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Abstract. Accurate segmentation of aortic dissection (AD) lumens
in CT angiography (CTA) is essential for quantitative morphological
assessment and clinical decision-making. However, reliable 3D delin-
eation remains challenging due to limited long-range context modeling,
which compromises inter-slice coherence, and insufficient structural
discrimination under low-contrast conditions. To address these limita-
tions, we propose BiM-GeoAttn-Net, a lightweight framework that
integrates linear-time depth-wise state-space modeling with geometry-
aware vessel refinement. Our approach features a Bidirectional Depth
Mamba (BiM) module to efficiently capture cross-slice dependencies
and a Geometry-Aware Vessel Attention (GeoAttn) module
that combines orientation-sensitive anisotropic filtering with lightweight
attention for vessel refinement. Experiments on the current multi-source
AD CTA dataset show that BiM-GeoAttn-Net achieves a Dice score
of 93.35% and an HD95 of 12.36 mm, outperforming representative
CNN-, Transformer-, and SSM-based baselines in overlap metrics while
maintaining competitive HD95. These results suggest that coupling
linear-time depth modeling with geometry-aware refinement provides an
effective and computationally efficient strategy for 3D AD segmentation.

Keywords: Aortic dissection - 3D CTA segmentation - State-space
modeling - Depth-wise sequence modeling - Geometry-aware attention

1 Introduction

Accurate segmentation of aortic dissection (AD) lumens is critical for morpho-
logical assessment and longitudinal monitoring of Type-B AD [7J3], enabling
cohort-level analysis via standardized volumetric descriptors [4]. However, ro-
bust segmentation in CT angiography (CTA) is hindered by the aorta’s complex,
tortuous geometry and substantial appearance variations along the centerline.
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Fig. 1. Challenges in AD CTA segmentation. Four consecutive axial slices exhibit
strong cross-slice continuity, subtle boundary contrast, and morphological variation.
Ground-truth masks are in red.

Conventional 3D CNNs effectively capture local texture and boundary
cues [I1], yet their limited receptive fields hinder long-range dependency mod-
eling. Transformer-based architectures improve global context aggregation via
self-attention [5], but full 3D attention is computationally expensive, and prac-
tical approximations may compromise boundary precision. Recently, state-space
models (SSMs) such as Mamba offer linear-time long-sequence modeling [§].
However, existing SSM-based medical segmentation methods [I4] typically adopt
generic sequence construction without explicitly aligning modeling direction
with anatomical continuity, and purely global modeling remains insufficient for
low-contrast boundary refinement without structural priors [16].

To address these limitations, we propose BiM-GeoAttn-Net, a bottleneck
enhancement framework that integrates efficient depth-axis state-space model-
ing with geometry-aware vessel refinement. Specifically, a Bidirectional Depth
Mamba (BiM) module performs linear-time modeling along the depth axis to
strengthen cross-slice consistency. Built upon BiM, a Geometry-Aware Vessel At-
tention (GeoAttn) module incorporates plane-aligned anisotropic filtering with
dual attention mechanisms to enhance vessel-structure representations under low
contrast. The cascaded BiM-GeoAttn design directly addresses two dominant
failure modes in AD CTA segmentation: depth-wise discontinuity and bound-
ary degradation under low contrast. The implementation of BiM-GeoAttn-Net
is publicly available at https://github.com/bbbwang/BiM GeoAttn Net.git.

The main contributions are summarized as follows:

(1) We propose BiM-GeoAttn-Net, a lightweight 3D segmentation frame-
work tailored for aortic dissection lumens, addressing challenges in long-range
context modeling and low-contrast boundary delineation.

(2) We introduce an anatomy-aware bottleneck design that couples Bidirec-
tional Depth Mamba with Geometry-Aware Vessel Attention for depth-
axis modeling and plane-aligned vessel refinement.

(3) Experiments demonstrate improved overlap accuracy over representative
CNN-, Transformer-, and SSM-based baselines, while maintaining competitive
boundary accuracy and computational efficiency.
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Fig. 2. Overall architecture of the proposed BiM-GeoAttn-Net.

2 Methodology

2.1 Motivation and Overview

As illustrated in Fig. [2 we build upon the 3D nnU-Net [6], which adopts a
U-shaped encoder—decoder architecture with multi-scale feature extraction and
skip connections. Although nnU-Net provides strong volumetric representation
capability, AD segmentation remains challenged by two key issues: (i) inter-
slice inconsistency in anisotropic CTA volumes, leading to fragmented lumen
predictions, and (ii) boundary ambiguity under low contrast, which degrades
thin-structure delineation.

To explicitly address these limitations, we introduce BiM-GeoAttn-Net by
augmenting the bottleneck of nnU-Net with two complementary modules. A
Bidirectional Depth Mamba (BiM) module performs depth-axis state-space
modeling to enhance long-range cross-slice coherence with near-linear complex-
ity. Built upon this global modeling stage, a Geometry-Aware Vessel Attention
(GeoAttn) module incorporates vessel-structure priors via orientation-sensitive
filtering and dual attention mechanisms, refining tubular boundaries and
suppressing background interference.

The cascaded BiM—GeoAttn design unifies depth-wise continuity modeling
and local structure-aware refinement within a lightweight framework. The en-
hanced features are residually fused and forwarded to the decoder for final lu-
men segmentation, with training supervised by a hybrid objective to mitigate
foreground—background imbalance.

2.2 Bidirectional Depth Mamba

The BiM module models long-range dependencies along the depth axis with-
out incurring the quadratic cost of full 3D self-attention. This is particularly
important for maintaining coherent lumen predictions across adjacent slices.
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Let x;, € REXCXDXHEXW depote the input feature map. We reshape spatial
locations into depth-wise sequences:

T = Reshape(z;,,) € R(BHW)xDxc7

where each spatial position forms a 1D sequence along D. A Mamba state-space
model M(-) is applied bidirectionally, where Rev(-) reverses the sequence along
the depth dimension:

z7 =M(x), z° =Rev(M(Rev(x))), (1)
z=z"+2". (2)

The fused representation is reshaped back and added residually:
x) = x;, + Reshape ' (z). (3)

Then a lightweight channel-mixing MLP with pre-normalization further re-
fines the features:
' = 1 + MLP(Norm(zy)), (4)

where MLP(u) = W) §(Wyu), § denotes GELU, and r is the expansion ratio.

Based on SSM-based scanning, BiM achieves near-linear complexity with
respect to D while aggregating context from both directions, thereby stabilizing
inter-slice continuity and boundary prediction.

2.3 Geometry-Aware Vessel Attention

The GeoAttn module refines vessel representations by combining direction-
aware filtering with spatial and channel attention. Given X € REXCxDxHxW
GeoAttn outputs Y of the same shape.

To capture orientation-sensitive tubular structures, we employ three plane-
aligned anisotropic convolutions together with a standard 3D convolution:

F,, = Convixsx3(X), F,.,=Convsxsx1(X), Fy.= Convixix3(X), (5)

ng:COHV;ngXg(X). (6)

where each branch produces Cj channels. The multi-branch features are con-
catenated and fused via a 1 x 1 x 1 convolution:

F:COHV1><1><1([ny,Fyz,Fzz,ngD. (7)
Then, a lightweight bottleneck generates a spatial attention map:
A:U(Conlelxl (5 (IN (COHVleXl(F))))), (8)

where IN denotes instance normalization, ¢ denotes GELU activation, and o
denotes the sigmoid function. The attention map modulates the input through

a residual gate:
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where ® denotes element-wise multiplication and + is a learnable scaling coeffi-
cient. Finally, channel attention is applied using global average pooling (GAP)
and global max pooling (GMP):

W = o (MLP(GAP(X,)) + MLP(GMP(X,))), (10)

Y =X,0W. (11)

By combining plane-aligned anisotropic filtering with dual attention,
GeoAttn enhances geometry-consistent vessel representations and local bound-
ary awareness. Positioned after BiM, it complements depth-wise coherence
modeling with orientation-aware boundary refinement.

2.4 Loss Function

We adopt a hybrid Dice-Cross Entropy objective to address foreground-—

background imbalance. Let p;. denote the predicted probability of voxel i

belonging to class ¢, and g; . € {0, 1} the corresponding ground truth indicator.
The total loss is

£tota1 = >\dice£Dice + )\ceECE- (12)

The soft Dice loss averaged over K classes is:
K
1 2 Zl Di.cGi,c + €
ﬁDice =1- ? Z D) D) ’
=1 Zz pi,c + Zi gi,c te

(13)

where € ensures numerical stability. The cross-entropy term is computed voxel-

wise: 1
Lcg = N Z ;gm log(pi.c)- (14)

We set Agice = Ace = 1 to balance global shape alignment and voxel-level
accuracy.

3 Experiments

This section describes the experimental setup, quantitative evaluation, and ab-
lation studies used to assess the effectiveness of our BiM-GeoAttn-Net.

3.1 Dataset

We train and evaluate our model on a curated dataset for Stanford Type-B Aor-
tic Dissection (TBAD) vessel segmentation, termed Dataset500 Vessel TBAD.
The dataset combines cases from two publicly available sources: (1) ImageT-
BAD [I]: This dataset provides expert-annotated 3D CTA scans with labels
for the true lumen (TL), false lumen (FL), and false lumen thrombosis (FLT).
We selected 32 cases based on annotation quality and pathological diversity. (2)
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TBD-CTA [9]: A large-scale TBAD CTA dataset covering varying degrees of
thrombosis and dissection extent. We included 39 cases with complete TL/FL
annotations.

In total, 71 cases are split at the patient level into training, validation, and
test sets with Nipain = 50, Nya = 7, and Nyt = 14. Each subset contains
samples from both sources: ImageTBAD (22/3/7) and TBD-CTA (28/4/7) for
train/val /test, respectively. The patient-level split ensures that scans from the
same subject do not appear across different subsets.

We formulate the task as binary segmentation, extracting the vessel fore-
ground (TL+FL) from the background. FLT annotations are not treated as an
independent class in this study.

3.2 Implementation Details and Evaluation Metrics

Our method was implemented in PyTorch within the nnU-Net framework and
trained on NVIDIA RTX 3090 GPUs with CUDA support. Automatic mixed-
precision (AMP) training [10] was adopted to improve computational efficiency
and memory usage. We followed the nnU-Net 3d_fullres configuration and em-
ployed a patch-based training scheme with randomly cropped 128 x 128 x 128
patches and a batch size of 2. The network was trained for 400 epochs using
SGD with a cosine annealing learning rate schedule. Weighted deep supervision
was applied at multiple resolution levels, and the final model was selected based
on the best validation performance.

Segmentation performance was evaluated using Dice Similarity Coefficient
(Dice), Intersection over Union (IoU), Recall, Precision, and 95% Hausdorft
Distance (HD95). Dice, IoU, Recall, and Precision measure volumetric over-
lap accuracy (1), while HD95 assesses boundary agreement (J). All metrics were
computed on the test set and averaged across cases. Statistical significance was
assessed using a paired Wilcoxon signed-rank test on case-wise Dice scores be-
tween BiM-GeoAttn-Net and nnU-Net, with p < 0.05 considered significant.

3.3 Comparison with Representative Methods

We compare BiM-GeoAttn-Net with representative 3D segmentation models
spanning CNN-, Transformer-, and SSM-based paradigms, including Attention
U-Net [12], nnU-Net v2 [6], Swin-UNet [2], SegFormer3D [13], and Mamba-
UNet [I5]. All methods are trained and evaluated under identical settings for
fair comparison.

Quantitative Results. As shown in Table [I] our method achieves the best
overall performance across overlap metrics. It attains the highest Dice (93.35%),
IoU (87.53%), Recall (94.85%), and Precision (92.04%). Compared with nnU-
Net, Dice and IoU improve by 2.51% and 3.89%, respectively, with a statis-
tically significant case-wise Dice improvement (p = 0.021). Regarding bound-
ary accuracy, Attention U-Net achieves the lowest HD95 (10.77 mm), while
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Table 1. Quantitative comparison with representative methods on the AD dataset.
Best results are shown in bold. (1 higher is better; | lower is better.)

Models Segmentation Performance Training Cost
Prec. t|Rec. 1|Dice 1|IoU 1|HD95 (mm) ||Time (min/epoch) ||[Memory (GB) |

Attention U-Net 89.71 1 90.76 | 90.22 | 82.26 10.77 3.2 8.3
nnU-Net 90.46 | 91.49 | 90.84 | 83.64 18.51 2.8 7.6
Swin-UNet 87.78 1 91.73 | 89.62 | 81.62 20.01 4.1 10.7
SegFormer3D 87.53 | 88.12 | 88.43 | 79.30 24.15 4.6 11.2
Mamba-UNet 88.83 | 91.52 | 89.43 | 83.12 12.20 3.5 8.9
BiM-GeoAttn-Net| 92.04 |94.85|93.35|87.53 12.36 2.9 8.0

% ®
@

Dice=69.8% Dice=88.6% Dice=94.8%

Dice=89.7% i 7 Dice=96.8%

Al 7 Dice=94.6% ice: Yo Dice=96.8%
(a) Input (b) Attention U-Net (c) nnUnet (d) Swin-Unet (g) Ours

Fig. 3. Qualitative comparison on representative AD test cases. Yellow indicates correct
overlap, blue denotes false positives, and red denotes false negatives. Compared with
CNN-, Transformer-, and SSM-based baselines, our BiM-GeoAttn-Net shows improved
lumen overlap and depth-wise continuity.

our model (12.36 mm) remains competitive and substantially outperforms nnU-
Net (18.51 mm) and SegFormer3D (24.15mm). These results indicate that our
method primarily improves volumetric overlap and inter-slice consistency, while
achieving competitive rather than the best HD95 performance.

Computational Efficiency. As reported in Table our model requires
2.9 min/epoch and 8.0 GB memory, which is comparable to nnU-Net (2.8 min,
7.6 GB). In contrast, Transformer-based models such as SegFormer3D and Swin-
UNet incur higher computational cost. This demonstrates that the proposed
method achieves improved accuracy without introducing substantial overhead.

Qualitative Results. Fig. [3] presents representative visual comparisons.
Transformer-based methods tend to produce over-segmentation around ambigu-
ous boundaries, while nnU-Net and Mamba-UNet occasionally miss fine vascular
structures in low-contrast regions. In the shown examples, our model yields
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Table 2. Ablation results on the AD dataset. Best results are shown in bold. (1 higher
is better; | lower is better.)

Models Dice (%) 1|IoU (%) 1|Recall (%) 1|Precision (%) 1|{HD95 (mm) |
B 89.77 81.60 92.11 87.73 29.08
B-+BiM 91.12 83.69 94.41 89.65 20.35
B+GeoAttn 90.67 83.25 93.17 88.46 25.48
B+BiM+GeoAttn| 93.35 87.53 94.85 92.04 12.36

L ? L a

'o ® ® ®
Dice=70.2% Dice=90.4% Dice=81.3% Dice=95.1%
(a)B (b) B+BiM (c) B+GeoAttn (d) B+BiM+GeoAttnB

Fig. 4. Qualitative ablation comparison. Yellow indicates correct overlap, blue false
positives, and red false negatives. The combined model yields the most consistent
continuity and boundary delineation.

fewer false positives and false negatives, resulting in more consistent lumen con-
tinuity. These observations are consistent with the quantitative improvements
in overlap metrics and the competitive HD95 performance.

3.4 Ablation Study

To assess the contribution of each component, we evaluate four configurations:
(1) baseline (B), (2) B+BiM, (3) B+GeoAttn, and (4) B+BiM+GeoAttn (i.e.,
BiM-GeoAttn-Net). Quantitative results are summarized in Table

Quantitative Analysis. The baseline achieves a Dice of 89.77% with rela-
tively high HD95 (29.08 mm), indicating limited boundary precision. Incorpo-
rating BiM improves Dice to 91.12% and reduces HD95 to 20.35 mm, reflecting
enhanced cross-slice continuity. Adding GeoAttn alone yields moderate gains
(Dice 90.67%) and improved Recall, suggesting better local structure sensitiv-
ity. Combining both modules delivers the best performance, with Dice reaching
93.35% and HD95 decreasing substantially to 12.36 mm. These results demon-
strate the complementarity of the two components: BiM strengthens depth-wise
global coherence, while GeoAttn refines directional vessel boundaries.

Qualitative Analysis. Fig. [dfurther illustrates the effect of each module. The
baseline exhibits leakage and fragmented predictions. BiM reduces false positives
and improves cross-slice consistency, whereas GeoAttn enhances boundary ad-
herence but may not fully suppress large-scale interference. The combined model
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achieves the most accurate delineation, with fewer missed regions and improved
structural continuity, corroborating the quantitative findings.

4 Conclusions

We presented BiM-GeoAttn-Net, a lightweight framework for AD CTA segmen-
tation that couples depth-wise long-range modeling with geometry-aware vessel
refinement. By integrating BiM and GeoAttn at the bottleneck, the method im-
proves depth-axis context modeling and plane-aligned structure refinement for
slice-wise discontinuity and low-contrast vessel ambiguity. Experiments and ab-
lations on the current multi-source AD CTA dataset show improved volumetric
overlap and depth-wise coherence over representative 3D baselines, with compet-
itive boundary accuracy. The main limitations are the relatively small single-split
evaluation, the use of established anisotropic filtering and attention operations in
GeoAttn, and the non-best HD95, which motivate future multi-center validation
and boundary-outlier refinement.
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