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Abstract: Magnetic resonance imaging plays a crucial role in clinical diagnosis due to its ability to provide information on soft tissue structure. At present, multi-contrast 
super-resolution (SR) methods for magnetic resonance (MR) images have been widely studied and have achieved good results. However, most studies overlook the impact 
of modal differences between reference and low-resolution (LR) image features on feature reconstruction, which may result in inaccurate reconstruction of detail features 
due to improper alignment of structural features. To address this issue, we propose a high-frequency feature transfer network for MR image SR task (HFTN-SR), which 
consists of two feature extraction branches and one high-frequency feature transfer branch. Considering the modal differences between the target and reference images, a 
high-low frequency decomposition method is used to decompose the reference image into high-frequency and low-frequency components, where the low-frequency 
components are used in the subsequent network to match LR target image features. A feature extraction block (FEB) is constructed to extract and integrate high-frequency 
and low-frequency features of the reference image, as well as features of the LR target image. In response to the modal differences between two image features, a feature 
transfer block (FTB) is designed to establish the correlation between the low-frequency features of the reference image and the target image features, and use the correlation 
matrix to transfer the high-frequency features of the reference image to the target image features. To further reduce the loss of shallow features caused by the increase in 
network depth, a standardized combined residual feature module (SCRFM) is constructed to supplement the shallow features of the target image into the final reconstructed 
features. Experiments on the public dataset FastMRI and the self-built dataset AXA show that the performance of HFTN-SR is superior to some state-of-the-art (SOTA) 
methods. Notably, HFTN-SR achieves the highest PSNR and SSIM scores across all tested datasets, with significant improvements in visual quality and detail reconstruction. 
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1 INTRODUCTION 
 

Magnetic resonance imaging (MRI) stands as one of 
the most widely used medical imaging modalities. In 
comparison to computed tomography (CT) imaging and 
positron emission tomography (PET) imaging, MRI is 
widely regarded as the most reliable imaging modality for 
detecting minute pathological changes in the brain, spinal 
cord, and related systems. However, acquiring              
high-resolution (HR) MR images typically demands 
extended scanning durations. Due to constraints imposed 
by imaging hardware and limitations in post-processing 
capabilities, the resulting MR images often exhibit low 
resolution. Efforts to enhance spatial resolution can lead to 
a reduction in signal-to-noise ratio, increased strain on 
hardware resources, accelerated equipment wear, and 
elevated operational costs [1, 2]. As a solution, image 
super-resolution (SR) techniques [3, 4] have emerged as 
effective post-acquisition methods to enhance image 
clarity without modifying existing hardware 
configurations, and have thus become an essential tool in 
improving the quality of MR imaging. 

SR approaches are generally classified into two main 
types: single-contrast and multi-contrast methods.    
Single-contrast SR techniques [5-8] rely exclusively on the 
data contained within a single LR image to reconstruct a 
corresponding HRimage output. Due to the limited feature 

information in LR images, this type of method is difficult 
to reconstruct rich texture information. However, the 
texture information of medical images is an important basis 
for doctors' diagnosis. Due to the lack of more structural 
information in LR medical images, single-contrast SR 
methods [9, 10] for LR medical images cannot achieve 
good performance. 

Multi-contrast SR techniques use an HR MR image 
from another modality as a reference to reconstruct richer 
texture details in the low-resolution MR image of the same 
anatomical region. At present, most of the SR approaches 
for MR images adopt multi-contrast reconstruction 
methods, which use two different MR modalities to 
reconstruct one modality's image. Fig. 1 presents two pairs 
of MR images captured using different modalities but 
depicting identical anatomical regions. These include 
combinations such as fluid attenuation inversion recovery 
(FLAIR) with T2-Weighted imaging (T2WI), and proton 
density weighted imaging (PDWI) with fat-suppressed 
proton density Weighted Imaging (FS-PDWI). These 
image variations are produced by altering the acquisition 
parameters on the MRI scanner [11, 12]. As illustrated, 
although each image pair shares the same structural 
features, they highlight distinct tissue characteristics. This 
complementarity enables one modality to be effectively 
used as a reference to support the super-resolution 
reconstruction of the other. 

 

 
Figure 1 Two sets of different modal MR images 
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The powerful feature representation capabilities of 
convolutional neural networks (CNNs) have driven 
significant progress in multi-contrast super-resolution (SR) 
methods [13-16], which leverage deep learning techniques 
to enhance MR image quality. Zeng et al. [17] proposed a 
deep CNN-based model capable of simultaneously 
performing both single-contrast and multi-contrast SR 
reconstruction tasks. Lyu et al. [18] designed an SR 
network with two architectures, a one-level              
non-progressive network and a two-level progressive 
network, for multi-contrast SR reconstruction. Feng et al. 
[19] proposed a multi-level feature fusion network for 
multi-contrast SR reconstruction, which explicitly models 
the dependency relationships between multi-contrast 
images across different stages. Li et al. [20] proposed the 
McMRRS method that utilizes a multi-scale context 
matching and aggregation scheme to achieve stepwise 
interactive aggregation of multi-scale matching features. 
Liu et al. [21] introduced a Flexible Alignment               
Super-Resolution Network (FASRNet) tailored for  
multi-contrast MRI super-resolution tasks. This network 
incorporates two alignment modules, Single-Multi 
Pyramid Alignment (SA) and Multi-Multi Pyramid 
Alignment (M-A) to effectively align features across 
different contrasts. Zhang et al. [28] proposed a deep 
unfolding network with spatial alignment (DUN-SA), 
which incorporates spatial alignment into the 
reconstruction process. By jointly optimizing cross-modal 
alignment and reconstruction, their method effectively 
improves image reconstruction quality. Wang et al. [29] 
introduced a cross-modality MRI reconstruction 
framework that integrates deep learning with optimal 
transport theory, significantly mitigating inter-modality 
misalignment and achieving efficient and accurate image 
reconstruction. Although the aforementioned methods 
have achieved certain success in reconstruction 
performance, the target modality image often lacks 
abundant high-frequency texture details, while the 
reference modality preserves more structural boundaries 
and rich texture information. Therefore, effectively 
leveraging the high-frequency features from the reference 
modality to compensate for missing details in the target 
modality is essential for improving super-resolution 
reconstruction quality. However, current methods do not 
explicitly address the distributional differences between 
the two modalities in the feature space, and instead directly 
fuse their features. Such fusion strategies, which overlook 
modality-specific discrepancies, often result in inaccurate 
structural alignment and consequently lead to blurred 
edges and the loss of fine details in the reconstructed 
images. 

To address this issue, we propose a high-frequency 
feature transfer network for MR image SR (HFTN-SR). 
This network explicitly decomposes the reference image 
into high-frequency and low-frequency components, and 
effectively transfers high-frequency features to target 
image features by establishing the correlation between 
these two component features and the target image 
features. In this way, HFTN-SR reconstructs high-
resolution MR images with enhanced structural details. 

Specifically, we employ a frequency decomposition 
technique to separate the reference image into             
high-frequency and low-frequency components. A feature 

extraction block (FEB) is constructed to extract features 
from both the target image and the high/low-frequency 
components of the reference image. Considering the spatial 
resolution similarity between the low-frequency 
components and the target image, we further design a 
feature transfer block (FTB) that computes a correlation 
matrix between the low-frequency features and the target 
features. This correlation is then used to selectively transfer 
high-frequency information from the reference image to 
the target image features, thereby significantly improving 
edge sharpness and detail representation in the            
super-resolved outputs. The contributions of this work are 
as follows: 

1) A HFTN-SR for multi-contrast MR image SR is 
proposed, which transfers high-frequency features from the 
reference image to the target image features by leveraging 
the correlation between the low-frequency features of the 
reference image and the target image features, thereby 
obtaining SR images with enhanced details. 

2) Two feature extraction branches and one feature 
fusion branch are constructed to gradually achieve the 
extraction and fusion of two types of image features. A 
FEB is constructed for feature extraction, and an FTB is 
designed to achieve the fusion of two image features by 
transferring high-frequency features from the reference 
image to the target image features. 

3) To reduce the feature loss caused by the increase in 
network depth, a standardized combined residual feature 
module (SCRFM) is constructed to achieve the fusion of 
transfer fusion features and shallow features of the target 
image, supplementing shallow features for reconstructed 
features. 
 
2 PROPOSED METHOD 
 

To generate high-quality SR images from           
low-resolution MRI data, we propose a HFTN-SR for MRI 
image SR task. As shown in Fig. 2, this network is 
composed of three sub-branches: two feature extraction 
branches and one high-frequency feature transfer branch. 
In HFTN-SR, two feature extraction branches are 
constructed to extract features of the target image and  
high-frequency features of the reference image at different 
depths, respectively. To facilitate the transfer of            
high-frequency details from the reference image to the 
target image, a dedicated high-frequency feature transfer 
branch is designed. This branch establishes feature 
correlations between the two images and integrates            
fine-grained details from the reference image into the target 
image features to obtain fused features with rich details. 
Then, to reduce the loss of features in the fused result, 
SCRFM is designed to achieve the fusion of fused features 
with shallow features of the reference image. Finally, to 
enhance the detail information in the final fusion result, a 
residual structure is adopted to supplement the detail 
features by utilizing the high-frequency features of the 
reference image. 

Below, we will provide a detailed introduction to the 
three branches and main modules in the network. 
 
2.1 Two Feature Extraction Branches 
 

Considering the differences in feature representations 
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between the two images, we construct two structurally 
distinct feature extraction branches, one for extracting 
target image features and the other for extracting       
high-frequency component features of the reference image. 
As shown in Fig. 2, these two branches are respectively 
referred to as the upper branch and the lower branch. 

In the upper branch, first, the target image is 
upsampled to the same size as the reference image. Then, 

a 3 × 3 convolution is employed to obtain shallow features 
0

TarF of the target image. Finally, multiple feature 

extraction blocks (FEBs) are constructed to achieve feature 
integration and extraction from the fusion branch at 
different depths, and the output of each FEB is fed into the 
feature fusion branch for fusion with the reference image 
features. 

 

 
Figure 2 Architecture of HFTN-SR 

 
The FEB is constructed as a residual block containing 

two 3 × 3 convolutions and a ReLU function. The above 
operations can be expressed as the following equation. 
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where Up(∙) and Conv3 × 3(∙) represent upsampling and 3 × 
3 convolution operations, respectively. FEB(∙) represents 

the operation of FEB, and its output is represented as Tar
iF  

(i = 1, …, n). FAF
iF  represents the fusion features from 

feature fusion branch, and n is the number of FEBs. 
In the lower branch, to effectively extract fine-grained 

details from the reference image IRe, a high-low frequency 
decomposition operation is first performed. Specifically, a 
Gaussian blur is applied to smooth the image and extract 
its low-frequency component, which is then subtracted 
from the original image to obtain the high-frequency 
component. Compared to ideal low-pass filters or hard 
thresholding approaches, Gaussian filtering provides a 
smooth and continuous low-pass operation that effectively 
suppresses high-frequency noise while avoiding artifact 
introduction. Moreover, it preserves the overall structural 
information of the image, allowing for a more natural and 
reliable separation of high- and low-frequency features. 
This property facilitates more accurate feature extraction 
and contributes to improve reconstruction performance. 

The high-frequency and low-frequency components 
are separately fed into a 3 × 3 convolutional layer to obtain 

shallow features 0
Rec   F and 0

RecLF . Then, feature extraction 

blocks with the same structure as those in the upper branch 
are used to extract the features of high-frequency 
component. In addition, to obtain more informative 
representations, channel attention is employed to enhance 
high-frequency features at each depth. The above 
operations are as follows. 
 

      Re Re ReLF, HF GB , GBI I I   (3) 
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where GB(∙) and CA(∙) represent Gaussian blur and 
channel attention operations, respectively, and 
represents the Hadamard product. LF and HF represent low 
frequency and high frequency components, respectively, 

and RecH
iF  represents the high-frequency features at 

different depths, where 0 0
RecH RecF F . 

 
2.2 High-Frequency Feature Transfer Branch 
 

High-frequency feature transfer branch is constructed 
to transfer high-frequency features from the reference 
image to the target image. At various depths, feature 
extraction blocks are employed to capture progressively 
deeper features. Simultaneously, a Feature Transfer Block 
(FTB) is introduced to transfer high-frequency features 
from the reference image to the target image features by 
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establishing feature correlations between the two 
modalities. The operations of this branch are represented 
as follows. 
 

 0
RecL 3 3Conv LFF    (5) 

 

 1
RecL RecLFEBi iF F    (6) 

 

 i
FAF RecL RecH Tar, , FTBi i iF F F F  (7) 

 

where FTB(∙) represents the operation of FTB. RecL  iF and 

FAF  iF represents the output of feature extraction block and 

fusion features at different depths. The specific structure of 
FTB is illustrated below. As shown in Fig. 3, FTB mainly 
consists of three steps: relevance embedding, transfer 
attention and feature synthesis. 
 
2.2.1 Relevance Embedding 
 

There is a significant difference in high-frequency 
information between the reference image and the target 
image, while the low-frequency information between the 
two has a high correlation. Therefore, to transfer          
high-frequency features from the reference image, we first 
need to calculate the correlation matrix R between the 
features from the upper branch and the low-frequency 

features of the reference image. Specifically, Tar
iF  and 

RecL  iF  are first divided into non-overlapping patches 

using the operation Div(∙). Each patch is then reshaped into 
a 1D vector with Re(∙), and projected into a                
lower-dimensional embedding space via a learnable linear 
projection: 
 

   
   

Tar
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
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where qp(∈[1, h × w]) and kj(∈[1, h × w]) represent the 
query and key vectors corresponding to a patch with a size 
of h × w, respectively. 

To measure the similarity between the target and 
reference patches, we compute the normalized inner 
product (i.e., cosine similarity) between each pair of query 
and key vectors: 
 

, , jt
p j

t j

kq
r

q k
   (9) 

 
where  represents the inner product, and   represents 

the operation of vector modulus. 
Based on this correlation matrix, we then construct a 

relevance embedding matrix T to guide the high-frequency 
feature transfer. Specifically, to transfer high-frequency 
features from the reference image, the embedding position 
tp corresponding to each qp can be obtained by the 
following formula: 

  , Pos argmaxp j p jt r   (10) 

 
where argmaxj represents taking the maximum value in the 
j-th row of R, and Pos(∙) represents the operation of 
obtaining the positions corresponding to the correlation 

coefficients. Here, 1, 
2 2p
h w

t p
       

 is the p-th 

element in T. 
 
2.2.2 Transfer Attention 
 

This step aims to select the high-frequency features to 
be migrated from the feature vectors V. The traditional 
attention mechanism utilizes an attention matrix to perform 
weighted summation operations on feature maps. Due to 
the differences between the features of two different 
modalities, the direct integration of the two features can 
lead to blurred edges in the image. Therefore, unlike 
traditional attention mechanisms, we directly select the 
high-frequency features from V based on the positional 
information in the relevance embedding matrix T to obtain 
the transferred high-frequency features C. Here, except for 
the positions recorded by T, the values of other positions in 
C are all 0. 
 

 
Figure 4 Architecture of SCRFM 

 
2.2.3 Feature Synthesis 
 

The transferred high-frequency features are integrated 

with the features Tar
iF  from the upper branch through a 

concatenation operation and a 3 × 3 convolutional layer to 
obtain the supplementary features Z. To further enhance 
the structural information of the supplementary features, 
we utilize the correlation matrix R to weight the 
supplementary features. Enhanced features are added to the 
features from the upper branch to obtain the output of FTB, 
thereby achieving the transfer of high-frequency features 
from the reference image to the target image features. The 
above operations can be expressed as: 
 

   FAF Tar 3 3Re Conv Concat , i iF F C Q R   (11) 

 
where Concat(∙) represents the concatenation operation. 
 
2.3 Standardized Combined Residual Feature Module 

(SCRFM) 
 

As shown in Fig. 4, to reduce the loss of the features, 
a SCRFM is designed to fuse the shallow features from the 
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target image with the fused features FAF
NF  from the fusion 

branch. This module consists of two stages: standardized 
feature fusion and refined feature fusion. 
 

 
Figure 3 Architecture of FTB 

 
In the first stage, considering the differences between 

deep and shallow features, standardized feature fusion is 
performed by remapping the distribution of fused features 
to that of low-resolution target image features. Specifically, 
each channel of the fused features is first normalized 
through instance normalization operation. Then, the 
shallow features and fused features are fed together into 
three 3 × 3 convolutional layers to obtain two integrated 
features, which are added to the mean and variance of the 
shallow features to obtain two parameters α and β. These 
two parameters are used to perform instance normalization 
operations on the fused features. The operations of the first 
stage are as follows: 
 

 
  

FAF FAF

0
FT 3 3 FAF Tar

,

Conv ,Concat  

N N

N

IF IN F

F F F




 (12) 

 

   0
3 3 FT TarConv VarF F    (13) 

 

   0
3 3 FT TarConv MeanF F    (14) 

 

FAF
N

sffF IF      (15) 

 
where IN(∙) represents the operation of instance 

normalization, and its output is FAF
NIF . Var(∙) and Mean(∙) 

represent the calculation operations of matrix mean and 
variance. Fsff is the output of the first stage. 

In the second stage, two 3 × 3 convolutional layers are 
first used to integrate the fused features from the first stage. 
Then, these fused features are subtracted from shallow 
features to obtain differential features, which are used for 
further feature supplementation. Next, two residual 
operations are employed to supplement the differential 
features into the shallow and fused features, and two 
deconvolution operations are used to restore the size of the 
feature maps. Finally, the two supplemented features SFsff 

and 0
TarSF  are integrated through an addition operation 

and a 3 × 3 convolutional layer to obtain the fusion features 
Ff. The operations of the second stage are as follows: 
 

  0
3 3 Tar 3 3Conv Convsff sff sffSF D F F F     (16) 

 

   0 0 0
Tar 3 3 Tar 3 3 TarConv Conv sffSF D F F F     (17) 

 

  0
3 3 TarConv Conca  t ,f sffF SF SF  (18) 

 
where DConv3 × 3(∙) represents the deconvolution operation. 
 
2.4 Loss Function 
 

For network training, L1 loss is employed to define the 
reconstruction loss Lrec used for network training, which 
can evaluate the dissimilarity between the super-resolution 
result ISR and corresponding ground-truth (GT) image IGT. 
The loss is defined as follows: 
 

rec GT SR1

1
L I I

LWH
    (19) 

 
where 

1
  represents the L1 loss. W and H is the width and 

height of the images, and L is the number of channels. 
 
3 EXPERIMENTAL RESULTS AND ANALYSIS 
3.1 Datasets 
 

To assess the performance of the proposed technique, 
we performed comprehensive evaluations on both a widely 
recognized public dataset and a custom-constructed dataset. 
The public dataset, FastMRI [22], is currently the largest 
open-access MRI collection. In parallel, we developed the 
AXA dataset using clinical data acquired in-house. For 
Fast MRI, we adopted the data selection strategy used in 
LMKSP [23], extracting 227 image pairs for training and 
24 for validation, covering both PD and PDFS modalities. 
The AXA dataset was compiled from scans of 50 patients, 
obtained with a 3T Siemens MagnetomSkyra scanner. 
Each scan includes fully sampled k-space data for T2 and 
Flair sequences, with scanning parameters set to TRFlair = 
9000 ms, TEFlair = 120 ms, TRT2 = 5725 ms, and TET2 
= 100 ms. Ethical approval for the clinical data collection 
was granted by the Institutional Review Board. The AXA 
dataset was partitioned into training, validation, and test 
subsets using a 70:10:20 split. In experiments involving 
FastMRI, PD serves as the input modality while PDFS is 
treated as the reconstruction target. In contrast, for AXA 
experiments, T2 images function as inputs and Flair images 
as outputs. 
 
3.2 Experimental Setup 
 

The model was implemented on a single NVIDIA 
RTX A6000 GPU equipped with 48 GB of memory. 
Similar to MINet [19] and SANet [24], our training 
parameters were set as follows: training was conducted for 
50 epochs using the Adam optimizer, with a fixed learning 
rate of 5 × 10⁻⁵. The network parameter N was configured 
to 8. For the Fast MRI dataset, performance metrics for all 
baseline methods were sourced directly from SANet [24]. 
In contrast, for the AXA dataset, each comparative method 
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was independently trained and evaluated to generate the 
corresponding performance metrics. 
 
3.3 Experimental Results 
 

We evaluate the relative performance of different 
methods using two widely accepted quantitative measures: 
Peak Signal-to-Noise Ratio (PSNR) and Structural 
Similarity Index Measure (SSIM). These indicators are 
widely used in image reconstruction tasks, with higher 
scores reflecting improved reconstruction accuracy. In 
order to validate the robustness of our proposed framework, 
we conduct a systematic comparison against several state-

of-the-art (SOTA) models, namely EDSR [26], MCSR [17], 
NEU [27], MINet [19], MSDT [25], and SANet [24]. The 
reference results for these methods are obtained from their 
officially reported benchmarks. Tab. 1 and Tab. 2 present 
the average evaluation outcomes for upscaling factors of  
×2 and ×4, evaluated on the FastMRI and AXA datasets, 
respectively. It is evident from the tabulated data that our 
approach achieves superior results across all metrics. 
These findings highlight the model's capacity to 
reconstruct high-resolution images with greater fidelity to 
the GT images. 

 
Table 1 Average quantitative results of all comparison methods at upscaling factors of ×2 and ×4 on the FastMRI dataset 

Dataset 
Scale factor 

FastMRI 
×2 ×4 

Method 
Metric 

PSNR↑ SSIM↑ PSNR↑ SSIM↑ 
EDSR [26] 26.70 0.512 18.40 0.208 
MCSR [17] 29.50 0.670 23.30 0.476 
NEU [27] 30.30 0.682 28.20 0.634 

MINet [19] 31.80 0.709 29.80 0.641 
MSDT [25] 31.98 0.713 30.38 0.615 
SANet [24] 32.00 0.716 30.40 0.662 

Ours 32.67 0.731 30.85 0.671 

 
Table 2 Average quantitative results of all comparison methods at upscaling factors of ×2 and ×4 on the AXA dataset 

Dataset 
Scale factor 

AXA 
×2 ×4 

Method 
Metric 

PSNR↑ SSIM↑ PSNR↑ SSIM↑ 
EDSR [26] 29.71 0.803 24.32 0.628 
MCSR [17] 33.64 0.879 29.98 0.738 
NEU [27] 35.22 0.902 31.27 0.791 

MINet [19] 36.41 0.916 33.38 0.831 
MSDT [25] 36.17 0.914 33.41 0.834 
SANet [24] 36.54 0.925 33.66 0.844 

Ours 37.02 0.933 33.81 0.857 
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Figure 5 The visualization results of SR × 2 of all comparison methods on the FastMRI and AXA datasets. The first and second lines present the SR results and 
corresponding residual images of an image from the FastMRI dataset. The third and fourth lines show the SR results and corresponding residual images of an image from 

the AXA dataset 
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Figure 6 The visualization results of SR × 4 of all comparison methods on the FastMRI and AXA datasets. The first and second lines present the SR results and 
corresponding residual images of an image from the FastMRI dataset. The third and fourth lines show the SR results and corresponding residual images of an image from 

the AXA dataset 
 

Fig. 5 and Fig.6 illustrate the visual comparisons for 
super-resolution factors of ×2 and ×4, using sample images 
drawn from each of the two datasets. To better highlight 
the distinctions between the reconstructed outputs and their 
corresponding GT images, we compute and display the 
residual maps. As observed in the visualizations, the EDSR 
model, which relies solely on a single low-resolution input, 
tends to produce results lacking fine details and exhibiting 
noticeable edge blurring. Consequently, its residual maps 
show a higher concentration of reconstruction errors. In 
contrast, the other methods - including our proposed 
approach leverage additional reference images during 
reconstruction, enabling them to recover richer textures 
and structural content. Compared to other methods, our 
approach achieves refined reconstruction results with more 
details. These improvements are particularly evident in the 
highlighted regions of the reconstructed images, and our 
method preserves structural integrity with minimal 
distortion, resulting in outputs that are closer to the ground 
truth and exhibit higher fidelity. However, as the scaling 
factor increases, noticeable ringing artifacts emerge in the 
results of EDSR, MCSR, and NEU. Analysis of the 
residual maps reveals that our method achieves superior 
detail preservation and artifact suppression, with 
substantially lower residuals than baseline methods, 
reflecting higher fidelity to the original GT images. 
 
3.4 Ablation Studies 
 

To validate the effectiveness of the proposed 
components, we conducted several ablation experiments 
on high-low frequency decomposition (HLD), FTB, and 

SCRFM, and the results are shown in Tab. 3. Model 1 
represents a model without HLD, FTB, and SCRFM, 
where the input high-frequency and low-frequency 
components are directly replaced by the input source 
images. Model 2 represents a model without HLD and with 
FTB and SCRFM, where the features from the three 
branches are directly concatenated and fed into the 
subsequent network. Model 3 represents a model without 
SCRFM and with HLD and FTB, where the fused features 
from the fusion branch are directly integrated with shallow 
features through a 3 × 3 convolutional layer. From the table, 
it can be seen that after removing the three core modules, 
the performance of the model showed a significant decline. 
The addition of each module has improved the 
performance of the model, and our model achieved the best 
results with three modules included. This indicates that the 
proposed modules are all effective. 

Fig. 7 shows the visual results of SR × 4 of several 
ablation experiments on the AXA dataset. From the figure, 
it can be seen that that the addition of different modules can 
enable the model to reconstruct more structural 
information, and the model with three modules 
reconstructed the richest detailed features. This also 
demonstrates the effectiveness of the three proposed 
modules. 
 

Table 3 Average quantitative results of SR × 2 of ablation experiments on the 
FastMRI dataset for HLD, FTB and SCRFM 

models HLD FTB SCRFM PSNR↑ SSIM↑ 
1 × × × 27.62 0.573 
2 √ × × 29.74 0.601 
3 √ √ × 32.16 0.718 

our √ √ √ 32.67 0.742 
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Figure 7 The visualization results of SR × 4 of ablation experiments on the AXA datasets 

 
4 DISCUSSION 
 

This paper proposes a high-frequency feature transfer 
network called HFTN-SR for MR image super-resolution 
tasks. By considering the feature differences between the 
reference and target modalities, the network utilizes the 
low-frequency components of the reference image as 
structural guidance and effectively transfers            
high-frequency information to the target image, 
demonstrating significant advantages in detail 
reconstruction. Beyond improvements in quantitative 
metrics, the method also holds substantial clinical 
relevance. Accurate depiction of anatomical structures is 
critical for early disease detection and therapeutic  
decision-making. Experimental results on the FastMRI and 
AXA datasets show that HFTN-SR enhances the 
representation of structural boundaries and texture details, 
which can assist radiologists in more accurately identifying 
potential lesions and thus improve diagnostic accuracy. 
However, the method has certain limitations. The current 
architecture incurs high computational overhead, posing 
challenges for real-time deployment in practical clinical 
settings. Future research will focus on developing 
lightweight network designs to enhance the model's 
clinical applicability and generalizability. 
 
5 CONCLUSIONS 
 

In this paper, we propose an HFTN-SR that achieves 
SR reconstruction of low-resolution MRI by using features 
from different modality images as guidance. This network 
achieves feature extraction of the reference image and the 
target image by constructing two feature extraction 
branches, and another fusion branch is designed to achieve 
image detail reconstruction by establishing the correlation 
between the low-frequency features of the reference image 
and the features of the target image. All three branches use 
a single FEB with the same structure to extract and 
integrate features, and an FTB is designed to transfer  
high-frequency features from reference images at different 
depths to target image features. In addition, a SCRFM is 
constructed to fuse features from the fusion branch with 
shallow features of the target image to ensure that shallow 
features are not lost. Numerous experiments have shown 
that our network substantially improves the structural 

clarity and detail restoration of MR images, which can 
assist clinicians in more accurately identifying subtle 
lesions and holds promise for enhancing diagnostic 
accuracy in clinical practice. However, the current model 
imposes considerable computational overhead, making it 
challenging to meet the requirements for real-time clinical 
deployment. Future work will focus on designing 
lightweight architectures to promote practical and efficient 
application in real-world scenarios. 
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