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Abstract. Deep learning-based super-resolution (SR) mitigates reso-
lution bottlenecks in brain MRI, yet existing CNNs and Transformers
struggle to balance global context, computational efficiency, and fidelity
of high-frequency details. We propose GF-BrainSR, an efficient linear-
complexity State Space Model (SSM) framework. GF-BrainSR intro-
duces a DWT-driven Frequency Adaptive Gate that explicitly decouples
and enhances structural boundaries, while a depthwise spatial gate ro-
bustly suppresses noise in homogeneous soft tissues. Additionally, an
Implicit Coordinate Upsampling module fuses continuous spatial coor-
dinates with local features, thereby eliminating discrete interpolation
artifacts and reconstructing morphologically continuous tissue interfaces.
Experiments demonstrate that GF-BrainSR achieves competitive per-
formance, delivering superior anatomical clarity and spatial resolution
with linear computational complexity. The source code can be accessed
at https://github.com/qianchang680/GFBrainSR.
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1 Introduction

High-quality brain MRI is critical for neurological diagnosis and automated
neuroimage analysis. However, prohibitive hardware costs and clinical constraints,
such as accelerated scanning to minimize patient motion, often yield scans
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with insufficient spatial resolution, Rician noise, and truncation artifacts. Deep
learning-based super-resolution (SR) offers a cost-effective software alternative
to enhance degraded images without costly hardware upgrades, democratizing
high-quality imaging across under-resourced clinical settings [1,2,3].

While general SR methods have advanced significantly, they face distinct
challenges in medical imaging. CNN-based methods [4,5,6,7] mainly capture
local features and may struggle with long-range anatomical dependencies, while
Transformer-based methods [8,9,10,11,12,13] rely on explicit global attention
that becomes increasingly demanding at high resolutions. Diffusion model- based
methods [14,15], meanwhile, introduce substantial inference latency due to it-
erative denoising. Recently, State Space Models (SSMs) like Mamba [16] and
recurrent networks like RWKYV [17] have emerged as an alternative for global
representation learning and have been increasingly explored in image super-
resolution [18,19,20,21,22,23,24]. Their ability to propagate information over long
spatial ranges provides an effective alternative to local convolution and explicit
attention. However, existing SSM or RWKV-based SR methods largely overlook
the distinctive anatomical characteristics of brain MRI, which combines extensive
homogeneous soft-tissue regions with intricate high-frequency structures such as
cortical folds and pathological boundaries. Without explicit anatomical priors,
generic SSMs may propagate noise in homogeneous regions while oversmoothing
clinically important details, motivating anatomy-aware SSMs for brain MRI
super-resolution.
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Fig. 1: Architecture of the proposed GF-BrainSR. Each FI-VSS block integrates
fixed orthogonal Haar wavelet decomposition, multi-scale frequency gating, and
selective state-space scanning for efficient global-local feature refinement.
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To address these challenges, we propose an efficient linear-complexity SSM
framework tailored to cerebral MRI. Our main contributions are:

— A selective-scanning SR architecture that achieves a strict balance between
global anatomical context modeling and linear computational efficiency.

— A DWT-driven frequency-adaptive gate that couples orthogonal frequency
decoupling with depthwise spatial masking, selectively enhancing cortical
boundaries while suppressing noise in homogeneous tissues.

— An implicit coordinate upsampling module that fuses features with con-
tinuous 2D coordinates, eliminating checkerboard artifacts to reconstruct
morphologically continuous tissue interfaces.

2 Methodology: GF-BrainSR

Fig. 1 illustrates the proposed GF-BrainSR. A 3 x 3 convolution first extracts
shallow features F{y from the low-resolution MRI I;,. These are hierarchically
refined by IV cascaded Residual Mamba Groups, comprising Frequency-Integrated
Visual State Space (FI-VSS) and Channel Attention Blocks, to jointly model
long-range anatomical dependencies and localized high-frequency structures. To
preserve low-frequency structural consistency, the output deep feature Fyeep is
residually fused with Fy. Finally, an Implicit Coordinate Upsampling module
(Hyp) reconstructs the high-resolution image via Ioyt = Hup (Faeep + Fo). Unlike
conventional discrete operators, this continuous coordinate-guided reconstruc-
tion effectively alleviates interpolation discontinuities and sharpens anatomical
boundaries.

2.1 Frequency-Integrated Visual State Space Block

MRI acquisition artifacts (e.g., Rician noise) are highly coupled with high-
frequency anatomical details. Consequently, standard SR models often blindly
amplify noise in homogeneous tissues like white matter and cerebrospinal fluid
(CSF). To mitigate this, we propose a frequency-aware gate that decouples
structural boundaries from noise, selectively enhancing valid details prior to
state-space propagation.

Frequency Gate via DWT Given an input feature map X € RE*H*XW e
first apply a 2D discrete wavelet transform (DWT) to decompose it into one low-
frequency approximation subband X and three high-frequency detail subbands

{Xwr, Xow, Xam}:
Xor, AXwe, Xow, Xan} = DWT(X). (1)

The high-frequency components, which encapsulate critical directional edge
information, are concatenated along the channel dimension to form:

Xhigh = CODC&t(XHL,XLH,XHH). (2)
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The processed high-frequency representation is formulated as:
Xhigh = Wix1 * 6 (DWConvsxz(Xnign)) , (3)

where §(-) denotes the GELU activation function, DWConvsy s represents the
3 x 3 depthwise convolution operator for spatial grouping, and W7 «; denotes point-
wise frequency fusion. The enhanced residual component is then reconstructed
through inverse discrete wavelet transform (IDWT):

chs = IDWT(Xhigll)~ (4)

To suppress noise in homogeneous tissues and adapt to varying degradation
levels, we introduce a scale-aware depthwise gating module. Under severe
degradation (x8), spatial dimensions are highly compressed; thus, compact 3 x 3
kernels provide an adequate relative receptive field while preventing the over-
smoothing of fragile high-frequency signals. Conversely, milder degradations (x2
and x4) preserve higher resolution and richer structural information. For these
scales, we fuse both 3 x 3 and 5 x 5 convolutions to simultaneously capture fine
local details and broader spatial context, effectively balancing detail retention
and structural continuity. The operation G(X) is formalized as:

G(X) = {Concat (DWConvsx3(X),DWConvsx5(X)), for x 2,x4 (5)

DWConvsy3(X), for x 8

The gating mask M is then estimated through a lightweight bottleneck
network:

M = o (W}F; « LReLU (W{2y" x G(X))) , (6)

where o(-) denotes the Sigmoid activation function and LReLU represents Leaky
ReLU.
The final gated frequency enhancement is:

Xout =X+MO Xresa (7)

where ® denotes element-wise multiplication.

Frequency-Integrated 2D Selective Scan Standard state-space models
exhibit strong long-range dependency modeling capability but tend to suppress
subtle high-frequency structural variations. To alleviate this limitation, we inject
frequency-enhanced priors before selective state propagation:

Ztreq = Gatepeq (SILU (Convsy3(Z))) . (8)

Unlike post-hoc frequency refinement strategies, the proposed frequency gate
is inserted before selective scanning, enabling the state-space model to encode
enhanced anatomical boundaries during long-range dependency propagation. To
capture global non-causal anatomical dependencies, the enhanced feature Zpqq is
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processed through a 4-direction (horizontal, vertical, and their reverses) selective
state-space model (SSM). The multi-directional outputs are then reshaped and
aggregated to form the global representation:

4
Y = Z Unflatten® (SSM(k) (Flatten(k)(Zfreq)>) , (9)
k=1

where k € {1,2,3,4} denotes the four scanning directions. Outputs from all
directions are reshaped back to the spatial domain and aggregated to form the
global contextual representation:

4
Y = ZUnﬂatten(k) (y(k)) . (10)
k=1

2.2 Implicit Coordinate Upsampling

Inspired by implicit image representation methods such as LIIF [25], we introduce
an implicit coordinate-based upsampling module to enable continuous-scale recon-
struction. Unlike conventional discrete operators, such as transposed convolution
and pixel shuffle, which are restricted to integer scale factors, our approach
conditions feature reconstruction on continuous spatial coordinates, facilitating
flexible resolution adaptation for multi-center MR images. Given a low-resolution
feature map Fir and scale factor s, we first obtain a bicubic-interpolated base
feature:

F,» = Bicubic(Fig, s) € REXsH>sW, (11)

A normalized coordinate grid Veoorg € R2¥$7XsW ig then constructed with
coordinates linearly distributed in [—1,1]. The coordinate grid is concatenated
with Fy, and projected into coordinate-conditioned features through a lightweight
fusion network ¢coord:

En1p = d)coord (COHC&t(Rlp, ‘/coord)) . (12)

A refinement network 1,efne predicts high-frequency residuals, while a sigmoid
gate adaptively controls their contribution:

FHR = Fup +o (Wgate * Emp) © wreﬁne(Fimp)- (13>
This design enhances anatomical boundaries while suppressing artifacts in homo-

geneous tissue regions.

3 Experiments

3.1 Datasets

IXT Dataset. The IXI dataset [26] is a publicly available brain imaging dataset
comprising multi-modal MRI scans (T1, T2, and PD sequences) of healthy adults
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from diverse scanning sources. In this study, we use only the T2-weighted images,
as T2 provides rich soft-tissue contrast and is well suited for evaluating the
reconstruction of fine anatomical structures. Restricting the experiments to a
single modality also avoids confounding effects from cross-modal information
and enables a focused assessment of the proposed super-resolution framework.
Following preprocessing and spatial sampling, we obtain 4,524 slices for training,
1,508 for validation, and 1,536 for testing. The partitioning is performed at the
patient level, ensuring that no subjects are shared across the three sets and thus
preventing patient-level data leakage.

3.2 Implementation Details

Experiments are implemented in PyTorch and conducted on NVIDIA RTX 4090
GPUs. High-resolution training patches are cropped to 192 x 192 and augmented
with random flips and rotations. Our model is trained for 250K iterations using
Ly loss (batch size 4) and the Adam optimizer (8; = 0.9, 82 = 0.99). The initial
learning rate is 1 x 10™%, halved at 125K, 200K, 225K, and 237.5K iterations.
Low-resolution inputs are generated from high-resolution images through MRI-
specific k-space truncation, which simulates resolution degradation by removing
high-frequency components. The same degradation process is consistently applied
to both training and testing datasets. Notably, for fair comparison, baselines
including Restore-RWKV [24] and SwinIR [9] are trained for 750K iterations
with a 2 x 10™% initial learning rate to ensure full convergence. Performance is
evaluated every 5K iterations using PSNR, and the best model is selected.

3.3 Results and Analysis

Table 1 compares the quantitative performance on the IXI dataset. The proposed
GF-BrainSR consistently outperforms representative CNN, Transformer, Mamba,
and RWKYV baselines across all scales. Notably, under severe degradation, it
surpasses the runner-up MambalR by 0.30 dB and 0.22 dB in PSNR at x4
and x8, respectively. These improvements demonstrate that our scale-adaptive
frequency gating and implicit upsampling effectively capture unique anatom-
ical boundaries while maintaining linear-complexity global context modeling.
Qualitative comparisons are visualized in Fig. 2. Admittedly, these performance
gains come at the cost of substantially increased computational complexity and
parameter count.

3.4 Ablation Study

Frequency-Aware Encoder Mechanisms. Table 2 compares encoder variants for
x8 SR with our implicit decoder. The baseline VSS block achieves 26.44 dB,
while naive DWT integration slightly degrades performance (26.43 dB). Pseudo-
IDWT improves PSNR to 26.58 dB but remains affected by aliasing, whereas
removing the spatial gate reduces PSNR to 26.57 dB, highlighting the importance
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Table 1: Quantitative results with different methods and upsampling factors
on the IXI dataset. Best and second-best results are highlighted in bold and
underlined, respectively.

Method 2x 4x 8x
PSNR{ SSIM?|PSNR} SSIM{|PSNR{ SSIMT
SRResNet [3] 3178 0.9467 | 27.73 0.8598 | 24.23 0.7389
EDSR [4] 34.38  0.9605| 29.22 0.8841 | 24.51 0.7499
RCAN ] 36.98  0.9702| 28.98 0.8802 | 24.30 0.7463
ECBSR [7] 3124 0.9374| 2532 0.7953 | 22.29 0.6796
SwinIR [J] 38.69 0.9782 | 30.79 0.9075| 25.92 0.7891
FreMamba [27] | 34.25 0.9582 | 26.49 0.8492 | 23.67 0.7375
IRSRMamba [20] | 39.17 0.9797 | 31.27 0.9149 | 26.30 0.8045
MambalR [18] | 39.36 0.9805| 31.25 0.9139| 26.42 0.8068
Restore-RWKV [24]| 38.13 0.9782 | 30.08 09117 | 25.23 0.7973
MambalRV2 [19] | 38.97 0.9790 | 30.78 0.9085 | 25.80 0.7866

GF-BrainSR (ours) | 39.46 0.9809| 31.55 0.9201| 26.64 0.8163

Table 2: Quantitative ablation study on ~ Table 3: Comparison of frequency de-
the evolution of the frequency-aware en- composition methods for the x8 super-
coder for the x8 super-resolution task. resolution task.

Encoder Architecture PSNRT SSIMT Decomposition PSNR?T SSIMT

VSS Block (Baseline) 26.44 0.8094 FFT-based 25.91 0.7953
Parallel DWT VSS Block 26.43 0.8081 DWT-based (Ours) 26.48 0.8131
Pseudo-IDWT VSS Block 26.58 0.8150
FI-VSS Block w/o gate 26.57 0.8164
FI-VSS Block (Ours) 26.64 0.8163

of localized frequency modulation. Our complete FI-VSS Block achieves the best
performance (26.64 dB) by combining orthogonal IDWT with spatial gating
for effective boundary enhancement and noise suppression. We further replace
DWT with FFT under the same architecture. As shown in Table 3, the FFT
variant drops PSNR/SSIM from 26.48/0.8131 to 25.91/0.7953, demonstrating
that DWT’s localized multi-scale representation is better suited to capturing
anatomical high-frequency structures in brain MRI.

Scale-aware Depthwise Gating. Table 4 demonstrates a clear scale-dependent
effect of kernel size in the frequency gating module. The joint 3 x 3+ 5 x 5 kernels
perform best at x2 and x4 degradation (39.46 and 31.55 dB), while the compact
3 x 3 kernel is optimal at x8 (26.64 dB). This suggests that mild-to-moderate
degradation benefits from multi-scale context, whereas severe degradation fa-
vors localized modeling to preserve fragile high-frequency anatomical details,
supporting our scale-aware gating design.
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Fig. 2: Qualitative comparison of x4 and x8 MRI super-resolution on the IXI
dataset. Error maps visualize per-pixel absolute residuals between SR predictions
and ground truth.
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Table 4: Ablation study of different kernel sizes on the IXI dataset for depthwise
gating in the frequency gate of the FI-VSS block. Best results are highlighted in
bold.

Method 2% 4x 8%
PSNR1T SSIMT|PSNR1 SSIMT|PSNR1T SSIM*T
3x3 39.33 0.9803 | 31.37 0.9167 | 26.64 0.8163
5%5 39.38 0.9805| 31.47 0.9170| 26.48 0.8131
3x3 + 5x5| 39.46 0.9809| 31.55 0.9201| 26.56 0.8150

Decoder Architecture. Table 5 validates our continuous spatial decoder. The
PixelShuffle baseline yields the lowest performance (26.38 dB), as its discrete
nature introduces severe aliasing artifacts and struggles to reconstruct smooth
anatomical boundaries at large scales. Replacing it with coordinate-based implicit
upsampling improves PSNR to 26.59 dB, demonstrating that continuous spatial
modeling effectively mitigates discrete interpolation bottlenecks. Finally, incorpo-
rating our spatial gating mechanism achieves the best result (26.64 dB). This gate
dynamically regulates high-frequency detail injection, successfully preventing
spurious textures in homogeneous soft-tissue regions.

4 Conclusion

We present GF-BrainSR, an efficient linear-complexity super-resolution frame-
work tailored for brain MRI. By coupling a DWT-driven frequency gate with
selective state-space models, it successfully decouples high-frequency anatomical
boundaries from acquisition noise. Furthermore, our gated implicit upsampling
eliminates discrete interpolation artifacts, reconstructing morphologically con-
tinuous tissue interfaces. Experiments confirm that GF-BrainSR consistently
outperforms state-of-the-art baselines, delivering superior anatomical clarity for
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Table 5: Ablation study on different upsampling decoder architectures for the x8
super-resolution task on the IXI dataset. “Implicit” denotes continuous coordi-
nate upsampling, and “Gate” refers to the spatial gating mechanism for detail
refinement. Best results are highlighted in bold.

Decoder Architecture PSNR1T SSIM?
Standard PixelShuffle 26.38  0.8095
Implicit Upsample w/o Gate 26.59 0.8156

Implicit Upsample w/ Gate (Ours) 26.64 0.8163

clinical diagnosis. Future work will extend the framework to a 3D state-space
architecture to exploit full spatial continuity. We will also validate its generaliza-
tion on multi-center pathological datasets and explore its utility in enhancing
downstream clinical tasks, such as automated brain MRI image classification and
segmentation.
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