is

approximately the same, facilitating the subsequent feature fusion process.
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Figure 3.4: The structure of the proposed method in Chapter 3
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3.2.3 3D Reconstruction

The 3D reconstruction of the vessel was achieved by creating a mesh grid from

extracted boundary points in sequential 2D slices. This mesh grid represents the

vessel’s morphology across layers and serves as the foundation for volume rendering.

By later applying Laplacian Pyramid Interpolation to the volume, we enhanced the

resolution and smoothness of the reconstructed structure. This section details the

steps involved in mesh grid construction, data storage, and 3D rendering.

3.2.3.1 Boundary Point Extraction and Layer-by-Layer Mesh Grid Con-

struction

To represent the vessel’s structure in 3D, we first extracted the boundary points

from each 2D slice of the vessel. Let Pi = {(xi,1, yi,1), (xi,2, yi,2), . . . , (xi,N , yi,N)}

denote the set of N boundary points extracted from the i-th layer, where (xi,n, yi,n)

is the coordinate of the n-th boundary point in the 2D plane. These points were

obtained through segmentation of each vessel slice and serve as the vertices of the

mesh grid.

3.2.3.1.1 Intra-layer Connections

Within each layer i, we constructed a closed curve by connecting each pair of

adjacent points (xi,n, yi,n) and (xi,n+1, yi,n+1) with a line segment, where n + 1 is

taken modulo N to form a continuous boundary. Mathematically, this intra-layer

connection can be represented by the set of line segments:

Lintra,i = {((xi,n, yi,n), (xi,n+1, yi,n+1)) | n = 1, 2, . . . , N} . (3.2.3)

3.2.3.1.2 Inter-layer Connections

To extend the vessel structure across layers, we connected corresponding points

in adjacent layers. For each point (xi,n, yi,n) in layer i, we drew a line segment to the
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point (xi+1,n, yi+1,n) in the next layer i+ 1. This connection across layers is defined

as:

Linter =
M−1∪
i=1

{((xi,n, yi,n, z = i), (xi+1,n, yi+1,n, z = i+ 1)) | n = 1, 2, . . . , N} ,

(3.2.4)

where M represents the total number of layers, and z = i indicates the layer’s
position in the 3D space.

Combining the intra-layer and inter-layer connections, we obtain a complete 3D

mesh grid representing the vessel’s structure. The 3D coordinates for each boundary

point are given by (xi,n, yi,n, z = i), where z serves as the depth axis.

3.2.3.2 Saving Mesh Grid Data

The mesh grid data, consisting of the boundary points and connection lines, was

saved for each layer to preserve the structure and facilitate further processing.

This data was stored in a structured format as a sequence of points and line seg-

ments for use in subsequent volume rendering and interpolation steps. Each point

(xi,n, yi,n, z = i) was indexed, and connectivity matrices were created to represent

the intra-layer and inter-layer connections.

3.2.3.3 Initial Volume Rendering of the Mesh Grid

With the 3D mesh grid constructed, an initial volume rendering was performed to

visualize the vessel structure in 3D space. By treating the mesh grid as a spatial rep-

resentation of the vessel, we obtained a preliminary volume rendering that provided

an initial overview of the vessel’s morphology.

3.2.3.4 Resolution Enhancement and Smoothness Adjustment via Lapla-

cian Pyramid Interpolation

To improve the resolution and smoothness of the reconstructed volume, we applied

Laplacian Pyramid Interpolation to the initial rendering. The Laplacian Pyramid
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Interpolation process refined the spatial details and enhanced the continuity of the

vessel surface, resulting in a high-quality 3D visualization.

Given the original volume data V , represented by the 3D coordinates of mesh

points, we constructed a Laplacian pyramid {V0, V1, . . . , VL}, where V0 is the finest

level and VL is the coarsest level. Using Gaussian filtering and downsampling, we

defined each level of the Gaussian pyramid {G0, G1, . . . , GL} as:

Gk = Downsample(Gaussian(Gk−1)), (3.2.5)

where G0 = V . Subsequently, each level of the Laplacian pyramid was formed

by subtracting the upsampled version of the next coarser Gaussian level from the

current Gaussian level:

Vk = Gk − Upsample(Gk+1). (3.2.6)

Starting from the coarsest level VL, we iteratively upsampled and combined the

layers to reconstruct the volume at higher resolution:

V̂k = Upsample(V̂k+1) + Vk. (3.2.7)

The Laplacian Pyramid Interpolation enhanced structural continuity and detail

across the vessel surface, ensuring that the 3D rendering retained both smoothness

and resolution. This step provided a refined, high-resolution 3D volume suitable for

detailed analysis and visualization of the vessel morphology.

3.2.4 Evaluation Indicators

3.2.4.1 Structural Similarity Index Measure

The Structural Similarity Index Measure (SSIM) is a perception-based model that

measures the similarity between two images by comparing their luminance, contrast,

and structural information[71]. SSIM values range from 0 to 1, with values closer

to 1 indicating a higher similarity. SSIM is computed as:

SSIM(x, y) =
(2µxµy + C1)(2σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(3.2.8)
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where:

x and y are two image patches being compared,

µx and µy are the mean intensities of x and y, respectively,

σ2
x and σ2

y are the variances of x and y,

σxy is the covariance of x and y,

C1 and C2 are small constants to stabilize the division when the denominators are

close to zero.

The SSIM index considers both local luminance and structural information, mak-

ing it a reliable metric for evaluating the perceptual quality of images.

3.2.4.2 Peak Signal-to-Noise Ratio

The Peak Signal-to-Noise Ratio (PSNR) is an objective metric that quantifies the

difference between the original and interpolated images[72]. It is defined as the ratio

between the maximum possible pixel value of an image and the mean square error

(MSE) between the original and interpolated images. PSNR is expressed in decibels

(dB), with higher values indicating better image quality. PSNR is calculated as

follows:

PSNR = 10 · log10
(

MAX2

MSE

)
(3.2.9)

where:

MAX is the maximum possible pixel value of the image (e.g., 255 for 8-bit images),

MSE is the mean squared error between the original image I and the interpolated

image I ′ and is defined as:

MSE =
1

m× n

m∑
i=1

n∑
j=1

[I(i, j)− I ′(i, j)]
2 (3.2.10)

3.2.4.3 F1 Score

The F1 Score is a metric used to evaluate the accuracy of a binary classification

model, considering both precision and recall. It is particularly useful when there is
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an imbalanced class distribution. The F1 Score is the harmonic mean of precision

and recall, providing a single measure that balances the two.

The F1 Score can be calculated as:

F1 Score =
2× Precision× Recall

Precision + Recall (3.2.11)

The F1 Score is maximized when both precision and recall are high, making it

a useful metric when you need a balance between the two.

3.2.4.4 Mean Intersection over Union

The Mean Intersection over Union (mIoU) is a metric commonly used in semantic

segmentation tasks. It measures the overlap between the predicted segmentation and

the ground truth. For a single class, IoU is defined as the ratio of the intersection of

the predicted and true positive pixels to the union of all predicted and true positive

pixels. The mean IoU is computed by averaging the IoU values across all classes.

The Mean IoU is the average of the IoU scores across all classes:

mIoU =
1

N

N∑
i=1

TPi

TPi + FPi + FNi

(3.2.12)

Where: N is the number of classes (e.g., background and different object cate-

gories in segmentation tasks). The summation is taken over all classes.

This metric provides a comprehensive measure of performance for segmentation

tasks, as it takes into account the overlap between predicted and actual regions

across all classes.

3.3 Experiment and Results

In this study, we conducted training and prediction experiments using the same

dataset across various state-of-the-art deep learning networks to evaluate their per-

formance. The networks included Medical Transformer, RCA-IUnet, ResUNet,

TransUNet, UNet++, DeepLabV3+, as well as our proposed networks—one without

GhostNet and the other with GhostNet.
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The comparative results of these networks are presented in Table 3.1, where we

provide detailed statistics, including the number of parameters, inference speed, F1

score, and IoU. These metrics were chosen to offer a comprehensive evaluation of

the computational efficiency and prediction accuracy of each model.

To visually demonstrate the differences in performance, we selected two represen-

tative images from the test set. These images highlight the recognition capabilities

of each network in generating segmentation masks. The prediction masks gener-

ated by each network, alongside their corresponding ground truth, are displayed

in Figure 3.5. This figure allows for a clear qualitative comparison of the models’

effectiveness in segmenting the input images.
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Table 3.1: Performance Comparison of Different Models on CT Dataset.

Method Parameters (M) Inference Speed (ms) F1 Score IoU

Medical Transformer 10.6 12.82 0.882 0.788

RCA-IUnet 7.3 8.37 0.783 0.643

TransUnet 98.9 114.74 0.829 0.708

ResUNet 56.2 54.31 0.723 0.566

Unet++ 63.9 73.32 0.828 0.707

Deeplabv3+ 31.5 36.10 0.841 0.726

Ours 11.0 14.05 0.897 0.814

Ours* 5.5 7.03 0.887 0.797

*: with GhostNet.
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Ground
Truth

Medical
Transformer RCA-IUet ResUnet TransUnet Unet++ DeepLabv3+ Ours Ours*

(a1) (b1) (c1) (d1) (e1) (f1) (g1) (h1) (i1) (j1)

(a2) (b2) (c2) (d2) (e2) (f2) (g2) (h2) (i2) (j2)

Figure 3.5: Prediction results of different networks for two input images. (a1, a2) represent the two input example images; (b1,

b2) correspond to their respective ground truth. (c1, c2; d1, d2; ... j1, j2) show the performance of the two images under the

Medical Transformer, RCA-IUnet, ResUNet, TransUNet, UNet++, DeepLabV3+, Ours, and Ours* networks, respectively.
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The performance comparison of various deep learning models, as detailed in Ta-

ble 3.1, highlights both the accuracy and computational efficiency of our proposed

methods on the given CT image dataset. Among the tested methods, our proposed

network without GhostNet achieves the highest F1 score of 0.897, demonstrating su-

perior segmentation accuracy for the RCA cross-sections across multiple CT layers.

This reflects the effectiveness of our approach in extracting fine vascular structures.

When GhostNet is incorporated (Ours*), there is a marginal decrease in segmen-

tation accuracy, with the F1 score reduced to 0.887 and IoU to 0.797. However,

this configuration achieves a significant improvement in inference speed, recording

the fastest time of 7.03 ms. This trade-off between accuracy and computational

efficiency makes the GhostNet-enabled model particularly suitable for applications

where real-time performance is critical.

Comparatively, other networks, such as the Medical Transformer and Deeplabv3+,

exhibit competitive performance in terms of accuracy, with F1 scores of 0.882 and

0.841, respectively. However, their computational costs, including larger parameter

sizes and slower inference speeds, make them less efficient for practical deployment.

Networks like RCA-IUnet and ResUNet, while lighter in terms of parameters, show

significantly lower F1 scores of 0.783 and 0.723, indicating less effective segmentation

capabilities.

After extracting the cross-sectional masks of each layer of the right coronary

artery, we proceeded to extract the edges of the predicted cross-sectional masks. On

these edges, 30 points were uniformly distributed. Each point was assigned a unique

identifier, and neighboring points were connected by lines. This approach enabled

the construction of a point-based matrix, which was then utilized to generate a

three-dimensional mesh grid for reconstruction.

Figure 3.6 illustrates the reconstructed RCA of one patient. In this visualization,

blue lines represent the connections between points within each individual layer,

while red lines indicate the connections between corresponding points across adjacent

layers. For better visualization and clarity, the Z-axis—representing the inter-layer
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distance—was appropriately stretched to emphasize the spatial relationships.

Figure 3.6: The mesh grid generated from prediction Results

Subsequently, based on the constructed mesh grid, we employed volume ren-

dering techniques to further enhance the visualization of the vascular structure.

Specifically, we utilized a surface rendering approach within the volume rendering

framework to transform the mesh grid into a continuous, smooth representation

of the vessel surface. This method enabled the detailed depiction of the vascu-
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lar topology, providing a clear and intuitive visualization of both the location and

morphology of vascular narrowing.

The rendering process involved assigning specific color and opacity values to

the surface based on the geometric attributes of the mesh grid, allowing for the

differentiation of structural details. This facilitated the identification of stenotic

regions by highlighting their spatial characteristics and transitions. The resulting

image, shown in the Figure 3.7, represents a preliminary rendered visualization of

the RCA. The coordinate system, displayed in the lower-left corner, provides spatial

reference for interpreting the reconstructed geometry.

Figure 3.7: The result of volume rendering

To further enhance the visual quality and improve the interpretability of the

reconstructed vascular image, we applied smoothing techniques. Specifically, we

utilized two methods: Laplacian Pyramid Interpolation and Gaussian Smoothing
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Interpolation. These methods were employed to reduce visual noise and ensure a

smoother representation of the vascular surface, facilitating better observation and

analysis.

The results of the smoothing processes are illustrated in the Figure 3.8. Subfigure

(a) shows the outcome of the Gaussian Smoothing Interpolation, which emphasizes

gradual transitions and overall uniformity in the surface structure. Subfigure (b)

presents the results of the Laplacian Pyramid Interpolation, which preserves fine

details while reducing abrupt variations in the mesh.

(a) (b)

Figure 3.8: Comparison between Laplacian Pyramid Interpolation and Gaussian

Smoothing Interpolation

In addition, we attempted to identify an optimal viewing angle from the smoothed

vascular images that provided the clearest observation of the stenosis’s degree and

location. To highlight these stenotic regions, we used red bounding boxes for anno-

tation in Figure 3.9.
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Figure 3.9: An example position to intuitively observe stenosis

After doing the smoothing, we compared the performance of two interpolation

methods: Laplacian Pyramid Interpolation and Gaussian Smoothing Interpolation.

These methods were applied to enhance the resolution of volume-rendered images

of blood vessels. The Structural Similarity Index Measure and Peak Signal-to-Noise

Ratio were computed to assess the quality of the interpolated images. SSIM is

a perception-based metric that quantifies the similarity in structure between the

original and interpolated images, where values closer to 1 indicate higher structural

similarity. PSNR, measured in dB, reflects the ratio between the maximum signal

power and noise power, where higher values denote better image quality.

The results, including computation time, are presented in Table 3.2.
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Table 3.2: Comparison of Laplacian Pyramid and Gaussian Smoothing Interpolation

Methods.

Interpolation Method Average

SSIM

Average

PSNR (dB)

Elapsed

Time (s)

Laplacian Pyramid 0.9987 41.42 22.80

Gaussian Smoothing 0.9992 42.30 20.52

The results indicate that both interpolation methods achieve high SSIM and

PSNR values, demonstrating their effectiveness in enhancing image resolution with

minimal loss of structural integrity. However, a few observations can be made

regarding their comparative performance. The Gaussian Smoothing Interpolation

method achieved a slightly higher average SSIM (0.9992) and PSNR (42.30 dB) com-

pared to the Laplacian Pyramid Interpolation method, which recorded an SSIM of

0.9987 and PSNR of 41.42 dB. This suggests that Gaussian Smoothing is marginally

more effective at preserving image details and reducing noise in the interpolated im-

ages. In terms of computational efficiency, Gaussian Smoothing Interpolation took

slightly less time (20.52 seconds) compared to Laplacian Pyramid Interpolation

(22.80 seconds). This difference, while minor, suggests that Gaussian Smoothing

might be more suitable for applications requiring faster processing times without

compromising image quality. Despite the slightly lower SSIM and PSNR values,

Laplacian Pyramid Interpolation is known to maintain edge clarity effectively, es-

pecially in applications where preserving fine structural details at varying scales is

essential. This method’s effectiveness in multi-resolution analysis may be beneficial

in specific scenarios, such as detecting small anomalies within the blood vessels.

Given that the SSIM and PSNR differences between the two methods are minimal,

the choice of method may ultimately depend on the specific requirements of the

application. For instance, if preserving fine structural details with edge clarity is
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paramount, Laplacian Pyramid Interpolation could be preferred. However, for gen-

eral resolution enhancement tasks with a balanced focus on quality and efficiency,

Gaussian Smoothing Interpolation may be the optimal choice.

3.4 Discussion

This study presents a comprehensive evaluation of state-of-the-art deep learning

models and our proposed methods for automated segmentation and 3D reconstruc-

tion of the right coronary artery from CT images. The findings highlight signifi-

cant advancements in both segmentation accuracy and computational efficiency, as

well as the practicality of our approaches for clinical applications.The comparative

analysis of deep learning models provided critical insights into their strengths and

weaknesses. Among the tested models, our proposed network without GhostNet

achieved the highest F1 score of 0.897 and an IoU of 0.814, underscoring its superior

segmentation performance. This model demonstrated its effectiveness in accurately

identifying fine vascular structures, which is crucial for clinical tasks such as identify-

ing stenotic regions. However, this performance comes at the cost of a slightly higher

computational demand compared to the GhostNet-enabled version. The inclusion

of GhostNet in the proposed model led to a notable improvement in inference speed,

achieving the fastest time of 7.03 ms. While this configuration slightly reduced the

F1 score to 0.887 and IoU to 0.797, the trade-off is acceptable for real-time appli-

cations where speed is critical. This capability is particularly valuable in scenarios

such as intraoperative imaging or real-time diagnostics, where rapid processing is

essential for effective decision-making.

The transition from 2D segmentation masks to 3D reconstruction represents a

critical step in understanding the spatial structure of coronary arteries. The pro-

posed reconstruction process involved extracting the edges of segmented masks, dis-

tributing points uniformly, and generating a mesh grid that connects points within

and across layers. This approach facilitated the construction of a detailed 3D repre-

sentation of the RCA, allowing for enhanced visualization of its topology. Volume
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rendering further improved the interpretability of the reconstructed RCA. By us-

ing surface rendering techniques, the vascular structures were transformed into a

continuous and smooth representation, which effectively highlighted morphological

features. The rendering provided an intuitive way to identify stenotic regions, aiding

in clinical diagnosis and planning. The smoothing techniques, Gaussian Smoothing

and Laplacian Pyramid Interpolation, played a key role in refining the visual quality

of the 3D models. Gaussian Smoothing achieved higher SSIM (0.9992) and PSNR

(42.30 dB) values, along with faster processing times, indicating its superiority for

applications requiring both high quality and efficiency. However, Laplacian Pyra-

mid Interpolation excelled in preserving edge clarity and fine structural details,

making it a suitable choice for tasks focused on detecting subtle abnormalities. The

reconstructed models provided clinicians with a clear visualization of the degree

and location of vascular narrowing. This feature enhances the diagnostic process,

reducing the likelihood of missed or inaccurate assessments. Moreover, the abil-

ity to adjust viewing angles and analyze smoothed vascular images supports more

comprehensive evaluations, which could improve patient outcomes.

The clinical value of the 3D reconstruction method significantly impacts both

procedural planning and patient care. Surgeons can utilize detailed 3D visualiza-

tions to better understand complex anatomical relationships and plan optimal ap-

proaches for interventional procedures. This enhanced understanding allows for

more precise preoperative planning, potentially reducing procedure times and im-

proving outcomes. The 3D models also serve as powerful tools for patient education,

helping clinicians explain conditions and planned procedures more effectively, which

can improve patient understanding and compliance. In multidisciplinary settings,

these reconstructions enhance communication between different specialists, facili-

tating more comprehensive treatment planning. The technology also offers valuable

opportunities for medical education, allowing trainees to study and practice on ac-

curate representations of patient-specific anatomies. This application in training

could accelerate the learning curve for new interventional cardiologists while im-
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proving their preparedness for complex cases.

This study, while demonstrating promising results, has several limitations that

must be addressed to further validate and enhance the proposed methods:

Firstly, due to the unavailability of diagnostic data for the 32 patients included

in the dataset, we were unable to validate the accuracy of stenosis location and

stenosis rate predictions. This limitation hinders the ability to directly verify the

clinical effectiveness of our method. Future work should aim to integrate diagnostic

information to provide a more comprehensive assessment of the method’s accuracy

and reliability.

Secondly, given the complexity of CT images, our study focused exclusively

on the right coronary artery as it is relatively easier to identify and analyze. This

approach excluded the evaluation of stenoses in branching vessels or the left coronary

artery, which are equally critical in clinical diagnoses. Addressing these areas in

future research would ensure a more comprehensive and versatile method capable

of analyzing the full coronary vascular structure.

Thirdly, incorporating the proposed pipeline into real-world clinical workflows

requires further testing. Key factors such as noise robustness, compatibility with

various imaging modalities, and the user-friendliness of visualization tools need to

be evaluated in collaboration with clinicians. These assessments will help ensure

that the methods are practical and effective for daily clinical use.

Fourthly, although the computational requirements of our models were opti-

mized, their deployment in resource-constrained environments could still pose chal-

lenges. Developing lightweight versions of the models without compromising perfor-

mance would be essential to facilitate broader adoption, particularly in low-resource

settings.

Future work could also explore the application of these methods in related do-

mains, such as the analysis of other vascular regions or the integration with intra-

operative imaging systems. Furthermore, incorporating advanced techniques like

reinforcement learning or generative adversarial networks could enhance the accu-
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racy and adaptability of the models.

3.5 Conclusion

In conclusion, this study demonstrates the potential of the proposed methods for

RCA segmentation and 3D reconstruction, providing a robust solution for clinical

applications. By achieving a balance between high segmentation accuracy, com-

putational efficiency, and detailed 3D visualization, the methods address critical

challenges in coronary artery analysis. With further development and validation,

the approaches outlined in this study could significantly contribute to the advance-

ment of diagnostic tools and interventions for coronary artery diseases, ultimately

improving patient care.
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Chapter 4

Conclusion and Future Work

4.1 General Conclusion

This thesis presented a comprehensive exploration of advanced deep learning method-

ologies aimed at enhancing the analysis and diagnosis of coronary artery disease.

The research included three key approaches, each addressing critical limitations in

existing methods:

1. Hessian-Based Deep Learning Preprocessing Method:

A novel image preprocessing pipeline was proposed, integrating Hessian matrix

filtering with image fusion techniques. This approach enhanced the visualiza-

tion of vascular structures in coronary angiography, leading to improved de-

tection of stenosis in both main and branch vessels. By addressing challenges

such as noise reduction and feature preservation, this method demonstrated

a significant improvement in the performance of advanced object detection

networks.

2. YOLO-Based Attention-Enhanced Network:

A customized object detection network incorporating attention mechanisms

was developed to localize coronary artery stenosis efficiently. Experimental

results highlighted the potential of attention mechanisms in improving de-

tection accuracy while maintaining computational efficiency, making the ap-
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proach suitable for real-time clinical applications.

3. Automated Vessel Extraction and 3D Reconstruction:

An innovative method combining GhostNet and Transformer architectures was

introduced for the automated extraction and 3D reconstruction of the right

coronary artery from CT images. This method demonstrated state-of-the-art

performance in segmenting vascular cross-sections and generating 3D models,

providing clinicians with a more comprehensive understanding of the coronary

anatomy.

The overarching goal of this research was to address the limitations of existing

CAD diagnostic techniques, including reliance on subjective interpretation, subop-

timal imaging angles, and challenges in processing complex coronary structures. By

leveraging advanced deep learning models and innovative preprocessing strategies,

the proposed methods achieved notable improvements in accuracy, robustness, and

computational efficiency. The findings of this research have significant implications

for clinical practice, particularly in the real-time detection and diagnosis of CAD.

The integration of these methods into existing diagnostic workflows has the potential

to enhance precision, reduce diagnostic variability, and ultimately improve patient

outcomes.

While the presented approaches have advanced the state of CAD diagnosis, sev-

eral limitations remain. These include the need for further optimization to reduce

latency in real-time applications, the potential for overfitting due to dataset limi-

tations, and the requirement for validation across diverse patient populations and

imaging systems. Future research should focus on addressing these challenges, ex-

ploring the integration of multi-modal imaging data, and refining techniques for

broader clinical applicability.

In conclusion, the methods and findings outlined in this study demonstrate the

potential to significantly advance diagnostic and therapeutic approaches to coro-

nary artery disease. By improving the quality of diagnostic imaging and enabling

more precise 3D reconstructions, these methods provide critical tools for early de-

86



tection, planning, and intervention. With continued development, validation, and

collaboration between research and clinical communities, these advancements could

lead to better patient care, reduced diagnostic errors, and improved outcomes in the

treatment of coronary artery diseases. Ultimately, this work lays a solid foundation

for the future of AI-driven healthcare innovations and their integration into routine

medical practice.

4.2 Future Work

Looking ahead, expanding the dataset to include a larger and more diverse range of

images is imperative to improve generalizability and address potential imbalances

that may impact the model’s performance in real-world scenarios. The inclusion of

more varied imaging conditions and patient demographics would ensure the approach

is broadly applicable across clinical settings. A critical limitation of the current

work is the lack of validation across different medical institutions, which is essential

for confirming the model’s robustness across varying imaging protocols, equipment

specifications, and clinical practices. This multi-institutional validation would help

identify and address potential biases or limitations in the model’s performance across

different healthcare settings.

Furthermore, the current study has insufficient testing of edge cases, such as

patients with anatomical anomalies, severe calcification, or multiple stents. These

challenging scenarios often present the greatest diagnostic difficulty in clinical prac-

tice and require thorough validation to ensure reliable performance. Additionally,

further refinement of the proposed networks is necessary to enhance their ability to

detect stenotic features in highly complex coronary angiography images, particularly

in cases involving smaller vessels or intricate anatomical variations. Testing across

a broader range of clinical scenarios, including emergency cases and patients with

motion artifacts, would provide valuable insights into the model’s limitations and

areas requiring improvement.

Incorporating state-of-the-art deep learning architectures and optimizing them
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for medical imaging applications will likely yield even greater accuracy and effi-

ciency. The development of automated methods for handling poor image quality

and adapting to varying contrast levels would further enhance the system’s clinical

utility. Future research should also focus on creating interpretable models that can

provide clinicians with clear reasoning for their predictions, enhancing trust and

adoption in clinical practice.
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