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Abstract: Low-field Magnetic Resonance Imaging (MRI) is a cost-effective, accessible point-of-care alternative for neuroimaging. 

However, lower magnetic field strengths (<1.5T) inherently suffer from low Signal-to-Noise Ratios and widespread, signal-

dependent Rician noise interference. Standard spatial domain denoising filters result in substantial blurring at critical structural 

boundaries, whereas typical Convolutional Neural Networks (CNNs) cannot capture the global anatomical spatial context. We 

propose a new Wavelet-Informed Vision Transformer (W-ViT) framework for restoring low-field brain MRI in this paper. The 

network integrates multi-scale frequency decomposition of Discrete Wavelet Transform (DWT) and multi-head self-attention 

mechanisms to separate high-frequency noise components in orthogonal wavelet sub-bands while explicitly preserving fine 

structural brain morphology. The architecture is optimized via a multi-component composite loss function combining  pixel-wise 

reconstruction loss with an explicit Structural Gradient Penalty.  Crucially, while previous restoration works prioritize general 

contrast enhancement, W-ViT specifically target-preserves tissue boundary gradients to directly prevent downstream automated 

tissue segmentation failures.  By ensuring high structural fidelity at low operational costs, W-ViT bridges the gap between low-

field hardware signal degradation and downstream diagnostic segmentation requirements.  Comprehensive quantitative and 

qualitative assessments performed on public benchmark datasets reveal that the suggested model attains a Peak Signal-to-Noise 

Ratio (PSNR) of 34.12 dB and a Structural Similarity Index (SSIM) of 0.924 in both simulated and actual low-field Rician noise 

conditions. Comparative evaluations show that W-ViT significantly outperforms standard DnCNN, BM4D, and Non-Local Means 

baselines while maintaining low inference latency suitable for real-time neuroimaging pipeline. 
Keywords: Brain MRI Denoising, Vision Transformer (ViT), Discrete Wavelet Transform (DWT), Rician Noise, Structural 

Gradient Loss, Low-Field Neuroimaging. 

 

1. INTRODUCTION 

Magnetic Resonance Imaging (MRI) is an essential non-invasive diagnostic tool in contemporary neurology 

and neurosurgery, offering excellent soft-tissue contrast for outlining cerebral architecture, detecting vascular 

malformations, and assessing neurodegenerative and neoplastic disorders. MRI is diagnostic in its clinical efficacy. 

There are significant financial, spatial and logistical barriers to high-field MRI systems at 1.5T , 3.0T , or higher 

field strengths. High-field scanners demand specialized radiofrequency shielding, liquid helium cryogenic cooling 

infrastructures, and robust structural foundations, effectively limiting their availability to centralized medical facilities 

and high-resource urban environments. 

To address the global health inequities and facilitate rapid point-of-care neuroimaging in settings such as 

emergency medicine, intensive care units and under-resourced rural communities, low-field (0.5T)  and ultra-low-

field (ULF) ( 0.1T )portable MRI systems have become a viable option. These systems significantly reduce 

operational overhead, have very low power requirements, and allow for bedside neuroimaging. But the basic physical 

limits under the Boltzmann distribution mean that nuclear spin polarization increases linearly with magnetic field 
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strength 0B . Consequently, low-field MRI scanners inherently generate raw signals characterized by low Signal-to-

Noise Ratio (SNR) and reduced contrast-to-noise ratio (CNR).  

The primary degradation mechanism in magnitude MRI images is Rician noise. The raw k-space data in the 

complex domain are affected by independent, identically distributed zero-mean Gaussian noise in both the real and 

imaginary channels. The zero-mean Gaussian noise distribution is transformed to a signal-dependent Rician 

distribution by non-linear magnitude reconstruction through the square root of the sum of squared real and imaginary 

components. In low-SNR regimes typical of low-field MRI, the Rician PDF diverges significantly from a symmetric 

Gaussian profile, inducing severe non-linear signal bias, obscuring subtle anatomical tissue boundaries between Grey 

Matter (GM), White Matter (WM), and Cerebrospinal Fluid (CSF), and producing spurious visual artifacts that 

undermine downstream automated segmentation algorithms. 

Accurate delineation of Grey Matter (GM), White Matter (WM) and Cerebrospinal Fluid (CSF) in a multi-

class automated brain tissue segmentation represents a vital prerequisite for quantitative neuroimaging, volumetry and 

clinical diagnosis. However, these tissue interfaces are severely degraded by the signal-dependent Rician noise typical 

of low-field MRI. Uncorrected Rician bias and boundary blurring result in large scale tissue misclassification, partial 

volume effects, and severe degradation of dice metric in downstream automated segmentation models. Deep 

segmentation networks perform well on high-field scans, but their performance degrades rapidly on noisy low-field 

data, unless preceded by high-fidelity, edge-preserving restoration. 

The last three decades have seen the evolution of algorithmic approaches to medical image denoising from 

spatial filters to deep learning models: 

1. Analytical and Spatial Domain Filtering: Early classical methods such as Anisotropic Diffusion, Gaussian 

smoothing and Bilateral filtering are based on the assumption of local homogeneity. These methods are 

computationally light but they perform isotropic spatial averaging which significantly degrades high 

frequency structural edges, small vascular paths and subtle cortical sulci. 

2. Non-Local and Sparse Representation Methods: Advanced statistical paradigms such as Non-Local 

Means (NLM), Block-Matching and 3D Filtering (BM3D/BM4D) and dictionary learning algorithms utilize 

non-local self-similarity between distant image patches. These frameworks better preserve repeating 

structural patterns than local operators. However, their computational complexity in patch search is high and 

unique non-repetitive anatomical lesions are often not preserved. 

3. Convolutional Neural Networks (CNNs): Deep learning architectures such as Deep Convolutional Neural 

Networks (DnCNN) and U-Net variants learn end-to-end mapping from degraded inputs to ground-truth 

clean images. While empirically successful, CNNs have an inherent limitation due to the local spatial 

receptive fields defined by kernel sizes ( 33×  or 55× ). Therefore, typical CNNs have to be stacked deeply 

to easily capture long-range spatial dependencies between distant anatomical regions, resulting in gradient 

degradation and over-smoothing. 

4. Vision Transformers (ViTs): Vision Transformers have recently gained prominence as powerful 

architectures, leveraging Multi-Head Self-Attention (MHSA) mechanisms capable of capturing global spatial 

context over entire image grids. However, vanilla ViTs fed with high resolution 2D/3D volumetric spatial 

pixels suffer from quadratic computational complexity ( )2NO  w.r.t image sequence length, hindering real-

time high resolution clinical deployment. 

To address the challenges of global context modeling and quadratic computational complexity, in this paper, 

we proposed a novel Wavelet-Informed Vision Transformer (W-ViT) framework specifically for the low-field brain 

MRI denoising task. The model factorizes high-resolution spatial MRI slices into orthogonal frequency sub-bands by 

integrating 2D Discrete Wavelet Transform (DWT) multi-scale frequency decomposition directly into a self-attention 

transformer pipeline ( HHHL,LH,LL, ).  

The main contributions of this work are summarized as follows. 

• We propose a unified architecture, Wavelet-Informed Vision Transformer (W-ViT), which integrates multi-

scale spatial-frequency sub-band decomposition and global self-attention mechanisms for effective 

disentanglement of signal-dependent Rician noise and underlying tissue structures. 
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• We propose a novel Structural Gradient Loss function that explicitly penalizes directional intensity gradient 

deviations at tissue interfaces such as GM/WM/CSF boundaries, enforcing high edge sharpness and removing 

edge-blurring artifacts. 

• We perform extensive quantitative and qualitative evaluations on public benchmark datasets (IXI MRI), and 

achieve better performance compared with state-of-the-art classical (NLM, BM4D) and deep learning-based 

(DnCNN, TransUNet) denoising models. 

The remaining portion of this document is structured in the following manner. Section 1 examines pertinent 

literature regarding medical picture denoising, wavelet transformations, and vision transformers. In Section 2, we 

elucidate the mathematical representation of Rician noise, the W-ViT architecture, and the composite loss function. 

The specifications for the dataset, baseline models, training parameters, and assessment measures are detailed in 

Section 3. Section 4 provides numerical findings, qualitative visual assessments, and comprehensive ablation analyzes. 

Ultimately, Section 5 wraps up the manuscript and explores prospective avenues for research.  

2. RELATED WORK 

Medical image restoration is an active area of research in biomedical engineering and computer vision. This 

section summarizes the basic and recent development of low field MRI denoising in a structured way.  

2.1 Non-Local and Classical Denoising Techniques 

Classical medical image denoising techniques are highly dependent on pre-specified mathematical and 

statistical image priors. The Non-Local Means (NLM) algorithm revolutionized spatial filtering by replacing local 

pixel averaging with weighting based on similarity of non-local patches. Buades et al. showed that there are structural 

redundancies in non-adjacent spatial regions for natural and medical images. Unal et al. customized NLM for 

magnitude MRI by including Rician noise bias correction terms. 

Block-Matching and 3D Filtering (BM3D) and its volumetric 4D extension (BM4D) are state of the art in 

non-learning based restoration. BM4D clusters similar 3D spatial image blocks into 4D arrays, conducts collaborative 

filtering in a transform domain, and reconstructs clean volumes through inverse transform and weighted aggregation. 

BM4D achieves good PSNR metrics, but its iterative block searches result in prohibitive inference times (> several 

seconds per volume), making it impractical for real-time intraoperative use.  

2.2 Deep Learning and Convolutional Models 

The paradigm shift to deep learning was accelerated by the introduction of DnCNN by Zhang et al. , which 

predicted residual noise fields instead of clean images using residual learning and batch normalization. Ronneberger 

et al. proposed the U-Net architecture for medical imaging, where the symmetric encoder-decoder pathways and skip 

connections have become the mainstream backbone for both segmentation and denoising tasks. 

Later medical denoising models used dedicated architectural components. Kidoh et al. , for example, 

evaluated deep learning-based reconstruction for ultra-low-field brain MRI, demonstrating significant improvements 

in subjective image quality and structural delineation. However, pure convolutional backbones are still limited by the 

local receptive fields. Expanding the receptive fields often requires deeper network topologies or dilation convolutions 

that may introduce grid artifacts and loss of fine spatial resolution.  

2.3 Wavelet Transforms in Neural Networks 

Wavelet transforms provide a mathematically rigorous tool for multi-resolution analysis of signals. Unlike 

Fourier transforms that provide a global frequency representation without localised spatial information, the Discrete 

Wavelet Transform (DWT) retains both spatial and frequency localizations. 

Donoho and Johnstone did pioneering work on wavelet shrinkage thresholding for the Gaussian noise 

reduction. Recent deep learning architectures have embedded DWT operations directly in the layers of neural networks 

to downsample spatial dimensions while preserving high frequency structural information. Liu et al. proposed Multi-

level Wavelet-CNN (MWCNN) which replaces the standard pooling layers by DWT decomposition to preserve the 

fine edge detail during the feature abstraction.  



849 
 

2.4 Vision Transformers for Medical Imaging 

The adaptation of Transformers from natural language processing to computer vision was formalized by 

Dosovitskiy et al. with the Vision Transformer (ViT). ViTs have taken advantage of long-range contextual 

relationships without any local inductive bias constraints by dividing images into non-overlapping spatial patches and 

modeling relationships between patches by self-attention. 

In medical imaging, hybrid architectures like TransUNet and Swin-UNet have shown to perform 

competitively for organ and lesion segmentation. However, when directly applying pure self-attention mechanisms to 

dense image restoration tasks, the computation bottlenecks appear due to the quadratic memory growth w.r.t. spatial 

resolution. Integrating spatial-frequency wavelet decomposition into self-attention modules is a promising way to 

reduce sequence length while retaining fine structural representation. 

2.5 Segmentation for Low-Field MRI  

Medical image segmentation relies on different intensity gradients and sharp edges between tissue classes. 

High-field MRI segmentation with CNN and Transformer-based backbones (e.g., U-Net, Swin-UNet and TransUNet) 

achieves high segmentation accuracy . But for low-field systems (<0.5T) low SNR and Rician noise bias alter the 

intensity profiles such that distributions of Grey Matter (GM), White Matter (WM) and Cerebrospinal Fluid (CSF) 

overlap significantly. Common spatial denoising methods blur fine boundary areas, unintentionally reducing 

segmentation performance. To address this challenge, recent segmentation pipelines utilize dedicated restoration 

backbones and gradient-preserving loss functions, highlighting the need for restoration models specifically designed 

to preserve tissue boundaries for subsequent automated segmentation tasks.  

3. PROPOSED METHODOLOGY 

This section details the theoretical formulation of Rician noise in low-field MRI, the architecture of the 

proposed Wavelet-Informed Vision Transformer (W-ViT), and the formulation of the composite Structural Gradient 

Loss function.  

3.1 Physics of Rician Noise in Low-Field MRI 

In magnetic resonance imaging, raw signal complexS data are acquired in the complex k-space domain: 

( ) ( ) ( ) ( )( ) ( ) ( ) ( )( )rn+rrAj+rn+rrA=rS IR sincoscomplex
 

where ( )rA is the true underlying signal magnitude at spatial position , r , ( )r  is the phase angle, and 

( ) ( ) ( )20∼ σ,Nrn,rn IR  represent independent uncorrelated zero-mean Gaussian noise components in the real and 

imaginary channels with standard deviation σ.  

Clinical magnitude images ( )rY  are formed by calculating the absolute magnitude of the complex signal: 

( ) ( ) ( ) ( )( ) ( ) ( ) ( )( )22
sincos rn+rrA+rn+rrA=rY IR  

The resulting magnitude signal Y follows a Rician probability density function (PDF) ( )σA,Yp  : 
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where ( )0I  denotes the zero-order modified Bessel function of the first kind. 

The behavior of the Rician distribution depends directly on the localized Signal-to-Noise Ratio ( σA= /SNR ): 

• High-SNR Regime ( 1≫SNR ): The Bessel function asymptotic approximation simplifies the distribution 

to a Gaussian distribution centered at 
A

σ
+Aσ+A

2
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• Low-SNR Regime ( 0→SNR ): In regions representing low-intensity tissue or background air, 0→A , 

( ) 100 =I , and the distribution degenerates into a Rayleigh distribution: 
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In low-field MRI )0.5T( 0 <B , large portions of the image matrix operate within low-to-intermediate 

SNR regimes, introducing non-linear noise bias that must be addressed during 

3.2 2D Discrete Wavelet Transform (DWT) Decomposition 

To address spatial-frequency trade-offs, the input noisy 2D MRI slice 
1∈ ×W×HRY is mapped into four 

spatial-frequency sub-bands using a 2D Haar or Daubechies ( 1db ) Discrete Wavelet Transform: 

( ) }Y,Y,Y,{Y=Y HHHLLHLLDWT  

where each sub-band tensor has spatial dimensions 
1

22
×

W
×

H

R . 

The discrete decomposition operators are formulated using low-pass ( L ) and high-pass ( H ) 1D 

decomposition filters Lh  and Hh : 

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )nm,Yjnhimhji,Y

nm,Yjnhimhji,Y

nm,Yjnhimhji,Y

nm,Yjnhimhji,Y

H

m n

HHH

L

m n

HHL

H

m n

LLH

L

m n

LLL

22

22

22

22








 

The physical characteristics of these sub-bands are defined as follows: 

• LLY : Low-frequency sub-band containing smooth anatomical approximations and structural tissue 

contrast.  

• LHY : High-frequency sub-band preserving horizontal edge transitions. 

• HLY : High-frequency sub-band preserving vertical edge transitions. 

• HHY : High-frequency sub-band containing diagonal edges and the majority of uncorrelated Rician 

noise energy.  

By concatenating these four sub-band maps along the channel dimension, we form an aggregated wavelet 

feature representation 
4

22∈wavelet

×
W

×
H

RY . This step reduces spatial sequence length by a factor of 4 while preserving 

information across frequency channels. 
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Fig. 1: General schematic architecture of the proposed Wavelet-Informed Vision Transformer (W-ViT) 

framework. The noisy input MRI slice Y is decomposed by 2D DWT into four sub-bands (LL, LH, HL, HH) and 

processed by Transformer Encoders with Multi-Head Self-Attention and reconstructed by Inverse DWT (IDWT) to 

obtain the restored MRI 𝑥̂.  

3.3 Wavelet Transformer Architecture (W-ViT) 

The aggregated sub-band tensor waveletY  is projected into a D - dimensional feature embedding space via a 

2D Convolutional patch projection layer with kernel size p×p and stride p : 

( ) poswavelet0 Conv2D E+Y=E  

where 
DN×RE ∈0 , 

24 p

WH
=N   is the sequence length, and 

DN×RE ∈pos  and are learnable 1D spatial 

position embeddings.  

The embedded tokens pass through a cascade of L Transformer Encoder blocks.  Each block consists of 

Layer Normalization (LN), Multi-Head Self-Attention (MHSA), and a Multi-Layer Perceptron (MLP) featuring 

Gaussian Error Linear Unit (GELU) activations: 



852 
 

( )( )

( )( ) lll

lll

E+EE

L,…,=l,E+EE

LNMLP

1LNMHSA 11
 

The Multi-Head Self-Attention mechanism maps input query Q , key K , and value V  matrices through 

parallel attention heads: 

( )
V
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where k
d×D

KQ RW,W ∈ , v
d×D

V RW ∈ , and hD=dk /  serves as the scaling factor to prevent gradient 

vanishing in softmax operations.  

Following the transformer encoder stack, a convolutional feature projection layer reconstructs the denoised 

wavelet sub-band components }X,X,X,{X=X HHHLLHLLwavelet . 

The final 2D spatial domain clean brain MRI slice
1∈ ×W×HRX  is synthesized by applying the 2D Inverse 

Discrete Wavelet Transform ( IDWT ): 

( )HHHLLHLL X,X,X,X=X IDWT  

3.4 Composite Objective Function with Structural Gradient Loss 

To ensure pixel accuracy while preserving fine structural boundaries, the network parameters are Θ  are 

optimized using a multi-component loss function: 

WaveletwaveletGradgrad1Total Lλ+Lλ+L=L  

where gradλ  and waveletλ  and serve as scalar weighting hyperparameters balancing sub-task contributions.  

3.5 Pixel-Wise Reconstruction Loss ( 1L ) 

The 1L  loss enforces global intensity alignment between the predicted slice X  and ground-truth clean 

slice X : 

( ) ( ) ( ) )
H

=i

W

j=

ji,Xji,X
W×H

=XX,L
1 1

1

1
 

3.6 Structural Gradient Loss ( GradL ) 

Standard 1L  and 2L  pixel losses tend to blur sharp intensity transitions across cortical tissue interfaces 

(GM/WM/CSF). To penalize edge blurring, we construct an explicit Structural Gradient Loss using Sobel gradient 

operators xG  and yG : 

XG=XX,G=X

XG=XX,G=X

yyxx

yyxx





∇∇

∇∇  

The gradient loss evaluates magnitude divergence across horizontal and vertical directional vectors: 
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3.7 Wavelet Sub-band Consistency Loss ( WaveletL ) 

To ensure consistency across decomposed sub-bands prior to inverse transformation, sub-band error is 

evaluated directly in the frequency domain: 

1

∈
Wavelet ∥∥ kk

HH}HL,LH,{LL,k

XX=L   

4. EXPERIMENTAL SETUP 

This section describes the benchmark datasets, experimental baseline models, training implementation details, 

and quantitative evaluation metrics utilized in this study.  

4.1 Dataset Description and Preprocessing 

We evaluated on the publicly available IXI Brain MRI Dataset (Information eXtraction from Images). The 

dataset includes high-resolution T1-weighted 3D brain volumes collected at various clinical sites. 

Data processing was done using a standardized pipeline for medical images: 

1. Spatial Normalization: Volumetric scans were re-sampled to an isotropic voxel resolution of 
31.0mm1.01.0 ×× . 

2. Skull Stripping: The Brain Extraction Tool (BET) was used to remove extracranial tissue. 

3. Intensity Normalization: The min-max scaling was applied to normalize the voxel intensities to the dynamic 

range (0,1). 

4. Data Splitting: 550 patient volumes were split into 400 training scans (38,400 2D axial slices), 50 validation 

scans (4,800 slices) and 100 test scans (9,600 slices). 

To simulate low-field MRI acquisition conditions, synthetic Rician noise was added to normalized clean 

ground-truth axial slices X : 

( )( ) ( )2222 00 σ,N+σ,N+X=Y  

Noise levels were varied across three standard deviations: },,,{σ 20%15%10%5%∈  relative to 

maximum signal intensity. 

4.2 Baseline Models for Comparison 

We compared the proposed W-ViT framework with classical and deep learning restoration baselines: 

• Non-Local Means (NLM): classical spatial patch filtering with Rician bias correction. 

• Block-Matching and 4D Filtering (BM4D): State-of-the-art volume transform-domain collaborative 

filtering. 

• DnCNN: 17-layer residual convolutional neural network. 

• Standard U-Net: Convolutional encoder-decoder architecture with skip connections. 

• TransUNet: Hybrid CNN-Transformer architecture with ResNet-50 backbones and Transformer 

attention blocks.  

4.3 Details of the implementation and hyper-parameters 

All models were implemented in Python 3.10 using PyTorch 2.1 and trained on two NVIDIA RTX 4090 

GPUs (each with 24GB VRAM). Network optimization details are summarized as follows: 

• Input Spatial Dimensions: 256256×  pixels. 
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• Wavelet Sub-Band Sizes: 4128128 ×× . 

• Size of Patch Projection: 22×=p . 

• Transformer Encoder Depth: 8=L  sequential blocks. 

• Embedding Dimension: 384=D . 

• Attention Heads: 6=h . 

• Optimizer: AdamW with initial learning rate 
4102×=η , weight decay 

410 , 0.91 =β , 0.9992 =β . 

• Learning Rate Scheduler: Cosine annealing scheduler decay down to 
610  across 100 epochs. 

• Batch Size: 32 2D slices. 

• Loss Weighting Factors: 0.5grad =λ , 0.25wavelet =λ . 

4.4 Measures of Assessment (Quantitative) 

The efficacy of the model was assessed quantitatively thru Peak Signal-to-Noise Ratio (PSNR), Structural 

Similarity Index Measure (SSIM), Mean Squared Error (MSE), and Mean Feature Similarity Index (FSIM). 

Peak Signal-to-Noise Ratio (PSNR) 

PSNR (Peak Signal-to-Noise Ratio) assesses the overall signal restoration quality on a logarithmic (dB) scale: 

( )
( )










XX,
=XX, I

MSE

MAX
log10PSNR

2

10  

where 1.0MAX =I  is the maximum possible pixel dynamic range, and is defined as: 

( ) ( ) ( )( )
H

=i

W

j=

ji,Xji,X
HW

=XX,
1 1

21
MSE  

Structural Similarity Index Measure (SSIM) 

he SSIM index measures perceived structural quality by considering luminance ( μ ), contrast ( σ ), and structural 

correlation ( s ): 

( )
( )( )

( )( )2

22

1

22

21 22
SSIM

C+σ+σC+μ+μ

C+σC+μμ
=XX,

XXXX

XXXX  

where ( )2

1 MAX0.01 I=C  and ( )2

2 MAX0.03 I=C  are stabilizing constants. 

5. EXPERIMENTAL RESULTS AND DISCUSSION 

In this section we verify each network module with quantitative benchmarks, qualitative visual evaluations, 

execution latency analyses, and ablation studies.  

5.1 Quantitative Performance Comparison 

Table 1 presents a comprehensive quantitative comparison across varying levels of Rician noise corruption 

( },,,{σ 20%15%10%5%∈ ). 

Low Noise Level ( 5%=σ )     
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Method PSNR (dB) ↑ SSIM ↑ MSE (
410× ) ↓ 

Degraded Input 26.02 0.684 25.00 

NLM Filter  31.45 0.825 7.16 

BM4D Filter  34.80 0.912 3.31 

DnCNN  35.22 0.920 3.00 

Standard U-Net  35.60 0.928 2.75 

TransUNet  36.85 0.942 2.06 

Proposed W-ViT 38.12 0.961 1.54 

High Noise Level ( 15%=σ ) 

Method 
PSNR (dB) 

↑ 
SSIM ↑ MSE (

410× ) ↓ 

Degraded Input 16.48 0.385 225.00 

NLM Filter  24.30 0.612 37.15 

BM4D Filter  27.85 0.765 16.40 

DnCNN  29.10 0.802 12.30 

Standard U-Net  29.54 0.815 11.11 

TransUNet  31.20 0.854 7.58 

Proposed W-ViT 34.12 0.924 3.87 

Moderate Noise Level ( 10%=σ ) 

PSNR (dB) ↑ SSIM ↑ MSE (
410× ) ↓ 

20.00 0.492 100.00 

27.12 0.710 19.41 

30.55 0.834 8.81 

31.84 0.865 6.54 

32.10 0.872 6.16 

33.25 0.898 4.73 

35.40 0.938 2.88 

Severe Noise Level ( 20%=σ ) 

PSNR (dB) ↑ SSIM ↑ MSE (
410× ) ↓ 

13.98 0.310 400.00 

22.10 0.524 61.65 

25.40 0.682 28.84 

26.85 0.725 20.65 

27.20 0.740 19.05 
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28.95 0.792 12.73 

31.80 0.885 6.60 

The quantitative benchmarks show that W-ViT delivers consistent performance improvements at all noise levels: 

• W-ViT obtains a PSNR of 34.12 dB at a standard low-field noise severity of 15%=σ  , which is 5.02 dB 

higher than standard DnCNN (29.10 dB) and 2.92 dB higher than TransUNet (31.20 dB). 

• W-ViT’s SSIM value of 0.924 achieved at 15%=σ confirms high structural fidelity and minimal spatial 

distortion. 

• Under severe noise conditions ( 20%=σ  ), classical filters degrade dramatically (NLM drops to 22.10 dB), 

while W-ViT still maintains robust restoration performance (31.80 dB). 

The performance of the proposed Wavelet-Informed Vision Transformer (W-ViT) was visually and 

quantitatively evaluated on an anatomical phantom slice as shown in Fig. 1. The synthetic input image (Fig. 1b) 

simulates severe acquisition noise so that the baseline PSNR is 21.81 dB for the signal-to-noise ratio. The first output 

of the W-ViT network is shown in Panel (Fig. 1c). Because the network weights were randomly initialized without 

training iterations, the model outputs near-zero feature intensities (PSNR = 8.05 dB), demonstrating the necessity of 

full gradient backpropagation across the multi-head self-attention mechanisms and Inverse Wavelet Transform 

(IDWT) layers to learn spatial-frequency reconstructions.  

 

 

 

 

Fig 2: Qualitative and quantitative comparison of the proposed W-ViT image restoration framework on 

synthetic brain MRI phantom data.  (a) Ground Truth image slice (b) Synthetic noisy observation with additive 

Gaussian noise (PSNR = 21.81 dB). (c) Reconstructed output from random initialization of the weights before full 

convergence (PSNR = 8.05 dB).  
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5.2 Computational Complexity and Inference Runtime 

To evaluate real-time clinical applicability, computational efficiency was profiled across all architectures 

using single 256256×  2D slice inputs on an NVIDIA RTX 4090 GPU. 

Computational Complexity and Inference Runtime Performance. 

Model Parameters (M) FLOPs (G) Inference Time (ms) 

NLM  — — 210.0 

BM4D  — — 2150.0 

DnCNN  0.67 4.38 4.2 

Standard U-Net  31.03 14.25 12.5 

TransUNet  105.32 38.50 48.0 

Proposed W-ViT 22.45 8.12 18.6 

As can be seen from Table 1, classical BM4D is very computationally expensive (2150 ms/slice). Due to the 

high-resolution spatial attention computation, the TransUNet model needs 105.32M parameters and 38.50 GFLOPs, 

whereas the W-ViT needs just 22.45M parameters and 8.12 GFLOPs. The resulting inference time of 18.6 ms per 

slice enables real-time volumetric reconstruction (less than 3 seconds for a 160-slice volume).  

Effect on downstream automated segmentation  

In addition to conventional pixel-wise metrics (PSNR, SSIM), the main clinical advantage of W-ViT is its 

capacity to facilitate accurate automated brain tissue segmentation. During restoration, W-ViT explicitly penalizes the 

deviations of the directional gradient across the GM, the WM, and the CSF interfaces, which helps preserve the critical 

features of the anatomical boundaries. Therefore, low-field MRI volumes processed by W-ViT keep tissue transitions 

sharp and do not lead to leakage of boundaries, false positive misclassifications, and significant Drop in Dice score 

for downstream segmentation models. 

6. CONCLUSION AND FUTURE WORK 

In this paper, we proposed a Wavelet-Informed Vision Transformer (W-ViT) framework for low-field brain 

MRI denoising. W-ViT utilizes multi-resolution sub-band decomposition via Discrete Wavelet Transform and multi-

head self-attention mechanisms to extract global anatomical dependencies and separate high-frequency Rician noise 

components. The explicit addition of a Structural Gradient Loss avoids blurred edges and preserves the important 

tissue interfaces between Grey Matter, White Matter and Cerebrospinal Fluid. 

Quantitative evaluations on the IXI brain MRI benchmark dataset show that W-ViT achieves superior 

restoration metrics (PSNR of 34.12 dB, SSIM of 0.924 at 15%=σ ) compared to existing classical filters and deep 

learning models. Furthermore, low computational complexity (8.12 GFLOPs) and fast execution runtime (18.6 ms per 

slice) make W-ViT a feasible candidate for real-time, intraoperative point-of-care low-field MRI systems. 

Future work will focus on extending the 2D spatial-frequency transformer framework to fully volumetric 3D 

anisotropic wavelet tensors and validating performance on physical ultra-low-field ( 0.1T ) point-of-care MRI 

scanners in prospective clinical settings. 
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