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Abstract

Accurate segmentation of intracranial aneurysm and their parent vessels (IA-Vessel) from
magnetic resonance angiography is a critical prerequisite for computational fluid dynamics-
based rupture risk assessment. While deep learning methods can automate this laborious
task, they are hindered by the high cost and scarcity of expert annotations. Most exist-
ing semi-supervised methods focus on enforcing regional constraints while largely ignoring
topological constraints, which is insensitive to subtle but critical errors like vessel adhe-
sion or surface irregularities, which are often unsuitable for downstream applications. To
address this gap, we introduce topological-aware regularization (TAR) for by incorporat-
ing the learning of local vascular topology to ensure the precise and geometrically correct
segmentation of the IA-Vessel complex using only a small amount of labeled data. Experi-
mental results on a multi-center MRA dataset show that our framework efficiently utilizes
unlabeled data and outperforms state-of-the-art semi-supervised segmentation methods.
Instead of being restricted to a fixed framework, TAR is a plug-and-play strategy that can
be seamlessly integrated into various semi-supervised frameworks to further boost their
performance. The code and model weights will be made publicly available after the paper
is accepted.
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1. Introduction

Intracranial aneurysm (IA) is a pathological dilation of blood vessels, primarily occurring
at arterial bifurcations (Schievink, 1997). Although often initially asymptomatic, IAs can
enlarge and rupture, leading to severe morbidity and mortality (Cebral et al., 2005). The
accurate assessment of rupture risk is therefore essential for clinical intervention (Etminan
and Rinkel, 2016). Computational Fluid Dynamics (CFD) offers key biomechanical insights
for this assessment by quantifying hemodynamic parameters and has been widely applied
in biomedical research (Li et al., 2025; Morris et al., 2016; Wang et al., 2025).

Magnetic resonance angiography (MRA) serves as a high-resolution, non-invasive imag-
ing modality for visualizing the detailed anatomical features of aneurysms (Pierot et al.,
2013). An accurate segmentation of the intracranial aneurysm and parent vessels (IA-
Vessel) from these images is a critical step for performing CFD analysis (Patel et al.,
2023). As manual segmentation remains a labor-intensive and time-consuming procedure
for radiologists, developing automated methods is highly desirable. Deep learning has
emerged as a state-of-the-art approach, achieving results, though its development depends
on the availability of large amount of annotated data (Antonelli et al., 2022; Ma et al.,
2022; Qu et al., 2023). However, acquiring extensively annotated medical datasets is chal-
lenging because the process requires domain expertise and is consequently expensive and
resource-intensive (Tajbakhsh et al., 2020; Shi et al., 2024). Given the abundance of unla-
beled data, semi-supervised learning presents an attractive solution by leveraging a limited
set of labeled data (Jiao et al., 2023).

Existing semi-supervised medical image segmentation approaches can be broadly cat-
egorized into pseudo labeling and unsupervised regularization. Pseudo labeling methods
focus on generating pseudo labels for unlabeled data using either pre-trained models or
dynamically updated networks, and then treating these predictions as weak annotations
for further training (Thompson et al., 2022; Yao et al., 2022). To mitigate the noise intro-
duced by incorrect pseudo labels, various quality-control mechanisms have been developed
(Li et al., 2020; Lu et al., 2023). Unsupervised regularization avoids explicit pseudo-label
generation and instead leverages unlabeled data by enforcing invariance constraints to learn
robust representations (Zhang et al., 2023; Luo et al., 2022). A representative technique
within this category is consistency learning, which encourages stable predictions under dif-
ferent perturbations of the same input, as exemplified by the Mean Teacher framework
(Tarvainen and Valpola, 2017) and its variants (Yu et al., 2019; Shi et al., 2023; Assefa
et al., 2025). Several recent methods also explore leveraging ptr-trained foundation models
like SAM (Zhang et al., 2024a) to enhance the stability of semi-supervised learning with
limited annotation (Zhang et al., 2024b, 2025). Nevertheless, a crucial limitation persists
as most existing models are evaluated on region overlap-based metrics, which is insensitive
to geometric topological abnormalities such as vessel adhesion and surface irregularities.
This often results in segmentation outcomes that, despite high Dice scores, are unsuitable
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for downstream CFD application due to mesh generation failure or flow field distortion
(Xiao et al., 2025).

To overcome these challenges, we introduce topological-aware regularization (TAR) for
semi-supervised intracranial aneurysm vessel segmentation. By incorporating the learning
of local vascular topology, our method ensures the precise segmentation of the IA-Vessel
complex using a small amount of labeled data. Experimental results on a large-scale multi-
center MRA dataset show that our framework efficiently utilize unlabeled data and out-
perform state-of-the-art semi-supervised segmentation methods with better performance.
Notably, instead of being restricted to a fixed framework, TAR is a plug-and-play strategy
that can be seamlessly integrated into various semi-supervised frameworks to further boost
their performance by moving beyond improving segmentation accuracy alone to guarantee
the topological integrity of the output.

2. Method

2.1. Task Definition

To ease the description of methodology, we can define the task of semi-supervised medical
image segmentation as follows. Given a training dataset D, it is split into a labeled set
with M cases, denoted as DL = {xli, yi}Mi=1, and an unlabeled set with N cases, denoted
as DU = {xui }Ni=1. Here, x

l and xu represent the input images, and yi is the corresponding
ground-truth segmentation for the labeled data. The model is required to utilize both DL

and DU during the training phase, enabling the network to produce segmentation results
for new images during inference that are comparable to those of an optimal model trained
on a fully labeled dataset.

To accomplish this, semi-supervised learning is typically designed as a two-fold task.
First, a supervised loss is applied to the labeled set DL similar to fully-supervised meth-
ods to ensure the network effectively learns features from the available labels. Second, an
unsupervised regularization term is introduced for the unlabeled set DU . For example,
consistency regularization aims to penalize differences in predictions for the same input
under various perturbations. By doing so, it forces the network to maintain stable pre-
dictions against disturbances in the input space, which in turn smoothly propagates label
information from labeled to unlabeled regions.

2.2. Semi-Supervised Backbone

The Mean Teacher framework (Tarvainen and Valpola, 2017) is widely used in semi-
supervised image segmentation. It consists of a student model and a teacher model, which
share an identical structure but employ different parameter update strategies. During
training, labeled data is fed into the student model, and a supervised loss is calculated
between its output and the ground-truth labels. In contrast, the teacher model is updated
by taking an Exponential Moving Average (EMA) of the student model’s weights during
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the training stage as follows.

θt = µθt + (1− µ)θs (1)

where θt and θs are the parameters of the teacher model and the student model, and µ is
a momentum coefficient. This process makes the teacher model a more robust and reliable
source of pseudo-labels, as it averages out the rapid fluctuations of the student’s training
process. This approach allows the teacher model to provide a more stable and progressively
refined target distribution throughout the training process. For unlabeled data, it is passed
through different augmentations or perturbations and then fed into both the Teacher and
student models separately. This process yields two sets of prediction probability maps,
and a consistency loss is calculated between them to facilitate learning from the unlabeled
data.

Building upon the teacher-student architecture, more recent semi-supervised approaches
like DyCon (Assefa et al., 2025) introduces additional Uncertainty-aware Consistency Loss
(UnCL) and the Focal Entropy-aware Contrastive Loss (FeCL). At a global scale, UnCL
integrates voxel-wise uncertainty directly into the consistency loss via an entropy-driven
dynamic weighting mechanism. While these general-propose semi-supervised methods have
demonstrated further advancements on many segmentation benchmarks, their success is
often measured on the segmentation of well-defined organs, causing them to overlook the
critical topological structures required for more complex tasks like IA-Vessel segmentation.
This issue is compounded because most existing models are evaluated on region overlap-
based regularization. This metric is insensitive to geometric and topological abnormalities
such as vessel adhesion and surface irregularities. Consequently, this often results in seg-
mentation outcomes that are unsuitable for downstream applications due to subsequent
mesh generation failures or flow field distortions.

2.3. Topological-Aware Regularization

Vascular networks are fundamentally tubular structures with complex topological proper-
ties, where connectivity and branching patterns represent their core anatomical features.
However, existing semi-supervised segmentation methods primarily leverage unlabeled data
through pixel-level or feature-level consistency, often neglecting this complex structural
information. To address this challenge, we propose a plug-and-play topology-aware regu-
larization loss, denoted as LTopo, to enhance the model’s awareness of structural integrity.
The LTopo is composed of a weighted sum of two complementary loss functions to optimize
the vessel’s topological structure from the perspectives of centerline matching with LclDice

and skeleton integrity LSkel as follows:

LTopo = λ1

(
−

2
∑

i T (pi)T (gi)∑
i T (pi) +

∑
i T (gi)

)
︸ ︷︷ ︸

LclDice

+λ2

(
−
∑

i piS(gi)∑
i gi

)
︸ ︷︷ ︸

LSkel

(2)
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Figure 1: Overview of our proposed Topological-Aware Regularization framework for semi-
supervised intracranial aneurysm vessel segmentation framework. For labeled
data, a standard supervised segmentation loss (Lsup) is applied to the student
model’s predictions. For unlabeled data, the teacher model’s outputs are used
as pseudo-labels to compute both the standard consistency loss (LMSE) and the
topology-aware regularization loss (LTopo) that we propose. The figure also de-
tails our differentiable soft skeletonization algorithm, which approximates mor-
phological erosion and dilation operations through a series of min-pooling and
max-pooling operations. The LTopo loss incorporates LclDice and LSkel, which
jointly penalize topological discrepancies between the student model’s predic-
tions and the teacher-generated pseudo-labels.

where pi is the predicted probability at voxel i from the student model and gi is the pseudo-
label at voxel i from the teacher model. λ1, λ2 are weighting coefficients that balance the
relative importance of the two component losses. S(·) represents the soft-skeletonization
function, which takes a probability map and outputs a map highlighting the central skeleton
of the structure. T (·) calculates the centerline probability map as follows.
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T (pi) =

∑
i giS(pi)∑
i S(pi)

, T (gi) =

∑
i piS(gi)∑
i S(gi)

(3)

In semi-supervised framework, the binarized pseudo-labels g generated by the teacher
model are treated as masks to supervise the student model’s predictions p.

The original skeleton extraction algorithm is CPU-based (Kirchhoff et al., 2024). While
its performance is sufficient in fully-supervised settings, this approach becomes computa-
tionally prohibitive for semi-supervised tasks where the teacher’s pseudo-labels must be
generated in real-time. To overcome this limitation, we adopted the differentiable soft-
skeletonization as proposed in the clDice (Shit et al., 2021), to create a unified generation
process for the skeletons required by both regularization losses. This algorithm efficiently
approximates the vessel centerline skeleton on the GPU via a series of max-pooling and
min-pooling operations, while maintaining full differentiability. Consequently, this unified
design not only mitigates computational overhead but also ensures that both topologi-
cal constraints operate on a consistent structural representation, thereby enhancing the
model’s capacity for learning both vessel connectivity and structural integrity.

2.4. Overall Training Procedure

The overall training objective of our proposed framework is to minimize the weighted sum
of supervised segmentation loss Lsup, unsupervised regularization loss of semi-supervised
backbone Lunsup and our proposed topological-aware regularization LTopo as follows.

L = Lsup + Lunsup + LTopo (4)

3. Experiments

3.1. Datasets

We conduct extensive experiments on the Intracranial Aneurysm Vessel Segmentation
(IAVS) dataset (Xiao et al., 2025), which contains multi-center collection of 641 high-
resolution 3D MRA images. In total, 587 IAs and their corresponding parent vessels were
annotated and selected out to form patch volumes for training and validation of the serg-
mentation framework. The topological integrity of every vessel is guaranteed during the
annotation procedure, providing a gold standard for validating the topology-preserving ca-
pabilities of segmentation models. We randomly partitioned the dataset into 357 cases for
training, 99 cases for validation, and 66 cases for final testing evaluation. In our experi-
ments, we use 5%, 10% and 20% of the training set (17, 35, and 71 cases) as labeled data,
while the remaining cases served as unlabeled data, for which only the images were used
during training. We compared our method against a series state-of-the-art semi-supervised
segmentation methods. All methods were trained and evaluated under the identical labeled
data configuration to ensure a fair comparison.
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3.2. Implementation Details

All of our experiments are implemented in Python with PyTorch, using an NVIDIA A100
GPU. The backbone segmentation network for the specialist model is 3D U-NET (Çiçek
et al., 2016). We use the SGD optimizer with an initial learning rate of 0.01, a weight de-
cay of 1e-4 and a momentum of 0.9 to update the network parameters with the maximum
iteration number set to 10000. To quantitatively evaluate the performance of all methods,
we employed four standard metrics to assess segmentation accuracy from different perspec-
tives. Dice Similarity Coefficient (Dice) is used to measure the volumetric overlap between
the predicted segmentation and the ground truth. To quantify the discrepancy in vol-
ume, we use the Relative Absolute Volume Difference (RAVD). Furthermore, we evaluate
the surface-to-surface accuracy using the Average Surface Distance (ASD) and the 95th
percentile of the Hausdorff Distance (95HD). The ASD measures the average distance be-
tween the boundaries of the predicted and ground truth objects, while the 95HD provides
a more robust measure of the maximum surface distance by excluding the top 5% of outlier
distances. For both surface distance metrics, lower values indicate better performance.

3.3. Comparison Experiments

Table. 1 presents the performance of our method with comparison to other representative
semi-supervised frameworks (Hung et al., 2018; Chen et al., 2021; Wu et al., 2021; Xu
et al., 2023; Verma et al., 2022; Yu et al., 2019; Vu et al., 2019; Zhang et al., 2023; Wu
et al., 2024) using different numbers of labeled images. An important observation from
the results is the limited efficacy of several classic semi-supervised methods when applied
to vessel segmentation. Notably, several methods such as ADV and CPS perform even
worse than the Supervised Baseline trained with only the labeled data. This phenomenon
highlights a critical challenge that methods that rely purely on region-based consistency are
ill-suited for tasks where topological integrity is paramount. These conventional approaches
enforce consistency at the pixel or patch level, which can be counterproductive for vessel
networks and may penalize small valid gaps between different vessel segments. As a result,
they may introduce misleading supervisory signals that corrupt the learning process.

In contrast, building upon the vanilla mean teacher framework (Tarvainen and Valpola,
2017), utilizing TAR consistently enhances the performance in all annotation scenarios. To
further validate its impact on the leading edge of current research, we conduct experiments
on DyCON (Assefa et al., 2025), a recently proposed state-of-the-art semi-supervised frame-
work. As demonstrated in the table, the addition of TAR provides further performance
increase and establishes a new state-of-the-art, showcasing its power as a plug-and-play
module. This initial finding confirms that our topology-aware module provides a sub-
stantial and meaningful improvement to established semi-supervised methods. From the
visualization of segmentation results in Figure. 2 We can observe that our proposed method
generates more accurate predictions compared with other methods, which further demon-
strates the effectiveness of our proposed method.
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Table 1: Comparative experimental results between our proposed method and other semi-
supervised segmentation methods on IAVS dataset with 5%, 10% and 20% anno-
tation settings.

Method Annotation Dice [%] RAVD [%] ASD[voxel] 95HD[voxel]

Supervised Baseline 5% 66.03 39.83 1.79 37.70

ADV (BMVC’18) 5% 64.10 39.10 1.72 36.13

CPS (CVPR’21) 5% 64.37 45.97 1.63 28.70

RD (NeuriPS’21) 5% 65.70 38.48 1.69 32.82

ACMT (MedIA’23) 5% 64.72 47.31 1.74 36.83

ICT (NN’22) 5% 65.50 40.60 1.73 33.88

UAMT (MICCAI’19) 5% 66.15 39.91 1.67 3.54

EM (CVPR’19) 5% 65.02 39.92 1.71 33.96

UGMCL (AIIM’23) 5% 65.54 39.23 1.74 37.48

CML (ACMMM’24) 5% 63.85 39.96 1.87 15.77

MT (NeuriPS’17) 5% 66.14 39.32 1.76 34.80

MT + TAR 5% 67.99 42.05 1.69 38.92

DyCON (CVPR’25) 5% 67.40 40.26 1.56 20.85

Dycon + TAR 5% 70.77 33.34 1.48 23.55

Supervised Baseline 10% 66.64 41.02 3.10 16.70

ADV (BMVC’18) 10% 64.72 42.27 2.82 16.65

CPS (CVPR’21) 10% 65.96 40.36 3.28 17.83

RD (NeuriPS’21) 10% 66.44 36.38 2.93 17.17

ACMT (MedIA’23) 10% 67.13 38.52 3.20 16.51

ICT (NN’22) 10% 67.14 36.74 3.03 17.01

UAMT (MICCAI’19) 10% 67.57 37.83 2.85 17.53

EM (CVPR’19) 10% 67.62 39.69 3.32 16.38

UGMCL (AIIM’23) 10% 67.81 38.81 2.56 16.95

CML (ACMMM’24) 10% 68.99 17.94 2.03 15.70

MT (NeuriPS’17) 10% 67.10 40.36 3.12 16.75

MT + TAR 10% 70.07 33.83 3.71 15.55

DyCON (CVPR’25) 10% 68.23 38.68 2.18 16.32

Dycon + TAR 10% 74.26 28.54 2.42 13.20

Supervised Baseline 20% 72.72 34.72 1.54 32.99

ADV (BMVC’18) 20% 74.00 31.42 1.45 26.09

CPS (CVPR’21) 20% 74.85 31.63 1.51 33.22

RD (NeuriPS’21) 20% 74.65 30.10 1.38 32.23

ACMT (MedIA’23) 20% 73.73 30.90 1.54 31.88

ICT (NN’22) 20% 73.94 28.55 1.47 29.22

UAMT (MICCAI’19) 20% 74.21 30.98 1.46 31.57

EM (CVPR’19) 20% 73.18 34.99 1.42 27.72

UGMCL (AIIM’23) 20% 74.42 26.36 1.53 32.19

CML (ACMMM’24) 20% 74.14 30.03 1.36 32.66

MT (NeuriPS’17) 20% 74.68 28.08 1.45 31.49

MT + TAR 20% 75.21 27.33 1.39 29.36

DyCON (CVPR’25) 20% 74.20 27.69 1.32 16.83

Dycon + TAR 20% 76.81 22.50 1.22 22.09

Supervised Upperbound 100% 79.00 24.07 2.47 11.95
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Table 2: Ablation experiments of different components of topological-aware regularization
on Dycon semi-supervised segmentation framework using 10% labeled data.

Method Dice [%] RAVD [%] ASD[voxel] 95HD[voxel] Iteration time[s]

Baseline w/o TAR 68.23 38.68 2.18 16.32 0.37

BettiMatching 61.47 46.07 2.25 19.06 9.20
clDice 69.39 34.95 2.11 15.84 0.51
Skel 71.75 32.34 2.25 14.03 1.09
cl-Skel 73.73 28.61 2.57 12.70 0.40
clDice+BettiMatching 65.00 49.61 2.37 17.50 9.30
clDice+Skel 72.77 31.45 2.21 13.88 1.26
clDice+cl-Skel (Ours) 74.26 28.54 2.42 13.20 0.79

Figure 2: Visual comparison of the intracranial aneurysm vessel results of our proposed
method with comparison to fully supervised baseline and other state-of-the-art
semi-supervised methods.

9



Xiao Zhang Li Zhou Jiang Guo Han Li Zhu Cheng

3.4. Ablation analysis

To validate the contribution of each component within TAR and demonstrate the critical
impact of our efficient implementation, we conducted a thorough ablation analysis with
comparison to other topological-aware regularization strategies (Stucki et al., 2024) in Ta-
ble. 2. The results validate that our selection of utilizing both the clDice loss and the
Skeleton loss (Skel) achieves the best performance on most metrics including Dice and
RAVD. However, the original CPU-based skeletonization (Skel) introduces a severe com-
putational bottleneck, more than doubling the iteration time. The proposed regularization,
leveraging the differentiable soft-skeleton algorithm from clDice (cl-Skel), concurrently im-
proves segmentation accuracy and computational efficiency.

4. Conclusion and Discussion

In this study, we proposed and validated the core hypothesis that explicitly incorporating
topological structure priors is crucial for semi-supervised vessel segmentation, with exper-
imental results providing strong support. Our Topological-Aware Regularization (TAR),
a plug-and-play component, demonstrated significant performance improvements when in-
tegrated with different semi-supervised frameworks, proving its efficiency in guiding the
model to learn the intrinsic structure of vascular networks. Our findings reveal a key limi-
tation of current semi-supervised learning methods. As shown in the experiments, several
classic methods relying on region-based consistency perform even worse than the supervised
baseline trained solely on labeled data when handling complex vascular structures. This
indicates that for tasks with strong structural priors, blindly enforcing pixel/feature-level
consistency can generate misleading supervisory signals that impair learning. Our work
advocates for a paradigm shift from generic, task-agnostic consistency regularization to
semantic constraints integrated with specific anatomical priors.

Although our proposed method achieves significant improvements, it still has limita-
tions. Firstly, the effectiveness of TAR remains partially dependent on the quality of
pseudo-labels generated by the teacher model. When labeled data is scarce, incorrect
topological structures might be treated as supervisory signals, thus affecting the student
model’s learning. Besides, incorporating more complex topological descriptors into the
consistency learning framework could enable more comprehensive structural preservation
(Lux et al., 2024; Stucki et al., 2024). Finally, we will explore applying the TAR framework
to other medical image segmentation tasks involving tubular or network-like structures to
validate its generality and effectiveness (Yao et al., 2024; Tan et al., 2022; Sun et al., 2023;
Xue et al., 2020). As a preliminary exploration of integrating topological structure priors
into semi-supervised segmentation, our work lays a foundation and provides a new per-
spective for addressing complex anatomical segmentation tasks with limited labeled data.
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