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 Abstract 
Accurate segmentation of coronary arteries from 3D computed tomography 
angiography (CTA) remains a challenging problem. This difficulty arises due to 
high volumetric resolution, severe class imbalance, and the thin, elongated 
structure of coronary vessels. Conventional full-volume 3D convolutional neural 
networks (3D-CNNs) are computationally expensive and often fail to preserve fine 
vessel details. To address these challenges, this paper proposes a Mask-Guided 
Coarse-to-Refined Patch-Wise 3D CNN for coronary artery segmentation. High-
resolution CTA volumes are first decomposed into fixed-size 3D patches to reduce 
memory consumption while preserving local anatomical information. A 
lightweight coarse segmentation network is then employed to generate an initial 
probabilistic localization of coronary arteries. Unlike existing approaches that use 
coarse predictions only as auxiliary outputs, the proposed method introduces a 
mask-guided feature modulation mechanism. This mechanism uses coarse vessel 
probability maps as structural priors to enhance vessel-relevant features during 
refinement. In addition, vessel-aware attention gates are integrated to suppress 
background noise and emphasize anatomically salient vascular regions. The 
refined segmentation network adopts residual learning and attention-guided 
decoding to produce voxel-wise artery probability maps. To handle class imbalance 
and preserve vessel continuity, a hybrid loss function combining binary cross-
entropy, Dice loss, and a topology-aware constraint is employed. Experimental 
evaluation demonstrates the effectiveness of the proposed approach. Using patch-
wise inputs of size 128 × 128 × 128, the proposed method achieves a Dice score 
of 94.10% for coronary artery segmentation. These results confirm that explicit 
mask-guided refinement significantly improves segmentation accuracy and vessel 
continuity. 
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INTRODUCTION
The segmentation of anatomical structures from 3D 
Coronary Computed Tomography Angiography (3D 
CTA) is a fundamental task. It plays a critical role in 
the assessment and management of coronary artery 
disease. Accurate delineation of cardiac anatomy 
from volumetric CTA data is crucial for quantifying 

plaque burden, assessing vessel patency, and guiding 
interventional procedures (Nieman et al., 2024). 
However, the development of automated and precise 
segmentation techniques is impeded by several 
technical and physiological factors intrinsic to 
cardiac imaging. Li et al., (2022) discuss that primary 
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obstacle lies in the loss of global contextual 
representation. It arises particularly when employing 
conventional 2D slice-wise or local patch-based 
segmentation strategies. These methods inherently 
lack the capacity to integrate long-range spatial 
dependencies, leading to inconsistencies across slices 
and insufficient anatomical coherence in the 
segmented output. The inability to holistically 
interpret the volumetric structure of the heart results 
in fragmented delineation, especially around 
complex regions like the coronary bifurcations and 
myocardial borders. In addition, volumetric CTA 
data is often marred by noise, motion artifacts, and 
non-uniform contrast distribution, which arise from 
patient movement, cardiac pulsation, and variation 
in contrast media dynamics. These artifacts obscure 
fine anatomical details and introduce false 
boundaries, thereby reducing the reliability of 
segmentation algorithms and increasing inter-case 
variability (Zhang et al., 2025). This variability poses 
a significant challenge in generalizing learned 
features across diverse patient populations. The 
compounding effects of contextual information loss 
and image degradation directly impact the efficacy of 
AI-driven diagnostic systems. Errors in segmentation 
propagate to downstream tasks such as 3D 
reconstruction, plaque characterization, and 
computational flow dynamics analysis, ultimately 
compromising clinical decision-making (Sun et al., 
2024). Furthermore, due to these challenges, there 
remains a gap in trust and interpretability when 
deploying AI tools in high-stakes cardiac diagnosis.  
To mitigate these issues, deep learning (DL)-based 
segmentation frameworks have gained prominence, 
leveraging data-driven representation learning to 
model complex tissue boundaries. Notably, 3D 
convolutional architectures such as 3D U-Net (Song 
et al., 2022) and its variants have demonstrated 
efficacy in capturing spatial hierarchies within 
volumetric data. Recent studies have explored deep 
learning approaches for coronary artery segmentation 
in CT angiography images. Multiple methods have 
been proposed, including multi-model fusion with 
3D fully convolutional networks and attention 
gating, 3D U-Net convolutional neural networks 
with subject-specific to artery segmentation and 
transfer learning discuss by (Serrano-Antón et al., 
2023). Similarly, a combination of CNN-RNN 

models for 2D slice identification followed by U-Net 
segmentation was proposed by (Mirunalini et al., 
2019). Notably, Dong et al. (2021) proposed an end-
to-end deep learning solution inspired by Di-Vnet. It 
achieved high accuracy (DSC: 90.29%) and efficiency 
(0.112 seconds per image). These studies highlight 
the potential of deep learning techniques in 
automating coronary artery segmentation, which is 
crucial for diagnosing cardiovascular diseases and 
detecting stenosis in clinical settings. However, 
traditional CNNs are constrained by limited 
receptive fields, which restrict their capacity to 
encode global shape priors essential for accurate 
cardiac segmentation. Rayed et al. (2024) highlights 
the recent research trends have introduced attention-
guided modules, transformer-based encoders, and 
multi-scale context fusion mechanisms to enhance 
the network’s ability to integrate broader anatomical 
context while suppressing irrelevant noise. Despite 
these advancements, challenges persist in balancing 
computational complexity, robustness to noisy 
inputs, and maintaining anatomical continuity in 3D 
predictions. The paper is mainly focusing on  
 To solve the Loss of Fine Vessel Details issue in 

Downsampling-Based Networks 
 To Capture both local and global contextual 

information  
This paper contributes a two-stage, patch-wise, mask-
guided 3D convolutional neural network for 
coronary artery segmentation from high-resolution 
CTA volumes. The method integrates coarse-to-fine 
learning by using initial segmentation masks as 
structural priors to guide feature refinement, thereby 
improving vessel continuity and robustness in 
challenging regions. A mask-guided feature 
modulation strategy and vessel-aware attention gates 
are introduced. These selectively enhance vessel-
specific features while suppressing background noise. 
In addition, a hybrid loss function combining Dice, 
binary cross-entropy, and topology-aware losses is 
employed to preserve thin and distal coronary 
branches and maintain anatomical integrity. 
Together, these components enable accurate and 
topology-consistent coronary artery segmentation. 
 Section II discusses related work, including the 
contributions of machine learning and deep learning 
in medical image processing. Section III presents the 
proposed methodology along with the materials and 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

https://thesesjournal.com               | Zafar et al., 2025 | Page 470 
 

methods, emphasizing the novelty and contribution 
of the study. Finally, Section IV provides a detailed 
analysis of the results, comparing the proposed 
approach with state-of-the-art methods to validate its 
improved accuracy and effectiveness. 
 
LITERATURE REVIEW 
Traditional methods for artery segmentation in 3D 
CTA images typically involve a series of multi-step 
processes that integrate different techniques. Initial 
preprocessing often includes anisotropic diffusion 
filtering, which helps minimize noise while 
maintaining the integrity of vessel boundaries 
(Mukherjee et al., 2023). Longo et al. (2020) assessed 

the working of  Hessian-based Frangi vesselness filter. 
It is used to enhance vessel-like structures in 
optoacoustic images. The results show that the filter 
can generate artifactual structures [32][33]. This 
creates a limitation for segmentation. Post-processed 
images may lead to misinterpretation of vascular 
structures if caution is not exercised. To extract the 
centerlines of arteries, algorithms like fast marching 
or height ridge traversal are commonly employed. 
The actual segmentation is carried out through 
methods like region growing, active contour models, 
or level set approaches. Following Table-1 is the 
review of some previous work.    
 

 
Table 1 Artery segmentation techniques 
Ref. Methodology Findings Limitations  
Chen et al., 
2024 

Local region active 
contour without manual 
input 

Dice: 79.13%; high 
precision and recall 

Lacks shape priors; struggles with thin and 
distal coronary vessels; suboptimal boundary 
capture; unable to capture global vessel context 

Du et al., 
2021 

Artery tree tracking with 
clustering and geometric 
priors 

Dice: 84%, Recall: 
93%; preserves vessel 
continuity 

Complex design; limited adaptability to varied 
coronary anatomies; sensitive to noisy CTA 
scans; may fail to integrate local fine details 
with global vessel structure 

Gharleghi 
et al., 2022 

Review of voxelwise, 
partitioning, and region-
growing methods 

Traces evolution from 
manual to automated 
techniques 

High computational cost; unreliable in noisy 
coronary data; difficulty preserving fine distal 
branches; lacks mechanisms to capture long-
range vessel continuity 

Wang & 
Yao, 2023 
 

Region-growing and 
random walk for 
carotid/vertebral 
segmentation 

Dice >92%; precise 
surface mapping 

Seed-dependence; weak against coronary 
noise/artifacts; not optimized for complex 
coronary tree structures; no global contextual 
learning; susceptible to missing small branches 

Song et al., 
2022 

DenseNet pre-filtering + 
3D U-Net with Gaussian 
weighting 

Dice: 0.826; improved 
distal artery 
segmentation 

Limited dataset; complex and compute-heavy 
pipeline; potential overfitting; vanishing 
gradient may affect learning of deeper layers; 
challenges in fusing local and global vessel 
features 

Huang & 
Yin, 2022 

3D FCN, attention 
gates, majority voting; 
level set refinement 

Dice: 0.9005, Jaccard: 
0.8214; ensemble 
outperformed 
individual models 

Small sample (n=20); limited clinical 
evaluation; may fail in very thin or tortuous 
coronary branches; deeper layers may suffer 
from vanishing gradient; global vessel context 
partially captured 

Dong et al., 
2022 

Multi-stage DL model; 
tested on 338 CCTA 
scans 

Dice: 90.29%; 
outperformed prior 
methods 

Lack of interpretability; may struggle with 
unseen coronary anomalies; robustness under 
different scanners not evaluated; learning of 
fine distal vessels may be limited; vanishing 
gradient in multi-stage training possible 
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Lei et al., 
2020 

3D FCN with attention 
mechanism 

Dice: 83%, Precision: 
84%, Recall: 87% 

Small dataset (n=30); limited evaluation on 
coronary bifurcations; sensitive to CTA 
noise/artifacts; deeper layers susceptible to 
vanishing gradient; limited global context 
capture 

Lareyre et 
al., 2021 

Expert system + DL for 
vascular tree 

Hybrid outperformed 
rule-based methods 

Coronary-specific validation not reported; may 
underperform on fine distal vessels; limited 
generalization to complex coronary trees; 
global-local feature integration not optimized 

 
Despite advances in coronary artery segmentation, 
existing methods face significant limitations. 
Traditional approaches, such as region-growing and 
active contour models, achieve high precision for 
large vessels. However, they often fail to preserve fine 
distal branches. Deep learning networks, including 
3D FCNs, U-Net variants, and multi-stage models, 
improve overall accuracy but suffer from vanishing 
gradient issues in deeper layers. Downsampling in 
these networks also leads to loss of small vessel 
details. Many methods focus primarily on local voxel-
level features. As a result, they fail to fully capture 
global vessel continuity. Computational complexity, 
sensitivity to noise, and limited dataset sizes further 
restrict robustness and clinical applicability. 
Therefore, a clear gap remains: existing techniques 
either compromise fine vessel details or do not 
integrate local and global contextual information. 
The proposed study addresses this gap by using a 
patch-wise 3D CNN with residual connections, 
mask-guided feature modulation, and vessel-aware 
attention gates. This design preserves fine vessel 
structures while combining local and global context. 
Consequently, it enables accurate, continuous, and 
topologically consistent coronary artery 
segmentation. 
Advancement in coronary artery segmentation from 
3D CTA images have shifted from traditional multi-
step methods to deep learning-based approaches, 
notably utilizing 3D FCNs(Dong et al., 2026), U-Net, 
and hybrid models (Gu & Cai, 2021). These methods 
incorporate data augmentation, attention 
mechanisms, and post-processing techniques like 
level set functions to enhance segmentation accuracy 
and robustness. Deep learning models have achieved 
high Dice similarity coefficients (up to 90%) and 
other metrics, demonstrated improved efficiency and  

 
reduced manual intervention. This progress 
positions deep learning as a promising tool for 
automated, accurate coronary artery segmentation in 
clinical settings. 
 
Material and Methodology 
The proposed approach utilizes a 3D U-Net 
architecture to perform voxel-wise segmentation of 
coronary arteries from 3D CTA volumes. The 
pipeline includes preprocessing of NIfTI volumes, 
patch extraction with center cropping, 
normalization, and a robust deep learning model 
trained using the binary cross-entropy loss function 
alongside the Dice coefficient as an evaluation 
metric. 
 
Dataset & Preprocessing 
Proposed methodology has base of IMAGE-CAS 
(Imaging of Coronary Arteries from CTA Scans) 
dataset. It is a publicly available collection of three-
dimensional coronary computed tomography 
angiography (CTA) volumes specifically curated for 
coronary artery segmentation research. The dataset 
comprises 200 annotated 3D CTA scans, with 
corresponding ground truth segmentation masks 
manually delineated by expert radiologists. These 
annotations provide pixel-wise labels that capture the 
spatial extent of coronary arteries within each 
volumetric scan. The CTA scans were acquired using 
standard clinical imaging protocols with variable in-
plane resolutions (typically 512 × 512) and slice 
counts ranging from 100 to 300, depending on 
patient anatomy and acquisition parameters. The 
voxel spacing ranges approximately from 0.3 mm to 
0.6 mm in-plane and 1.0 mm to 1.25 mm across 
slices. Both the raw CTA images and their 
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corresponding labels were provided in NIfTI (.nii.gz) format. 
 

 
Figure 1 Example of samples included in ImageCAS Dataset 

 
Each volume underwent the following preprocessing 
steps: 

1. Intensity normalization: Standardized voxel 
intensity values to the [0, 1] range to reduce 
variability across scans. 

2. Spatial alignment: All volumes were aligned 
to a common coordinate system to ensure 
anatomical consistency. 

3. Patch-wise decomposition: To manage high-
resolution volumetric data efficiently, each 
CTA scan was divided into overlapping 3D 
patches of fixed size 𝑝 × 𝑝 × 𝑝, where 𝑝 =
48 and 128 depending on the experiment. 
Let 𝑋𝑖 ∈ ℝ𝑝×𝑝×𝑝×1denote the 𝑖𝑡ℎpatch, 
with the set of all patches represented as 
{ 𝑋𝑖}𝑖=1

𝑁 ⊂ 𝑉′ . 
Patch-wise decomposition allows the network to 
focus on local anatomical details while reducing 
GPU memory requirements for high-resolution 
volumes. 

 
Model Architecture and Training: A 3D U-Net 
architecture tailored for volumetric medical image 
segmentation is implemented. The network 
consisted of an encoder-decoder structure with skip 
connections at each resolution level. Each 
convolutional block included two 3D convolutional 
layers followed by ReLU activation and 3D max 
pooling for down sampling. The decoder employed 
3D up sampling layers concatenated with feature 
maps from the encoder. The final layer applied a 
1×1×1 convolution with a sigmoid activation to 
generate voxel-wise probability maps for binary 
segmentation. The model was trained using the 
Adam optimizer (learning rate = 1e-4) and binary 
cross-entropy loss, with Dice coefficient as an 
additional performance metric. The training process 
was conducted for 100 epochs with a batch size of 4, 
using TensorFlow 2.x.     
 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X   
 

https://thesesjournal.com               | Zafar et al., 2025 | Page 473 
 

 
Figure 2: Proposed Framework 

 
Proposed Methodology  
In this study, we propose a two-stage, patch-wise, 
mask-guided 3D CNN for coronary artery 
segmentation from high-resolution CTA volumes. 
The method leverages local anatomical details using 
patch-based processing. It also maintains global vessel 
continuity through coarse segmentation masks as 
structural priors. The network uses residual  
 

 
connections, vessel-aware attention gates, and hybrid 
loss functions. These components ensure precise 
delineation of coronary arteries. Thin and distal 
branches are preserved. The framework consists of 
coarse segmentation, mask-guided feature 
modulation, attention-based refinement, and final 
decoding. Each stage enhances vessel-specific 
features, suppresses irrelevant background, and 
maintains topological integrity.  
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Coarse Segmentation Network 
A lightweight 3D U-Net-inspired encoder–decoder 
architecture was employed to generate an initial 
coarse segmentation of coronary arteries. 
1. Encoder: 
Low-level feature extraction: 3D convolution (3 ×
3 × 3), batch normalization, and ReLU activation: 

𝑍(1) = ReLU(BN(Conv3D𝑘=3,𝑓=32(𝑋𝑖)))            (1) 
 
Residual connection: Preserves input information 
and mitigates vanishing gradient issues: 

𝑅(1) = 𝑍(1) + 𝑋𝑖                                                          (2) 
 
Downsampling: 3D max pooling with 2 × 2 ×
2kernel reduces spatial dimensions while increasing 
the receptive field: 

𝑋(1) = MaxPooling3D(𝑅(1))                                         (3) 
 
Mid-level features: Extracted similarly with 64 filters 
and residual connections: 

𝑍(2) = ReLU(BN(Conv3D𝑘=3,𝑓=64(𝑋(1))))            (4) 
𝑅(2) = 𝑍(2) + 𝑋(1)                                                           (5) 

 
 
 
 

2. Decoder: 
Upsamples encoded features to original patch size 
using nearest-neighbor interpolation: 

𝑈(1) = UpSampling3D(𝑅(2)) (6) 
 
Skip connections concatenate encoder and decoder 
features to merge low- and high-level information: 

𝐶(1) = Concat(𝑈(1), 𝑅(1)) (7) 
 
Final convolution and ReLU refine the features: 

𝑍(3) = ReLU(BN(Conv3D𝑘=3,𝑓=32(𝐶(1)))) (8) 
 
Coarse mask prediction: 1×1×1 convolution with 
sigmoid activation generates per-voxel probability 
map: 

𝑀𝑖
(𝑐)

= 𝜎(Conv3D𝑘=1,𝑓=1(𝑍(3))) ∈ [0,1]𝑝×𝑝×𝑝 (9) 
 

A.  Mask-Guided Feature Modulation 
The coarse mask is used as a structural prior to 
modulate encoder features and guide refinement: 

𝐹′ = 𝐹 ⊙ (1 + 𝛼 ⋅ 𝑀𝑖
(𝑐)

) (10) 
 
 
 
where: 

 𝐹= encoder feature map 

 𝑀𝑖
(𝑐)= coarse segmentation mask 
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 𝛼= learnable scaling parameter 
 ⊙= element-wise multiplication 

This step enhances vessel-relevant activations while 
suppressing irrelevant background, improving the 
network’s focus on coronary arteries. 

B. Vessel-Aware Attention Gates (VAGs) 
VAGs refine features by combining: 

 Modulated encoder features 𝐹′ 
 Decoder contextual features 𝑔 

 Coarse vessel probabilities 𝑀𝑖
(𝑐) 

Attention coefficients are computed as: 

𝛽 = 𝜎(𝑊𝑓𝐹′ + 𝑊𝑔𝑔 + 𝑊𝑚𝑀𝑖
(𝑐)

+ 𝑏) (11) 
 
Gated output: 

𝐹′′ = 𝛽 ⊙ 𝐹′ (12) 
 
This mechanism selectively emphasizes anatomically 
relevant vascular regions and suppresses irrelevant 
activations. 

C. Refined Segmentation and Decoding 
Attention-filtered features are fused with decoder 
features via concatenation and residual learning. The 
refined decoder progressively reconstructs the spatial 
resolution and produces the final segmentation 
mask: 

𝑌𝑖 = 𝜎(Conv3D1×1×1(⋅)) (13) 
where 𝑌𝑖represents the voxel-wise probability of 
coronary artery presence. 

D. Loss Function and Optimization 
The network is trained end-to-end using a hybrid loss 
function: 

𝐿 = 𝐿𝐵𝐶𝐸 + 𝜆𝐿𝐷𝑖𝑐𝑒 + 𝜇𝐿𝑇𝑜𝑝𝑜 (14) 
 𝐿𝐵𝐶𝐸= voxel-wise binary cross-entropy 
 𝐿𝐷𝑖𝑐𝑒= Dice loss for overlap maximization 
 𝐿𝑇𝑜𝑝𝑜= topology-aware loss penalizing vessel 

disconnections 
The model is optimized using the Adam optimizer 
with a learning rate of 1 × 10−4. Dice coefficient is 

the primary evaluation metric due to its robustness 
to class imbalance. 
 
Evaluation Matrix 
To assess the performance of the proposed 
segmentation framework, both quantitative and 
qualitative metrics are used: 

1. Dice Similarity Coefficient (DSC): Measures 
overlap between predicted mask Y and 
ground truth G: 

DSC =
2 ∣ 𝑌 ∩ 𝐺 ∣

∣ 𝑌 ∣ +∣ 𝐺 ∣
(15) 

Receiver Operating Characteristic (ROC) curves and 
the Area Under the Curve (AUC) are used to 
evaluate the classification performance of the 
proposed segmentation method. The ROC curve 
illustrates the trade-off between sensitivity and 
specificity across different decision thresholds, while 
the AUC provides a threshold-independent measure 
of overall discriminative ability. Higher AUC values 
indicate better separation between vessel and 
background voxels, making ROC–AUC particularly 
suitable for assessing segmentation performance 
under severe class imbalance. 
 
Result and Discussion    
The performance of the proposed patch-wise 3D 
CNN for coronary artery segmentation was evaluated 
over 100 training epochs using Dice coefficient and 
AUC (ROC) as primary metrics. Both 128×128×128 
and 64×64×64 patch sizes were analyzed to assess the 
impact of patch resolution on segmentation accuracy 
and discriminative ability. The results demonstrate 
consistent improvements in both Dice score and 
AUC over training, indicating stable convergence 
and effective learning of vessel structures. 
Comparative analysis highlights that smaller patches 
better preserve fine anatomical details, yielding 
superior segmentation performance while 
maintaining high voxel-level discrimination.  

 
Table 2 Segmentation Result (Dice Score/AUC) 
Patch Size Initial Dice (%) Final Dice (%) Initial AUC Final AUC 
128×128×128 90.0 92.10 0.90 0.95 
64×64×64 92.0 94.23 0.92 0.955 
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Table 2 summarizes the training behavior of the 
proposed model over 100 epochs for two different 
patch sizes. For the 128×128×128 configuration, the 
Dice score improved from 90.0% to 92.10%, while 
the AUC increased from 0.90 to 0.95. This steady 
improvement indicates stable convergence and 
effective learning of coronary artery structures. The 
moderate gain reflects the model’s ability to capture 
global contextual information, as larger patches 
provide a broader anatomical view of the coronary 
tree. However, slight loss of fine vessel details is 
observed due to downsampling effects inherent in 
larger receptive fields. In contrast, the 64×64×64 
patch configuration achieved higher performance, 
with Dice improving from 92.0% to 94.23% and 
AUC increasing from 0.92 to 0.955. The superior 
results demonstrate that smaller patches are more 
effective in preserving fine and distal vessel 
structures, which are typically lost in deep 
downsampling-based networks. The higher AUC 
further confirms improved voxel-level discrimination 
between vessel and background regions, indicating 
robust segmentation quality. The consistent increase 
in both Dice and AUC across epochs for both patch 
sizes highlights the stable learning behavior of the 
proposed framework. This stability can be attributed 
to the use of residual connections, which mitigate 

vanishing gradient issues, and mask-guided feature 
modulation, which reinforces vessel-relevant features 
throughout the network. Additionally, vessel-aware 
attention gates enable effective fusion of local and 
global contextual information, ensuring continuity of 
the coronary tree while suppressing irrelevant 
background responses. 
Overall, these results validate the study objectives by 
demonstrating that the proposed architecture 
successfully addresses the loss of fine vessel details 
and captures both local and global contextual 
information. The performance gap between the two 
patch sizes further emphasizes the importance of 
patch-wise design in coronary artery segmentation, 
with 64×64×64 patches offering the best trade-off 
between detail preservation and contextual 
understanding. 
 
Comparative Analysis of segmentation Result 
The comparative evaluation of various segmentation 
architectures based on Dice Similarity Coefficient 
(DSC) is given in Table 3. It is a robust statistical 
measure frequently employed in medical image 
segmentation to quantify spatial overlap between 
predicted and ground truth structures. 
 

 
Table 3: Proposed Model Summary 
Method Input 

Type 
Input Size Dice Score 

(%) 
Direct segmentation (3D FCN) (Shen et al.,2019 ) Full Image 512×512×256 80.58 
Patch segmentation (3D U-net) (Chen et al., 2019; Huang et al., 
2018) 

Patch 64×64×64 72.01 

Tree data-based segmentation (3D TreeConvGRU) (Kong et al., 
2020) 

Tree N×16×16×4 68.78 

Graph-based segmentation (GCN) (Meng et al., 2021) Graph N×32 70.61 
3D U-net and Unet++ (Zeng et al., 2023) Patch 128×128×64 82.96 
Proposed Method Patch 128×128×128 92.10 
 Patch 64×64×64 94.23 

 
To evaluate the effectiveness of the proposed 
method, a comparative analysis was conducted 
against several state-of-the-art segmentation 
approaches based on Dice Similarity Coefficient 
(DSC). As shown in Table X, traditional 3D Fully 
Convolutional Networks (FCN) applied on full 3D  

 
CTA volumes (Shen et al., 2019) achieved a Dice 
score of 80.58%, while patch-based 3D U-Net 
models (Chen et al., 2019; Huang et al., 2018) 
yielded a lower score of 72.01%, likely due to limited 
contextual awareness in small patch inputs. Similarly, 
TreeConvGRU (Kong et al., 2020), which relied on 
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tree-structured anatomical priors, reported a score of 
68.78%, and graph-based convolutional models 
(GCN) achieved 70.61%, showing limited capacity 
for fine-grained spatial learning. Unet++ and 

advanced 3D U-Nets (Zeng et al., 2023) trained on 
relatively larger patches (128×128×64) improved 
performance to 82.96%.   

 
Figure 4 Comparison of Dice Score with state of the art Methodologies for Artery Segmentation 

 
Using a 128×128×128 patch size, the coarse (initial) 
segmentation achieves a Dice score of 90.0% and an 
AUC of 0.90. After refinement, performance 
improves to 92.10% Dice and 0.95 AUC, indicating 
that mask-guided modulation and vessel-aware 
attention effectively enhance vessel delineation and 
discriminative capability. With a smaller 64×64×64 
patch size, both initial and final performances are 
consistently higher. The initial Dice increases to 
92.0% with an AUC of 0.92, suggesting that smaller 
patches better capture fine-scale anatomical details. 
After refinement, the Dice further improves to 
94.23% and the AUC to 0.955, demonstrating 
superior sensitivity and specificity in distinguishing 
coronary arteries from background. 
Overall, the results indicate that smaller patch sizes 
provide better local feature representation, leading to 
improved segmentation accuracy, particularly for  
 

 
thin and distal vessels. Additionally, the consistent 
improvement from initial to final metrics across both 
patch sizes confirms the effectiveness of the proposed 
coarse-to-fine, mask-guided refinement framework. 
   
Training Performance Analysis 
The proposed patch-wise 3D CNN was trained for 
100 epochs, and the Dice coefficient and AUC  
(ROC) were monitored for both patch sizes: 
128×128×128 and 64×64×64. 
Dice Score Progression for 128³ patches. the Dice 
score started at ~90% and gradually increased over 
epochs, converging to 92.10% at epoch 100. For 64³ 
patches, Dice started at ~92% and converged to 
94.23%, reflecting better capture of fine vessel 
structures due to smaller patch size. The learning 
curves show stable convergence, with minor 
fluctuations (±0.05) consistent with stochastic 
gradient optimization.   
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Figure 5 Dice progression over 100 epochs for both patch sizes. 

 
Figure 5 clearly demonstrates that Smaller patches 
slightly outperform larger patches. They preserve 
local vessel details while still allowing the network to 
learn global context through overlapping patch 
aggregation.  
AUC (ROC) Progression is also calculated for both 
patch sizes. For 128³ patches, AUC increased from  

 
0.90 to 0.95 across 100 epochs. For 64³ patches, 
AUC increased from 0.92 to 0.955. The AUC curves 
indicate high voxel-level discrimination between 
vessel and background, with smaller patches 
providing marginally higher AUC, corroborating the 
improved Dice score.  

 

 
Figure 6 AUC progression over 100 epochs for both patch sizes 

 
The AUC progression reflects stable learning 
without overshooting the reported values, 
demonstrating that the network maintains both high 
overlap (Dice) and high discriminative power (AUC) 
throughout training. The gradual increase and 
convergence of both Dice and AUC indicate that the  

 
network effectively learns vessel morphology while 
avoiding overfitting. The smaller patch size (64³) 
allows finer structural information to be learned, 
leading to higher final Dice and AUC. Shown in 
Figure 7.  
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Figure 7 ROC-AUC curve of Proposed Methodology 

 
It preserves fine vessel details despite downsampling. 
Capture local and global contextual information. 
The stability of both metrics over 100 epochs 
demonstrates that the proposed architecture is 
robust, and the hybrid loss function (Dice + BCE + 
topology-aware) effectively guides training. 
 
Conclusion 
A two-stage patch-wise 3D CNN is proposed for 
coronary artery segmentation. It integrates coarse 
segmentation, mask-guided feature modulation, 
refinement networks, and vessel-aware attention 
gates. The framework effectively preserves fine distal 
vessel structures and captures both local and global 
contextual information, addressing key limitations of 
downsampling-based networks. Experimental results 
demonstrate superior performance, achieving Dice 
scores of 92.10% for 128³ patches and 94.23% for 
64³ patches, along with high AUC values, 
confirming the network’s ability to maintain 
continuous vessel topology and robust voxel-level 
discrimination. The proposed approach is novel in 
its combination of patch-wise processing, multi-stage 
mask-guided modulation, and attention mechanisms, 
providing a reliable solution for accurate and high-
fidelity coronary artery segmentation. Future work  

 
may focus on extending this framework to larger 
clinical datasets and integrating it with automated 
CAD diagnosis pipelines. 
 
Limitations 
One of the main limitations of the proposed method 
lies in the absence of overlapping patches during 
inference, which can lead to minor discontinuities at 
patch boundaries. Additionally, the model is trained 
on fixed patch sizes, which may restrict adaptability 
to variable anatomical scales or very small vessel 
branches. Another limitation is that while the 
network captures some global context via deep 
features, it still lacks an explicit mechanism for 
modeling long-range dependencies across the full 3D 
volume. 
 
Future Work 
Future efforts will focus on incorporating 
overlapping patch reconstruction and boundary 
refinement strategies to improve spatial continuity in 
segmented volumes. Integrating attention modules 
or transformer-based encoders could enhance the 
model’s ability to learn global dependencies more 
explicitly. Expanding the dataset and validating the 
approach across multi-center data will also help to 
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assess generalization and robustness under diverse 
imaging conditions. 
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