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Abstract. Accurate segmentation of thin, tortuous anatomical struc-
tures, such as retinal vessels, cerebral vasculature, and facial wrinkles,
remains challenging due to low contrast, frequent discontinuities, and
severe class imbalance. Although recent convolutional and Transformer-
based models have improved performance, they often yield fragmented
predictions and fail to recover fine branches. We propose CSWinUNETR,
a task-oriented 2D/3D backbone for thin-structure segmentation. It em-
ploys cross-shaped stripe self-attention to model long-range principal-
axis context and incorporates cyclic shifts to enhance information ex-
change across stripes. To better preserve fine-grained details, we further
introduce a detail-enhanced multi-scale self-attention module that aggre-
gates contextual features from multi-resolution representations. In addi-
tion, we propose sparse-control dynamic snake convolution, which recon-
structs reliable dense curvilinear kernels from sparsely predicted control
points to better follow tortuous geometry. Extensive experiments on four
benchmarks across ophthalmology, neurovascular imaging, and dermatol-
ogy demonstrate that CSWinUNETR consistently outperforms state-of-
the-art methods without task-specific post-processing or topology-aware
losses. Code is available at https://github.com/labhai/CSWinUNETR.

Keywords: Thin Structure Segmentation · CSWin Transformer · Multi-
Scale Multi-Head Self-Attention · Dynamic Snake Convolution.

1 Introduction

Segmenting thin, tortuous structures, such as retinal vessels, cerebrovascular
branches, and facial wrinkles, remains a long-standing challenge across hetero-
geneous imaging modalities [2,13,19,20,28]. These targets typically occupy only
a minute fraction of the image domain, exhibit low contrast and frequent in-
terruptions, and follow highly anisotropic, curvilinear paths, all of which hinder
reliable segmentation [5,14,29]. Despite these challenges, precise delineation of
such slender structures is crucial for both clinical interpretation and the devel-
opment of reliable methodological benchmarks [7,28]. However, their extremely
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small caliber, complex branching geometry, and topological variability often con-
found standard architectures, leading to fragmented or missing predictions [24].

Despite substantial advances in medical image segmentation, robust and
broadly applicable architectures for delineating thin, curvilinear structures re-
main underexplored across diverse datasets and clinical applications [2,7]. Accu-
rate segmentation of these structures requires two complementary capabilities:
(i) orientation-aware long-range information propagation to bridge low-contrast
gaps and interruptions [4,29], and (ii) anisotropic, trajectory-aligned integration
of local evidence to preserve continuity and recover fine terminal branches [1,22].
Cross-Shaped Window (CSWin) self-attention [4] is well-suited to addressing
(i), as its stripe-wise attention efficiently captures long-range, orientation-aware
context. Although CSWin-UNet [17] adopts this mechanism for segmentation,
it is primarily designed for 2D slice-wise evaluation and does not explicitly con-
dition attention features on fine-grained structural details. For (ii), Dynamic
Snake Convolution (DSConv) [22] enables deformable feature aggregation along
curvilinear structures. However, its stepwise offset tracking can propagate local
prediction errors when structural evidence is weak or corrupted.

We introduce CSWinUNETR, a segmentation backbone designed for thin,
tortuous anatomical structures in 2D and 3D medical images across diverse
modalities. CSWinUNETR incorporates the above inductive biases in a uni-
fied architecture. To support (i), we employ CSWin self-attention [4] with cyclic
shift [18] to enable efficient axis-wise global reasoning and derive a detail-enhanced
Multi-Scale Multi-Head Self-Attention (MS-MHSA) to better preserve subtle
structural cues. To address (ii), we integrate Sparse-control Dynamic Snake
Convolution (SDSConv), which aggregates reliable curvilinear features through
sparse control-trajectory construction.

Our contributions include: (1) We propose CSWinUNETR, a task-oriented
2D/3D backbone tailored for segmenting thin, tortuous anatomical structures.
(2) We introduce shifted CSWin self-attention with multi-scale contextual mod-
eling to enhance long-range dependency reasoning while preserving fine-grained
details. (3) We incorporate SDSConv to enable stable, trajectory-aligned local
feature aggregation, strengthening geometry-aware feature representations. (4)
Extensive experiments on four heterogeneous benchmarks demonstrate consis-
tent improvements over representative baselines, supported by both quantitative
and qualitative evaluations.

2 Method

An overview of the proposed method is shown in Fig. 1. Although CSWin-
UNETR supports both 2D and 3D inputs, we present the method using 2D
notation for clarity. The extension to volumetric data is described in Sec. 2.2.

2.1 CSWinUNETR: A Backbone for Thin-Structure Segmentation

A key observation in thin-structure segmentation is that long-range dependen-
cies in curvilinear anatomy tend to propagate predominantly along principal
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Fig. 1. Overview of the proposed CSWinUNETR for segmenting thin, tortuous
anatomical structures in 2D and 3D medical images. The architecture comprises three
core components. (1) Shifted CSWin Self-Attention captures orientation-aware long-
range dependencies via cross-shaped stripe attention with cyclic shifts. (2) Detail-
Enhanced MS-MHSA fuses contextual information across multi-scale features to better
preserve fine-grained structural details. (3) SDSConv encourages continuity along tor-
tuous trajectories by constructing reliable, geometry-aligned curvilinear responses from
sparsely predicted control points. Newly introduced components are highlighted.

directions [2,5]. Accordingly, axis-aligned, elongated context windows provide
an effective inductive bias for aggregating non-local cues.

Motivated by this, we adopt the CSWin self-attention [4] to efficiently model
long-range context. Given an input medical image I ∈ RCin×H×W , we first
extract tokens using a convolutional embedding [26] with a 7×7 kernel and
stride 2, producing X(0) ∈ RC0×H

2 ×W
2 . The encoder comprises four stages of

CSWin blocks. For stage index t ∈ {1, 2, 3, 4}, the block takes X(t−1) as in-
put, applies a residual convolutional refinement, followed by two consecutive
CSWin Transformer blocks, and then downsamples features through a merge
layer implemented by a 3×3 convolution with stride 2. This merge operation
halves the spatial resolution and doubles the channel dimension, yielding X(t) ∈
RCt× H

2t+1 × W

2t+1 where Ct = 2tC0. For the decoder, we employ a SwinUNETR-
style deconvolutional pathway [10] to progressively upsample and fuse multi-scale
encoder features, producing the predicted segmentation mask.

Within each CSWin block, both CSWin Transformer blocks use CSWin self-
attention. Specifically, the attention heads are partitioned into two groups corre-
sponding to vertical and horizontal stripes, and self-attention is computed inde-
pendently within the associated axis-aligned stripe windows. We further apply a
cyclic shift [18] in the second CSWin Transformer block to alleviate stripe-wise
isolation and boundary artifacts. With this shift, tokens near stripe boundaries
are reassigned to different stripe neighborhoods, facilitating cross-stripe interac-
tions and improving information exchange between adjacent stripes.
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While stripe attention is well-suited for orientation-aware long-range aggre-
gation, fine-grained cues of thin structures can be attenuated by stage-wise
downsampling. To better preserve high-frequency details while integrating multi-
scale context, we propose a detail-enhanced MS-MHSA module, inspired by
multi-branch attention designs [6]. Given an input feature map X(t), we con-
struct several lightweight depthwise convolution (DWC) branches that oper-
ate in parallel. The axial strip branch applies a separable strip DWC along
the horizontal and vertical axes and sums the two responses to reduce over-
smoothing. The local-refinement branch captures regional patterns using a 3×3
DWC, and the semantic-context branch models coarser context by applying av-
erage pooling (AvgPool) followed by a 3× 3 DWC. In addition, we incorporate
a high-pass detail branch to explicitly enhance fine structures by computing
X(t) −AvgPool3×3(X

(t)) and refining the resulting features with a 3× 3 DWC.
Following multi-scale enhancement, we employ a spatial fusion gate to adap-

tively combine the branch outputs. Specifically, a 1 × 1 convolution predicts
per-location branch logits, which are normalized by a softmax across branches
to obtain spatially varying fusion weights. The fused feature map X̃(t) is then
computed as the weighted sum of the branch responses. Next, we construct the
attention triplet (Qa,Ka, Va) using pointwise linear projections at each spatial
location. The Qa is projected from the original feature map X(t), whereas the
Ka and Va are projected from the fused feature map X̃(t). Given (Qa,Ka, Va),
stripe attention for each orientation branch a ∈ {v,h} is computed as:

Oa = Softmax

(
QaK

⊤
a√

d
+Ma

)
Va + LePE(Va), (1)

where d denotes the per-head feature dimension, Ma represents the (shifted)
stripe attention mask, and LePE(·) is a local positional encoding implemented
by a 3×3 DWC.

2.2 Sparse-control Dynamic Snake Convolution

Segmenting thin, tortuous anatomy requires anisotropic evidence aggregation
that can follow curved trajectories [1,5]. DSConv [22] partially addresses this
need by deforming an axial convolutional kernel using location-adaptive offsets.
However, DSConv relies on cumulative offset accumulation along the sampling
path, which can amplify local prediction errors and propagate them through the
entire trajectory. This issue is exacerbated when a small segment of the target
structure is corrupted by non-target factors (e.g., low-contrast gaps, imaging
artifacts, or occlusions), in which case subsequent sampling locations may pro-
gressively drift away from the true anatomy.

To obtain a more stable curvilinear operator, we propose SDSConv, which
predicts sparse control points and constructs a dense snake-like kernel via tra-
jectory construction, avoiding cumulative drift. Given the feature map F = X(t)

at encoder level t, let u = (y, x) denote a spatial location. SDSConv constructs
a curvilinear sampling kernel of odd length P = 2c+ 1 over a centered uniform
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axial support pk = k, k ∈ {−c, . . . , c}, with ξk = pk/c ∈ [−1, 1]. Instead of re-
gressing P independent offsets at each u, SDSConv predicts branch-wise lateral
control offsets {∆a

m(u)}Mm=1 for a ∈ {v, h}, and branch-shared control locations
{µm(u)}Mm=1 ⊂ [−1, 1] along the axial coordinate. The control locations are
parameterized as bounded residual shifts from the base locations. Dense branch-
wise lateral offsets are obtained by a normalized Gaussian radial basis function
(RBF) blending:

oa(k;u) =

M∑
m=1

αm,k(u)∆
a
m(u), αm,k(u) =

exp
(
− (ξk−µm(u))2

2σ2

)
∑M

j=1 exp
(
− (ξk−µj(u))2

2σ2

) , (2)

where σ > 0 denotes the RBF bandwidth. Here, ov is the x-direction lateral
offset for vertical traversal and oh is the y-direction lateral offset for horizontal
traversal. We further apply center anchoring with a learnable distance-ramped
scope:

ôa(k;u) = sa(|ξk|)
(
oa(k;u)− oa(0;u)

)
, (3)

where sa(·) > 0 is a bounded monotonic ramp learned for each axial branch.
This guarantees ôa(0;u) = 0 and removes the constant lateral offset component,
suppressing global drift. The vertical and horizontal trajectories are then defined
as:

gv(k;u) =
(
y + pk, x+ ôv(k;u)

)
, gh(k;u) =

(
y + ôh(k;u), x+ pk

)
. (4)

The feature map F is sampled along these trajectories using bilinear interpo-
lation, and the P sampled features are aggregated by axis-aligned DWC. The
resulting vertical and horizontal responses are fused and injected into the CSWin
blocks as a curvilinear residual prior. This sparse, non-cumulative construction
generates dense curvilinear kernels in a fully parallel manner, mitigating error
accumulation under unreliable local evidence.

For volumetric inputs, CSWin self-attention uses stripes oriented along the
x-, y-, and z-axes, with cyclic shifts applied across all spatial axes. SDSConv is
extended to three axial branches. Each branch traverses one principal axis and
uses the two orthogonal components to construct a dense 3D trajectory. The
predicted sparse control offsets are expanded via RBF weighting to generate
dense trajectories, which are used to sample volumetric features through trilinear
interpolation. The sampled features are aggregated using axis-aligned 3D DWC.

2.3 Optimization and Implementation Details

To assess generality, we adopt the same network architecture across all datasets,
modifying only settings that depend on input dimensionality when switching
between 2D and 3D. After convolutional tokenization, the base embedding di-
mension is fixed to C0 = 48. The number of attention heads is set to (2, 4, 8, 16)
for 2D inputs and (3, 6, 12, 24) for 3D inputs. For the SDSConv, the kernel length
P is set to (11, 9, 7, 5) from shallow to deep stages, and the number of predicted
sparse control points is defined as M = ⌊P/2⌋. Model training is performed using
a composite objective combining Dice and cross-entropy losses.
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Table 1. Quantitative comparison on 2D thin-structure segmentation.

Method FIVES (2D) FFHQ-Wrinkle (2D) #PDice↑ clDice↑ β↓ HD95↓ Dice↑ clDice↑ β↓ HD95↓
nnUNetv2 [12] 89.26∗ 87.96∗ 37.62∗ 33.75∗ 63.27∗ 70.69∗ 11.60 71.89∗

46M
+clDice [24] 89.88∗ 90.14∗ 36.63∗ 29.98∗ 64.14∗ 70.87∗ 12.14∗ 66.26∗

+cbDice [23] 89.40∗ 88.83∗ 36.78∗ 35.69∗ 61.96∗ 67.47∗ 15.53∗ 73.79∗

+ske-recall [15] 89.42∗ 89.66∗ 35.62∗ 30.75∗ 64.40 71.90∗ 12.09∗ 65.78∗

+GLCP [29] 88.56∗ 89.01∗ 48.95∗ 39.09∗ 62.91∗ 70.25∗ 12.03∗ 65.88∗

UNETR [9] 87.65∗ 88.50∗ 56.02∗ 36.18∗ 55.62∗ 62.81∗ 17.79∗ 99.96∗ 88M
SwinUNETR [8] 89.35∗ 90.25∗ 41.46∗ 26.96 62.64∗ 70.28∗ 12.25∗ 65.75∗ 25M
SwinUNETRv2 [10] 89.90∗ 90.20∗ 39.37∗ 27.18∗ 63.57∗ 71.48 11.83 65.89∗ 29M
IncepFormer [6] 89.57∗ 89.89∗ 56.27∗ 28.59∗ 62.46∗ 69.69∗ 11.70 63.43∗ 15M
DSCNet [22] 88.22∗ 88.46∗ 63.02∗ 30.43∗ 61.40∗ 69.47∗ 11.95∗ 66.12∗ 2M
CSWin-UNET [17] 89.80∗ 90.83 34.34 27.00 62.57∗ 70.00∗ 11.91 63.18 24M
CS2-Net [21] 87.69∗ 88.75∗ 60.66∗ 36.21∗ 59.91∗ 67.54∗ 12.10∗ 72.18∗ 8M
SGAT-Net [16] 88.95∗ 89.42∗ 42.68∗ 33.43∗ 55.27∗ 55.81∗ 18.03∗ 94.82∗ 8M
TMP+U-Net [20] 86.64∗ 87.17∗ 64.56∗ 37.67∗ 61.44∗ 68.67∗ 12.27∗ 85.11∗ 17M
CSWinUNETR (Ours) 90.71 90.88 33.07 25.62 64.75 72.18 11.67 61.76 31M

Table 2. Quantitative comparison on 3D thin-structure segmentation.

Method TopCoW-MRA (3D) TopCoW-CTA (3D) #PDice↑ clDice↑ β↓ HD95↓ Dice↑ clDice↑ β↓ HD95↓
nnUNetv2 [12] 80.84∗ 89.45∗ 0.74∗ 7.78∗ 75.23∗ 83.89∗ 0.56∗ 8.14∗

31M
+clDice [24] 82.65∗ 91.64∗ 0.68∗ 6.64∗ 76.14∗ 84.75∗ 0.48∗ 7.89∗

+cbDice [23] 82.49∗ 91.32∗ 0.66 6.85∗ 76.43∗ 86.35∗ 0.45∗ 7.35
+ske-recall [15] 81.94∗ 91.28∗ 0.71∗ 7.46∗ 75.86∗ 82.64∗ 0.54∗ 8.02∗

+GLCP [29] 81.78∗ 90.68∗ 0.77∗ 6.89∗ 74.69∗ 86.68 0.59∗ 7.64∗

UNETR [9] 78.80∗ 84.56∗ 0.94∗ 7.55∗ 65.84∗ 73.13∗ 0.92∗ 9.48∗ 93M
SwinUNETR [8] 80.98∗ 84.54∗ 0.71∗ 7.69∗ 72.48∗ 82.40∗ 0.62∗ 6.89 62M
SwinUNETRv2 [10] 79.96∗ 85.38∗ 0.74∗ 7.54∗ 72.87∗ 84.29∗ 0.44 8.18∗ 73M
DSCNet [22] 82.49∗ 90.55∗ 0.67 6.16 73.32∗ 83.53∗ 0.69∗ 8.45∗ 8M
CS2-Net [21] 80.30∗ 84.54∗ 0.98∗ 6.51∗ 73.38∗ 84.32∗ 0.53∗ 7.77∗ 23M
ER-Net [27] 73.86∗ 78.13∗ 0.87∗ 8.76∗ 73.50∗ 83.46∗ 0.91∗ 8.73∗ 5M
CSWinUNETR (Ours) 84.74 93.55 0.58 4.72 77.06 90.71 0.36 6.11 81M

3 Experiments

3.1 Datasets and Evaluation metrics

We evaluate four benchmarks for thin, tortuous-structure segmentation across
ophthalmology, neurovascular imaging, and dermatology. FIVES [13] comprises
800 fundus images at 2048×2048 resolution with binary vessel annotations, split
into 500/100/200 images for training/validation/testing. TopCoW [28] includes
paired 3D CTA and MRA Circle-of-Willis volumes with multiclass annotations
for 13 vessel classes. We use the public 125-patient cohort and adopt a 100/12/13
patient-level split for training/validation/testing. FFHQ-Wrinkle [20] provides
binary wrinkle masks for 1,000 facial images at 1024 × 1024 resolution, with
an 800/100/100 training/validation/testing split. Segmentation performance is
measured using overlap metrics (Dice [3] and clDice [24]), topology error (Betti
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Fig. 2. Qualitative comparison of 2D and 3D thin-structure segmentation. From left to
right: the input image overlaid with the ground truth, the ground truth, our CSWin-
UNETR prediction, and the second- and third-ranked methods by Dice score (method
names are shown above). † denotes methods trained with an nnUNetv2 framework.
Yellow arrows highlight regions with the largest discrepancies.

Error [11], β = β0+β1), and boundary distance error (95th-percentile Hausdorff
Distance; HD95 [25]).

3.2 Comparison Results and Ablation Study

To evaluate CSWinUNETR on thin-structure segmentation, we first consider
general-purpose medical segmentation backbones, including nnUNetv2 [12], UN-
ETR [9], SwinUNETR [8], and SwinUNETRv2 [10]. We then include meth-
ods that incorporate components closely related to our design, namely Incep-
Former [6], DSCNet [22], and CSWin-UNET [17]. We also compare with thin-
structure-oriented methods, including CS2-Net [21], SGAT-Net [16], Texture-
Map Pretraining (TMP)+U-Net [20], GLCP [29], and ER-Net [27]. In addition,
we retrain nnUNetv2 using clDice [24], cbDice [23], and skeleton-recall (ske-
recall) loss [15]. For statistical analysis, we use a paired t-test with the Ben-
jamini–Hochberg correction. In all tables, statistical significance is indicated by
∗ (p < 0.05), and #P denotes the number of trainable parameters. The best and
second-best results are highlighted in bold and underlined, respectively.

Tables 1 and 2 indicate that CSWinUNETR consistently outperforms the
competing methods across all four benchmarks. Notably, the observed improve-
ments are statistically significant (p < 0.05) for most metrics relative to the other
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Table 3. Ablation study of the proposed core components. “Cyc” denotes the cyclic
shift, “MS” is the detail-enhanced MS-MHSA, and “SDSC” represents the SDSConv.

Method TopCoW-MRA (3D) FFHQ-Wrinkle (2D)
Cyc MS SDSC Dice↑ clDice↑ β↓ HD95↓ #P Dice↑ clDice↑ β↓ HD95↓ #P

82.81 91.93 0.77 6.76 79.9M 64.09 71.55 11.86 63.89 30.5M
✓ 83.39 92.28 0.74 5.91 79.9M 64.24 71.78 11.84 63.61 30.5M
✓ ✓ 83.96 92.77 0.64 5.16 80.0M 64.35 71.94 11.79 63.29 30.6M
✓ ✓ ✓ 84.74 93.55 0.58 4.72 80.8M 64.75 72.18 11.67 61.76 31.1M

approaches. The qualitative comparisons in Fig. 2 further corroborate these find-
ings, showing that CSWinUNETR more faithfully reconstructs fine branches and
terminal structures, while reducing false positives in non-target regions. We fur-
ther evaluate the deployment cost on TopCoW-MRA using a 963 input patch
under identical inference settings. Specifically, DSCNet, SwinUNETRv2, and
CSWinUNETR require 4.23/1.51/1.35 GB of memory, 425/346/346 GFLOPs,
and 321/250/292 ms of per-patch latency, respectively. These results indicate
that CSWinUNETR achieves competitive computational efficiency despite its
larger parameter count. Table 3 shows that incorporating cyclic shift, MS-MHSA,
and SDSConv yields consistent and stepwise improvements across all evaluation
metrics. In particular, the proposed components improve performance with only
marginal parameter overhead, suggesting that the observed gains primarily arise
from the architectural design rather than increased model capacity.

4 Discussion and Conclusion

The proposed CSWinUNETR consistently outperforms strong baselines across
four heterogeneous benchmarks that emphasize fine-grained and tortuous anatom-
ical structures. Notably, these benchmarks span visually and modality-diverse
targets, from vascular segmentation to facial wrinkle delineation. Despite this di-
versity, we evaluate a single end-to-end model using a largely fixed architecture
and training protocol across all datasets. The improvements observed under this
unified setting suggest that the performance gains are more likely attributable to
the model’s architectural inductive biases than to dataset-specific hyperparam-
eter tuning. Taken together, these results support CSWinUNETR as a practical
backbone for thin-structure segmentation across diverse imaging modalities.

The qualitative results further indicate that CSWinUNETR better preserves
structural continuity while reducing spurious predictions outside the target anatomy.
We attribute these improvements to the combined effects of orientation-aware
long-range contextual modeling and trajectory-aligned feature aggregation. In
particular, SDSConv constructs curvilinear sampling trajectories from sparse
control points and aggregates features along anatomically plausible paths. By
integrating consistent evidence across these trajectories, this mechanism may re-
store anatomical continuity in thin, tortuous structures that appear fragmented
due to limited spatial resolution, motion, or acquisition artifacts. Consequently,
the more consistently connected segmentations produced by CSWinUNETR may
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improve the reliability of downstream centerline-based analyses, including the
estimation of anatomical length, branching patterns, and tortuosity.

To conclude, CSWinUNETR is a unified segmentation architecture for thin,
tortuous anatomical structures across heterogeneous medical imaging modalities,
encompassing both 2D images and 3D volumes. Extensive experiments demon-
strate that CSWinUNETR consistently outperforms existing methods, including
approaches tailored to thin-structure segmentation. These results suggest that
CSWinUNETR offers a principled framework for geometry-aware attention and
robust curvilinear feature aggregation, enabling reliable dense prediction in chal-
lenging curvilinear segmentation scenarios.
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