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Abstract. Susceptibility-Weighted Imaging (SWI) is essential for de-
tecting Cerebral Microbleeds (CMBs), a key biomarker in neurodegen-
erative diseases. However, clinical SWI scans are often acquired with
thick slices within clinically acceptable scan durations, resulting in severe
anisotropy that degrades through-plane resolution and leads to missed
small lesions. To address this, this paper proposes Cubic Structure-Aware
Neural Radiance Fields (CSANeRF), a zero-shot Super-Resolution (SR)
framework that integrates NeRF with Transformer architectures for high-
fidelity SWI SR reconstruction. To preserve the critical biomarkers in
SWI, we rethink the construction of implicit radiance fields by incorpo-
rating explicit structural priors from local 3D neighborhoods. The core
innovation lies in a cube-based spatial modeling strategy. CSANeRF is
validated on two independent, expert-annotated SWI datasets and con-
sistently outperforms state-of-the-art 3D SR approaches in both visual
quality and quantitative metrics. Critically, when employed as a prepro-
cessing step for CMB segmentation, CSANeRF reconstructions substan-
tially improve segmentation accuracy, achieving performance closest to
the HR ground truth and surpassing all baseline methods.This finding
underscores its potential to enhance diagnostic reliability in neurodegen-
erative disease evaluation.

Keywords: Susceptibility-weighted imaging - Neural Radiance Field -
Super-Resolution - Zero-Shot.

1 Introduction

As an emerging neuroimaging technique, Susceptibility Weighted Imaging (SWTI)
has demonstrated substantial clinical value in detecting CMBs, evaluating cere-
brovascular malformations, diagnosing neurodegenerative diseases, and assess-
ing traumatic brain injury [11,19,24]. For CMB detection, SWI can identify a
greater number of smaller lesions than conventional T2*-weighted sequences [21],
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thereby providing critical imaging evidence for stroke risk stratification, antico-
agulation therapy decision-making, and differential diagnosis of dementia [9, 6].

However, medical image acquisition inherently involves a trade-off among
scan time, spatial resolution, and signal-to-noise ratio [22,17]. To obtain suffi-
cient diagnostic information within clinically acceptable scan durations, routine
imaging protocols typically employ large slice thickness in the through-plane di-
rection, resulting in significantly anisotropic acquisitions characterized by high
in-plane resolution but markedly reduced through-plane resolution [29]. To ad-
dress this issue, SR reconstruction strategies have been explored across multiple
imaging modalities [14, 20]. In recent years, with the advancement of deep learn-
ing, representative approaches mainly include supervised Deep Neural Networks
(DNNGs) [4, 8] and continuous signal modeling methods based on Implicit Neural
Representations (INRs) [27].

CMBs in SWI serve as a key biomarker for neurodegenerative diseases. A
critical challenge in their clinical identification lies in distinguishing true lesions
from mimicking artifacts, which depends on the spatial continuity of microvas-
cular structures [9]. However, the through-plane resolution deficiency in routine
SWI not only obscures small CMBs but also fragments the 3D continuity of
these microvascular networks, hindering reliable lesion tracking and increasing
diagnostic uncertainty. Most existing general-purpose SR frameworks [4, 15] fail
to account for the unique magnetic susceptibility-induced contrast mechanism of
SWI. They may blur or distort fine structural details, exacerbating discontinu-
ities and introducing spurious patterns. Moreover, supervised SR methods [4, 8,
27 require paired Low-Resolution(LR)-High-Resolution(HR) training data. Yet,
HR SWI entails prolonged acquisition times that are poorly tolerated by elderly
or cognitively impaired patients, rendering large-scale collection of such paired
data clinically infeasible. Compounding this issue, domain shifts across scanner
protocols may cause model miscalibration and misdiagnosis [1, 10].

So far, dedicated SR methods specifically designed for SWI remain scarce. To
address the above-mentioned limitations, this paper proposes Cubic Structure-
Aware Neural Radiance Field (CSANeRF), a zero-shot SR reconstruction frame-
work tailored for SWI. Built upon the Neural Radiance Field (NeRF) [18] archi-
tecture, the proposed method utilizes solely the patient’s own LR SWI volumetric
data as the supervisory signal, requiring neither HR training data nor external
priors. This self-supervised, subject-specific reconstruction paradigm removes
the reliance on paired HR ground-truth images, bypassing a major barrier to
clinical deployment.

To the best of our knowledge, this is the first zero-shot SR approach for
SWI to enhance CMB detection. To preserve the critical biomarkers in SWI, we
rethink the construction of implicit radiance fields by incorporating structural
priors from local 3D neighborhoods. The main contributions are three folds:

1. We propose a cube-based spatial modeling strategy that constrains NeRF’s
point queries to geometrically coherent 3D neighborhoods.
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Fig.1: (a) Overall framework of the proposed CSANeRF. (b) Lattice Sampling
and Axial Serialization (LS-AS). (c) Cubic Structure-Aware Block (CSAB). (d)
Structure-Aware Multi-Head Self-Attention (SA-MSA).

2. We introduce Cubeformer, a structure-aware Transformer module that re-
places the standard Multi-Layer Perceptron (MLP) based radiance field mod-
eling in NeRF.

3. Extensive evaluation on CMB-annotated SWI datasets demonstrates recon-
struction quality that preserves critical CMB biomarkers better than state-
of-the-art SR methods.

Related Work. Recent studies have explored the application of NeRF to med-
ical image SR [23,5]. NeRF [18]| optimizes an implicit neural representation on
a single scene, enabling the reconstruction of continuous 3D structures from
sparse observations and offering a promising avenue for eliminating dependence
on external training data. However, the original NeRF employed a point-wise
inferring mechanism, where each spatial coordinate is independently processed
through an MLP, lacking explicit modeling of neighborhood context or structural
priors. CuNeRF [5] adapted NeRF to 3D medical volumetric data by replacing
the original ray-based sampling strategy with cube-based sampling. Despite its
zero-shot advantage, CuNeRF retains the point-independent MLP architecture,
neglecting the pervasive local structural correlations inherent in medical images.

Transformer architectures [25] have demonstrated significant advantages in
medical image analysis owing to its capacity for modeling long-range dependen-
cies [12,13]. For 3D medical volumetric data, SuperFormer [8] extended the Swin
Transformer [16] to 3D settings, demonstrating the potential of voxel-level Trans-
formers in MRI SR tasks. SAX-NeRF [3] leveraged Transformer backbones to
capture structural dependencies for sparse-view X-ray to CT 3D reconstruction,
outperforming conventional NeRF methods.
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2 Method

Fig. 1(a) illustrates the overall framework of the proposed CSANeRF model.
Given a LR SWI volume I g € RFXWXL with spatial coordinates normalized
to [~1,1]3, the pipeline comprises three main modules: Lattice Sampling and
Axial Serialization (LS-AS) to constrain NeRF’s point queries to geometrically
coherent 3D neighborhoods, Cubeformer for Transformer-based structure-aware
radiance field learning, and Volume Rendering (VR) for intensity prediction.
During training, the model learns a continuous coordinate-to-intensity map-
ping for volume synthesis. During inference, given a SR factor s, we first con-
struct a dense HR target grid based on the original LR volume I g € RE*XWxL,
The coordinates of this HR grid are then normalized to [—1,1]® and queried from
the trained CSANeRF model. Finally, the predicted intensities are assembled to
reconstruct the super-resolved volume Iy € REXWx(s-L)

LS-AS. Unlike the ray-based sampling in NeRF or the cube-based sampling in
CuNeRF, we propose LS-AS for structure-preserving spatial modeling (Fig. 1(b)).

Let Q = {xq}q(‘?:1 denote the set of Q query points sampled from a selected
slice. For each x; = (x4, yq, 2¢) € , we construct a local cubic neighborhood
C(x4,1) centered at x, with side length {. This cube is uniformly discretized along
the spatial axes into n,, ny, and n, grid nodes, forming a regular 3D lattice
comprising a total of N = n, x n, x n, sampling points. It is worth noting that
Ng, Ny, and n, need not be identical, allowing for anisotropic sampling densities
along each axis.

To adapt to Transformer-based attention mechanisms, we introduce AS to
convert the 3D lattice into an ordered sequence while preserving spatial ad-
jacency. The N sampling points are traversed in a lexicographical order with
respect to the indices (i, j, k), where 4, j, and k correspond to the grid positions
along the z-, y-, and z-axes. This z-fastest traversal strategy explicitly models
inter-slice structural continuity, which is particularly beneficial for SWI imaging
where vessels exhibit strong longitudinal correlations across adjacent slices.

Consequently, for the N sampling points in C(x4,1), an ordered coordinate
sequence P, = {p,n}) is generated, where n = i - (n, - n,) +j-n, + k,
i€{0,...,n, —1},j€{0,...,n, — 1}, and k € {0,...,n, — 1}, and p,,, € R3.

Cubeformer. Inspired by SAX-NeRF [3]|, we propose a structure-aware Trans-
former, termed Cubeformer. The Cubeformer consists of three stacked Cubic
Structure-Aware Blocks (CSABs) (Fig. 1(a)). The coordinate sequence P, is
first hash-encoded [3] to generate initial features F, = H(P,) € RV*P  where
D denotes the feature dimension. The features F, are then fed into Cubeformer,
whose outputs comprise intensity values c, € RY and volume densities o, € RY.

CSAB is the core unit of Cubeformer. As shown in Fig. 1(c), it adopts a resid-
ual architecture with a Structure-Aware Multi-head Self-Attention (SA-MSA)
module and a Feed-Forward Network (FFN). The SA-MSA captures structural
dependencies among sampling points within each cubic neighborhood (Fig. 1(d)).
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Within each CSAB, the input is first layer-normalized into S, € RNV*P To
improve computational efficiency, S, is partitioned into n, non-overlapping local
segments {Sy ,}ne_, , where each segment S, ,, € RM*P M = n, - n,. Each
segment can be independently processed by SA-MSA to model local structural
dependencies. The outputs are merged to reconstruct the full sequence as S’ =
Merge ({SA-MSA(Sqm)}niy).

To encode geometric relationships between sampling points, a relative po-

sition bias is incorporated into SA-MSA (Fig. 1(d)). A lightweight MLP maps
the 3D coordinate difference between any two points p,"” and p((f) to an h-
dimensional bias vector dpias = «-tanh (MLP(p((J") —p((f)))7 where h denotes the
number of attention heads, a is a learnable scaling factor, and v and v are the
indices of two points within a segment, respectively. The bias enables explicit
modeling of relative spatial configurations.

VR. Unlike NeRF and CuNeRF, which employ hierarchical coarse-to-fine sam-
pling, CSANeRF utilizes a single-stage sampling strategy for VR. Based on the
predictions of Cubeformer, the final voxel intensity at x, is approximated via
discrete volume rendering integration [5]:

N 2
. ry (1 —exp (—0qi (Tig1 —13))) (1)

I(x4,1) =4rm ; Cq,i
i—1 exp (47T D=1 7304, (it — 7“j>)

where r; denotes the radial distance from the i-th sampling point to the cube
center x4, and r; <7y <+ <1y

3 Experiments and Results

Dataset. To evaluate the SR capacity of CSANeRF in preserving critical biomark-
ers, experiments were conducted on two SWI datasets: (1) HKCU-SWI-CMB |7],
a public SWI dataset (512 x 512 x 150, voxel spacing 0.45 x 0.45 x 1.0 mm?).
(2) Private-SWI-CMB, an in-house clinical dataset collected from the neurology
department of a tertiary hospital with ethical approval and informed consent.
It comprises 34 subjects (384 x 384 x 72, voxel spacing 0.6 x 0.6 x 1.5 mm?).
All CMB annotations were validated by experienced neuroradiologists. Addi-
tionally, to further validate the SR reconstruction capability of our method on
other modalities, we also evaluated it on MSD-T1 [2]|, a T1-weighted brain tu-
mor dataset from the Medical Segmentation Decathlon (240 x 240 x 155, voxel
spacing 1 x 1 x 1 mm?).

Comparison Methods. We compared CSANeRF with: (1) Interpolation meth-
ods (cubic, trilinear); (2) NeRF-based methods (NeRF [18], CuNeRF [5]). All
methods followed the original network configurations reported in the literature.
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Table 1: Quantitative comparison on two SWI datasets and one T1-weighted
dataset. Best results are bold, second best underlined.

SR Scale 2X 3% 4%
Method PSNRT SSIMT PSNRT SSIMT PSNRf SSIMT
m Cubic 30.32 0.9009 28.29 0.8500 26.95 0.8132
= E Trilinear 30.60 0.9043 28.75 0.8640 27.58 0.8363
§ o NeRF 24.32  0.8623  23.54 0.8235 22.67 0.8014
= E CuNeRF 30.35 0.9401 28.04 0.9092 26.53 0.8735
CSANeRF(Ours) 31.63 0.9571 29.28 0.9304 27.75 0.9026
™ Cubic 35.12 0.9261 33.12 0.8837 31.84 0.8538
g % Trilinear 35.41 0.9291 33.61 0.8959 32.48 0.8724
2 NeRF 31.70 0.8896  30.20 0.8576  28.81  0.8095
& E CuNeRF 36.04 0.9412 34.25 0.9253 33.15 0.9088
CSANeRF(Ours) 37.72 0.9587 35.41 0.9414 33.92 0.9289
Cubic 35.27  0.9652 33.61 0.9442 32.13 0.9231
; Trilinear 35.53 0.9703 33.81 0.9530 32.39  0.9380
a NeRF 30.25 0.8651 27.06 0.8424  26.23  0.8257
= CuNeRF 41.02 0.9876 39.46 0.9831 37.67 0.9768

CSANeRF(Ours) 42.83 0.9915 40.91 0.9862 39.02 0.9824

Ground Truth Cubic Trilinear CuNeRF  CSANeRF(Ours)
& & 5 5. 2 N P N 3

Axial

Coronal

Sagittal

Fig. 2: Qualitative comparison of 2x SR reconstructions on the Private-SWI-
CMB dataset. Red arrows highlight regions where CSANeRF preserves fine
structural details better than competing methods; yellow boxes delineate CMB
lesions where CSANeRF better maintains lesion morphology.

Training Protocol. LR training data were generated by z-axis downsam-
pling while preserving in-plane resolution. All learning-based methods (NeRF,
CuNeRF and CASNeRF) were trained solely on LR data without ground truth
HR access during training. Original HR volumes were used exclusively for eval-
uation as reference standards.
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Table 2: Ablation study on lattice sampling numbers (N) and segmented atten-
tion.

N (nai g m2) 100 (5,4,5) 120 (6,4,5) 125 (5,5,5) 150 (6,5,5) 130 (6,6,5)
Segmented Attn. w/ w/o w/ w/o w/ w/o w/ w/o w/ w/o
PSNR (1) 37.09 37.51 37.72 37.97 37.15 37.58 37.49 37.60 37.64 37.89
SSIM (1) 0.9541 0.9569 0.9587 0.9598 0.9558 0.9574 0.9571 0.9577 0.9578 0.9593

Table 3: Ablation study on different 06

axis traversal strategies. 05 050
Axis orders z —»y—z z— x>y 2=y —aT 04
PSNR (1) 36.87 37.46 37.72 .
SSIM (1)  0.9483  0.9563  0.9587 £03) oz o
Table 4: Ablation study on relative po- 02
sition bias (dpias)- 0.1
Method — w/0 8pias W/ Obias 00— Trilinear CuNeRF  CSANeRF(Ours)
PSNRT 37.16 37.72
SSIM?T 0.9526 0.9587

Fig.3: CMB segmentation on SR re-
constructions from different methods.

Evaluation Metrics. SR outputs were compared against the corresponding
HR ground truth for fair comparison. We quantitatively evaluated reconstruc-
tion quality using Peak Signal-to-Noise Ratio (PSNR) for pixel-level accuracy,
and Structural Similarity Index Measure (SSIM) [26] for perceptual structural
fidelity. Higher values indicate better performance for both metrics. All metrics
were computed within the brain mask to exclude background regions.

Implementation Details. This study was implemented based on the PyTorch
framework. All experiments were conducted on a server equipped with 24 GB
NVIDIA RTX 4090 GPUs. The Adam optimizer was employed with a weight
decay set to 1 x 107%. The maximum training iterations were set to 25000, with
a batch size of 4. The learning rate decayed exponentially from 2 x 1073 to
2 x 107°. The number of query points Q was set to 1024.

Quantitative Analysis. Table 1 presents the quantitative performance of five
SR methods on the HKCU-SWI-CMB, Private-SWI-CMB and MSD-T1 datasets
at SR factors of 2x, 3x, and 4x. Across all scales, our method consistently
achieves the highest PSNR and SSIM. It is worth noting that on the Private-
SWI-CMB dataset, the PSNR scores of CSANeRF at 2x, 3%, and 4x scales are
significantly higher than the second-best method (CuNeRF) by 1.68, 1.16, and
0.77 dB, respectively. Similarly, remarkable improvements are observed on the
HKCU-SWI-CMB and MSD-T1 datasets, indicating strong robustness across
imaging devices, patient cohorts, and MRI modalities. Compared with other
methods, NeRF performs relatively poorly, possibly due to its ray-based sam-
pling strategy, which provides limited spatial coverage.
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Qualitative Analysis. Fig. 2 presents visual comparisons of axial, coronal, and
sagittal slices reconstructed at a 2x scale on the Private-SWI-CMB dataset. In
the axial view, the enlarged regions indicated by red arrows show that CSAN-
eRF recovers sharper fine-grained structural details than interpolation-based and
NeRF-based methods, which suffer from over-smoothing and blurring artifacts.
In the coronal view, CSANeRF produces more coherent anatomical contours
with improved inter-slice structural continuity along the through-plane direc-
tion. In the sagittal view, the yellow boxes highlight CMB lesion regions where
CSANEeRF better preserves the compact morphology and susceptibility contrast
of microbleeds, demonstrating its clinical relevance for CMB detection.

Ablation Study. We conducted a comprehensive ablation study on the Private-
SWI-CMB dataset to validate the effectiveness of key design choices in our pro-
posed method. (1) Lattice sampling and segmented attention. Table 2
shows that reconstruction quality peaks at N = 120, beyond which redundancy
leads to performance degradation. Regarding the attention mechanism in CSAB,
global attention (without segmentation) consistently yields slightly higher accu-
racy than segmented attention across all V. However, it incurs prohibitive costs
(e.g., 2.5 h vs. 1.7 h training time for N = 120 on a 384 x 384 x 72 volume). We
adopt a trade-off: N = 120 with segmented attention as our default configura-
tion. For practical applications, configurations can be flexibly adjusted based on
specific resource. (2) Axis traversal strategies for AS. Table 3 examines the
impact of different axis traversal orders on model performance. The z—y—x or-
der achieves the best performance, validating that prioritizing the z-axis enables
the model to effectively learn inter-slice structural continuity and anatomical
consistency. This is particularly critical for SWI imaging with anisotropic reso-
lution. (3) Relative position bias. Table 4 reports that introducing dpias in
SA-MSA improves PSNR by 0.56 dB and SSIM by 0.0061, indicating its effec-
tiveness in enhancing fine-grained detail reconstruction.

Applicability to Downstream Tasks. To evaluate the practical utility of our
method, we applied its SR outputs to CMB lesion segmentation. Using E2U-
Net [28] trained on original HR images (80% of the Private-SWI-CMB dataset),
we evaluated performance on the remaining 20% testing set. For evaluation, LR
images in the testing set were generated via 2x downsampling and reconstructed
using various SR methods. As shown in Fig 3, CSANeRF achieves a Dice score of
0.55, closest to the HR ground truth (0.60), and significantly outperforms both
interpolation-based and deep SR baselines. This confirms that our approach
better preserves lesion morphology, offering more reliable support for automated
CMB detection.

4 Discussion and Conclusion

In this work, we presented CSANeRF, a novel structure-aware NeRF-Transformer
framework for SR reconstruction of SWI images. A key advantage of our ap-
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proach is its self-supervised learning paradigm, which eliminates the dependency
on paired HR ground truth data during training. This feature offers substantial
flexibility for diverse clinical scenarios where HR references are constrained.

Overall, CSANeRF demonstrates outstanding ability in preserving anatom-
ical structures. Extensive quantitative and qualitative evaluations confirm that
our method significantly outperforms existing state-of-the-art approaches. We
further applied CSANeRF to a downstream CMB detection task to validate its
capacity of preserving critical biomarkers. We anticipate that CSANeRF will
facilitate the integration of deep learning into clinical workflows, particularly by
enabling faster scan protocols and enhancing the visibility of subtle biomarkers
for CMB detection and neurological disease assessment.
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