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Abstract

Automated segmentation of coronary arteries in coronary computed tomography angiography plays an important role
in the diagnosis and treatment of coronary artery disease. Manual segmentation of coronary arteries requires significant
labor costs and is accompanied by subjective errors, which necessitates the development of accurate and reliable
automated methods for coronary artery segmentation. The paper presents an approach based on a deep neural network
with the Swin-UNETR architecture which combines the advantages of visual transformers and the U-Net structure.
To improve the accuracy, a domain-specific transfer learning strategy was used: the model was pre-trained on the
ImageCAS dataset, and then further trained on a specialized dataset created for Automated Segmentation of Coronary
Arteries (ASOCA) Challenge with expert labeling of coronary arteries. The accuracy of the model was assessed on 10
test Computed Tomography Coronary Angiography cases from the ASOCA dataset. The average Dice coefficient was
0.8778, and the average 95th percentile Hausdorff distance (HDgs) was 11.66 mm. The obtained results demonstrate that
the accuracy of the proposed method is at the level of the leading models presented in the official ASOCA Challenge
rating and exceeds the average inter-rater labeling. The proposed method provides high accuracy of coronary artery
segmentation. In the future, the introduction of post-processing methods such as connected component filtering or vessel
tracking, and spatial attention mechanisms can improve the accuracy of arterial contour localization and the adaptability
of the model to various types of computed tomography data.
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AHHOTAIUA

BBeneHue. ABTOMAaTH3UPOBAHHASI CEIMEHTANUS KOPOHAPHBIX apTEepUil MPH KOMIIBIOTEPHON TOMOTpaduuecKoit
KOpoHaporpapuu UrpaeT BaXXHYIO pOJib B ANATHOCTHKE U JICUCHUHN UILIEMHYECKON O0se3HH cep/ua. Pydnas cermeHTanust
KOPOHApHBIX apTepHuii TpeOyeT 3HAYNTENIbHBIX TPY03aTPaT U CONPOBOKAACTCS CYObEKTHBHBIMH MOTPELIHOCTSMH, YTO
00yCIIOBIMBAET HEOOXOIMMOCTD PAa3paOOTKH TOUHBIX M HaJICKHBIX AaBTOMATH3MPOBAHHBIX METOJIOB cerMeHTaiui. MeToa.
B pabote npencrasieH moaxon Ha OCHOBe TTyOokoi HelipoHHOH cetr ¢ apxutekrypoid Swin-UNETR, coderaromieit
MPEUMYIIeCTBa BU3yaIbHBIX TpaHcGopmepoB U cTpykTypsl U-Net. JIist MOBBINIEHHS TOYHOCTH HPUMEHEHa JOMEHHO-
crietruueckast crparerus TpaHchepHOro 00ydeHuUsI: MOJIEIb MPeABApUTEIbHO 00yueHa Ha Habope naHHbIX ImageCAS,
Tocyie 4ero goo0ydueHa Ha clienrain3upoBanHoM — Automated Segmentation of Normal and Diseased Coronary
Arteries (ASOCA) ¢ akcriepTHON pa3MeTKO# KOpOHAPHBIX apTepuil. OCHOBHBIE pe3yabTaThl. OICHKA TOUHOCTH MOJIEITH
BoinosiHeHa Ha 10 TecToBbIX ciy4asx u3 Habopa ASOCA. Cpenuuit koadduunent Haiica cocrasuin 0,8778, a cpeanee
3Hauenune 95 % — paccrosuus Xaycaopda (HDgs) — 11,66 mm. IlomydenHsle pe3yabTaTbl JEMOHCTPUPYIOT, UTO
TOYHOCTb MPEUIOKEHHOTO METO/Ia HAXOUTCS Ha YPOBHE BEYIIMX MOJIEJICH, IPECTABICHHBIX B OQUIMAIBLHOM PEHTHHTE
ASOCA Challenge, 1 mpeBOCXOANUT CpeIHMIA MTOKA3aTeNb MEKIKCIIEPTHOH pasmeTku. Oocy:xaenue. [IpemioxeHHbIi
MeToz1 00eCIIeYnBaeT BHICOKYIO TOUHOCTh CETMEHTAL[MH KOPOHAPHBIX apTepHil. BMecte ¢ TeM oTMeueHa BaprabeibHOCTh
pe3ynbratoB 110 HDgs, 00yclIOBIGHHAsI OTCYTCTBUEM CIICIUAIN3UPOBAHHOMN 110CTOOPaOOTKY, TyBCTBUTEILHOCTHIO
K MEJIKHM COCYJIaM M Pa3IHYHsIMH B XapaKTEPUCTHKaX TECTOBBIX JTaHHBIX. B IepCrEKTHBE BHEAPCHUE METOI0B
ocTOOpabOTKHU, TAKUX KaK (QHIBTPALMS CBSI3aHHBIX KOMIIOHCHTOB HIIH OTCIIKHUBAHKE COCY/IOB, a TAK)KE MEXaHH3MOB
MPOCTPAaHCTBEHHOI'O BHUMAaHUWA, MOXET IMOBBICUTH TOYHOCTD JIOKAJIU3allKU apTEPHUAIBHOT'O ](OHTypa 151 allal'lTl/lpyeMOCTb
MO/JIE/IN K Pa3JIMYHbIM THIIAM JAHHBIX KOMIIBIOTEPHOIT TOMOTpaduH.
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Introduction and motivation

Coronary Artery Disease (CAD) is one of the
leading causes of death worldwide [1]. It occurs when
atherosclerotic plaque builds up in the coronary arteries,
causing narrowing or blockage that reduces blood flow to
the heart muscle. This condition, known as stenosis, can
lead to chest pain (angina), ischemia, or even myocardial
infarction if left untreated [2]. Accurate and early detection
of coronary stenosis is essential for effective diagnosis and
treatment planning.

Coronary Computed Tomography Angiography (CCTA)
is increasingly used as a non-invasive method for initial
diagnosis. CCTA provides 3D images of coronary arteries
and can often help avoid unnecessary invasive procedures.
The analysis of the resulting images is increasingly

performed in specialized software packages which can be

divided into three groups:

1. Software packages certified for use in clinical
practice — Syngo.via (Siemens Healthineers)!, Vitrea
Advanced Visualization (Canon Medical Systems) [3],
to name a few;

2. Al-based and cloud-based solutions used as auxiliary
tools — HeartFlow FFRct [4], Cleerly [5];

3. Research-oriented or semi-clinical software — 3D
Slicer [6] containing vascular modeling toolkit, MITK
[7, 8], to name a few.

Resources of groups 1 and 2 are proprietary, i.e.
paid, which prevents their use when official localization

I Syngo.CT Coronary Analysis (syngo.CT Applications) |
Instructions for Use. C2-via-CA.621.07.02.02.

Hay4HO-TexXHU4eCcKnit BECTHUK MHDOPMALIMOHHbLIX TEXHONOM A, MeXaHUkn 1 ontukun, 2025, Tom 25, N2 6
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2025, vol. 25, no 6

1143


https://orcid.org/0009-0003-3545-9719
mailto:alexvatyan@gmail.com
https://orcid.org/0000-0002-5483-716X
mailto:artem.beresnev@itmo.ru
https://orcid.org/0000-0002-4646-6856
https://orcid.org/0000-0001-6953-5239
mailto:natfed@list.ru
https://orcid.org/0000-0002-1361-6037
https://orcid.org/0000-0002-1569-2180
http://Syngo.CT
http://syngo.CT

Transformer-based automated coronary artery segmentation with domain-specific pretraining

is impossible. In addition, the development of clinical
practice creates new needs of clinicians in CCTA analysis,
the response to which is an incessant flow of research in
this area.

Automated segmentation methods initially relied on
traditional approaches, such as Active Shape Models
(ASMs), Active Contour Models (ACMs), and atlas-
based techniques [9]. The introduction of deep learning,
particularly Convolutional Neural Networks (CNNs),
revolutionized coronary artery segmentation by enabling
automated feature extraction directly from imaging data,
significantly improving accuracy and robustness [10].
Models like U-Net, 3D U-Net, and nnU-Net have achieved
strong results [11, 12]. Recently, transformer-based models
have gained popularity for image segmentation. Several
adaptations, including the 3D U-Net, were developed to
handle volumetric data, enhancing performance in complex
segmentation tasks [13]. Chen et al. [13] proposed a
multi-channel 3D U-Net incorporating vesselness maps,
improving accuracy by emphasizing tubular structures in
Computed Tomography Angiography (CTA) images.

Despite significant advancements, coronary artery
segmentation remains challenging due to issues like low
contrast, small vessel diameter, and severe class imbalance
in imaging data. To address these challenges, specialized
loss functions such as focal loss have been employed, as
demonstrated by Chen et al. [14] with their 3D Dense-
U-Net model which achieved improved segmentation
by effectively mitigating class imbalance. Additionally,
attention mechanisms and residual connections have been
explored to further enhance segmentation accuracy. Wang
et al. [15] introduced the DR-LCT-UNet, integrating dense
residual modules with local contextual transformers,
effectively capturing rich context and achieving superior
results compared to traditional 3D U-Net models. Zhang
et al. [16] successfully utilized Swin-UNET for medical
images segmentation, highlighting its efficiency and
accuracy compared to conventional CNN-based models.

Training transformer-based models from scratch
requires large datasets. However, models pretrained on
large-scale medical imaging datasets capture robust low-
and mid-level features — such as edges, textures, and
anatomical patterns — which can be effectively adapted to
niche tasks like coronary artery segmentation where labeled
data are scarce [17, 18]. These pretrained weights not only
accelerate convergence by reducing the number of required
training epochs but also enhance generalization on the
target dataset, mitigating overfitting [19]. In transformer-
based architectures like Swin UNETR, pretrained on
volumetric CT datasets (e.g., Beyond the Cranial Vault
(BTCV), Medical Segmentation Decathlon [20]), transfer
learning has shown superior performance in downstream
segmentation tasks, outperforming fully convolutional
models [21].

The best methods of computed tomography angiography
of coronary vessels are accumulated and compared within
the Automated Segmentation of Normal and Diseased
Coronary Arteries (ASOCA) challenge [22].

For an objective comparison of the proposed technical
solutions, the ASOCA Challenge Dataset [23] was
developed. It is a large-scale dataset consisting of over

1000 cases from realistic clinical scenarios at Guangdong
Provincial People’s Hospital from April 2012 to December
2018. This publicly available dataset is significantly larger
than previous datasets and is intended as a benchmark
for comparing different network architectures. Since
2020, it has become the de facto standard for assessing
the effectiveness of emerging developments in the field
of CCTA analysis automation. We emphasize that such
assessments do not replace clinical trials but are a necessary
step in assessing the potential of the proposed technical
solution on the way to its clinical certification.

In our study, we aim to create a lightweight, open-
source solution of group 3 in the field of research-oriented
or semi-clinical software for CCTA segmentation that
meets modern requirements for the level of software
implementation and accuracy. In our solution, pretrained
Swin UNET weights from ImageCAS [24] and BTCV
serve as a solid foundation, enabling more efficient and
effective fine-tuning on the smaller ASOCA dataset. We
utilize the ASOCA dataset to evaluate and benchmark
the performance of the proposed segmentation method
in comparison with SOTA models presented at ASOCA
Challenge.

Research methodology

Scope and Technologies

In our study, we leveraged a modern deep learning
pipeline composed of PyTorch, PyTorch Lightning,
and MONALI to implement and manage coronary artery
segmentation models. PyTorch is a widely adopted, open-
source deep learning framework that provides flexibility,
high performance through its C++/CUDA backend,
and ease of use via Python integration. To streamline
training and reduce boilerplate code, we utilized PyTorch
Lightning — a lightweight wrapper that structures the
code into modular components, such as LightningModule,
while handling tasks like GPU management, logging,
and checkpointing. For medical imaging-specific needs,
we employed Medical Open Network for AI (MONALI),
an open-source framework built on PyTorch. MONAI
provides domain-tailored tools for medical image
processing, including specialized data loaders, transforms,
architectures, and evaluation metrics. The framework
consists of three core components: MONAI Core, which
supports model development and training; MONAI Deploy,
which facilitates integration into clinical workflows; and
MONALI Label, an Al-assisted annotation tool that integrates
with platforms like 3D Slicer to accelerate dataset labeling.
This integrated toolchain enabled efficient experimentation
and deployment within a medical imaging context.

This study proposes a deep learning-based segmentation
framework for extracting coronary arteries from contrast-
enhanced CT Coronary Angiography (CTCA) images
(Fig. 1). The methodology is structured into four main
stages: dataset analysis, transfer learning, fine-tuning, and
evaluation. All experiments were conducted on a high-
performance workstation equipped with an NVIDIA
TITAN RTX GPU featuring 24 GB of VRAM, allowing
efficient processing of high-resolution 3D volumes and
large batch sizes without memory bottlenecks.
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Fig. 1. Overview of the Proposed Coronary Artery Segmentation Pipeline

Data Analysis and Preprocessing

To ensure consistency across datasets and guide
transform selection, we conducted an exploratory analysis
using the DataAnalyzer class from MONAI Auto3DSeg
framework. This tool was used independently on both the
ImageCAS and ASOCA datasets to extract voxel spacing,
intensity range, and average shape. The analysis gave us
insight into our preprocessing pipeline, which includes
resampling all volumes to a unified spacing, intensity
normalization to the [0, 1] range, channel formatting, and
region-of-interest cropping. These transformations were
essential to harmonize differences in scanner settings and
resolution between datasets.

Model Initialization and Pretraining

For the segmentation backbone, we adopted Swin-
UNETR, a transformer-based encoder-decoder model
tailored for volumetric medical image segmentation. The
encoder consists of hierarchical Swin Transformer blocks
which model both short- and long-range dependencies
through shifted window attention. The model was first
initialized with pretrained weights from the BTCV dataset
which provides anatomical diversity through multi-organ
labels in abdominal CTs. We then pretrained the model on
ImageCAS, a dataset containing over 100 CTCA scans,
using a curated subset of 111 cases. This pretraining phase
helped the model adapt to coronary artery-specific textures
and geometry before exposure to the target dataset. The
training process employed the AdamW optimizer with
a base learning rate of 2-10-4, a warmup scheduler, and
a combined Dice + Focal Loss function to handle class
imbalance.

Fine-Tuning on ASOCA

Once the model converged on ImageCAS, it was
fine-tuned using the ASOCA Challenge dataset which
provides high-quality, expert-annotated coronary artery
segmentations. This phase aimed to adapt the pretrained
model to the exact imaging protocol and labeling schema
used in the ASOCA benchmark. Training was conducted for
up to 500 epochs, with early stopping based on validation
Dice score. Evaluation was performed every 10 epochs

using a sliding window inference approach and was
monitored via TensorBoard logs and quantitative metrics.
Evaluation Metrics. We evaluated the segmentation
quality using the Dice Similarity Coefficient (DSC) and the
95th percentile Hausdorft Distance (HDys):
The DSC measures the overlap between predicted and
ground truth segmentations. It is defined as:

2PN G|
Pl + G|

Here P is the predicted segmentation; G is the ground
truth segmentation; [P N G is the number of overlapping
voxels. A Dice score of 1 indicates perfect overlap.

The HD measures the maximum distance from a point
on one surface to the nearest point on the other. We use the
HDys version to reduce sensitivity to outliers:

HDy(P, G) = max{sup inf [p ~ g, sup inf g~ pl}sse;
PEP geG g€G peP

Here ||p — g|| is the Euclidean distance between
boundary points. The subscript 95 % denotes the 95th
percentile, which makes the metric more robust to outliers
compared to the standard Hausdorff Distance. This metric
reflects boundary agreement and penalizes extreme
deviations, which is critical in clinical applications like
coronary segmentation.

Inference and Post-processing. After training, the
best model was used to infer segmentation on the ASOCA
test set. Inference predictions were post-processed using
thresholding, connected component filtering, and re-
orientation transforms to match the original affine metadata.
Outputs were saved in NIfTT format and converted to the
required structure for ASOCA submission. Additionally,
qualitative comparison with expert annotations was
visualized in both 2D cross-sectional slices and 3D
surface renderings. The pipeline begins with two datasets:
ImageCAS, containing 200 CTCA scans in NIfTI format,
and ASOCA, comprising 40 scans in NRRD format. Each
dataset includes corresponding segmentation labels.
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Both datasets undergo preprocessing and augmentation
using tailored MONAI transform pipelines. The Swin-
UNET model is initially pretrained on ImageCAS, using
BTCYV weights for initialization. After convergence, the
best model weights are fine-tuned on the ASOCA dataset
to adapt to its specific annotation style and imaging
characteristics.

The fine-tuned model is then used to perform inference
on unseen ASOCA images. Finally, 2D slices and 3D
reconstructions are generated to qualitatively evaluate
segmentation performance and visualize anatomical
accuracy.

Results and Comparative Analysis

An example of images segmented by our method, in
comparison with manual segmentation and ground truth,
is shown in Fig. 2.

Our results are presented in Table 1. For comparison,
Table 2 shows the best results from the ASOCA Challenge.

To evaluate the performance of our proposed Swin-
UNET-based segmentation pipeline, we tested the model
on 10 representative CTCA cases from the ASOCA
dataset. As shown in Table 1, the model achieved a
mean DSC of 0.8778 and an average Hausdorff Distance
(HDys) of 11.656 mm across all cases. Notably, the Dice
scores remained consistently high, with several cases,
such as Case 6 (0.9340), Case 8 (0.9253), and Case 9
(0.8959), demonstrating very close agreement with expert
annotations. Meanwhile, low HDgys values in Case 6
through Case 9 (all < 1.00 mm) suggest precise boundary
localization in many test cases.

Table 1. Dice Score and 95th percentile Hausdorf Distance
(HDyjs) for proposed model

Case No. Dice Score HDys, mm
1 0.8573 34.76
2 0.8700 1.41
3 0.8637 4.12
4 0.8442 22.47
5 0.9340 21.02
6 0.8540 1.00
7 0.9253 1.00
8 0.8573 1.00
9 0.8959 1.00
10 0.8342 24.78
Mean 0.8778 11.66

When comparing these results to the official ASOCA
Challenge leaderboard (Table 2), our model average Dice
score of 0.8778 is competitive with top-performing methods
such as “Submission 1”7 (0.87 + 0.04) and the “Top 7
Ensemble” (0.87 + 0.04). While ensemble methods show
slightly lower HD values (e.g., 1.56 (SD:2.55) mm), our
model Dice scores fall well within the top five single-model
submissions, as shown in the leaderboard. In particular,
our results exceed those of Submission 5 to Submission 8§,
and are on par with or slightly above Submission 2 and
Submission 4 in segmentation accuracy.

Fig. 2. Example of Coronary Artery Segmentation: manual segmentation in three planes using specialized software (a); ground truth
method (b); predicted segmentation (3D reconstruction) (c)
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Table 2. Summary of Dice Score and Hausdorf Distance for
each method (official results from ASOCA Challenge)

Submission Dice Score (g?;i inslg)
Top 3 Ensemble 0.88 +0.04 1.56 (SD:2.55)
Top 5 Ensemble 0.88 +0.04 1.73 (SD:2.08)
Top 6 Ensemble 0.87 +0.04 1.61 (SD:2.17)
Submission 1 0.87 +0.04 4.16 (SD:7.13)
Submission 2 0.84 +£0.05 2.34 (SD:2.92)
Submission 3 0.86+0.07 6.22 (SD:15.52)
Submission 4 0.87 £0.05 6.57 (SD:14.27)
Submission 5 0.80 + 0.04 3.31(SD:3.42)
Submission 6 0.84 +0.06 7.73 (SD:11.83)
Submission 7 0.78 £0.10 4.77 (SD:3.51)
Submission 8 0.73 £ 0.05 6.55 (SD:7.40)

Note: Data from from [23, Table 1]. (SD: ...) represents the
standard deviation across 20 test cases. High SD values for HDgs
reflect variability due to anatomical features and artifacts; negative
values when subtracting SD are not realistic, as HDg5 > 0 mm.

However, our Hausdorff Distances show greater
variance, with high values in certain cases (e.g., Case
1: 34.76 mm, Case 10: 24.78 mm), likely due to minor
discontinuities or spurious predictions in elongated artery
branches. These outliers suggest that post-processing
techniques, such as connected component filtering or vessel
tracking, could further enhance the robustness of boundary
accuracy without sacrificing overall Dice performance.
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To summarize, despite not being an ensemble approach,
our model achieves performance comparable to several of
the top single-system entries on the ASOCA leaderboard.
This affirms that the Swin-UNET with transfer learning
from BTCV and ImageCAS is a strong standalone model
and may serve as a reliable reference architecture for
coronary artery segmentation in future research.

Conclusion

In this study, we presented a deep learning-based
pipeline for coronary artery segmentation in Computed
Tomography Coronary Angiography images, leveraging
the Swin-UNETR architecture and domain-specific
transfer learning. By pretraining the model on the
ImageCAS dataset and fine-tuning it on the Automated
Segmentation of Coronary Arteries Challenge (ASOCA)
Challenge dataset, we achieved a mean Dice score of
0.8778 across 10 test cases — results that are competitive
with top-performing entries in the ASOCA benchmark.
The effectiveness of our approach highlights the
importance of using anatomically relevant pretraining
data and transformer-based architectures for vascular
segmentation tasks. While our model performed strongly
overall, some variability in boundary localization suggests
that incorporating post-processing techniques or spatial
attention mechanisms could further enhance segmentation
robustness. Overall, our pipeline provides a reliable
and efficient solution for automated coronary artery
segmentation and can serve as a reference framework for
future research applications.

Jluteparypa

1. Roth G.A., Abate D., Abate K.H., Abay S.M., Abbafati C., Abbasi N.,
et al. Global, regional, and national age-sex-specific mortality for 282
causes of death in 195 countries and territories, 1980-2017: a
systematic analysis for the Global Burden of Disease Study 2017 / The
Lancet. 2018. V. 392. N 10159. P. 1736—1788. https://doi.org/10.1016/
S0140-6736(18)32203-7

2. Montalescot G., Sechtem U., Achenbach S., Andreotti F., Arden C.,
Budaj A., et al. 2013 ESC guidelines on the management of stable
coronary artery disease / European Heart Journal. 2013. V. 34. N 38.
P. 2949-3003. https://doi.org/10.1093/eurheartj/eht296

3. Cury R.C., Leipsic J., Abbara S., Achenbach S., Berman D.,
Bittencourt M., et al. CAD-RADS™ 2.0 - 2022 Coronary Artery
Disease-Reporting and Data System // Journal of Cardiovascular
Computed Tomography. 2022. V. 16. N 6. P. 536-557. https://doi.
org/10.1016/j.jcct.2022.07.002

4. Yang S., Chung J., Lesina K., Doh J., Jegere S., Erglis A., et al. Long-
term prognostic implications of CT angiography-derived fractional
flow reserve: Results from the DISCOVER-FLOW study // Journal of
Cardiovascular Computed Tomography. 2024. V. 18. N 3. P. 251-258.
https://doi.org/10.1016/j.jcct.2024.01.016

5. Hurreh M., Knickelbine T., Earls J., Aquino M., Idris A., Cheng V.
Enhanced cardiac CTA segmental atherosclerosis detection with
artificial intelligence quantitative computed tomography (AIQCT)
analysis vs conventional reader interpretation // Journal of
Cardiovascular Computed Tomography. 2023. V. 17. N 4 Suppl.
P. S37-S38. https://doi.org/10.1016/j.jcct.2023.05.093

6. Fedorov A., Beichel R., Kalpathy-Cramer J., Finet J., Fillion-
Robin J-C., Pujol S, et al. 3D Slicer as an image computing platform
for the Quantitative Imaging Network // Magnetic Resonance Imaging.
2012. V. 30. N 9. P. 1323-1341. https://doi.org/10.1016/j.
mri.2012.05.001

Hay4HO-TexXHU4eCcKnit BECTHUK MHDOPMALIMOHHbLIX TEXHONOM A, MeXaHUkn 1 ontukun, 2025, Tom 25, N2 6
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2025, vol. 25, no 6

1147


https://doi.org/10.1016/S0140-6736(18)32203-7
https://doi.org/10.1016/S0140-6736(18)32203-7
https://doi.org/10.1093/eurheartj/eht296
https://doi.org/10.1016/j.jcct.2022.07.002
https://doi.org/10.1016/j.jcct.2022.07.002
https://doi.org/10.1016/j.jcct.2024.01.016
https://doi.org/10.1016/j.jcct.2023.05.093
https://doi.org/10.1016/j.mri.2012.05.001
https://doi.org/10.1016/j.mri.2012.05.001
https://doi.org/10.1016/S0140-6736(18)32203-7
https://doi.org/10.1016/S0140-6736(18)32203-7
https://doi.org/10.1093/eurheartj/eht296
https://doi.org/10.1016/j.jcct.2022.07.002
https://doi.org/10.1016/j.jcct.2022.07.002
https://doi.org/10.1016/j.jcct.2024.01.016
https://doi.org/10.1016/j.jcct.2023.05.093
https://doi.org/10.1016/j.mri.2012.05.001
https://doi.org/10.1016/j.mri.2012.05.001

Transformer-based automated coronary artery segmentation with domain-specific pretraining

10.

11.

13.

14.

16.

18.

20.

21.

22.

23.

. Yushkevich P.A., Piven J., Hazlett H.C., Smith R.G., Ho S., Gee J.C.,

Gerig G. User-guided 3D active contour segmentation of anatomical
structures: Significantly improved efficiency and reliability.
Neurolmage, 2006, vol. 31, no. 3, pp. 1116-1128. https://doi.
org/10.1016/j.neuroimage.2006.01.015

. Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X.,

Unterthiner T., et al. An image is worth 16x16 words: Transformers
for image recognition at scale. arXiv, 2020, arXiv:2010.11929. https://
doi.org/10.48550/arXiv.2010.11929

. Fossan F.E., Miiller L.O., Sturdy J., Braten A.T., Jorgensen A.,

Wiseth R., Hellevik L.R. Machine learning augmented reduced-order
models for FFR-prediction. Computer Methods in Applied Mechanics
and Engineering, 2021, vol. 384, pp. 113892. https://doi.
org/10.1016/j.cma.2021.113892

Gharleghi, R., Adikari D., Ellenberger K., Ooi S.Y., Ellis C.,
Chen C.M,, et al. Automated segmentation of normal and diseased
coronary arteries — The ASOCA challenge. Computerized Medical
Imaging and Graphics, 2022, vol. 97, pp. 102049. https://doi.
org/10.1016/j.compmedimag.2022.102049

Zeng A., Wu C., Lin G., Xie W., Hong J., Huang M.P., et al.
ImageCAS: A large-scale dataset and benchmark for coronary artery
segmentation based on computed tomography angiography images.
Computerized Medical Imaging and Graphics, 2023, vol. 109,
pp. 102287. https://doi.org/10.1016/j.compmedimag.2023.102287

. Cigek O., Abdulkadir A., Lienkamp S.S., Brox T., Ronneberger O. 3D

U-Net: Learning dense volumetric segmentation from sparse
annotation. Lecture Notes in Computer Science, 2016, vol. 9901,
pp. 424-432. https://doi.org/10.1007/978-3-319-46723-8 49

Chen Y.-C., Lin Y.-C., Wang C.-P., Lee C.-Y., Lee W.-J., Wang T.-D.,
Chen C.-M. Coronary artery segmentation in cardiac CT Angiography
using 3D Multi-channel U-net. arXiv, 2019, arXiv:1907.12246.
https://doi.org/10.48550/arXiv.1907.12246

Liang R., Huang X., Ma J., Ma G., Wang K. 3D U-Net with attention
and focal loss for coronary tree segmentation. Research Square.
Preprint CC BY 4.0 License, 2021, pp. 1-17. https://doi.org/10.21203/
15.3.15-717054/v1

. Wang Q., Xu L., Wang L., Yang X., Sun Y., Yang B., Greenwald S.E.

Automatic coronary artery segmentation of CCTA images using UNet
with a local contextual transformer. Frontiers in Physiology,
2023, vol. 14, pp. 1138257. https://doi.org/10.3389/
fphys.2023.1138257

Zhang L., Yin X., Liu X., Liu Z. Medical image segmentation by
combining feature enhancement Swin Transformer and UperNet.
Scientific Reports, 2025, vol. 15, no. 1, pp. 14565. https://doi.
org/10.1038/s41598-025-97779-6

. Salehi A.W., Khan S., Gupta G., Alabduallah B.I., Almjally A.,

Alsolai H., et al. A study of CNN and transfer learning in medical
imaging: Advantages, challenges, future scope. Sustainability, 2023,
vol. 15, no. 7, pp. 5930. https://doi.org/10.3390/su15075930
Matsoukas C., Haslum J.F., Sorkhei M., Soderberg M., Smith K. What
makes transfer learning work for medical images: Feature reuse &
other factors. Proc. of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), 2022, pp. 9215-9224. https://doi.
org/10.1109/CVPR52688.2022.00901

. Yosinski J., Clune O., Bengio Y., Lipson H. How transferable are

features in deep neural networks? Proc. of the 28 International
Conference on Neural Information Processing Systems, 2014, vol. 2,
pp. 3320-3328.

Wang X., Zhang X., Wang G., He J., Li Z., ZhuW., et al.
OpenMEDLab: An open-source platform for multi-modality
foundation models in medicine. arXiv, 2024, arXiv:2402.18028v2.
https://doi.org/10.48550/arXiv.2402.18028

Tang Y., Yang D., Li W., Roth H.R., Landman B., Xu D., Nath V.,
Hatamizadeh A. Self-supervised pre-training of Swin Transformers
for 3D medical image analysis. Proc. of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), 2022,
pp. 20698-20708. https://doi.org/10.1109/cvpr52688.2022.02007
Yong K.R., Lee S., Uppaluri A., Tan M.O., Ng J.J., Venkatesh S.H.,
et al. How to report a coronary CT angiogram: Step-by-Step guide for
the novice reader. RadioGraphics, 2025, vol. 45, no. 7, pp. €250015.
https://doi.org/10.1148/rg.250015

Gharleghi R., Adikari D., Ellenberger K., Webster M., Ellis C.,
Sowmya A., Ooi S., Beier S. Annotated computed tomography
coronary angiogram images and associated data of normal and
diseased arteries. Scientific Data, 2023, vol. 10, no. 1, pp. 128. https:/
doi.org/10.1038/s41597-023-02016-2

20.

21.

22.

23.

Yushkevich P.A., Piven J., Hazlett H.C., Smith R.G., Ho S., Gee J.C.,
Gerig G. User-guided 3D active contour segmentation of anatomical
structures: Significantly improved efficiency and reliability //
Neurolmage. 2006. V. 31. N 3. P. 1116-1128. https://doi.
org/10.1016/j.neuroimage.2006.01.015

. Dosovitskiy A., Beyer L., Kolesnikov A., Weissenborn D., Zhai X.,

Unterthiner T., et al. An image is worth 16x16 words: Transformers
for image recognition at scale // arXiv. 2020. arXiv:2010.11929.
https://doi.org/10.48550/arXiv.2010.11929

. Fossan F.E., Miiller L.O., Sturdy J., Braten A.T., Jorgensen A.,

Wiseth R., Hellevik L.R. Machine learning augmented reduced-order
models for FFR-prediction // Computer Methods in Applied
Mechanics and Engineering. 2021. V. 384. P. 113892. https://doi.
org/10.1016/j.cma.2021.113892

. Gharleghi, R., Adikari D., Ellenberger K., Ooi S.Y., Ellis C.,

Chen C.M,, et al. Automated segmentation of normal and diseased
coronary arteries — The ASOCA challenge / Computerized Medical
Imaging and Graphics. 2022. V. 97. P. 102049. https://doi.
org/10.1016/j.compmedimag.2022.102049

. Zeng A., Wu C., Lin G., Xie W., Hong J., Huang M.P., et al.

ImageCAS: A large-scale dataset and benchmark for coronary artery
segmentation based on computed tomography angiography images //
Computerized Medical Imaging and Graphics. 2023.
V. 109. P. 102287. https://doi.org/10.1016/j.
compmedimag.2023.102287

. Cigek O., Abdulkadir A., Lienkamp S.S., Brox T., Ronneberger O. 3D

U-Net: Learning dense volumetric segmentation from sparse
annotation // Lecture Notes in Computer Science. 2016. V. 9901.
P. 424-432. https://doi.org/10.1007/978-3-319-46723-8_49

. ChenY.-C., Lin Y.-C., Wang C.-P,, Lee C.-Y., Lee W.-J., Wang T.-D.,

Chen C.-M. Coronary artery segmentation in cardiac CT Angiography
using 3D Multi-channel U-net // arXiv. 2019. arXiv:1907.12246.
https://doi.org/10.48550/arXiv.1907.12246

. Liang R., Huang X., Ma J., Ma G., Wang K. 3D U-Net with attention

and focal loss for coronary tree segmentation // Research Square.
Preprint CC BY 4.0 License. 2021. P. 1-17. https://doi.org/10.21203/
1s.3.15-717054/v1

. Wang Q., Xu L., Wang L., Yang X., Sun Y., Yang B., Greenwald S.E.

Automatic coronary artery segmentation of CCTA images using UNet
with a local contextual transformer // Frontiers in Physiology. 2023.
V. 14. P. 1138257. https://doi.org/10.3389/fphys.2023.1138257

. Zhang L., Yin X., Liu X., Liu Z. Medical image segmentation by

combining feature enhancement Swin Transformer and UperNet //
Scientific Reports. 2025. V. 15. N 1. P. 14565. https://doi.org/10.1038/
s41598-025-97779-6

. Salehi A.W., Khan S., Gupta G., Alabduallah B.I., Almjally A.,

Alsolai H., et al. A study of CNN and transfer learning in medical
imaging: Advantages, challenges, future scope // Sustainability. 2023.
V. 15. N 7. P. 5930. https://doi.org/10.3390/su15075930

. Matsoukas C., Haslum J.F., Sorkhei M., Soderberg M., Smith K. What

makes transfer learning work for medical images: Feature reuse &
other factors // Proc. of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). 2022. P. 9215-9224. https://
doi.org/10.1109/CVPR52688.2022.00901

. Yosinski J., Clune O., Bengio Y., Lipson H. How transferable are

features in deep neural networks? // Proc. of the 28th International
Conference on Neural Information Processing Systems. 2014. V. 2.
P. 3320-3328.

Wang X., Zhang X., Wang G., He J., Li Z., ZhuW., et al.
OpenMEDLab: An open-source platform for multi-modality
foundation models in medicine // arXiv. 2024. arXiv:2402.18028v2.
https://doi.org/10.48550/arXiv.2402.18028

Tang Y., Yang D., Li W., Roth H.R., Landman B., Xu D., Nath V.,
Hatamizadeh A. Self-supervised pre-training of Swin Transformers
for 3D medical image analysis / Proc. of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR). 2022.
P. 20698-20708. https://doi.org/10.1109/cvpr52688.2022.02007
Yong K.R., Lee S., Uppaluri A., Tan M.O., Ng J.J., Venkatesh S.H.,
et al. How to report a coronary CT angiogram: Step-by-Step guide for
the novice reader / RadioGraphics. 2025. V. 45. N 7. P. ¢250015.
https://doi.org/10.1148/rg.250015

Gharleghi R., Adikari D., Ellenberger K., Webster M., Ellis C.,
Sowmya A., Ooi S., Beier S. Annotated computed tomography
coronary angiogram images and associated data of normal and
diseased arteries // Scientific Data. 2023. V. 10. N 1. P. 128. https:/
doi.org/10.1038/s41597-023-02016-2

1148

Hay4yHO-TexHn4eckuii BECTHUK MHDOPMALMOHHBLIX TEXHONOMMIA, MeXaHUKN 1 onTukn, 2025, Tom 25, N2 6
Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2025, vol. 25, no 6


https://doi.org/10.1016/j.neuroimage.2006.01.015
https://doi.org/10.1016/j.neuroimage.2006.01.015
https://doi.org/10.48550/arXiv.2010.11929
https://doi.org/10.48550/arXiv.2010.11929
https://doi.org/10.1016/j.cma.2021.113892
https://doi.org/10.1016/j.cma.2021.113892
https://doi.org/10.1016/j.compmedimag.2022.102049
https://doi.org/10.1016/j.compmedimag.2022.102049
https://doi.org/10.1016/j.compmedimag.2023.102287
https://doi.org/10.1007/978-3-319-46723-8_49
https://doi.org/10.48550/arXiv.1907.12246
https://doi.org/10.21203/rs.3.rs-717054/v1
https://doi.org/10.21203/rs.3.rs-717054/v1
https://doi.org/10.3389/fphys.2023.1138257
https://doi.org/10.3389/fphys.2023.1138257
https://doi.org/10.1038/s41598-025-97779-6
https://doi.org/10.1038/s41598-025-97779-6
https://doi.org/10.3390/su15075930
https://doi.org/10.1109/CVPR52688.2022.00901
https://doi.org/10.1109/CVPR52688.2022.00901
https://doi.org/10.48550/arXiv.2402.18028
https://doi.org/10.1109/cvpr52688.2022.02007
https://doi.org/10.1148/rg.250015
https://doi.org/10.1038/s41597-023-02016-2
https://doi.org/10.1038/s41597-023-02016-2
https://doi.org/10.1016/j.neuroimage.2006.01.015
https://doi.org/10.1016/j.neuroimage.2006.01.015
https://doi.org/10.48550/arXiv.2010.11929
https://doi.org/10.1016/j.cma.2021.113892
https://doi.org/10.1016/j.cma.2021.113892
https://doi.org/10.1016/j.compmedimag.2022.102049
https://doi.org/10.1016/j.compmedimag.2022.102049
https://doi.org/10.1016/j.compmedimag.2023.102287
https://doi.org/10.1016/j.compmedimag.2023.102287
https://doi.org/10.1007/978-3-319-46723-8_49
https://doi.org/10.48550/arXiv.1907.12246
https://doi.org/10.21203/rs.3.rs-717054/v1
https://doi.org/10.21203/rs.3.rs-717054/v1
https://doi.org/10.3389/fphys.2023.1138257
https://doi.org/10.1038/s41598-025-97779-6
https://doi.org/10.1038/s41598-025-97779-6
https://doi.org/10.3390/su15075930
https://doi.org/10.1109/CVPR52688.2022.00901
https://doi.org/10.1109/CVPR52688.2022.00901
https://doi.org/10.48550/arXiv.2402.18028
https://doi.org/10.1109/cvpr52688.2022.02007
https://doi.org/10.1148/rg.250015
https://doi.org/10.1038/s41597-023-02016-2
https://doi.org/10.1038/s41597-023-02016-2

N. Ismail, A.S. Vatian, A.D. Beresnev, A.A. Zubanenko, N.F. Gusarova, |.A. Men’kov

24. Kirisli H.A., Schaap M., Metz C.T., Dharampal A.S., Meijboom W.B.,
Papadopoulou S.L., et al. Standardized evaluation framework for
evaluating coronary artery stenosis detection, stenosis quantification
and lumen segmentation algorithms in computed tomography
angiography. Medical Image Analysis, 2013, vol. 17, no. 8, pp. 859—
876. https://doi.org/10.1016/j.media.2013.05.007

Authors

Nouar Ismail — PhD Student, ITMO University, Saint Petersburg,
197101, Russian Federation, https://orcid.org/0009-0003-3545-9719,
noauresmail@gmail.com

Alexandra S. Vatian — PhD, Dean, ITMO University, Saint Petersburg,
197101, Russian Federation, [s¢ 57191870868, https://orcid.org/0000-
0002-5483-716X, alexvatyan@gmail.com

Artem D. Beresnev — PhD, Vice Dean, ITMO University, Saint
Petersburg, 197101, Russian Federation, s¢ 57202210221, https://orcid.
org/0000-0002-4646-6856, artem.beresnev(@itmo.ru

Alexey A. Zubanenko — CEO, Imaging Medical Vision LLC, Saint
Petersburg, 191119, Russian Federation; PhD Student, ITMO University,
Saint Petersburg, 197101, Russian Federation, s¢ 57215436184, https://
orcid.org/0000-0001-6953-5239, zubdocmri@gmail.com

Natalia F. Gusarova — PhD, Senior Researcher, Associate Professor,
ITMO University, Saint Petersburg, 197101, Russian Federation,
8¢ 57162764200, https://orcid.org/0000-0002-1361-6037, natfed@list.ru

Igor A. Men’kov — PhD (Medicine), Head of Department, The
S.M. Kirov Military Medical Academy, Saint Petersburg, 194044, Russian
Federation, https://orcid.org/0000-0002-1569-2180, i.menkov@gmail.com

Received 04.06.2025
Approved after reviewing 10.10.2025
Accepted 24.11.2025

[oNolel

24. Kirisgli H.A., Schaap M., Metz C.T., Dharampal A.S., Meijboom W.B.,
Papadopoulou S.L., et al. Standardized evaluation framework for
evaluating coronary artery stenosis detection, stenosis quantification
and lumen segmentation algorithms in computed tomography
angiography // Medical Image Analysis. 2013. V. 17. N 8. P. 859-876.
https://doi.org/10.1016/j.media.2013.05.007

ABTOpBI

Hcemana Hyap — acniupant, Yausepcuter UTMO, Cankr-IlerepOypr,
197101, Poccuiickast deneparus, https://orcid.org/0009-0003-3545-9719,
noauresmail@gmail.com

Barbsn Anexkcanapa CepreeBHa — KaHIMJAT TEXHUYECKUX HAYK,
nexad, YausepcureT UTMO, Canxr-IletepOypr, 197101, Poccuiickast
Denepanns, s¢ 57191870868, https://orcid.org/0000-0002-5483-716X,
alexvatyan@gmail.com

BepecneB Aprem /IMUTpUEeBHY — KaHAWUJAT TEXHHUYECKHUX HAyK, 3a-
Mectutens aekana, Yausepcurer UTMO, Cauxr-IlerepOypr, 197101,
Poccuiickas Denepanus, s¢ 57202210221, https://orcid.org/0000-0002-
4646-6856, artem.beresnev(@itmo.ru

3y6aHeHKo AJslekceil AlleKCaHAPOBUY — I'eHEPATIbHBINA JUPEKTOD,
000 UMBUWXH, Cauxr-IlerepOypr, 191119, Poccuiickas ®eneparms;
acrupant, YauBepcuteT UTMO, Canxr-IlerepOypr, 197101, Poccuiickas
Denepanns, s¢ 57215436184, https://orcid.org/0000-0001-6953-5239,
zubdocmri@gmail.com

I'ycapoBa Haraaus ®exopoBHa — KaHAMAAT TEXHUYECKUX HayK,
cTapiinii HayuHblil cOTpyAHUK, noueHT, YHusepcurer MTMO, CaHkr-
Terepbypr, 197101, Poccuiickast ®enepanns, s¢ 57162764200, https://
orcid.org/0000-0002-1361-6037, natfed@list.ru

MenbkoB Urops AHaTO/IbeBHY — KaHAWIAT MEIHIMHCKUX HayK,
3aBeJyIOMMN oTaeneHneM, BoeHHO-MeUIMHCKas aKaIeMusl HMEHH
C.M. Kuposa, Cankr-IlerepOypr, 194044, Poccuiickas deneparnus,
https://orcid.org/0000-0002-1569-2180, i.menkov(@gmail.com

Cmamus nocmynuna 6 peoaxkyuto 04.06.2025
Ooobpena nocne peyensuposanus 10.10.2025
Ipunama x neuamu 24.11.2025

Pa6oTta gocTynHa no nuueHsnm
Creative Commons
«Attribution-NonCommercial»

Hay4HO-TexXHU4eCcKnit BECTHUK MHDOPMALIMOHHbLIX TEXHONOM A, MeXaHUkn 1 ontukun, 2025, Tom 25, N2 6

Scientific and Technical Journal of Information Technologies, Mechanics and Optics, 2025, vol. 25, no 6

1149


https://doi.org/10.1016/j.media.2013.05.007
https://orcid.org/0009-0003-3545-9719
https://orcid.org/0000-0002-5483-716X
https://orcid.org/0000-0002-5483-716X
mailto:alexvatyan@gmail.com
https://orcid.org/0000-0002-4646-6856
https://orcid.org/0000-0002-4646-6856
mailto:artem.beresnev@itmo.ru
https://orcid.org/0000-0001-6953-5239
https://orcid.org/0000-0001-6953-5239
https://orcid.org/0000-0002-1361-6037
mailto:natfed@list.ru
https://orcid.org/0000-0002-1569-2180
https://doi.org/10.1016/j.media.2013.05.007
https://orcid.org/0009-0003-3545-9719
https://orcid.org/0000-0002-5483-716X
mailto:alexvatyan@gmail.com
https://orcid.org/0000-0002-4646-6856
https://orcid.org/0000-0002-4646-6856
mailto:artem.beresnev@itmo.ru
https://orcid.org/0000-0001-6953-5239
https://orcid.org/0000-0002-1361-6037
https://orcid.org/0000-0002-1361-6037
mailto:natfed@list.ru
https://orcid.org/0000-0002-1569-2180

