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Abstract. Accurate modeling of liver anatomy and its vascular archi-
tecture from medical imaging is critical for surgical planning and navi-
gation in liver cancer treatment. Although liver Couinaud segments are
fundamentally defined by the branching topology of portal and hepatic
veins, current methods typically treat vessel and Couinaud segmenta-
tion as isolated tasks, neglecting their intrinsic anatomical dependen-
cies. To bridge this gap, we introduce a vascular skeleton-aware learn-
ing framework that jointly addresses both tasks through three key com-
ponents. First, we propose a multi-branch Tri-directional Convolution
(TriDConv) module to explicitly capture anisotropic vascular morphol-
ogy from CT data along orthogonal spatial axes. Second, we design a Vas-
cular Attention and Spatial-Topology (VAST) mechanism that enforces
long-range structural coherence and topological continuity by integrat-
ing sequential attention with anatomical geometric constraints. Third,
we introduce a novel point-sampling strategy leveraging vascular repre-
sentations as geometric priors to guide 3D Couinaud segmentation. Ex-
tensive evaluations on public datasets demonstrate that our method con-
sistently outperforms state-of-the-art approaches by significant margins
across both volumetric and surface distance metrics. Code is available at
https://github.com/YueQiu0911/VSA-Liver.

Keywords: Couinaud Segmentation - Vessel Segmentation - Anatomi-
cal Consistency - Vascular Topology

1 Introduction

Primary liver cancer (PLC) is the third leading cause of cancer-related deaths
worldwide [24], with partial hepatectomy remaining one of the primary curative
treatments. Surgeons rely on the precise identification of hepatic vasculature
and functional liver segments, estimating liver remnant and developing effec-
tive plans for liver resection surgery. Theoretically, the hepatic vascular system
determines the liver’s perfusion and drainage territories, serving as the anatom-
ical basis for the Couinaud segmentation scheme, which divides the liver into
eight functionally independent segments [2]. Therefore, accurate segmentations
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of both liver vessels and Couinaud segments are crucial for safe and effective PLC
treatment. While clinically indispensable, automating these segmentations via
medical image computing presents substantial challenges. Liver vessels exhibit
small diameters, complex branching patterns, and high anatomical variability.
More importantly, Couinaud segment boundaries are devoid of visible image gra-
dients and must be indirectly deduced from the vascular topology that governs
flow territories [1,4]. Despite the fact that Couinaud segments are inherently
dictated by the spatial distribution of the hepatic vasculature, existing meth-
ods struggle to effectively couple these tasks. Current approaches either address
these segmentations as independent tasks, neglecting the anatomical significance
of vascular structures [17,12,20], or rely heavily on manually annotated vessel
masks [29,5], hindering seamless integration into automated clinical workflows.

In this work, we propose a synergistic learning framework that fundamen-
tally breaks this bottleneck. Rather than relying on costly prerequisite vessel an-
notations, our model introduces an anatomy-driven paradigm. It first extracts
geometrically-aware and topologically-consistent vascular representations from
CT images to achieve high fidelity vessel segmentation. Crucially, these explic-
itly predicted vascular structures are then harnessed as spatial priors to govern
the highly ill-posed delineation of Couinaud segments. By rigorously exploiting
this underlying anatomical consistency, our approach seamlessly bridges the two
tasks and empowers the predicted vasculature to naturally dictate the functional
parcellation of the liver. Since Couinaud segments are anatomically determined
by vascular topology but not vice versa, our framework propagates vascular
priors in a single, anatomically faithful direction rather than through bidirec-
tional co-optimization. This asymmetric design mirrors the liver’s anatomical
hierarchy, where vascular branching dictates segmental boundaries. To realize
this anatomy-guided integration and capture vascular topology, we introduce
several tailored components. Unlike conventional 3D isotropic convolutions that
operate on symmetric receptive fields but overlook the highly anisotropic and
elongated nature of vascular structures, we develop Tri-directional Convolution
(TriDConv). By applying a parallel multi-branch design with factorized dimen-
sional filters, TriDConv encodes features along independent spatial directions
without imposing heavy computational overhead. These features are then refined
through our Vascular Attention and Spatial-Topology (VAST) mechanism, which
applies sequential channel-spatial attentions. VAST also incorporates topolog-
ical modeling of the hepatic vascular system via geometric constraints, further
enhancing vessel path connectivity and branching consistency. Furthermore, to
translate these optimized features into exact Couinaud segmentations across
the volumetric space, we formulate a Skeleton-Aware Sampling (SAS) strategy
that captures critical vasculature responses for precise boundary localization. By
explicitly predicting vasculature to dictate anatomical parcellation, our method
successfully eliminates the restrictive reliance on prior ground-truth vessel masks,
significantly alleviating the laborious manual delineation burdens placed on clin-
ical practitioners.
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Fig. 1. Overview of the proposed framework. It integrates TriDConv Net for feature
extraction, VAST for topological enhancement, and SAS for skeleton-aware Couinaud
segmentation.

2 Methodology

Our framework couples liver vessel and Couinaud segmentations by exploit-
ing anatomical correlations (Fig. 1). First, Tri-directional Convolution (TriD-
Conv) extracts multi-resolution anisotropic vessel features, which are refined
by the Vascular Attention and Spatial-Topology (VAST) mechanism. These
high-fidelity representations then yield precise vessel segmentation while driv-
ing Couinaud partitioning via Skeleton-Aware Sampling (SAS).

2.1 Tri-directional Convolution for Local Vascular Feature
Extraction

Liver CT data exhibits intricate anatomical structures within its vascular net-
work, geometrically characterized by distinct directional bifurcations, elongated
curvatures, and varying thickness. However, these complex geometric features
present substantial challenges for regular volumetric CNNs. Standard 3D con-
volutions rely on isotropic receptive fields, which struggle to isolate continu-
ous vascular paths without simultaneously accumulating noisy background re-
sponses from adjacent tissue. To overcome these limitations, we introduce the
Tri-directional Convolution (TriDConv), a multi-branch architecture to explic-
itly model local geometric vessel cues along distinct spatial axes.

Given an intermediate input feature map X, our module computes local
representations as:

FTriDConv = LZ/merge ( [@iso(X)§ éw (X), ¢y (X), ¢z (X)] )7 (1>

where [-;-] denotes channel-wise concatenation. Specifically, ®iso(-) serves as an
isotropic anchor to preserve essential local context, such as non-directional vas-
cular bifurcations. To explicitly track elongated geometries, the branches @, (-),
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&, (-), and 9,(-) employ uniaxial anisotropic filters. By strictly restricting opera-
tions along the sagittal, coronal, and axial dimensions respectively, this orthogo-
nal decoupling forces the network to trace vascular continuity without enlarging
the global parameter space. Following the multi-branch concatenation, a cross-
channel projection function ¥perge(-) fuses the diverse directional responses into
a unified cohesive feature map. Recognizing that directional relevance varies
across regions, these representations are subsequently modulated through an
enhanced channel-spatial hybrid attention [§]. In summary, TriDConv intrinsi-
cally balances computational efficiency and geometrically-motivated anisotropic
perception.

2.2 Global Vascular Feature Enhancement with Spatial-Topology

Vascular structures exhibit complex branching geometries, where discontinuities
in segmented results cause severe violations of anatomical consistency. To en-
sure both high-fidelity region recognition and global structural connectivity, we
propose the Vascular Attention and Spatial-Topology (VAST) module. Specif-
ically, the Vascular Enhancement Spatial-Profile Attention (VESPA) factorizes
the feature tensor into three orthogonal geometric profiles (pg,py,,p-), apply-
ing sequential channel-spatial attention [27] to explicitly recalibrate and amplify
tubular structures against noisy hepatic backgrounds. Subsequently, to topolog-
ically regularize this enhanced feature space, we introduce TopoLoss to bridge
voxel intensity alignment with abstract connectivity constraints:

L= »Creg(P; G) + AbEBound + )\t»CTopoa (2)

where L., integrates standard intensity classification (e.g., BCE or Dice) and
volumetric overlap regularization between the prediction P and the ground truth
G, while hyperparameters A\, and A; balance the following structural and ge-
ometric penalties. Traditional voxel-wise losses systematically fail to penalize
topological errors such as disconnected branches or broken vessel centerlines.
Our boundary-aware term Lpouna = E[|P — GJ|? - exp(—D?/7)] forces sharp
delineation at vascular interfaces by mapping the prediction error into a dis-
tance transform field D, where 7 concentrates the gradient updates heavily on
misaligned structural edges. Crucially, addressing the core limitation of pixel-
level classification, the topology-preserving term Ltop, abstractly models both
topological persistence (connectivity count) and morphological coherence (shape
skeletonization) into a unified distance geometric space:

(3)

Lropo = EMD(T(P), T(G)) + (1 SN S(G)||>7

S(P)[ +|S(G)

Persistence Penalty Morphological Discrepancy

where 7 () extracts topological features, including connected component cardi-
nality and branch lengths, to construct the Earth Mover’s Distance (EMD) [22]
metric for penalizing incorrect vascular branching structures. Concurrently, S(+)
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Table 1. Quantitative results of liver vessel segmentation on MSD and LiVS datasets.

MSD Dataset LiVS Dataset

Methods

Dicet VOE] ASSD| HD95] Dicet VOE] ASSD] HD95]
U-Net [21] 57.16 56.20 8.15 291 7285 39.82 4.29 17.38
3D U-Net [3] 64.23 52.10 3.22 1.79 79.48 33.70 0.81 4.06
V-Net [18] 66.96 48.87  2.20 1.28 74.23 40.55 1.04 5.33
DCSAU-Net [28] 70.67 44.87 @ 2.27 1.44 7897 33.36 1.15 5.24
DualNet [13] 67.40 46.53 5.74 2.27 74.81 37.08 2.19 9.84
MSFNet [15] 67.17 48.93 1.99 1.19 7470 40.14 0.94 4.81
TransFusionNet [25] 55.09 57.45  8.05 2.64 75.79 3528  2.77 10.97
CaraNet [14] 69.41 46.45 1.75 1.35 72.38 44.36 0.93 4.90
LSFNet [6] 71.07 44.25  2.65 1.88 81.59 30.70 0.92 4.87
Ours 74.97 39.52 1.68 1.13 83.48 28.03 0.67 3.54

adopts the differentiable 3D morphological skeletonization operator [16] to en-
force center-line continuity. By prioritizing this abstract topological divergence,
our approach prevents broken vessel segments and strictly ensures anatomical
fidelity.

2.3 Skeleton-Aware Sampling for Couinaud Segmentation

Anatomically, the structural topology of the hepatic vascular system serves as the
anatomical basis for the functional division of the liver. Specifically, Couinaud
segments are entirely delineated by the ramification paths and blood drainage
territories of the portal and hepatic veins [2]. Recognizing this physiological
correlation, we assert that a key advantage of our synergistic framework lies in
explicitly maintaining this anatomical consistency. Consequently, we propose the
Skeleton-Aware Sampling (SAS) module, which bridges the two interconnected
tasks by translating high-dimensional vascular descriptors into resilient geomet-
ric priors, allowing the segmentation network to adaptively focus on topologically
critical boundaries. Rather than sampling volumetric coordinates uniformly, SAS
learns a dynamic spatial distribution strictly driven by the extracted vessel topol-
ogy. Given 3D spatial coordinate p;, its raw intensity i;, and the corresponding
vascular skeleton feature £°°! optimized from the successive VAST cascade, we
first formulate a skeletal-aware proxy descriptor h; via non-linear projection. To
perceive the surrounding structural context, SAS aggregates geometric cues and
global contextual dependencies into a joint representation manifold. From this
aggregated context, the abstract skeletal response score s; for evaluating spatial
significance is modeled as

si = (Wyhy) - log (1 + Softplus(thi))7 (4)

where W, and W,. are learnable projection matrices. To integrate this discrete
boundary-seeking policy into an end-to-end continuous optimization process, we
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employ the Gumbel-Softmax reparameterization strategy [26]. The probability
m; of selectively sampling the i-th topological point is estimated by:

exp ((si +9:)/7)
> exp ((s5 +95)/7)

where g; introduces structured stochastic perturbation and temperature 7 mod-
ulates the selection sharpness. This differentiable subset selection guarantees
that backpropagation geometrically guides the sampling density explicitly to-
ward vascular forks and flow frontiers. Unlike direct prior injection that simply
concatenates vessel masks as an extra input channel, SAS uses the learned skele-
tal response score to actively bias the sampling density toward vascular bifurca-
tions, precisely the sites where Couinaud boundaries are anatomically defined.

By exclusively prioritizing physiologically skeletal-relevant points, SAS suc-
cessfully bridges the modalities and enforces strict anatomical boundaries for
effective Couinaud partitioning.

gi ~ Gumbel(0, 1), (5)

T, =

3 Experiments

3.1 Experimental Setup

We evaluate our framework on three public datasets: MSD [23] and LiVS [6]
for hepatic vessel segmentation, and MSD8 [23] for Couinaud segmentation.
We specifically utilize the MSD8 subset as it uniquely provides the requisite
8-segment annotations missing from the broader MSD cohort. All datasets are
randomly split into training and testing sets with a ratio of 8:2. All experiments
are conducted on two NVIDIA RTX 4090 GPUs using PyTorch. For fair com-
parisons, we train and test all comparison methods with the same experimental
settings and configurations. For the liver vessel segmentation phase, our model
is optimized by the Adam optimizer [10] with an initial learning rate of 1 x 1073,
and trained for 100 epochs with a batch size of 2. For the subsequent Couin-
aud segmentation task, we freeze the pre-trained TriDConv and VAST modules
to extract vascular feature representations. This two-stage design is a deliber-
ate choice grounded in liver anatomy: Couinaud segments are determined by
vascular topology but exert no influence on vessel geometry, so a frozen, high-
fidelity vascular encoder provides a stable and anatomically faithful prior rather
than a target for bidirectional co-adaptation. These skeleton-aware priors are
then seamlessly injected into our SAS module, which is jointly trained alongside
baseline models following their default architectural configurations.

3.2 Comparison with State-of-the-art Methods

Liver Vessel Segmentation. We evaluate our framework against nine models
on the MSD and LiVS datasets. As shown in Tab. 1, our approach consistently
outperforms all baselines. Notably, compared to LSFNet [6], we improve the Dice
score by 3.90% on MSD and 1.89% on LiVS. Furthermore, our spatial-topology
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Fig. 2. The qualitative results of liver vessel segmentation on the MSD and LiVS
datasets. In the comparisons, green indicates correct predictions, red denotes incorrect
predictions, and blue represents ground truths that were not predicted.

Table 2. Quantitative results of Couinaud segmentation on the MSD8 dataset.

Methods Dice (%)1 ACC (%)t ASD|

3D UNet [3] 88.78 + 2.66 79.93 £ 4.27 1.76 + 1.31
3D UXNet [11] 88.40 £ 3.64 79.40 £ 5.81 1.91 £ 3.31
SwinUNetR [7] 80.45 £+ 5.03 67.58 £+ 6.96 2.52 + 1.78
BA-DAGNet [9] 86.44 £ 4.05 76.34 £ 6.11 1.89 £+ 2.83
PointNet2Plus [19] 82.68 £ 7.36 70.80 £ 5.27 7.33 £ 4.52
PointNet2Plus + Ours 85.05 £+ 5.22 74.33 + 7.58 4.53 + 2.90
ASG-PVN [29] 89.72 + 4.77 81.67 + 7.37 5.49 £ 6.03
ASG-PVN + Ours 92.43 £+ 2.29 86.00 £ 3.90 1.46 £+ 0.83

guidance significantly reduces surface errors, dropping HD95 from 1.88 mm to
1.13 mm on MSD and 4.87 mm to 3.54 mm on LiVS. Qualitatively (Fig. 2),
competing methods like TransFusionNet [25] struggle with severe false positives
and missed capillaries. Conversely, our method faithfully isolates intricate distal
vascular paths without accumulating noisy background responses, aligning with
the ground truth.

Couinaud Liver Segmentation. To evaluate skeleton-guided adaptability, we
benchmark against top-performing voxel and point-based architectures (Tab. 2).
The integration of our SAS module with ASG-PVN achieves the highest Dice
(92.43%) and lowest Average Surface Distance (1.46 mm). While standalone
voxel methods exhibit competitive volume overlap, they lack geometric bound-
ary precision. As illustrated in the zoomed-in regions of Fig. 3, the standalone
baseline produces segment misclassifications and jagged inter-segment bound-
aries. In contrast, the green bounding boxes reveal that our SAS module suc-
cessfully removes these scattered, incorrect voxel predictions along the boundary
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Fig. 3. The qualitative results of liver Couinaud segmentation on the MSD8 dataset.
In the comparisons, we use different colors to denote eight Couinaud segments.

lines. This dramatically smooths the topological artifacts, yielding inter-segment
demarcations that inherently respect the underlying vascular flow territories.

Table 3. Ablation study of the VESPA module and Ltopo constraint for liver vessel
segmentation on the MSD and LiVS datasets.

MSD Dataset LiVS Dataset
Dicet VOE] ASSD] HD95] Dicet VOE] ASSD| HD95]
73.12 41.81 2.89 2.17 82.78 29.11 0.74 3.89

VESPA  Lropo

v 73.85 40.79 2.67 1.83 83.46 28.11 0.68 3.84
v 74.43  40.14 2.22 1.24  83.01 28.67 0.73 3.70
v v 74.97 39.52 1.68 1.13 83.48 28.03 0.67 3.54

3.3 Ablation Study

To evaluate the effects of the VESPA module and Topoloss constraints, we
perform an ablation study of liver vessel segmentation, as shown in Tab. 3.
The model using only the baseline achieves the lowest performance, highlighting
the need for both local vascular feature refinement and global structural con-
straints. After adding VESPA, we obtain notable improvements, increasing the
Dice score by +0.73% and reducing ASSD from 2.89 to 2.67. When both VESPA
and TopoLoss are combined, the model achieves the best overall performance,
with a Dice score of 74.97%, the lowest VOE (39.52%), as well as improvements
in both ASSD and HD95 metrics. These results show that the combination of
VESPA and TopoLoss leads to enhanced vessel anatomy predictions.
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4 Conclusion

In this work, we present a vascular feature-driven framework that synergistically
learns liver vessel and Couinaud segmentations. Using both 2D and 3D medi-
cal data, our framework consists of TriDConv, VAST, SAS modules, enhancing
anatomical consistency for accurate liver vessel and Couinaud segmentations.
By effectively modeling the intricate geometry of liver vessels, our framework
enables more precise delineation of both vascular structures and Couinaud seg-
ments. More importantly, we demonstrate that the synergy between liver ves-
sel and Couinaud segmentations ensures reliable and clinically meaningful con-
text, supporting future integration into real-world surgical planning and guid-
ance workflows. Since current framework has not been explicitly evaluated under
pathological variations, e.g., tumors distorting normal liver anatomy, our future
work will focus on enhancing domain generalization abilities and pathological
robustness.
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