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Abstract. Accurate segmentation of the carotid artery from computed
tomography angiography (CTA) images is essential to manage atheroscle-
rotic vascular disease. However, studies specifically targeting carotid artery
segmentation in CTA imaging remain relatively limited, and existing
3D segmentation methods face significant challenges when applied to
this task, including discontinuous lesion distribution, extreme foreground
scarcity, inadequate capture of the vessel wall’s low-contrast subtle double-
edge boundaries and irregular calcification contours. Moreover, these
methods suffer from insufficient spatial and semantic complementarity
modeling in encoder-decoder feature alignment. To address these limita-
tions, we propose a novel Multi-View Dual-Alignment Network (MVDA-
Net) that integrates three key innovations: (1) a Spatially-Aware Or-
thogonal Projection (SAOP) module that enhances global context mod-
eling and representation of small vascular structures through multi-view
projection across orthogonal anatomical planes with spatial attention;
(2) a Hierarchical Inverted Attention Refinement (HIAR) module that
propagates boundary-enhancing inverted attention from deep features
to shallow layers for progressive boundary refinement; and (3) a Syner-
gistic Feature Alignment (SFA) module that suppresses redundancy and
enhances complementarity through feature differences while modeling se-
mantic relationships via summation for effective spatial-semantic align-
ment. Comprehensive experiments on one in-house carotid artery CTA
dataset (named CA) and three public benchmarks demonstrate that our
proposed MVDA-Net achieves state-of-the-art performance. The code for
MVDA-Net is publicly available at: https://github.com/Vi-cai/MVDA-
Net.

Keywords: Carotid artery segmentation - 3D medical image segmenta-
tion - Multi-view projection - Feature alignment.
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Fig. 1. Illustration of CA dataset. Anatomical views including (a) sagittal view,
(b) coronal view, and (c) axial view. (d) Magnified view of the region indicated by the
orange dashed box in (c). (e) Voxel-wise class distribution.

1 Introduction

Atherosclerosis underlies the majority of cardiovascular diseases and remains a
major contributor to global morbidity and mortality [1]. Specifically, carotid
atherosclerotic plaques pose severe clinical threats as major contributors to
ischemic stroke [15]. Computed tomography angiography (CTA) offers high-
resolution 3D imaging for comprehensive carotid artery evaluation. Therefore,
accurate segmentation of the vessel wall, calcification, and lumen from these
images is essential for disease assessment and treatment planning. Although
several studies have investigated carotid artery segmentation [5,22], dedicated
approaches remain relatively limited, while generic 3D medical image segmen-
tation frameworks [4, 6, 18] face significant challenges when directly applied to
this task.

First, spatial discontinuity of lesions along the elongated vascular structure
and severe foreground-background imbalance pose significant difficulties for ac-
curate segmentation. Fig. 1 (a) and (b) illustrate the spatial discontinuity of
lesions, while Fig. 1 (e) reveals extreme foreground scarcity. Current approaches
such as APAUNet [8] utilizes axis projection to improve foreground-background
ratios for small targets, but lacks mechanisms to emphasize critical anatomical
regions; while LW-CTrans [10] applies multi-view pooling to capture global in-
formation, but inevitably loses critical spatial positional information essential
for precise localization of small vascular structures.

Second, accurate boundary delineation is challenging due to low-contrast
double-layer carotid vessel walls and irregular calcification contours. Current
methods such as BSNet [7] employs Sobel filters to extract edge maps, while
BMANet [21] applies boundary-guided multi-level attention across decoder lay-
ers. However, these approaches either depend on non-adaptive predefined op-
erators or perform decoder-level guidance after spatial details have been lost,
lacking hierarchical boundary refinement within the encoding stages.

Third, insufficient spatial and semantic complementarity modeling in encoder-
decoder feature alignment hinders accurate segmentation of complex vascular
structures. Current methods employ simple strategies such as UNETR++ [18]
employs direct element-wise addition, D-Former [20] utilizes simple concatena-
tion, and Swin UNETR [3] integrates residual blocks to refine encoder features.
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However, these approaches fail to adaptively model their complementary char-
acteristics, leading to suboptimal alignment.

To address these challenges, we propose a novel Multi-View Dual-Alignment
Network (MVDA-Net), which consists of novel SAOP, HIAR, and SFA mod-
ules and is designed for multi-structure segmentation of the vessel wall, lumen,
and calcification. Firstly, we introduce the Spatially-Aware Orthogonal Projec-
tion module to address discontinuous lesion distribution and extreme foreground
scarcity by enhancing global context modeling through multi-view projection
across orthogonal anatomical planes, propagating features between discontinu-
ous regions, enhancing small target representation, and preserving spatial re-
lationships via spatial attention. Subsequently, we design the Hierarchical In-
verted Attention Refinement module, which inverts attention from deep features
to amplify underemphasized boundary regions and propagates them to shal-
low layers for progressive boundary refinement. Furthermore, we develop the
Synergistic Feature Alignment module that employs feature differences to sup-
press redundancy and enhance complementarity, while modeling semantic rela-
tionships via summation, synergistically achieving spatial-semantic alignment.
Finally, we conduct comprehensive experiments on one in-house carotid artery
CTA dataset (named CA) and three public 3D medical image segmentation
benchmarks, which demonstrate the superiority of MVDA-Net across diverse
anatomical structures and imaging modalities.

2 Method

As illustrated in Fig. 2, our MVDA-Net employs a four-stage encoder-decoder
architecture designed for carotid artery segmentation. The 3D input is first fed
through the SAOPFormer for encoding, then processed by HIAR modules for
boundary refinement, subsequently aligned with decoder features via SFA mod-
ules, and finally generated the prediction result through the segmentation head.

2.1 Spatially-Aware Orthogonal Projection Transformer

To address the challenges of discontinuous lesion distribution and extreme fore-
ground scarcity, we propose the Spatially-Aware Orthogonal Projection Trans-
former (SAOPFormer). As shown in Fig. 2, this architecture is built on a novel
SAOPBIock, which consists of two modules: a Spatially-Aware Orthogonal Pro-
jection (SAOP) module and a convolution module.

Given an input feature map X, it performs four distinct global average pool-
ing operations in parallel to generate view-specific features. The process is de-
fined as:

X(s.a,0,6) = {Sagittal GAP, Axial GAP, CoronalGAP, GAP}(X), (1)

where Sagittal GAP, Axial GAP, and CoronalGAP denote global average pooling
operations along the sagittal, axial, and coronal anatomical planes, respectively,
and GAP represents global average pooling across all spatial dimensions.
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Fig. 2. The overview of the proposed MVDA-Net. MVDA-Net comprises three
key modules: a Spatially-Aware Orthogonal Projection Transformer (SAOPFormer)
for hierarchical feature extraction, Hierarchical Inverted Attention Refinement (HIAR)
modules progressively refine boundaries, and Synergistic Feature Alignment (SFA)
modules efficiently align encoder and decoder features.

Then, four view-specific features X{S, A,c,c} are fused to recalibrate the input
feature map X, generating the global context representation Xgaop. In parallel,
the convolution module processes the input feature map X to produce the local
feature representation Xcony-

Finally, Xsaop and Xcony are aggregated using learnable weights « and 3 to
dynamically balance global and local information. The output of the SAOPBlock
is defined as XsaopBlock, computed by Eq.(2):

XsaopPBlock = @ Xsaop + BXcony- (2)

2.2 Hierarchical Inverted Attention Refinement Module

To address the boundary delineation challenge, we propose the Hierarchical In-
verted Attention Refinement (HIAR) module. This module progressively refines
boundary regions by leveraging inverted spatial attention derived from deeper,
semantically strong encoder features F;; to guide shallower, detail-rich features
F; (1 <i < 4), where F; denotes the output feature map of the i-th encoder
stage. Adjacent encoder stages are employed to reduce semantic gaps between
feature levels, enabling stable cross-level feature interaction for boundary re-
finement. As illustrated in Fig. 3 (a), the deeper feature F;y; is first processed
by a convolution and an upsampling operation. The resulting feature is then
transformed into an inverted spatial attention map through sigmoid activation
and subtractive inversion. Meanwhile, the shallower feature F; is enhanced by
SimAM [24] to suppress redundancy and highlight important details, yielding
the enhanced feature F.. Finally, the inverted attention map is applied to Fe,
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Fig. 3. (a) The Hierarchical Inverted Attention Refinement module. (b) The Synergistic
Feature Alignment module.

followed by a residual connection and another SimAM module. The process is
defined as follows:

Fuiar = SImAM(F, © (1 — o(UP(Convy(F;41)))) + F.), (3)

where Conv; denotes a 1 X 1 x 1 convolution, UP is the upsampling operation,
o is the sigmoid function, and ® denotes the element-wise multiplication.

2.3 Synergistic Feature Alignment Module

To address insufficient spatial and semantic complementarity modeling in encoder-
decoder feature alignment, we propose the Synergistic Feature Alignment (SFA)
module. As shown in Fig. 3 (b), the SFA module takes encoder features F}
and decoder features Fl2 as inputs, processing them via two parallel branches to
achieve efficient alignment.

The Difference-based Spatial Alignment branch first computes a fea-
ture difference map F, = Fl1 — Fl2 to explicitly model spatial complementarity,
which is then concatenated with the input features to generate spatial attention
weights w; and ws via a depthwise separable convolution, followed by a 1 x1x 1
convolution and a sigmoid activation. The output of the Difference-based Spatial
Alignment branch is defined as F,;, computed by Eq.(4):

F, = DSConv((w; © F}) & (wy © F), (4)

where @ represents the concatenation operation along the channel dimension,
and DSConv denotes the depthwise separable convolution.

The Summation-based Semantic Balancing branch captures channel-
wise semantic relationships by first aggregating encoder—decoder features via
element-wise summation, followed by GAP and an multilayer perceptron (MLP)
to generate a dynamic channel weight w. The output of the Summation-based
Semantic Balancing branch is defined as Fs, computed by Eq.(5):

F=Convs(wo F)+ ((1—w) 0O F,)), F,=0c(Convi(GAP(F)))® F, (5)
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Table 1. Quantitative comparison with state-of-the-art methods on CA, Lung [19],
Spleen [19], and BraTS [14]. Dice is adopted as our evaluation metrics (bold indicates
the best and underline the second best results).

CA Lung [Spleen BraTS
Wall Cal Lumen Avg |Tumor|Spleen| WT ET TC Avg

CoTr [23] 54.55 69.29 67.91 63.92| 76.85 | 92.46 | 91.58 78.89 84.03 84.83
UNETR [4] 44.44 67.90 52.88 55.07| 70.92 | 84.23 | 91.47 79.90 84.76 85.38
CTN [16] 55.96 70.62 69.66 65.42| - 88.21 [90.51 80.44 84.73 85.23
3D UX-NET [11]|57.47 71.06 66.94 64.16| 72.79 | 90.32 |91.36 79.18 84.18 84.91
nnFormer [25] |52.91 68.08 67.29 62.76 | 76.61 | 88.69 | 91.04 79.25 85.32 85.20
UNETR++ [18] [51.91 70.37 65.56 62.62|80.68 | — |91.06 80.69 84.56 85.44
VSmTrans [13] |57.00 72.03 69.88 66.30 | 72.93 | 90.79 [91.86 80.50 83.47 85.28
SegFormer3D [17]| 49.18 64.54 63.25 58.99 | 78.88 | 62.26 | 90.76 76.70 83.52 83.66
PHNet [12] 56.26 70.46 68.93 65.22| 63.72 | 80.53 | 91.54 80.60 84.54 85.56
VSNet [9] 55.31 71.01 68.02 64.78| 70.40 | 90.31 | 90.36 80.42 83.70 84.83

Ours |57.70 72.34 71.26 67.10|82.04|94.39|91.71 81.89 85.74 86.45

Methods

where Convs denotes a 3 x 3 x 3 convolution.
Finally, F; and Fs are fused to produce the output of the SFA module:

F =DSConv(F; @ Fs). (6)

3 Experiments

3.1 Datasets

In-house carotid artery segmentation dataset (CA). Carotid artery seg-
mentation dataset (named CA) consists of CTA volumes from 150 patients.
Each patient scan was divided into left and right carotid artery regions, yield-
ing 300 individual volumes. The segmentation targets include three structures:
vessel wall, calcification, and lumen. After excluding volumes with incomplete
annotations, 266 volumes were retained. We conducted five-fold cross-validation
experiments. All segmentation annotations were manually delineated by experi-
enced radiologists and validated by a senior cardiovascular imaging specialist to
ensure annotation accuracy and consistency. Informed consent was waived due
to the retrospective study design and use of anonymized data.

Public benchmark datasets. We validated our method on three public bench-
mark datasets: MSD Lung (Lung) [19], MSD Spleen (Spleen) [19], and the Brain
Tumor Segmentation (BraTS) [14]. For Lung (63 CT volumes), we used a 50/13
train/test split following UNETR++ [18]|. For Spleen (41 CT volumes), we
used an 80:20 train/test split. For BraTS (484 MRI scans), we used an 80:15:5
train/validation/test split following nnFormer [25], and evaluated on whole tu-
mor (WT), enhancing tumor (ET), and tumor core (TC).
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Fig. 4. Qualitative comparison of the proposed MVDA-Net (Ours) versus others on
CA, Lung [19], Spleen [19], and BraTs§ [14].

3.2 Implementation Details

Our implementation is based on the Pytorch platform with MONAT libraries [2].
All models are trained on an NVIDIA RTX 4090 GPU with a weight decay co-
efficient of 3e~°. The learning rate is set to 0.001 for CA, 0.0001 for Spleen [19],
and 0.01 for Lung [19] and BraTS [14] to accommodate their distinct character-
istics. The input sizes are 96 x 96 x 96 for both CA and Spleen [19], 192 x 192 x 32
for Lung [19], and 128 x 128 x 128 for BraT$ [14]. The training epochs are set
to 1k for CA, Lung [19], and Spleen [19], and 200 epochs for BraTS [14]. All
datasets follow the nnU-Net [6] preprocessing and inference protocol.

3.3 Comparison with Other Methods

We compare our proposed MVDA-Net with 3D state-of-the-art (SOTA) CNN-
based, Transformer-based, and hybrid methods, including CoTr [23], UNETR [4],
CTN [16], 3D UX-NET |[11], nnFormer [25], UNETR++ [18], VSmTrans [13],
SegFormer3D [17], PHNet [12], and VSNet [9].

Results on CA dataset. Table 1 presents the comparative results on CA
dataset. Our MVDA-Net achieves the best overall performance with an aver-
age DSC of 67.10%, surpassing VSmTrans [13| by 0.80%. Notably, our model
demonstrates superior performance on challenging structures: 57.70% DSC for
vessel wall segmentation and 72.34% for calcification segmentation. These re-
sults confirm that our model effectively handles complex boundary delineation
in vessel walls and irregular calcification boundaries. As shown in Fig. 4, vi-
sual comparisons with six top-performing baselines demonstrate that our model
achieves superior segmentation with notably finer edge details.

Results on public benchmark datasets. To further validate the generaliza-
tion capability of our method, we conduct experiments on Lung [19], Spleen [19],
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Table 2. Ablation study of our MVDA-Net Table 3. Influence of different initial

design on CA. weights on performance.
Modules CA Learnable o f DSCt
SAOP HIAR SFA |Dicetf Jaccardf Precisiont Recallf
- - - 6630 51.91 66.35  71.56 VSmTrans v 0.50.5 66.30
v ~  — 16640 51.96  67.27  70.46 » 10 - 65.79
- v - |66.46 52.08  66.61  71.48 _
- - v |66.76 5257  68.54  70.55 x  0.50.5 66.66
v v — |66.54 52.04 67.21 70.67 Ours v 0.8 0.2 66.97
v v |66.84 5270  69.58  69.54
~ v v |6683 5271 6773 7126 v 050567.10
v v /6710 5278 6738 7179 v 0.20.8 66.86

and BraTS [14], with results presented in Table 1. Our method achieves DSC of
82.04% on Lung [19], 94.39% on Spleen [19], and 86.45% on BraT$S [14] as the
highest among all methods, demonstrating robust generalization across differ-
ent medical image segmentation tasks. Fig. 4 presents qualitative comparisons,
where the superior segmentation of our model is visually evident, particularly
for irregular lung tumor boundaries.

3.4 Ablation Study

Quantitative analysis of proposed modules. We perform extensive abla-
tion studies on CA to evaluate the contribution of each proposed module. As
shown in Table 2, the baseline achieves a DSC of 66.30%, and each module
individually brings clear gains. The complete model integrating all three com-
ponents achieves the best overall performance, confirming synergistic operation
for superior segmentation performance.

Influence of path weight. To determine the optimal fusion strategy between
the SAOP module and the convolution module within SAOPBIlock, we ablate
different weight configurations on CA, as shown in Table 3. Our method with
learnable weights initialized at 0.5 achieves the highest Dice of 67.10%, validating
that the learnable weight mechanism enables adaptive balancing between global
context modeling from the SAOP module and local feature extraction from the
convolution module for superior segmentation performance.

4 Conclusion

In this paper, we present MVDA-Net, a U-shaped architecture for 3D carotid
artery segmentation in CTA imaging, addressing the limitations of insufficient
feature modeling for discontinuous lesions and extreme foreground scarcity, in-
adequate boundary refinement, and suboptimal encoder-decoder feature align-
ment. MVDA-Net achieves accurate segmentation through three synergistic con-
tributions: the SAOP module captures comprehensive contextual information
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through multi-view projection across orthogonal anatomical planes while ex-
tracting spatial positional information to address discontinuous lesion distribu-
tion and foreground scarcity; the HTAR module propagates boundary-enhancing
inverted spatial attention from deep to shallow encoder layers to refine bound-
aries; and the SFA module enables efficient encoder-decoder feature alignment
through difference-based spatial alignment and summation-based semantic bal-
ancing. Comprehensive experiments on CA and three public 3D medical image
segmentation benchmarks demonstrate that MVDA-Net achieves best perfor-
mance. Future work will focus on extending MVDA-Net to other vascular struc-
tures and optimizing the model for efficient clinical deployment.
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