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Background: Carotid artery disease (CAD) is a serious disease caused by atherosclerosis, resulting in
reduced cerebral blood flow and an increased risk of stroke. Traditionally, CAD diagnosis involves manual
segmentation of computed tomography angiography (CTA) images, a time-consuming and complex process.
This study aimed to address the need for an automated and accurate method for three-dimensional (3D)
carotid artery segmentation using deep learning (DL) techniques.

Methods: A total of 214 CTA images from patients at the Affiliated Hospital of Nantong University and
Nantong First People’s Hospital were collected. The data were annotated using 3Dslicer software and
calibrated by experienced radiologists. Preprocessing and augmentation of the CTA images were conducted
using a novel window/level (W/L) adjustment method to enhance vascular imaging. The segmentation is
performed using the Multi-Flux-Swin-Deepsup-UNet (MFSD-UNet) model, which incorporates multi-
scale deep supervision and multi-flux fusion architecture. Performance was evaluated based on accuracy,
dice coefficient, sensitivity, and specificity, and compared with state-of-the-art models. Ablation studies were
conducted, removing the Swin transformer and deep supervision components to demonstrate the superiority
of our method.

Results: The proposed model showed excellent performance, achieving an average dice coefficient of 0.9119
and an accuracy of 0.9819, outperforming the average dice coefficients of 0.8770 and 0.8910 for the two
state-of-the-art models. Furthermore, it demonstrated high stability across various segmentation categories.
Ablation studies revealed that removing the Swin transformer and deep supervision components resulted in a
decrease in the dice coefficient to 0.8630 and 0.8371. Significant differences were observed when comparing
these four models with MESD-UNet (P<0.05), and seven-fold cross-validations were performed on MFSD-
UNet to demonstrate its robustness.

Conclusions: This study introduced a novel DL-based method for automatic 3D carotid artery
segmentation from CTA images. The integration of Swin transformers, deep supervision mechanisms, and

innovative data augmentation techniques significantly enhanced the accuracy and robustness of segmentation.
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This method offers valuable support for the clinical diagnosis and treatment of CAD and exhibits great

potential for future medical image segmentation.
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Introduction

Carotid artery disease (CAD) is common in the elderly
and can occur as carotid artery stenosis or occlusion,
primarily affecting the internal carotid artery (ICA).
Atherosclerosis is the main pathological cause of CAD,
and this condition leads to the formation of plaques of
varying degrees within the arterial wall (1-3). As these
plaques progressively enlarge, they narrow the lumen of
the carotid artery, potentially resulting in severe stenosis
or complete occlusion (4,5). CAD can significantly reduce
blood flow to the brain, substantially increasing the risk
of stroke (6). Additionally, complications such as visual
impairment and transient ischemic attacks may occur (7).
One key issue that remains unresolved is the development
of an automated, high-precision three-dimensional
carotid artery segmentation model based on computed
tomography angiography (CTA). Imaging examinations for
CAD patients usually include ultrasound, CTA, magnetic
resonance imaging (MRI), etc. In most cases, non-invasive,
real-time, and fast ultrasound is the preferred examination
method for the initial diagnosis of CAD, while CTA and
MRI can provide higher accuracy and more comprehensive
evaluation in more complex cases. Although “percent
stenosis” measurement methods using different guideline-
approved imaging modalities are required and decision
thresholds need to be readjusted (8), the European Society
of Cardiology (ESC) guidelines (latest version 2024)
recommend that CTA is also important for patients with
CAD (9). First, CTA’s high-resolution imaging can evaluate
the surface morphology of plaques, including smooth,
rough or ulcerated features (10), especially for severely
calcified plaques (11), which are clearer, and the total
volume of plaques and their subcomponents (such as fat,
mixed and calcified areas) can be accurately calculated (12).
Then, for severe stenosis (exceeding 70%), CTA has a
sensitivity and specificity of 95% and 98% (13), respectively,
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which exceeds ultrasound (90% and 94%) (14), with a high
detection rate for mild stenosis too (15). Next, CTA is a
sequential imaging that can perform three-dimensional
(3D) reconstruction of the vascular lumen to better observe
the anatomical location of the stenosis. Moreover, the
combination of ultrasound and CTA can provide a more
comprehensive diagnostic perspective and optimize the
management of carotid stenosis. 3D carotid vascular lumen
reconstruction based on CTA is also very meaningful (16).
The reconstructed blood vessels can effectively identify
the location and degree of stenosis, facilitate quantitative
analysis, enable more accurate lesion positioning, and
optimize surgical plans (17-19). Additionally, when
combined with the reconstruction results, hemodynamic
analysis can be performed to better assess the patient’s
stroke risk, aid in formulating intervention strategies, and
reduce the likelihood of stroke (20). Traditionally, these
data are is manually segmented using specialized software
to create an accurate 3D model of the carotid artery (21).
However, conventional 3D segmentation methods in
medical imaging, particularly those based on CTA—such
as the level set method with dual adaptive thresholds—
face challenges due to complex anatomical structures,
inconsistent image quality, and significant individual
variations (22,23).

Consequently, there is an urgent need to develop a more
effective method for creating personalized and accurate 3D
models of the carotid artery from CTA images.

In recent years, deep learning (DL) has made significant
advancements in the identification and segmentation of
carotid arteries in medical imaging (24). Compared to
traditional methods, DL-based medical image segmentation
offers several advantages, including automatic feature
extraction, end-to-end learning, and multi-scale information
fusion (25,26). For instance, the Nested attention-guided
Net (NAG-Net) model incorporates clinical knowledge
by generating a visual attention map that highlights
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areas of interest to physicians, enhancing the extraction
of key features and achieving precise carotid artery
segmentation (27). Additionally, end-to-end DL frameworks
can automatically extract segmentation masks containing the
carotid intima-media layer directly from the original image,
while simultaneously predicting intima-media thickness
and detecting arterial plaques, thus streamlining workflow
efficiency (28). Moreover, transformer-based models such as
Cross-Shaped Window (CSWin) outperform convolutional
neural network (CNN) and hybrid models in carotid
artery 3D ultrasound data, demonstrating the strength of
transformers in multi-scale information fusion (29).

Despite the impressive performance of current medical
image segmentation networks, there remains significant
potential for improvement. For instance, integrating
transformers (29) and employing data augmentation
techniques (30,31) in carotid artery segmentation tasks could
enhance the generalization capabilities of these models,
particularly for challenging applications such as stuttering
detection and chromosome histopathology. The U-Net
network, without the use of transformers, achieved a dice
score of only 0.55 in the automatic segmentation of carotid
plaques (32). In contrast, an advanced model achieved a dice
score of 95.8%+1.9% at the media-adventitia boundary,
though it relied on relatively simple data augmentation
techniques (33). Additionally, while the dual-channel U-Net
accurately segmented the common carotid artery (CCA)
and ICA, it lacked emphasis on interpretability, validating its
results solely through comparison with other methods (34).

This study aimed to develop a fully automatic 3D carotid
artery segmentation model based on CTA images. First,
an innovative data augmentation technique was applied
to improve the model’s robustness to complex geometric
deformations. Next, a novel Swin-UNet network was
developed to segment both local detail and global semantic
information of the carotid artery. Finally, a multi-scale fusion
deep supervision mechanism was integrated to enhance the
model’s ability to capture the intricate geometric structure
of the artery. The resulting model achieves personalized,
accurate, and efficient automatic segmentation of the
carotid artery, with an average dice score of 0.9119. This
high level of accuracy demonstrated the model’s capacity
to capture subtle variations in vascular structure, providing
reliable support for clinical applications. We presented this
article in accordance with the TRIPOD + Al reporting
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-24-2087/rc).
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Methods
Data description

This study was conducted in accordance with the
Declaration of Helsinki (revised in 2013) and received
approval from the Ethics Committee of Nantong First
People’s Hospital (approval No. 2022-K105-01) and the
Affiliated Hospital of Nantong University (approval No.
2023KT274). Since this was a retrospective analysis,
written informed consent was waived. Data were collected
retrospectively from 270 patients, including 150 treated at
the Affiliated Hospital of Nantong University from July
11, 2022, to June 1, 2023, and 120 treated at Nantong First
People’s Hospital from December 19, 2023, to June 1,
2024. A total of 56 cases were excluded due to phase delay,
artifacts, blurred images, and missing important structures,
including 32 cases at the Affiliated Hospital of Nantong
University and 24 cases at Nantong First People’s Hospital.

In this study, the remaining 214 samples were randomly
divided into training, validation, and test sets in an 8:1:1
ratio. The training set comprised 172 samples, with 94
from the Affiliated Hospital of Nantong University and 78
from Nantong First People’s Hospital. Both the validation
and test sets contained 21 samples each, with 12 from the
Affiliated Hospital of Nantong University and 9 from
Nantong First People’s Hospital.

All CTA images were acquired using a dual-source CTA
system (Siemens Somatom Definition Flash 128; Siemens,
Forchheim, Germany) under the following scanning
parameters: 120 kV, 100-400 mA, exposure time of 0.3
to 0.6 seconds, slice thickness of 0.7 mm, field of view
of 350 mm x 350 mm, and matrix of 512 mm x 512 mm.
The images were reconstructed using Sinogram Affirmed
Iterative Reconstruction (SAFIRE) algorithms.

Data processing

CTA data were processed using 3D Slicer software (version
5.4.0). Four undergraduate medical students, under
the guidance of two radiologists with 5 and 7 years of
experience, annotated the vascular structures and exported
the data in Neuroimaging Informatics Technology Initiative
(NIfTT) format. Two physicians with 10 and 15 years
of experience subsequently reviewed and corrected the
annotations independently, without prior knowledge of the
initial annotations. Figure I presented the cross-sectional,
coronal, and sagittal views of the CTA data, as well as the
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Figure 1 Visualization of CTA images from different perspectives. (A) Transverse section. (B) Coronal plane. (C) Sagittal plane. (D) 3D

visualization of annotations. CTA, computed tomography angiography; 3D, three-dimensional.

3D visualization of the annotated vessels. The segmentation
labels were categorized as follows: right common carotid
artery (RCCA), left common carotid artery (LCCA), right
external carotid artery (RECA), right internal carotid
artery (RICA), left external carotid artery (LECA), and left
internal carotid artery (LICA).

Data augmentation

To improve the clarity of vascular structures in the CTA
images, a new data augmentation method was developed.
This method was used to adjust the window/level (W/L)
parameters of the CTA data to better highlight the carotid
artery. As shown in Figure 1A, the carotid artery occupied a
small proportion of the CTA image, and the contrast with
surrounding fat tissue was minimal, which led to challenges
in segmentation and irregular vascular contours.

The data augmentation process involved adjusting the
initial W/L parameter (W0) in three steps. First, both the
window and level parameters were increased by a factor
of 1, resulting in a high-contrast CTA image (W1). Next,
both parameters were decreased by a factor of 1, producing
a low-contrast image (W2). Lastly, the window parameter
remained unchanged, while the level was reduced by a
factor of 1, yielding the adjusted image (W3). These W/L
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adjustments may require slight modifications based on the
specific dataset. The comparison of these four imaging
types after W/L adjustments was shown in Figure 2.

Model architecture

This study presented a novel approach to CTA carotid
vessel segmentation by leveraging a DL model that
combines the Swin transformer, deep supervision, the
channel attention mechanism (CAM), and the U-Net
model, as illustrated in Figure 34. Our model was designed
to process four input channels corresponding to the four
W/L-varied images shown in Figure 2, and utilized the Swin
transformer for feature extraction instead of traditional
convolutional layers. Class Activation Mapping was applied
at each scale, and multiple auxiliary outputs were employed
for deep supervision and multi-scale fusion. During down-
sampling, MaxPooling was applied, while in the decoding
stage, a recurrent module (RM) was used for feature
connection and up-sampling, ultimately restoring matrix
dimensions to achieve precise segmentation.

The Multi-Flux-Swin-Deepsup-UNet (MFSD-UNet)
framework involves the first four MaxPooling layers and
the last four convolutional layers, resembling the U-Net
structure. It further incorporates four 3D convolutional
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Figure 2 Four images and masks after W/L data augmentation. WO represents the original CTA image. W1 is created by enlarging the W/L

parameter by a factor of 1. W2 is formed by reducing the W/L parameter by a factor of 1 based on W0. W3 is achieved by keeping the

window parameters unchanged while reducing the levels parameter by a factor of 1. X axis represents the length of the cross section

(512 mm), Y axis represents the width (512 mm). CTA, computed tomography angiography; W/L, window/level.

layers for auxiliary outputs and four transposed
convolutional layers for upsampling. The final 3D
convolutional layer generates the output, which produces
four auxiliary masks and a final mask for accurate carotid
artery segmentation.

As shown in Figure 3B, the Swin transformer was
designed as a hierarchical visual transformer architecture
for image feature extraction. Its structure included patch
partitioning, which divided the input image into non-
overlapping patches of fixed size; linear embedding, which
mapped each patch to a feature space of fixed dimension;
and Swin transformer blocks. These blocks contained layer
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normalization (LN), the window multi-head self-attention
mechanism (W-MSA), sliding window multi-head self-
attention (SW-MSA), and a multi-layer perceptron (MLP).
Through patch merging, which reduced spatial dimensions,
the Swin transformer captured global and local image
information, significantly improving feature representation
and the effectiveness of subsequent segmentation tasks.

In Figure 3C, CAM was used to enhance the model’s
ability to focus on task-relevant features while suppressing
irrelevant or redundant information by adaptively adjusting
channel weights. Its structure included global average
pooling, which was used to compute global features for
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Figure 3 Model and its component architecture diagram. (A) is the overall model architecture diagram; (B) is the structure diagram of the

Swin transformer block; (C) is the CAM structure diagram; (D) is the RM structure diagram. CAM, channel attention mechanism; LN, layer

normalization; MLP, multi-layer perceptron; RM, recurrent module; SW-MSA, sliding window multi-head self-attention; W-MSA, window

multi-head self-attention mechanism.

each feature map; fully connected layers, which generated
weights for each channel through nonlinear transformations;
sigmoid activation, which produced channel weights; and
channel weighting, where weights were multiplied by the
original feature map on a channel-by-channel basis. CAM
increased attention to critical features, thereby improving
the model’s segmentation performance.

As depicted in Figure 3D, RM was used for feature
connection and up-sampling during the decoding stage. Its
structure includes feature connection (which links encoder
features with those from the previous decoder layer) and
recurrent operations. Recurrent neural networks (such
as Long Short-Term Memory, LSTM) are employed for
feature processing to capture temporal dependencies. By
integrating multi-level feature information and maintaining
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consistency during up-sampling, RM achieved highly
accurate image segmentation.

Training parameters and environment

The experiments were conducted on a platform equipped
with a Ray Tracing Texel eXtreme (RTX) 3090 Graphics
Processing Unit (GPU) (24 GB of video memory) and an
Intel Xeon Platinum 8255C Central Processing Unit (CPU)
with a clock speed of 2.50 GHz and 43 GB of memory.
The model was implemented using the PyTorch 1.12.1
framework and based on Python 3.8.6 (Python Software
Foundation, Wilmington, Delaware, USA). The Adam
optimizer was utilized, with a batch size of 32, an initial
learning rate of 0.0001, and training over 500 epochs.
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Table 1 Comparison of four evaluation indicators between our model and two advanced models

Models Accuracy

Dice coefficient

Sensitivity Specificity

C2F-DS-UNet* 0.9774+0.0020

Swin-UNet* 0.9889+0.0025

MFSD-UNet 0.9891+0.0028

0.8770+0.0050
0.8910+0.0045
0.9119+0.0060

0.9468+0.0025 0.9890+0.0025

0.9361+0.0030 0.9931+0.0020

0.9924+0.0028 0.9895+0.0030

Data are presented as mean + SD. The C2F-Deepsup-UNet (C2F-DS-UNet) model is a UNet with “Channel-to-Feature” units and deep
supervision, while the Swin-UNet combines the Swin transformer with UNet. *, denotes a significant (P<0.05) difference between these
two models and MFSD-UNet. MFSD-UNet, Multi-Flux-Swin-Deepsup-UNet; SD, standard deviation.

The loss value (L) is evaluated by the mean of the cross-
entropy loss (L,,)and the dice loss (Lp,.,), which can be

written as:
LCm:—[Yxlog(p)+(1—Y)xlog(l—p)] [1]
Ly =1=(2x[x NY]=(|X[+[7])) 2]
L=(L,, +Ly,)/2 (3]

where p is the positive class probability predicted by the
model, X represents the segmentation result, ¥ represents
the ground truth.

The area stenosis rate calculation formula can be
described as:

S, -8,
S = nS’ = x100% [4]

n

Where S, represented the percentage of area reduction,
S,and S, represented the luminal area when unaffected and
the luminal area when stenotic, respectively.

Statistical analysis

"To assess the performance of the carotid artery segmentation
model, accuracy, Dice coefficient, sensitivity, and specificity,
along with their means and standard deviations (SD), were
calculated. Seven-fold cross-validation was implemented to
enhance model reliability and mitigate potential bias.

Statistical analyses were performed using Statistical
Package for the Social Sciences (SPSS) (version 21.0) and
MedCalc (version 20.0.4). For comparison experiments with
state-of-the-art models, analysis of variance (ANOVA) was
used to test for statistical differences across all evaluation
metrics. In ablation studies, paired #-tests were conducted.
Two-tailed P values <0.05 were considered statistically
significant.
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Results
Performance compared to state-of-the-art models

We selected two state-of-the-art models for comparison:
C2F-Deepsup-UNet (C2F-DS-UNet) (35) and Swin-UNet
(36). These models only applied basic data augmentation
techniques, such as rotation and cropping, allowing us to
highlight the superiority of our novel data augmentation
approach combined with the MFSD-UNet model.

Our model showed a statistically significant improvement
in all evaluation metrics compared to the other models
(P<0.05, Table 1). Specifically, MFSD-UNet outperformed
in accuracy (mean: 0.9891), Dice coefficient (mean: 0.9119),
and sensitivity (mean: 0.9924). While the specificity of
our model (mean: 0.9895) was slightly lower than that of
Swin-UNet (mean: 0.9931), this may reflect the inherent
trade-off between sensitivity and specificity in the model
design. Overall, our data augmentation method and model
demonstrated clear advantages, with notable improvements
in key performance metrics.

Visualize contrast between normal and narrow vessels

The segmentation results of different models are shown
in Figure 4. Specifically, Recurrent Attention-UNet (RA-
UNet) had spatial misalignment and under-segmentation
in samples 2 and 3, as shown in column (I). Multi-Flux-
Deepsup-UNet (MFD-UNet) showed under-segmentation
in LCCA and RICA of samples 2 and 3, as shown in
column (II). C2F-Deepsup-UNet (C2F-DS-UNet) showed
under-segmentation in sample 1 and over-segmentation of
moderately stenotic LICA and RICA in samples 3 and 4, as
shown in column (III). Swin-UNet (IV) showed that only
LICA was segmented in sample 1, and LICA and RICA in
samples 3 and 4 were slightly over-segmented. Finally, the
Multi-Flux-Swin-Deepsup-UNet (MFSD-UNet) model
performed best and was basically consistent with the ground
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Figure 4 Inference results of five models on four samples. “Image” refers to cross-sectional slices arranged from top to bottom, with the

first two images showing normal segmentation of the vascular lumen, while the third and fourth images depict moderate stenosis of the left

and right internal carotid arteries, respectively, due to the presence of mixed plaques; the yellow dotted line indicates the normal vascular

area, and the green dotted line marks the area affected by stenosis. The term ‘Ground Truth’ refers to the annotated segmentation. C2F-
DS-UNet, C2F-Deepsup-UNet; MFD-UNet, Multi-Flux-Deepsup-UNet; MFESD-UNet, Multi-Flux-Swin-Deepsup-UNet; RA-UNet,

Recurrent Attention-UNet; Swin-UNet, Swin transformer-UNet.

results. The LICA of sample 1 had only a slight spatial
misalignment, showing better performance than other
models in normal and narrow conditions.

Performance of the DL model in each category

Figure 5 illustrates the performance of the MFSD-UNet
model across different carotid artery categories. The RCCA
category achieved the highest sensitivity (median near 1.00),
specificity, and accuracy (both around 0.99), with a median
Dice coefficient of approximately 0.92. However, the RICA
category underperforms, with a median Dice coefficient
around 0.88 and sensitivity of 0.98. It also contains low-
value outliers in specificity and accuracy (both around 0.97),
indicating some instability. Other categories, such as LCCA
and RECA, perform well, achieving Dice coefficients of
approximately 0.92 and 0.90, respectively, though they
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exhibited some outliers in specificity and accuracy. LECA
and LICA were generally stable but perform slightly
below RCCA.

Ablation experiments

"To validate the contributions of the Swin transformer, deep
supervision mechanism, and data augmentation components
in the proposed model, three ablation experiments were
conducted. First, the Swin transformer was removed
to generate the MFD-UNet model. Next, the deep
supervision mechanism was eliminated from MFSD-UNet,
producing the RA-UNet model. Finally, the proposed data
augmentation method was compared against a common
augmentation approach. The three models were evaluated
using the same metrics to assess the significance of each
component.
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Figure 5 Model performance across different categories. LCCA, left common carotid artery; LECA, left external carotid artery; LICA, left

internal carotid artery; RCCA, right common carotid artery; RECA, right external carotid artery; RICA, right internal carotid artery.

Table 2 Average of accuracy, dice, sensitivity and specificity of different models

Models Accuracy Dice coefficient Sensitivity Specificity

RA-UNet* 0.9818+0.0020 0.8371+0.0050 0.9966+0.0015 0.9883+0.0038
MFD-UNet* 0.9850+0.0025 0.8630+0.0055 0.9910+0.0037 0.9871+0.0042
MFSD-UNet 0.9891+0.0028 0.9119+0.0060 0.9924+0.0028 0.9895+0.0030

Data are presented as mean + SD. *, denotes a significant (P<0.05) difference between these two models and MFSD-UNet. MFD-UNet,
Multi-Flux-Deepsup-UNet; MFSD-UNet, Multi-Flux-Swin-Deepsup-UNet; RA-UNet, Recurrent Attention-UNet; SD, standard deviation.

A statistically significant difference (P<0.05) was observed
in all evaluation metrics between the ablated models and the
full MFSD-UNet model (Tible 2). As shown in Tible 2, the
Dice coefficient and accuracy exhibited an increasing trend
across the three models. MFSD-UNet performed the best
on the test set, achieving a mean Dice coefficient of 0.9119
and a mean accuracy of 0.9891, while RA-UNet performed
the worst, with a mean Dice coefficient of 0.8371. All three
models demonstrated high sensitivity and specificity, both
reaching 0.99 and 0.98, respectively, with a maximum SD
not exceeding 0.01. These findings indicated that the Swin
transformer and deep supervision mechanisms significantly
enhanced model performance.

To validate the effectiveness of the new data augmentation
method and MFSD-UNet model, the Brain Tumor
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Challenge 2023 (BraTC 2023) and the Brain Tumor
Challenge T1N Enhanced (BraTC TE) datasets were
selected, totaling 214 samples. Each sample in the BraTC
2023 dataset includes four MRI sequences: T1-weighted
contrast-enhanced (T'1C), T1-weighted non-contrast
(TIN), T2-weighted fat-suppressed (T2F), and T2-
weighted (T2W). Each sample in the BraTC TE dataset
was generated from the T1N sequence in BraTC 2023,
with W/L data augmentation applied to create derived data
similar to the other three sequences in BraT'C 2023.

Table 3 showed that the sensitivity of the BraTC TE
dataset (mean: 0.8754) was slightly higher than that of the
BraTC 2023 dataset (mean: 0.8579), indicating improved
detection of positive samples. The similar Dice coefficients
of BraTC TE (mean: 0.7939) and BraTC 2023 (mean:
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Table 3 Comparison of MFSD-UNet model on BraT'C 2023 and BraT'C T1N datasets

Datasets Accuracy Dice coefficient Sensitivity Specificity
BraTC 2023 0.9853+0.0009 0.8097+0.0069 0.8579+0.0066 0.9956+0.0004
BraTC TE 0.9642+0.0027 0.7939+0.0119 0.8754+0.0040 0.9888+0.0010

Data are presented as mean + SD. BraTC 2023, Brain Tumor Challenge 2023; BraTC TE, Brain Tumor Challenge T1N Enhanced; MFSD-

UNet, Multi-Flux-Swin-Deepsup-UNet; SD, standard deviation.
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Figure 6 Evaluation metrics of the MFSD-UNet model under 7-fold cross-validation. The comprehensive loss, maximum accuracy, and
maximum dice coefficient of the MFSD-UNet. MFSD-UNet, Multi-Flux-Swin-Deepsup-UNet.

0.8097) suggested that the W/L method effectively
enhanced data variability, contributing to the model’s
robustness in handling complex samples.

The model reliability by cross-validation

The proposed model demonstrated strong stability in Dice
and accuracy during seven -fold cross-validation, with the
MFSD-UNet achieving a maximum Dice of 0.9167 and
accuracy of 0.9976, as shown in Figure 6. These results
confirmed the model’s reliability and effective generalization
across different datasets, highlighting its excellent
segmentation performance and minimal misclassification,
thereby reinforcing its potential for practical applications.

Performance of manual and our model measured in
percentage of area reduction

For 35 stenosis sites in 21 test sets, the percentage reduction
of their area relative to the unaffected normal lumen was
measured by manual annotation and model (as shown in
Figure 74). Based on these data, we plotted a Bland-Altman
plot in Figure 7B to assess the consistency between the two
measurement methods. The results showed that the 95%
consistency limit between the two was between 4.3% and

© AME Publishing Company.

-5.8%, with an average difference of -0.7%. It is worth
noting that the difference in case 10 was 4.7%, which might
be due to the different morphology or composition of
the plaque here, making it more difficult for the model to
identify its boundaries, thus exceeding the 95% consistency
limit. While the results indicated good consistency between
the two methods, the irregular shape of the plaque and the
subjectivity in the manual annotation process may lead to
blurred boundary recognition when stenosis is present,

causing the model to slightly underestimate the effective
vascular area.

Discussion

This study proposed a W/L data augmentation method and
developed a fully automatic 3D segmentation model for
carotid CTA images, using a Swin transformer integrated
with a deep supervision approach. The MFSD-UNet
model achieved excellent performance, with a statistically
significant improvement over four other models (P<0.05,
Tables 1,2), achieving a mean Dice coefficient of 0.9119
and an accuracy of 0.9819. This model showed promise
in providing valuable technical support for future clinical
diagnosis and treatment. In the carotid segmentation
study, the DL model demonstrated strong consistency with
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experienced physicians in evaluating carotid stenosis and
atherosclerotic plaques. The average evaluation time was
significantly reduced to 27.3+4.4 seconds, compared to the
physicians’ 296.8+81.1 seconds (37). Additionally, the time
for diagnosis and report writing decreased from 28.8+5.6
to 12.4+2.0 minutes (38). Notably, since an ICA angle <90°
predicts longer endovascular thrombectomy duration, DL
was utilized to assess whether the ICA angle exceeded 90°,
achieving a higher accuracy rate (39).

Previous studies on 3D segmentation of carotid arteries
in medical images have largely focused on ultrasound and
MRI images, with little attention to novel data augmentation
methods or the use of transformers for efficient feature
extraction. For instance, Jiang er a/. (33) designed a dual-
channel Unet for automatic segmentation of the common
carotid artery and its branches but primarily focused on
ultrasound imaging. When applied to CTA imaging, the
simple Unet structure requires improvement in both
segmentation accuracy and robustness. Other approaches,
such as modifications to attention mechanisms or increasing
the number of channels in ultrasound-based methods, may
similarly struggle with CTA data processing (40,41).

Recent studies have introduced transformers, such as
the CSWin transformer, for 3D segmentation of carotid
arteries in ultrasound images, achieving Dice scores of
94.6%+3.0%, indicating that transformer architectures can
effectively capture long-range dependencies in medical
images (29). However, the three-dimensional nature of CTA
images may limit the feature extraction capabilities of these
architectures. Moreover, no research has yet proposed novel
data augmentation methods for CTA images. Given that

© AME Publishing Company.

data augmentation has been shown to significantly improve
model performance in medical image segmentation (42,43),
this study introduced a new data augmentation method
combined with a Swin transformer to achieve superior
segmentation of carotid arteries in CTA images.

Compared to state-of-the-art models, the MFSD-UNet
model demonstrated an average Dice coefficient of 0.9119,
which was significantly higher than the 0.8910 and 0.8770
achieved by two other models, likely due to advanced
feature extraction and data augmentation techniques.

The model achieved an average sensitivity of 0.9924,
demonstrating its exceptional ability to detect positive
samples, which is crucial for clinical applications. As
illustrated in Figure 4, other models had issues such as
over-segmentation, under-segmentation, and spatial
misalignment due to background noise, indicating a lack
of robustness. In contrast, MFSD-UNet demonstrated
high consistency with the ground truth in both narrow and
normal cases, exhibiting only slight spatial misalignment
in sample 1. This highlighted its excellent context-aware
feature integration.

Figure 5 further demonstrated the model’s performance,
indicating that the RCCA, LCCA, and RECA categories
all had median Dice coefficients above 0.92, with sensitivity
and accuracy above 0.97. However, LECA and LICA
exhibited slightly lower median Dice coefficients of 0.89 and
0.90, respectively, with sensitivities between 0.96-0.97. This
drop may be attributed to the complexity of these categories
or their indistinct features, making segmentation more
challenging. The seven-fold cross-validation in Figure 6
underscored the robustness of our model across different
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categories.

In the ablation experiments, we observed a consistent
upward trend in both Dice coefficient and accuracy across
the three models. Notably, MFSD-UNet outperformed all
models, with a Dice coefficient of 0.9119, suggesting that
the Swin transformer and deep supervision mechanisms are
highly effective for capturing both global and local features,
mitigating gradient vanishing, and improving segmentation
accuracy. The W/L data augmentation method further
enhanced the diversity of the dataset and the model’s ability
to learn distinctive features, increasing the sensitivity to
positive samples (1able 3).

Despite these promising results, the study had some
limitations. First, the relatively small dataset suggests that
expanding to larger, multi-center datasets could enhance
the model’s generalization capabilities. Second, the network
architecture was not compared with other mainstream
segmentation networks, such as residual networks or
convolutional neural networks, limiting a comprehensive
evaluation of its advantages. Lastly, this study was based
solely on carotid CTA imaging; future work could explore
multimodal data, integrating MRI or other modalities to
further improve segmentation accuracy.

Conclusions

This study presents a novel Swin-UNet model for efficient
and accurate carotid artery segmentation, leveraging
advanced DL techniques and data augmentation to improve
feature extraction and segmentation precision. The model’s
results closely align with manual annotations, highlighting
its potential for reliable carotid artery 3D modeling in
clinical practice.
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