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Abstract. Retinal vessel segmentation and artery/vein (A/V) separa-
tion are central to fundus-based vascular biomarker analysis, yet per-
formance often degrades under domain shift when acquisition-dependent
appearance overwhelms thin-vessel evidence. We propose NS3Net, a frequency-
explicit segmentation framework that couples Mamba-based state-space
modeling with region-adaptive spectral processing. Its core NS3MoE per-
forms frequency-plane mixture-of-experts routing to refine high-frequency
Fourier magnitudes while preserving phase, enhancing vessel boundaries
and thin capillary cues. A low-frequency residual path preserves global
appearance to reduce artifact-driven false positives. We further introduce
supervised two-view routing-consistency training, which aligns latent
routing distributions between original and photometrically perturbed la-
beled views without unlabeled data or target-domain adaptation. Ex-
periments on six public datasets show consistent ID/OOD gains for ves-
sel segmentation and A/V separation, particularly in boundary-sensitive
performance, while maintaining a lightweight profile of 10.03G FLOPs.
Our code is available at https://github.com/Thanaporn09/NS3Net.git.

Keywords: Retinal vessel segmentation · Frequency-routed mixture-of-
experts · State-space model · Out-of-distribution generalization · Routing-
consistency regularization.

1 Introduction

Retinal vessel segmentation is foundational to quantitative vascular biomarker
analysis in fundus imaging, supporting clinical workflows such as retinopathy
of prematurity (ROP) screening [19] and diabetic retinopathy (DR) assessment
[24]. While deep learning models can directly predict vessel and artery/vein
(A/V) maps from raw images, their robustness often degrades under real-world
variations in contrast, illumination, pathology, and acquisition domain.

Despite rapid advances in medical image segmentation [21, 16, 12, 20], retinal
vessel analysis remains challenging due to regional and multi-scale morphologi-
cal heterogeneity. Thick vessels require topology-consistent tracing, whereas thin
capillaries are low-contrast structures that depend on subtle edge cues. More-
over, illumination changes and lesions can introduce vessel-like artifacts. As a
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result, uniform feature transformations may miss fine capillaries or amplify false
positives, ultimately degrading vessel segmentation and A/V separation.

To address this, we propose NS3Net, a frequency-explicit framework for ro-
bust fundus vessel segmentation and A/V separation. NS3Net is built from
NS3Blocks that combine state-space modeling with NS3MoE, a region-wise frequency-
routed module that decomposes features into spectral components and assigns
frequency-plane regions to specialized experts. It refines high-frequency vessel-
edge and capillary cues while preserving low-frequency appearance through a
residual path, targeting boundary-sensitive failure cases under domain shift. By
refining Fourier magnitudes with preserved phase, NS3MoE decouples fine vessel
evidence from acquisition-dependent appearance, reducing artifact-driven false
positives without heavy computational overhead. Coupled with a state-space
backbone, NS3Net further captures long-range context along vessel trees.

The limited availability of annotated fundus data, especially for A/V seg-
mentation compared with large-scale labeled datasets in other modalities such
as chest X-ray [5], remains a critical challenge. In this low-data regime, high-
capacity models may overfit to dataset-specific appearance cues rather than
anatomical structure, degrading vessel connectivity and OOD performance. Generic
spatial regularization, such as dropout or aggressive augmentation, is often insuf-
ficient because strong perturbations can corrupt the high-frequency signals that
govern capillary boundaries and continuity. To improve generalization without
unlabeled data, pseudo-labeling, or target-domain adaptation, we introduce su-
pervised two-view routing consistency (RC), which aligns latent expert-routing
distributions between an image and a photometrically perturbed view of the
same labeled image.

The main contributions of this paper are as follows:

– We propose NS3Net, a lightweight frequency-explicit segmentation network
that integrates NS3MoE and gated residual fusion to refine high-frequency
vessel-edge cues, preserve low-frequency appearance, and improve robust
capillary delineation under domain shift.

– We introduce supervised two-view routing-consistency training to regular-
ize latent expert-routing distributions between original and photometrically
perturbed labeled views.

– We evaluate NS3Net on six public datasets (FIVES [11], CHASEDB1 [18],
DRIVE [23], HRF [1], Fundus-AVSeg [4], and LES-AV [17]), showing con-
sistent ID/OOD gains for vessel segmentation and A/V separation, partic-
ularly in boundary-sensitive metrics, while preserving an efficient accuracy–
efficiency trade-off.

2 Methods

In this section, we present our fundus vessel segmentation framework, compris-
ing the proposed Non-Stationary Spectral State-Space Network (NS3Net) and
a two-view routing-consistency training strategy designed to improve out-of-
distribution (OOD) generalization.



NS3Net for Robust Fundus Vessel Segmentation 3

Fig. 1. NS3Net architecture and components. (a) NS3Net architecture. (b) Gated resid-
ual fusion. (c) NS3Block with DFT-based NS3MoE.

2.1 NS3Net Architecture

NS3Net is a hierarchical encoder–decoder architecture (Fig. 1(a)) designed to
separate vessel anatomy from domain-specific imaging artifacts, with NS3MoE
as the core module of each NS3Block. Given an RGB fundus image x ∈ RH×W×3,
a 4× 4 convolutional patch embedding with stride 4 produces E0 ∈ RH

4 ×W
4 ×C0 .

The encoder processes E0 through four NS3Block stages with channel dimensions
(48, 96, 192, 384) and ×2 downsampling, while the three-stage decoder progres-
sively restores spatial resolution. At each decoder stage, the upsampled decoder
feature and corresponding encoder skip feature are fused by the Gated Resid-
ual Fusion module (Fig. 1(b)) for adaptive skip-feature integration. The module
projects both inputs to the decoder dimensionality, computes a channel-wise
sigmoid gate from globally pooled descriptors, and residually adds the gated
skip feature to the projected decoder feature. The fused feature is passed to the
current decoder stage. Finally, a lightweight refinement head upsamples the last
decoder feature by a factor of 4 and applies a 1× 1 convolution to produce the
segmentation logits.

2.2 NS3Block

The NS3Block is the core computational unit of NS3Net, designed to preserve
global vascular continuity while remaining sensitive to thin capillaries (Fig. 1(c)).
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Each NS3Block consists of two components: (1) a Vision Mamba-based state-
space module (VSSM) [6, 15, 14] for efficient global dependency modeling, and
(2) the proposed NS3MoE, a frequency-domain feed-forward module that per-
forms region-wise routing on the Fourier plane. Specifically, NS3MoE selectively
refines high-frequency amplitude responses through frequency-region routing and
radial-band expert processing as follows:

Ẽi ← Ei−1 +VSSM(Norm(Ei−1)) ,

Ei ← Ẽi +NS3MoE
(
Norm(Ẽi)

)
.

(1)

where Ei−1 denotes the input feature to the i-th NS3Block, Ẽi is the intermediate
feature after the state-space module, Norm(·) denotes a normalization layer, and
Ei is the output feature of the block.

NS3MoE: Region-Wise Frequency-Routed FFN Building on the MoE
routing paradigm [22], NS3MoE operates on the normalized intermediate feature
from the state-space module. Given the intermediate feature Ẽi ∈ RB×Ci×Hi×Wi

from the NS3Block, we define Ui = Norm(Ẽi) as the input to NS3MoE. We
first transform each channel into the frequency domain using a channel-wise 2D
Discrete Fourier Transform (DFT):

Fi = F2D(Ui), (2)

where Fi ∈ CB×Ci×Hi×Wi denotes the complex-valued frequency coefficients.
We represent Fi by its amplitude and phase:

Ai = |Fi|, Φi = ∠Fi, (3)

where Ai,Φi ∈ RB×Ci×Hi×Wi . A fixed smooth radial low-pass mask Mlp ∈
[0, 1]1×1×Hi×Wi is then used to decompose the amplitude spectrum into low-
and high-frequency components:

Alf
i = Ai ⊙Mlp, Ahf

i = Ai ⊙ (1−Mlp) , (4)

where ⊙ denotes element-wise multiplication. The mask is implemented as a
raised-cosine transition with normalized cutoff 0.25 and width 0.10.

NS3MoE performs region-wise expert routing on Ahf
i , where each routing cell

corresponds to a local area of the high-frequency plane. The Region Universal
Router pools Ahf

i into an hg ×wg = 8× 8 frequency grid and predicts J expert
logits per cell:

Zi = h1

(
g3
(
g1
(
AvgPool8×8

(
g1(A

hf
i )

))))
, (5)

where Zi ∈ RB×J×8×8, g1(x) = GELU(Conv1×1(x)), g3(x) = GELU(Conv3×3(x)),
and h1(x) = Conv1×1(x). Top-k masking followed by softmax over the expert
dimension gives the region-wise routing probabilities:

Pi = SoftmaxJ(TopKMask(Zi, k)) , (6)
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where k = 2, Pi ∈ RB×J×8×8, and J = 4 in all experiments.
To encourage expert specialization across radial frequency ranges, we parti-

tion the high-frequency range ρ ∈ [0.25, 1] into J equal-width bands with edges
aj = 0.25 + j−1

J (1 − 0.25) and bj = 0.25 + j
J (1 − 0.25). For each expert j,

a raised-cosine radial band-pass mask M
(j)
bp smoothly decays to zero outside

[aj − 0.10, bj + 0.10]. The corresponding band-isolated response is obtained by

B
(j)
i = Ahf

i ⊙M
(j)
bp , j = 1, . . . , J, (7)

where B
(j)
i ∈ RB×Ci×Hi×Wi . Each band response is refined by a lightweight

spectral expert implemented as follows:

B̃
(j)
i = B

(j)
i +GELU

(
Conv

(j)
1×1,2

(
GELU

(
Conv

(j)
1×1,1(B

(j)
i )

)))
. (8)

The routing probabilities are bilinearly upsampled to the frequency resolution
and used to fuse the expert-refined band responses:

Âhf
i =

J∑
j=1

Up
(
P

(j)
i

)
⊙ B̃

(j)
i , (9)

where P(j)
i denotes the j-th expert probability map and Up(P

(j)
i ) ∈ RB×1×Hi×Wi

is broadcast along the channel dimension. The refined amplitude is reconstructed
by recombining the low-frequency amplitude and the refined high-frequency am-
plitude:

Arec
i = Alf

i + Âhf
i . (10)

The complex spectrum is then reconstructed using the preserved phase and
transformed back to the spatial domain:

Frec
i = Arec

i ⊙ exp(iΦi), ∆Ei = F−1
2D (Frec

i ). (11)

NS3MoE outputs the frequency-aware residual ∆Ei, which is added to Ẽi to
produce the block output.

2.3 Two-View Routing-Consistency Training

To improve robustness to acquisition variability, we regularize the expert-routing
behavior of NS3MoE under two photometric views of the same labeled image, as
shown in Fig. 2. Given an input image x and label y, we generate an augmented
view xaug using stochastic photometric perturbations. We restrict the perturba-
tions to photometric transformations so that vessel geometry and routing-grid
correspondence remain unchanged when computing routing consistency. Both
views are processed by the same NS3Net, denoted by fθ(·), with shared param-
eters:

(ŷ, {Pori
i,b}) = fθ(x), (ŷaug, {Paug

i,b }) = fθ(x
aug), (12)
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Fig. 2. Supervised two-view routing-consistency training.

where {Pori
i,b} and {Paug

i,b } denote the collections of region-wise routing probability
tensors extracted from the NS3MoE blocks for the original and augmented views,
respectively. Specifically, Pi,b denotes the routing tensor from the b-th block at
stage i.

Unlike semi-supervised prediction consistency, routing consistency uses only
labeled images and regularizes latent expert routing without unlabeled data,
pseudo-labels, or target-domain adaptation. To prevent both views from drifting
together, we treat the original-view routing as a fixed reference by stopping
gradients through Pori

i,b and minimize the KL divergence from the augmented-
view routing to this reference:

Lrc =
1

|I| |Ωg|
∑

(i,b)∈I

∑
u∈Ωg

J∑
j=1

P
aug,(j)
i,b (u) log

P
aug,(j)
i,b (u)

stopgrad
(
P

ori,(j)
i,b (u)

) , (13)

where I is the set of NS3MoE blocks and Ωg = {1, . . . , hg}×{1, . . . , wg} denotes
the frequency-region routing grid, with each u ∈ Ωg indexing one routing cell.
This direction encourages the routing distribution of the photometrically per-
turbed view to match the original-view reference, stabilizing expert utilization
under acquisition shifts.

The training objective combines supervised segmentation with routing regu-
larization:

L = Lseg(ŷ,y) + λrcLrc + λlbLlb, λrc = 0.1, λlb = 0.01, (14)

where Lseg is a combined Dice and cross-entropy loss with equal weight, and Llb

is a Switch-style load-balancing loss.

3 Experiments

3.1 Dataset

We evaluate two fundus segmentation tasks: binary retinal vessel segmentation
and artery–vein (A/V) segmentation.
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Table 1. Performance comparison on the binary retinal vessel segmentation task across
in-distribution (FIVES) and out-of-distribution (CHASEDB1, DRIVE, HRF) test sets.

Method
ID Test OOD Test

FIVES CHASEDB1 DRIVE HRF

DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓

nnUNet [10] 92.35±0.07 86.71±0.12 33.93±0.58 77.30±0.21 63.09±0.28 31.63±1.16 69.23±0.37 53.06±0.44 46.09±0.36 80.44±0.03 67.62±0.04 29.65±0.48
TransUNet [3] 88.25±2.19 80.19±3.42 33.72±3.20 74.14±1.27 59.02±1.60 48.80±6.84 62.65±2.83 45.25±2.16 53.59±5.09 78.31±0.94 64.72±1.27 37.80±3.91
Swin-UNet [2] 90.69±0.04 83.84±0.05 35.13±0.89 76.43±0.04 61.92±0.05 36.79±0.14 70.19±0.21 54.16±0.25 35.65±0.36 79.35±0.04 66.13±0.05 32.27±0.29
UNETR [8] 89.32±1.24 81.85±1.81 46.78±8.01 76.21±0.56 61.65±0.73 36.17±5.34 67.93±2.41 51.57±2.72 41.77±7.02 79.83±0.53 66.77±0.72 29.17±1.08
MISSFormer [9] 92.16±0.07 86.35±0.07 32.26±0.81 77.11±0.06 62.85±0.08 31.15±0.84 71.47±0.31 55.74±0.36 35.96±1.33 80.28±0.11 67.40±0.14 31.67±0.17
T-Mamba [7] 89.85±0.02 82.79±0.03 43.95±1.72 75.89±0.16 61.23±0.21 41.16±0.75 66.19±0.08 49.58±0.09 45.11±0.15 78.89±0.01 65.52±0.03 33.45±0.53
LightM-UNet [13] 87.96±0.18 79.57±0.26 44.03±0.50 75.36±0.11 60.55±0.14 39.54±0.94 67.28±1.46 51.56±0.36 43.23±1.37 79.27±0.16 64.31±3.16 31.29±0.58
NS3Net 92.56±0.02 86.97±0.01 32.03±0.19 77.43±0.15 63.28±0.20 30.29±1.37 72.60±0.08 56.29±0.16 33.51±0.48 80.68±0.09 68.04±0.03 30.14±0.03

Retinal vessel segmentation. We use FIVEs [11] with the official split
(600 development, 200 in-distribution (ID) test, 2048× 2047). The development
set is split into 480/120 for training/validation. For out-of-distribution (OOD)
evaluation, we directly test the trained model on CHASEDB1 [18] (28, 1280 ×
960), DRIVE [23] (40, 768×584), and HRF [1] (45, 3504×2336), using all images
in each dataset.

A/V vessel segmentation. We use Fundus-AVSeg [4] (100 images; 2656×
1992 or 1280 × 1280) with the official split (80 development, 20 ID test). For
OOD generalization, we evaluate on LES-AV [17] (20 images; 1444 × 1620 or
1958× 2196).

3.2 Implementation details

All models were implemented in PyTorch and trained from scratch for 300 epochs
on an NVIDIA A100. NS3Net used AdamW with lr 4×10−4, and baseline learning
rates were validation-tuned. All datasets used channel-wise z-score normaliza-
tion, random 512× 512 patches, batch size 8, and full-resolution sliding-window
inference. We report mean ± std over three seeds for binary vessel segmentation
and five fold-trained models for A/V segmentation. Metrics include DSC, IoU,
and HD95. Each encoder/decoder stage uses one NS3Block, with DFT/inverse
DFT implemented by rFFT/irFFT for real-valued features.

3.3 Performance evaluation

We compare NS3Net with prior methods and ablate each component. Best and
second-best results are shown in red bold and blue underline, respectively.

Comparisons with representative baselines Tables 1 and 2 compare NS3Net
(4.68M parameters, 10.03G FLOPs) with representative CNN-, Transformer-,
and Mamba-based baselines. On binary vessel segmentation (Table 1), NS3Net
achieves the best ID performance on FIVES (DSC/IoU/HD95: 92.56/86.97/32.03)
and improves cross-dataset generalization on CHASEDB1, DRIVE, and HRF,
with lower boundary error on CHASEDB1 and DRIVE (HD95: 30.29 and 33.51)
and the highest DSC/IoU on both. For multiclass A/V segmentation (Table 2),
NS3Net attains the best in-distribution results on Fundus-AVSeg (DSC/IoU/HD95:
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Table 2. Performance comparison on multiclass artery–vein (A/V) segmentation on
Fundus-AVSeg (in-distribution) and LES-AV (out-of-distribution). clDSC denotes Dice
on vessel centerlines (1-pixel skeletons).

Method Params
(M)

FLOPs
(G)

Fundus-AVSeg (ID Test) LES-AV (OOD Test)

DSC↑ IoU↑ HD95↓ clDSC↑ DSC↑ IoU↑ HD95↓ clDSC↑

nnUNet [10] 46.33 60.14 57.28±0.42 46.76±0.10 216.83±70.70 77.79±0.07 48.17±0.61 36.35±0.52 268.85±52.64 69.42±0.10
TransUNet [3] 109.15 42.26 60.47±0.52 51.04±0.43 238.06±16.47 81.75±0.07 50.36±0.24 38.56±0.23 311.47±12.83 71.51±0.12
Swin-UNet [2] 27.18 30.92 59.65±0.75 49.17±0.67 248.49±23.33 82.25±0.09 46.15±0.69 34.34±0.71 340.54±24.11 69.39±0.12
UNETR [8] 88.30 120.11 57.06±0.48 46.45±0.47 265.23±24.52 82.05±0.08 47.93±0.40 35.90±0.37 322.97±20.47 72.83±0.10
MISSFormer [9] 20.04 31.30 63.75±0.45 54.50±0.45 223.74±11.45 87.32±0.07 51.00±0.56 39.36±0.43 306.63±31.58 71.19±0.09
T-Mamba [7] 0.76 3.09 60.22±0.52 50.28±0.49 230.70±8.65 81.46±0.08 47.41±0.72 35.35±1.03 317.19±8.88 63.90±0.14
LightM-UNet [13] 6.01 31.54 55.07±0.38 44.57±0.35 276.23±4.54 77.31±0.11 40.89±0.66 30.08±0.51 342.75±23.37 56.92±0.13
NS3Net 4.68 10.03 64.92±0.38 55.99±0.14 193.16±21.14 88.21±0.07 51.72±0.24 39.63±0.06 291.14±0.40 74.20±0.10

Fig. 3. Comparison of NS3Net with prior methods on OOD test sets: (a) CHASEDB1
(retinal vessel segmentation) and (b) LES-AV (artery/vein segmentation).

64.92/55.99/193.16) and remains robust under domain shift on LES-AV (DSC/IoU:
51.72/39.63; HD95: 291.14). Additionally, qualitative segmentation comparisons
are shown in Fig. 3.

Ablation study We ablate NS3MoE and routing consistency (RC) on binary
vessel segmentation. As shown in Table 3, replacing the MLP FFN in the VSSM
baseline with NS3MoE improves ID performance and all OOD results. Adding
RC further enhances OOD robustness by stabilizing expert routing under pho-
tometric shifts, reducing HD95 by 3.30 pixels on DRIVE and 3.05 pixels on
CHASEDB1 compared with the MoE-only variant.

4 Conclusion

We presented NS3Net, a lightweight retinal vessel segmentation framework that
combines state-space modeling, NS3MoE, gated residual fusion, and supervised



NS3Net for Robust Fundus Vessel Segmentation 9

Table 3. Ablation on binary vessel segmentation: the VSSM baseline uses an MLP
FFN without routing-consistency (RC).

Components ID (FIVES) OOD

NS3MoE RC DSC↑ IoU↑ HD95↓ CHASEDB1 DRIVE HRF

DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓ DSC↑ IoU↑ HD95↓

– – 92.27±0.02 86.23±0.56 33.80±0.47 76.50±0.41 61.94±0.62 35.07±0.67 71.25±0.10 55.46±0.12 38.54±0.54 80.22±0.04 67.32±0.06 31.60±0.31
✓ – 92.46±0.03 86.62±0.39 33.46±1.66 77.07±0.05 62.71±0.48 33.34±0.34 72.05±0.03 55.93±0.02 36.81±0.23 80.27±0.03 67.33±0.17 30.86±0.06
✓ ✓ 92.56±0.02 86.97±0.01 32.03±0.19 77.43±0.15 63.28±0.20 30.29±1.37 72.60±0.08 56.29±0.16 33.51±0.48 80.68±0.09 68.04±0.03 30.14±0.03

two-view routing consistency for robust vessel and A/V segmentation. By refin-
ing high-frequency vessel-edge cues while preserving low-frequency appearance
and phase, NS3Net improves boundary-sensitive ID/OOD performance without
unlabeled data, target-domain adaptation, or substantial computational over-
head. Future work will explore adaptive frequency partitioning and broader
routing consistency under acquisition shifts.
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