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Abstract. Accurate segmentation of tubular structures, such as vas-
cular networks, plays a critical role in various medical domains. A re-
maining significant challenge in this task is structural fragmentation,
which can adversely impact downstream applications. Existing methods
primarily focus on designing various loss functions to constrain global
topological structures. However, they often overlook local discontinuity
regions, leading to suboptimal segmentation results. To overcome this
limitation, we propose a novel Global-to-Local Connectivity Preserva-
tion (GLCP) framework that can simultaneously perceive global and
local structural characteristics of tubular networks. Specifically, we pro-
pose an Interactive Multi-head Segmentation (IMS) module to jointly
learn global segmentation, skeleton maps, and local discontinuity maps,
respectively. This enables our model to explicitly target local disconti-
nuity regions while maintaining global topological integrity. In addition,
we design a lightweight Dual-Attention-based Refinement (DAR) mod-
ule to further improve segmentation quality by refining the resulting
segmentation maps. Extensive experiments on both 2D and 3D datasets
demonstrate that our GLCP achieves superior accuracy and continuity
in tubular structure segmentation compared to several state-of-the-art
approaches. The source codes will be available at https://github.com/
FeixiangZhou/GLCP.

Keywords: Tubular structure segmentation - Vascular segmentation -
Connectivity preservation.

1 Introduction

The precise segmentation of thin tubular structures, such as blood vessels, is a
fundamental step for many downstream tasks, including disease diagnosis [16],
surgical planning [I] and computational biology [8]. However, segmenting tubular
structures is challenging due to their elongated, thin shapes, branching patterns,
as well as imaging imperfections such as poor contrast.
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Fig. 1. Illustration of motivation. In most existing methods, structural fragmentation
(red boxes) commonly occurs in predicted masks, manifesting as redundant endpoints
(indicated by blue arrows). We propose to directly focus on these regions during training
by adaptively learning discontinuity maps, allowing the model to better capture local

structural characteristics for connectivity enhancement. For clear visualization, we use
the max intensity projection maps of the 3D ground truth (GT) and prediction.

Existing deep learning segmentation methods can be grouped as model-based,
feature-based, and loss-based segmentation approaches. Model-based methods
[BITEITRI26] focus on tailoring network architectures to align with the unique
characteristics of tubular structures. However, due to the inherent sparsity of
tubular structures in images, these methods often struggle to accurately cap-
ture and delineate them. Feature-based methods [I3I7I27/T7] aim to capture the
geometric and topological characteristics of tubular structures by incorporating
additional feature representations into the model, but their performance and ef-
ficiency may be compromised by redundant feature representations. Loss-based
methods [20TTI23|TIT4I28] develop different loss functions to strengthen the
topological connectivity of tubular structures, such as topological constraints
based on persistent homology [2I6] or skeleton-based formulations [20J19]. De-
spite these advances, current methods tend to focus on global topological con-
straints while neglecting the fine-grained, local characteristics of discontinuity-
prone areas. In [12], a topology violation map identifies topological errors in
local regions, but its effectiveness in 3D segmentation is uncertain. Additionally,
requiring an extra network to refine predictions increases its overall computa-
tional complexity. Recent work [7] has designed a multi-task paradigm to en-
hance global connectivity and boundary consistency. However, the interactions
between these tasks are limited, and their attention to discontinuities remains
insufficient. Therefore, how to identify and correct structural fragmentation, es-
pecially in regions prone to discontinuities, remains an open and challenging
problem.

In this paper, we proposed a GLCP framework tailored for both 2D and 3D
tasks. Instead of applying topological constraints to the predictions, we proposed
Interactive Multi-head Segmentation (IMS) that jointly learns global segmenta-
tion, skeleton maps, and local discontinuity maps by a multi-head end-to-end
architecture. Specifically, in addition to the segmentation task, we first designed
a novel discontinuity prediction task, where a discontinuity head is introduced
to predict discontinuity-prone local regions. Intuitively, the structural fragmen-
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tation in vascular segmentation results often manifests as redundant endpoints,
as shown in Fig. [I] This motivates us to detect these endpoints from the initial
predictions (i.e., segmentation maps) to identify potential discontinuity regions,
as shown in Fig. 2| thereby guiding the model to better focus on local struc-
tures by adaptively learning these discontinuities (i.e., discontinuity maps). We
also constructed a skeleton prediction task by adding a skeleton head to learn
global skeletal representation (i.e., skeleton maps) of foreground objects. In par-
ticular, we propose a self-supervised consistency loss to boost the interactions
between the main task and skeleton prediction task. Equipped with this multi-
head architecture and a shared backbone, our method can better capture global
and local structural characteristics of tubular structures, thus improving both
segmentation accuracy and topological continuity.

Apart from the IMS, we also introduced a lightweight Dual-Attention-based
Refinement (DAR) module to refine the segmentation results based on the initial
segmentation, discontinuity and skeleton maps. More specifically, the probability
maps derived from the skeleton and discontinuity maps are utilized as global
and local attention maps, guiding the model to refine critical regions, thereby
improving the overall segmentation quality.

Our contributions are as follows: 1) We propose an IMS strategy to enhance
the model’s capability to simultaneously perceive global and local structural
characteristics of tubular networks, leading to better connectivity. 2) We design
a DAR module to refine segmentation results by integrating global and local
attention mechanisms based on skeleton and discontinuity maps. 3) Extensive
experiments on both 2D and 3D datasets demonstrate that our approach outper-
forms existing methods in terms of both segmentation accuracy and topological
continuity.

2 Methodology

An overview of the proposed method is illustrated in Fig. [2l Three interactive
heads (i.e., Hy, Hq and H,) are designed to jointly learn segmentation, dis-
continuity and skeleton maps (i.e., ﬁ‘g, Fy and FS), allowing our model to pay
attention to both global and local structures (Sec. . Besides, discontinuity
and skeleton attention maps extracted from the corresponding predictions are
utilized to further refine the segmentation results (Sec. [2.2)).

2.1 Interactive Multi-head Segmentation (IMS)

As aforementioned, existing methods lack the ability to perceive local disconti-
nuity regions. To address this limitation, we propose a novel auxiliary task to
predict potential discontinuity regions, which enhances the model’s awareness of
the discontinuities and the robustness of segmentation results.

Specifically, a new discontinuity head Hy is integrated into the backbone to
produce the discontinuity maps Fy. However, to enable adaptive learning, the
corresponding GT should be carefully constructed. Therefore, we propose an
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Fig. 2. An overview of the proposed GLCP. Left) The input patch is first fed into
an encoder-decoder backbone to extract image representations. Next, an IMS module
uses the encoded representations as input to produce segmentation, discontinuity and
skeleton maps, based on which we design a DAR module to integrate global skeleton
attention with local discontinuity attention for refining segmentation results. Right) In
EDM, endpoints indicating potential discontinuities are identified and used to form the
ground-truth discontinuity masks. Note that SE and EDM are only used for training.

endpoint-guided discontinuity mining strategy to generate ground-truth discon-
tinuity masks. In more detail, we first extract skeletons (Fs and S’g) from the cor-
responding ground truth F,; and predicted segmentation masks Fg, respectively
by skeleton extraction algorithms [20022]. Given S’g and Fy, we aim to identify
potential structural fragmentation by detecting and analyzing their endpoints.
In this way, we first detect all endpoints in S’g and Fy through a convolution
operation with a fixed kernel, resulting in the sets Pg = {p1,p2,...,Dm} and
P, = {p1,pa2,...,pn}, respectively, where M and N are the number of endpoints.
To identify potential discontinuity regions, we then propose a dynamic endpoint
selection strategy, which calculates distances between the endpoints in ]Sg and
Py, and adaptively selects discontinuity points based on statistical thresholds.
Formally, for each p; € Pg, we calculate the shortest Euclidean distance to all
the points in Py:

di = min |[p: = pjll2, (1)
where d; represents the shortest distance from p; to F,;. Then the distances for
all endpoints in Pg form the set ﬁg = {dAl,dAg, ey ciM}

To adaptively determine discontinuity points, we define a dynamic threshold
# based on the mean and standard deviation of D,. Any point p; € P, with
d; > 7 is then identified as a potential discontinuity point, forming a subset:

ﬁg ={p; € Pg | d; > ThT= mean(ﬁg) + std(ﬁg) (2)
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where mean(-) and std(-) represent the mean and standard deviation, respec-
tively. Typically, the selected ﬁg includes endpoints that do not exist in the GT
but are introduced in the prediction due to discontinuities. However, endpoints
present in the GT may also be lost in the prediction. Considering these regions,
we also select critical positions from the GT to supplement Pg. Similarly, we can
obtain the set Pg of discontinuity points from P, using Eqs. and . The two
sets of discontinuity points are then merged into a unified set P = P, U Fg. To
further refine the selection of discontinuity points, we apply DBSCAN clustering
[10] to P’ to obtain a new set P, which groups nearby points within a distance,
effectively reducing redundancy caused by closely spaced discontinuity points.
We randomly select one point from these neighboring points during the training
to balance the training data and prevent over-representation of densely clustered
discontinuity regions.

Directly predicting sparse and isolated discontinuity points is challenging due
to their irregular distribution. Instead, we construct ground-truth discontinuity
masks by expanding the identified discontinuity points to their local neighbour-
hoods. For each discontinuity point p; € P, we define a cube window R; of size
W, X Wy X Wy, centered on p;, which is expressed as:

Ri={(z,y,2) | |[v —pf| S ws/2,ly — p!| S wy/2, |y —pi| <w./2}  (3)

where p?, p/ and p? are the coordinates of p;. Each pixel within this region is
assigned with a value of 1, indicating the discontinuity area. The final ground-
truth discontinuity mask F' is obtained by taking the union of all such regions,
denoted as F; = Upiep R;.

Inspired by [7], we also incorporate a skeleton prediction task to complement
the discontinuity prediction task. Unlike [7] using an additional decoder, we de-
sign a skeleton head H; to predict skeleton maps FS, with the corresponding GT
denoted as F. Additionally, we impose self-supervised consistency constraints
between global skeletons from this task and the main objective, respectively,
to promote their interaction, thus allowing for more accurate and consistent
predictions. The consistency loss L., can be defined as:

Leon = KL (0(Fy) ®@ S, 9(Fy)) + KL (Fy, (0 (Fy) ® S,)) (4)

where o(-) represents softmax activation function, 1(-) denotes a function that
truncates the gradient of input, and K L(-) is the Kullback-Leibler divergence
loss. The proposed consistency loss encourages the two tasks to focus on the
same global topological structure by aligning the probability distributions of
the skeletons, which promotes stronger inter-task interaction. The use of the
gradient truncation function v (-) stabilizes the training process by preventing
direct interference between the two tasks while still maintaining consistency.

2.2 Dual-Attention-based Refinement (DAR)

The proposed IMS encourage the model to better capture global and local struc-
tural properties by jointly learning segmentation (e.g., F}), skeleton (i.e., F) and
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discontinuity maps (e.g., F;). To further improve the segmentation quality, a
DAR module is proposed to refine the initial prediction results, e.g., E, y- Consid-
ering the global connectivity and local fragmentation indicated by the skeleton
and discontinuity maps, we explicitly construct global and local attention maps
to guide the refinement process. Hence, the refined segmentation maps FT are
formulated as:

By = Ho(o(F) © Ho(Fy) + o(Ey) @ Ho(E,) + H,(F,)) (5)

where o(+) is used to yield skeleton and discontinuity attention maps. H,.(-) and
H.(-) denote convolution operations with the kernel size of 1, where H,.(-) maps
Fg to a higher-dimensional space, and H,(-) generates the final prediction results.

By integrating the DAR with IMS, the overall loss function is calculated as:

Ctotal = Eims + Oéﬁcon + Bﬁdar (6)

where o and (3 are weight factors. L;,,s represents the sum of the losses of the
segmentation (Lseq), discontinuity(Lag:s) and skeleton (Lgke) predictions. Lgqr
denotes the refinement loss. We use cross-entropy (CE) loss for Lgq,, while L.,
Lais and Ly, follow the default loss functions in nnUNet [9].

3 Experiments

3.1 Datasets and Evaluation Metrics

We evaluate our proposed method on three benchmark datasets. The STARE
dataset [B] is used for 2D retinal vessel segmentation, containing 10 images for
training and 10 for testing. The CCA dataset [25] provides 20 CTA images
depicting coronary artery disease, with 16 for training and 4 for testing. The
MICCAT 2023 TopCoW Challenge dataset [24] consists of 90 brain CTA cases,
with 72 for training and 18 for testing. Both binary and multi-class settings on
TopCoW are employed in this work. We report the volumetric scores (Dice and
cIDice [20]), topology errors (Betti Error [6] 8 for the sum of Betti Numbers G
and 1) and distance errors (Hausdorff Distance (HD) [21]).

3.2 Implementation Details

Similar to [19], nnUNet V2 is selected as our baseline. The proposed GLCP can
be seamlessly integrated with the baseline by adding only four lightweight con-
volution layers (Hy, Hs, H, and H.) at the end, without introducing significant
modifications. R; is set to one-eighth of the input patch size, and both « and
B are set to 0.5. For other training and optimization settings, we follow the de-
fault configurations of nnUNet for each dataset. In the skeleton prediction task
of the multi-class setting, all classes except the background are treated as the
foreground object to extract the overall skeleton.
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Table 1. Comparison with the state-of-the-art methods on the STARE, ToPCoW-
binary and CCA datasets. * means training with default CE and Dice loss. MD means
multi-decoder configuration [7] consisting of skeleton and edge prediction tasks.

‘ STARE ‘ ToPCoW-binary ‘ CCA
‘DiceT clDicet Bl HDHDiceT clDicet Bl HDHDiceT clDicet g] HDJ

nnUNet* [9] 82.92 86.25 4.60 6.94|90.43 9541 194 1.68|86.73 87.53 35.75 21.30
+clDice [20] 83.30 86.99 3.90 5.30]90.63 95.57 1.72 1.63 |87.57 88.19 19.50 19.27
tcbDice [I9] |83.05 86.34 4.50 5.17[90.41 95.44 1.67 1.65|86.74 87.62 17.25 26.53
+ ske-recall [I1] | 83.39 87.11 3.70 5.06 | 91.02 95.44 1.56 1.58|87.84 89.50 15.00 16.42
+ Ours (GLCP) |83.67 87.44 3.00 4.64|91.34 95.58 1.17 1.60 [87.94 90.55 10.50 14.03

+ MD [7] 83.26 87.02 4.10 5.2890.84 9543 1.61 1.61|87.32 88.01 25.75 16.69
+ Ours (IMS) (83.58 87.42 3.20 4.74|91.24 95.52 1.39 1.53(88.09 89.95 12.25 14.26

SwinUNETR* [4]| 82.16 86.12 5.10 7.21|90.15 95.42 2.00 1.84|85.44 86.45 44.25 26.34
+ Ours (GLCP) |83.25 86.96 3.60 4.96|91.27 95.52 1.24 1.64(87.12 89.63 17.50 20.25

Method

Table 2. Comparison with the state- Table 3. Ablation study of components.
of-the-art methods on ToPCoW-multi.

Dataset |Ske Dis Self DAR|Dice? clDicef 3| HDJ|

Method ‘DiceT clDicet 5/ HDJ| 82,92 86.25 4.60 6.94
v 83.16 86.31 4.40 6.22

mnUNet* [0] | 71.15 86.84 0.57 3.21 v @151 8679 410 4
\ 5 . 10 4.89
+clDice [20] |71.41 88.62 0.50 3.02 STARE | 8345 87.08 3.60 5.62
+cbDice [19] 71.55 88.49 0.48 3.14 v v 83.58 87.42 3.20 4.74
f- ske-recall [II] | 72.26 88.63 0.49 2.70 v Vv v Vv |83.67 87.44 3.00 4.64
+ Ours (GLCP) |74.22 89.15 0.39 2.64 115 8681 057 321
+ MD [7] 72.12 88.83 0.51 2.82 v 71.59 8850 0.54 3.52
+ Ours (IMS) |73.33 89.03 0.41 2.79 ToPCoW v 72.38  88.78 0.49 2.82
' . multi | v 73.26 89.57 0.43 2.85
SwinUNETR* []| 70.12  86.13 0.63 3.30 v v 73.33  89.03 0.41 2.79
+ Ours (GLCP) |72.45 88.54 0.44 2.84 v v v v |74.22 89.15 0.39 2.64

3.3 Comparison Results and Ablation Study

Table [I] presents the quantitative results of our method compared to five other
SOTA loss functions. We use the default loss weights provided in their pub-
licly available codes to implement these methods. For binary segmentation tasks
on STARE, ToP-CoW and CCA, our proposed GLCP (IMS+DAR) achieves
improvement in terms of Dice and clDice scores, compared to the closest com-
petitors. Meanwhile, from a topological perspective, our GLCP demonstrates
superior topological continuity, achieving the lowest § errors of 3.00, 1.17, and
10.50, respectively. These results highlight the ability of our method to effectively
capture both global and local structural characteristics of 2D and 3D tubular net-
works, delivering more accurate segmentation performance and ensuring a more
continuous topology. In addition, our method achieves competitive results in the
quality of boundary extraction, attaining the lowest HD on both the STARE
and CCA datasets. We also compare our IMS with a similar multi-task learning
framework proposed in [7]. For a fair comparison, we re-implement the multi-
decoder (MD) prediction network from [7] based on the nnUNet framework. The
results demonstrate that our IMS significantly outperforms MD across all met-
rics. In addition to binary segmentation tasks, we also evaluated our method on
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Fig. 3. Qualitative results on the STARE, ToPCoW-binary, CCA and ToPCoW-multi
datasets (listed from top to bottom). Blue, green, and red arrows indicate regions
of false negatives, false positives, and misclassifications, respectively, highlighting the
challenges in segmentation and the improvements achieved by our method.

multi-class segmentation tasks, as shown in Table [2| Our GLCP achieves the
best Dice of 74.22% and clDice of 89.15% among all the methods in comparison,
representing improvements of 3.07% and 2.31% over the baseline, respectively.
In terms of topology and distance errors, our method also outperforms these ap-
proaches, demonstrating superior topological continuity and boundary accuracy.
Finally, to validate the generalizability of our method, we apply GLCP to the
transformer-based SwinUNETR [4], as shown in the last two rows of Tables
and [2] demonstrating its effectiveness across different architectures.

To better illustrate the effectiveness of our method, we showcase several qual-
itative results on both 2D and 3D examples in Fig. [3] The results demonstrate
that our method is more effective than other approaches in eliminating topology
errors and misclassifications when compared to the ground truth.

Table 3 summarizes the ablation study results on the STARE and ToPCoW-
multi datasets, highlighting the effectiveness of each proposed component. Specif-
ically, we can observe that the discontinuity prediction task (Dis) plays a more
important role in correcting topology errors than the skeleton prediction task
(Ske) and combining them can gain further improvement. Besides, incorporating
the self-supervised (self) consistency constraints loss achieves slight improve-
ments across nearly all the metrics. This can be attributed to the ability of
this loss to enhance inter-task interactions by boosting the alignment between
the skeletons from the main task and the skeleton prediction task. Finally, the
DAR module contributes to further improvements by refining the segmentation
maps based on the proposed dual-attention mechanism, achieving the best per-
formance across Dice, 8 error and HD.
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4 Conclusions

In this paper, we proposed a novel GLCP framework to address the challenge of
structural fragmentation in tubular structure segmentation, particularly for vas-
cular networks. We introduced IMS to jointly perceive global topological struc-
tures and local discontinuity regions, ensuring improved segmentation accuracy
and continuity. Additionally, DAR is proposed to refine segmentation quality
through the dual-attention mechanism. Extensive experiments on 2D and 3D
datasets demonstrate that our method achieves state-of-the-art performance.
Future research will explore the generalizability of our approach across addi-
tional segmentation networks and validate its effectiveness on larger and more
complex vascular datasets.
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