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Abstract. Accurate representation of vascular structures is fundamen-
tal for a wide range of clinical applications and remains challenging
due to the slender geometry, complex branching topology, and long-
range continuity inherent to tree-like vasculature. Although structural
priors have been widely explored in vascular image analysis, existing
approaches typically integrate such priors implicitly or isotropically dur-
ing feature aggregation, limiting their ability to faithfully capture direc-
tional and structural dependencies along the vessels. In this study, we
propose a flexible, structure-guided feature aggregation paradigm that
explicitly incorporates anatomical structural cues into the feature aggre-
gation process for efficient vascular representation. The core idea is to
aggregate features along directionally guided paths that follow local vas-
cular structures, enabling consistent propagation of structural informa-
tion while maintaining computational efficiency. To avoid indiscriminate
prior enforcement, the proposed paradigm further introduces an adap-
tive mechanism that selectively injects structural guidance where repre-
sentation is most challenging. This aggregation paradigm is lightweight,
modular, and can be seamlessly integrated into multi-stage feature hi-
erarchies without altering the backbone architecture. Extensive exper-
iments on vascular imaging tasks show that our approach consistently
improves the quality of vascular representation. Our code is available at:
https://github.com/YaoleiQi/VSP.
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1 Introduction

The accurate and structurally faithful representation of vascular anatomy con-
stitutes a fundamental problem in medical image analysis [1,2]. Across a broad
spectrum of vascular imaging tasks, the central challenge lies in modeling a
highly organized tree-structured anatomical system while preserving its intrin-
sic continuity and topological properties [1]. Vascular networks are not merely
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Fig. 1. The figure illustrates (A) the task of structure-consistent vascular representa-
tion, (B) key challenges arising from thin geometry, complex morphology, and scale
variation, (C) the motivation that semantic features remain consistent along vascular
trajectories, and (D) the advantage of our method over kernel-based approaches by
enabling structure-aware feature propagation instead of isolated pixel-wise estimation.

collections of tubular pixels or voxels, but hierarchically connected and direction-
ally coherent structures whose quantitative analysis and clinical interpretation
critically depend on structural integrity. Therefore, reliable vascular modeling
requires not only local segmentation accuracy, but also anatomically consistent
representations that respect the organizational principles of the vascular tree.

Vascular representation is inherently challenging because the anatomical and
morphological properties of vascular systems impose stringent requirements on
structural preservation. As shown in Fig. 1 B, these challenges arise from three
factors. First, the extremely small vessel-to-background ratio and thin branch ge-
ometry produce weak discriminative cues and unstable feature responses, thereby
increasing the sensitivity to noise and local appearance variation. Second, the
complex tree-like morphology, characterized by tortuous trajectories and fre-
quent bifurcations, requires robust shape adaptation to preserve structural con-
tinuity and reduce ambiguity in branching regions. Third, substantial intra- and
inter-branch scale variation, from major trunks to distal microvasculature, com-
plicates consistent representation across hierarchical feature levels.

To mitigate these difficulties, existing studies generally follow two method-
ological directions. One direction focuses on improving vascular modeling by
redesigning operators or architectural components to capture tubular geome-
try and structural continuity [3,4,5,6]. The other line introduces topology- or
centerline-sensitive objectives to regularize predictions and discourage struc-
tural fragmentation during optimization [7]. Although these approaches have
achieved promising results in various settings, structural priors are often in-
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corporated through tailored operator or architectural designs or through addi-
tional objective-level regularization. In contrast, existing frameworks often lack a
backbone-agnostic feature-level mechanism that can explicitly and progressively
inject anatomical cues into hierarchical feature fusion while enabling selective
reinforcement according to local representational difficulty. Consequently, struc-
tural continuity and branching organization are still largely encoded implicitly in
intermediate representations, which may limit robustness in challenging regions.

Inspired by intrinsic structural coherence along vascular trajectories, it is
important to examine how such consistency can be reflected in intermediate
representations. The feature along the same vascular branch tends to remain se-
mantically aligned despite local intensity or texture variation. This suggests that
vascular modeling should preserve interactions along anatomical paths rather
than treat each spatial location as an independent estimation unit (Fig. 1 C).
Some structure-guided convolutional designs [3] incorporate such cues by adapt-
ing kernel shapes or sampling positions to align with tubular geometry. Although
they improve local shape adaptivity, they remain fundamentally kernel-based.
Specifically, the feature at a target location is computed from a finite set of
discretely sampled neighbors and aggregated in a local operation. Thus, each
sampled point contributes only pixel-level information, and aggregation is per-
formed independently at each spatial location (Fig. 1 D). Thus, structural infor-
mation is integrated in a localized one-step manner, without explicit accumula-
tion of long-range dependencies across hierarchical feature levels. This limitation
is particularly pronounced in branches and complex bifurcation regions, where
structural coherence extends beyond the range of discrete local sampling.

To address the limitations, we propose a flexible structure-guided feature ag-
gregation paradigm for vascular representation. The main contributions are sum-
marized as follows: 1) Structure-guided feature aggregation at the repre-
sentation level. We formulate vascular modeling as hierarchical representation
learning and introduce a structure-guided aggregation branch that explicitly
models interactions along anatomically consistent paths, enabling progressive
accumulation of structural dependencies beyond localized kernel-based estima-
tion. 2) Adaptive structural modulation. We design a dynamic modulation
mechanism that adjusts the strength of structural guidance according to regional
complexity, allowing efficient reinforcement in difficult vascular regions while
maintaining representational flexibility elsewhere. 3) Flexible architecture-
agnostic integration. The proposed aggregation paradigm is lightweight and
modular, allowing seamless integration into a variety of backbone architectures,
including convolutional, transformer-based, and state-space models, thus pro-
viding a general and efficient framework for vascular representation.

2 Methodology

2.1 Problem Formulation and Structural Aggregation Perspective

Let X € RCn»xHXW denote a 2D vascular image, or X € RCinxPXHXW denote
a 3D vascular volume. For clarity, we first present the 2D formulation on the dis-
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crete image domain 2 C R?, and then describe its 3D extension in Sec. 2.2. The
same residual aggregation principle is shared by both cases. A backbone network
produces hierarchical feature maps {F(l)}le, where [ € {1,--+, L} indexes the
network stage, F ¢ ROXHIXWi where () is the number of channels at stage
[, and H;, W; are the spatial resolutions at that stage. The segmentation head
predicts a vascular mask Y from these features, where Y € [0, 1]7*W,

Our objective is to improve the intermediate representation F® so that struc-
tural continuity and branching organization are encoded with greater robustness.
To this end, we introduce an auxiliary Vascular Structural Prior Branch (VSP-
Branch) that operates on a chosen feature map F (we omit the stage superscript
! when the context is clear). The branch generates a structure-aware residual
update AF € RE*HXW and a Difficulty Gate D € [0, 1]"*7*W that modulates
the spatial injection strength. The enhanced feature map is defined as follows:

Fout(p) = Fin(p) + D(p)AF (p), (1)

where p € §2 denotes a spatial location (pixel), Fy,(p) € R is the input feature
vector at p, Foui(p) € RC is the output feature vector and D(p) is a scalar gate
value shared across channels. This formulation keeps the backbone unchanged
and injects structural evidence through a dedicated fusion pathway. The gate
is learned only through the final segmentation objective and does not require
manually defined difficulty annotations.
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Fig. 2. Our method. The VSP-Branch includes two components: (A) path construc-
tion, which learns a structure-aligned sampling trajectory; and (B) path-based feature
sampling and fusion, which generates a structural update for feature enhancement. (C)
A difficulty gate adaptively modulates the injection strength in difficult regions. (D)
We illustrate integration into a CNN-based baseline (SegResNet), and the backbone
can be directly replaced with Transformer- or Mamba-based architectures.
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2.2 VSP-Branch: Path Construction and Differentiable Path Fusion

Given an input feature map F € RE*H*W the VSP-Branch constructs, for each
location p € 2, an ordered sequence of sampling points {pi}fi Bl that follows
regionally inferred vascular geometry. Here, P is the number of steps along the
path. The branch predicts three spatially varying quantities from F: direction,
step size, and turning angles, using lightweight convolutional predictors.

Direction. The branch predicts a direction vector d(p) = (d.(p), dy(p)) € R?.

To ensure stable geometry, it is normalized as follows: vo(p) = %,
[| - ||2 denotes the Euclidean norm, and ¢ is a small constant for stability.
Step size. The branch predicts a scalar step size s(p) € R4 and bounds it to
a finite interval by a sigmoid mapping: s(p) € [Smin, Smaz), Where Spmi, > 0 and
Smaz > Smin are implementation constants (in pixel units). Bounding the step
size prevents unstable long jumps during training.

Turning angles. To model curvature while maintaining a controlled path geom-
etry, the branch predicts incremental turning angles {Hi(p)}f:ll, each bounded
within [—0pmaz, Omaz], using a tanh-parameterized approach, where 0,4, > 0 (in
radians) corresponds to the maximum turning angle.

Starting from og(p) = 0 € R2, the branch recursively generates offsets
{0i(p)}25" in spatial coordinates. For each step i > 1, the direction is ro-
tated and the offset is advanced: v;(p) = R(6;(p))vi—1(p), 0:(p) = 0;—1(p) +
s(p)vi(p), where R(#) € R?*? is the standard 2D rotation matrix for angle 6.
The resulting sampling points are p; = p + 0;(p). This recursion produces a
curvature-limited path ideal for propagating information along trajectories.

We fuse evidence along the path by sampling the feature map at each point
using differentiable bilinear interpolation: F;(p) = Sample(F, p;), where F;(p) €
R is the sampled feature vector and Sample(-) denotes bilinear sampling.

The branch also predicts point-wise fusion weights a;(p) over steps and nor-
malizes them across ¢, so that Z‘f;}lai(p) = 1. In implementation, this is imple-
mented by a P-channel predictor followed by softmax normalization or sigmoid-
plus-renormalization. The path-aggregated feature is then:

where

Fpun(p) = XX ai(p)Fi(p). (2)

Finally, we map this aggregated evidence back to the feature space using a
1 x 1 mixing convolution M and scale it by a learnable scalar v € R initialized
with a small positive value for stable training: AF(p) = YM(Fpamn(p)). This
design implements structure-aligned fusion along a learned path while keeping
the modification lightweight and compatible with standard backbones.

Extension to 3D. For volumetric data, VSP-Branch follows the same step-
wise path evolution but uses directional vector updates instead of scalar turning-
angle increments, since a single angle is insufficient to describe 3D direction
changes. Specifically, for each voxel p € £2 C R?, the branch predicts an initial
direction vy (p) € R3, a bounded step size s(p), and per-step directional updates
5;(p) € R3. The sampling locations are p; = p + 0;(p). Features are sampled
using trilinear interpolation and fused with normalized step weights as in Eq.2.
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2.3 Difficulty Gate for Selective Structural Infusion

Since vascular complexity is spatially heterogeneous, applying the same struc-
tural infusion everywhere can be suboptimal and may over-bias easy regions.
We therefore use a Difficulty Gate to learn where the structure-guided residual
is useful. We therefore use a Difficulty Gate to modulate the residual update
spatially. Given the feature map F, the gate predicts: D(p) = o(G(F)(p)),
where G(-) is a lightweight convolutional predictor producing a scalar map,
G(F)(p) € R, and o(-) denotes the sigmoid function, ensuring D(p) € [0,1].
The final fusion at each location follows the residual definition in Sec. 2.1:
Fou:(p) = Fin(p) + D(p)AF(p). Importantly, D is not supervised by explicit
difficulty labels. It is optimized end-to-end through the segmentation loss, act-
ing as a utility-driven gate that increases the contribution of structural residuals
when they help improve the final prediction. As a consequence, the structural
branch can emphasize continuity cues more strongly in regions that are diffi-
cult to represent (e.g. thin distal branches or bifurcations) while preserving the
backbone feature in simpler regions, thereby avoiding unnecessary bias.

3 Experiments

Public datasets.To validate the effectiveness of the proposed method, we per-
formed experiments on four tasks: 2D coronary arteries (DCA1 [8]), 3D cere-
brovascular structures (COSTA [9]), 2D retinal vessels (ARTA [10], CHASEDBI1
[11], DRIVE [12], HRF [13], STARE [14] merged into a unified benchmark-
DeepRetina) and 3D renal vessels (KIPA [15]). These datasets span 2D and
3D imaging, different resolutions, and a wide range of structural complexities,
providing a large testbed to assess the effectiveness of our VSP-Branch as a
plug-and-play module across architectures.

Evaluation Metrics. To quantitatively evaluate the performance of differ-
ent models, several widely adopted metrics are used, including the Dice coeffi-
cient (Dice), Relative Dice (RDice [16]), CenterlineDice (clDice [7]), Accuracy
(ACC), Area Under the Curve (AUC) and Hausdorff Distance (HD).

Compared Methods. We compare our method against a large panel of
representative methods, covering both classical architectures and very recent
state-of-the-art models up to 2025. For clarity, the baselines are organized into 3
families: CNN-based models (U-Net [18], SegResNet [17], DSCNet[3], CMUNeXt
[20], MEGANet [21], and ResU-KAN [4]), ViT-based models (SwinUNETR [22],
CS2Net [19], SCUNet++ [23], MSLAU-Net [24], PA-Net [26], and CSWin-UNet
[25]), and Mamba-style sequence models (U-Mamba [27], Swin-UMamba [28],
CFM-UNet [29], MedVKAN [30], and H-vmunet [31]).

Quantitative evaluation. Tab. 1 summarizes the results. VSP-Branch con-
sistently improves accuracy across various backbone families, including CNN,
ViT and Mamba, showing that the gains stem from the proposed path-guided
structural fusion, not specific network architecture. For example, on DCA1, the
gains are clear even when starting from a strong Transformer baseline. For ex-
ample, when applied to Swin-UNETR, adding VSP-Branch improves Dice from
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Table 1. Results on COSTA, DCA1 (top), KIPA, and DeepRetina (bottom). Methods
are grouped by backbone type (CNN, ViT, and Mamba), where “(base)” denotes the
corresponding baseline backbone and “VSP-* (ours)” denotes the same backbone aug-
mented with the proposed VSP-Branch. Best and second-best results are highlighted.

Dataset COSTA DCA1
Type Method Volume (%) Distance Volume (%) Distance
Dice t RDice 1 clDice 1 ACCt AUC+ HD|  Dicet RDice? clDicet ACC+ AUCtT HD |
SegResNet [17] (base) 78.31 83.84 84.20 99.75  86.15 712 77.08 87.70 83.07 97.56  88.58 4.45
U-Net [18] 78.01 84.96 83.77 99.74  86.93 8.56 76.18 87.47 82.19 97.44  88.35 4.49
CS2-Net [19] 88.43 94.38 88.89 99.85  94.70 9.10 76.59 86.33 82.73 97.56  87.80 4.53
NN DSCNet [3] 87.79 91.55 88.08 99.86  92.33 10.40 77.24 87.88 83.13 97.56  88.72 4.61
CMUNeXt [20] 86.88 92.88 89.02 99.84  93.34 8.02 72.18 83.65 77.00 97.10  85.92 4.58
MEGANet [21] 74.70 82.59 76.37 99.70  85.30 15.30 76.23 87.71 82.63 97.43  88.59 4.49
ResU-KAN [4] 88.17 94.78  87.19 99.85  95.08 12.79 75.92 87.13 82.07 97.42  88.13 4.62
VSP-C (ours) 91.23 94.74 91.32 99.89 95.02 6.52 77.83 89.21 83.61 97.59 89.70 4.67
SwinUNETR [22] (base) 88.55 94.46 86.15 99.86  94.32 15.90 74.33 85.76 79.66 97.27  87.08 4.54
SCUNet++ [23] 71.62 82.73 74.13 99.65  85.35 16.44 74.79 87.03 80.01 97.26  88.06 4.59
ViT MSLAU-Net [24] 79.89 86.81 81.08 99.76  88.46 12.65 69.15 80.41 73.57 96.84  83.36 4.84
CSWin-UNet [25] 79.02 85.53 81.06 99.75  87.40 11.88 73.84 84.39 78.39 97.28  86.20 4.62
PA-Net [26] 88.41 94.04  88.87 99.86  94.38 9.54 75.23 86.99 81.12 97.34  88.06 4.62
VSP-V (ours) 89.12  94.11 88.35  99.87 94.46 10.00 76.05 87.55 81.52 97.42 88.42 4.56
U-Mamba [27] (base) 90.82 95.20 90.76 99.89  95.40 7.09 77.94 88.63 83.62 97.62 89.31 4.54
Swin-UMamba [28] 91.27 95.61 89.86 99.89  95.79 10.17 77.01 88.54 83.19 97.51 89.18 4.54
Mamba CFM-UNet [29] 85.29 89.53 84.96 99.83  90.68 13.00 69.76 83.45 75.44 96.76  85.38 4.71
MedVKAN [30] 74.45 83.52 76.27 99.65  86.49 18.55 76.28 87.02 82.22 97.47  88.13 4.52
H-vmunet [31] 85.97 9218 86.74 99.82  92.73 12.54 70.24 81.08 74.88 96.95  83.78 4.70
VSP-M (ours) 91.54 95.92 91.19 99.90 96.06 7.76 78.58 88.74 84.05 97.70 89.38 4.54
Dataset KIPA DeepRetina
Type Method Volume (%) Distance Volume (%) Distance
Dice t RDice ? clDice 4 ACCt AUC+ HD|  Dicet RDicet clDicet ACCT AUCt HD |
SegResNet [17] (base) 84.17 91.28 85.93 99.80  92.66 20.56 77.08 86.77 79.02 96.41 87.52 7.01
U-Net [18] 84.78 89.82 85.35 99.81 91.33 22.25 76.82 86.62 78.59 96.37  87.37 6.98
CS2-Net [19] 82.37  89.94 84.35 99.79  91.99 21.38 73.74 80.53 74.34 96.22  83.26 6.96
NN DSCNet [3] 86.86 92.26 88.13 99.84  93.51 12.40 77.34 86.42 79.05  96.50 87.33 6.94
CMUNeXt [20] 80.30 84.61 82.21 99.78  88.21 14.06 71.07 75.93 70.64 96.09  80.40 6.94
MEGANet [21] 84.56 89.30 85.60 99.82  90.83 10.87 74.64 82.94 75.52 96.21  84.79 6.97
ResU-KAN [4] 84.41 88.99 83.91 99.81  91.07 23.70 76.08 84.01 77.21 96.40  85.60 6.97
VSP-C (ours) 88.11 93.39 88.53 99.85 94.09 12.87 77.49 86.91 79.16 96.48 87.65 6.91
SwinUNETR [22] (base) 82.53  90.70 99.78  92.14 28.58 74.26 83.18 74.70 96.13  84.90 7.00
SCUNet++ [23] 59.50 65.67 99.56  75.68 36.92 75.18 84.90 76.56 96.18  86.13 7.00
ViT MSLAU-Net [24] 75.73 82.73 99.71  86.37 31.14 72.44 83.21 72.89 95.75  84.79 7.06
CSWin-UNet [25] 76.61 83.51 99.72  86.69 29.07 74.91 84.34 75.73 96.17  85.70 7.01
PA-Net [26] 84.06 89.49 99.81 91.15 15.04 71.10 77.76 71.51 95.94  81.38 6.99
VSP-V (ours) 84.62  90.62 99.81 92.44 22.21 75.85 85.26 76.94 96.29 86.43 6.96
U-Mamba [27] (base) 83.12 91.61 99.79  92.72 26.70 77.20 86.90 78.70 96.42 87.57 6.87
Swin-UMamba [28] 82.48 90.34 99.79  91.97 76.94 86.16 78.36 96.43  87.08 6.94
Mamba CFM-UNet [29] 79.12 89.48 99.73  91.03 .36 73.16 86.12 75.11 95.63  86.65 7.10
MedVKAN [30] 74.13 80.20 99.71  84.87 19.48 72.38 78.43 72.28 96.12  81.94 7.00
H-vmunet [31] 68.00 76.88 99.64  82.52 32.20 74.90 86.71 76.62 95.97  87.24 7.05
VSP-M (ours) 84.89 91.79 99.81 92.91 21.51 78.15 88.23 80.19 96.53 88.61 6.96

Table 2. Ablation study on DSA1. The impact of the Difficulty Gate (DG), the number
of path sampling steps, and the step-size range (Smin/mae) is evaluated.

Method DG Steps smin/mar Dice T RDice 1 clDice T DG Steps Smin/maz Dice T RDice 1 clDice 1
SegResNet [17] (base) — - - 77.08  87.70 83.07 - - - 77.08 87.70  83.07
VSP-C (ours) wfo T 1/5 77.56  88.83 83.18 w/ 9 1/5 77.31  88.69  83.23
VSP-C (ours) w/ 7 1/5 77.83 89.21 83.61 w/ 7 1/3 7747 88.84  83.43
VSP-C (ours) w/ 5 1/5 7741 90.62 8358 w/ 7 1/7 77.67  89.93  83.54
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74.33% to 76.05%. Notably, this improvement comes with negligible computa-
tional overhead: the parameter count increases only from 6.287M to 6.288M,
and FLOPs from 4.859G to 4.884G, demonstrating that VSP-Branch is a
lightweight plug-in rather than a heavy architectural redesign.

Image Label VSP-C SegResNet  pgeNet CMUNeXt MEGANet ResUKAN

_ I

“ SCUNet++ MSLAU-Net CSWin-UNet  PA-Net

i“ n-

Label VSP-M  U-Mamba CFM-UNet MedVKAN H-vmunet

Skeleton '|Gate Top 10% | Gate :i 10%

Fig. 3. Qualitative comparison on multi-dataset vascular segmentation

Ablation study. Tab. 2 presents an ablation study on DCA1 that examines
both the module design and key hyper-parameters of VSP-C, including the Dif-
ficulty Gate (DG), the number of path sampling steps, and the step-size range
(Smin/Smaz). The ablation results demonstrate VSP-C consistently improves
the baseline, with the Difficulty Gate further enhancing structural preservation
through selective reinforcement in challenging regions. Qualitative evalua-
tion. Fig. 3 shows how VSP-Branch improves vascular representation. Beyond
segmentation outputs, blue overlays visualize Difficulty Gate responses, which
place greater emphasis on structurally ambiguous regions. The gate consistently
focuses on bifurcation points and thin branches, where conventional models often
produce discontinuities. This selective modulation helps preserve fragile vessel
boundaries and maintain continuity across branching junctions, reducing broken
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segments in challenging regions. Meanwhile, purple traces show the learned path-
guided sampling trajectories used by VSP-Branch during training. These trajec-
tories align with the vascular direction and follow tubular structures, rather than
dispersing isotropically, indicating that VSP-Branch learns structure-consistent
paths for feature propagation.

4 Conclusion

In this work, we introduce VSP-Branch, a structure-guided feature aggrega-
tion method for vascular representation. By incorporating path-guided fusion,
VSP-Branch enables feature interactions that surpass local sampling. The "Dif-
ficulty Gate’ module adjusts the guidance by reinforcing challenging regions
and avoiding unnecessary enhancement elsewhere. Experiments on four datasets
show consistent improvements with minimal computational overhead, support-
ing structure-guided fusion as an efficient solution for vascular representation.
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