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Abstract: Magnetic resonance (MR) imaging is widely used in the clinical field due to its non-
invasiveness, but the long scanning time is still a bottleneck for its popularization. Using the
complementary information between multi-modal imaging to accelerate imaging provides a novel
and effective MR fast imaging solution. However, previous technologies mostly use simple fusion
methods and fail to fully utilize their potential sharable knowledge. In this study, we introduced
a novel multi-hierarchical complementary feature interaction network (MHCFIN) to realize joint
reconstruction of multi-modal MR images with undersampled data and thus accelerate multi-modal
imaging. Firstly, multiple attention mechanisms are integrated with a dual-branch encoder-decoder
network to represent shared features and complementary features of different modalities. In the
decoding stage, the multi-modal feature interaction module (MMFIM) acts as a bridge between the
two branches, realizing complementary knowledge transfer between different modalities through
cross-level fusion. The single-modal feature fusion module (SMFFM) carries out multi-scale feature
representation and optimization of the single modality, preserving better anatomical details. Extensive
experiments are conducted under different sampling patterns and acceleration factors. The results
show that this proposed method achieves obvious improvement compared with existing state-of-the-
art reconstruction methods in both visual quality and quantity.

Keywords: magnetic resonance imaging; multi-modal imaging; deep learning; complementary
feature fusion

1. Introduction

Magnetic resonance (MR) imaging is a revolutionary medical imaging technology that
plays a crucial role in clinical diagnosis and biomedical research due to its excellent soft
tissue contrast, radiation-free safety, and high-resolution imaging of living structures [1].
However, due to the physical nature, the scanning process of MR takes a long time [2].
This may not only cause discomfort to the patient but may also produce motion artifacts
due to the patient’s small movements, thus hindering its further promotion and applica-
tion [2]. To address this problem, several solutions for accelerated MR imaging have been
established [3-6]. The mainstream is to restore high-quality images from undersampled
images with aliasing artifacts. This accelerates MR imaging through undersampling k-
space data [7-10]. In this way, data acquisition time can be significantly reduced. However,
undersampling causes aliasing artifacts in the image (as shown in Figure 1), affecting
image quality. To address this problem, previous studies have proposed compressed
sensing (CS) algorithms to recover high-quality MR images from undersampled k-space
data. The CS [3,11] methods exploit the sparsity of images and reconstruct high-quality
images by imposing sparsity constraints on undersampled data through optimization
algorithms. However, the CS reconstruction process usually involves complex optimization
algorithms and has high computational costs [12]. In addition, the performance of CS
depends on the selection of multiple hyperparameters, and optimizing these parameters
requires experience and extensive experiments [13].
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(¢) MHCFIN(Ours)

(c) DuDoRNet (d) STUN

Figure 1. Illustration of different MRI modalities and the reconstruction comparison results on
fastMRI brain datasets. (a) Fully-sampled TIWI and T2WI. (b) Zero-filled TIWI and T2WI with 1D
random sampling at 8 x accelerate factors. (c) Reconstruction results of DuDoRNet [14]. (d) Recon-
struction results of STUN [15]. (e) Reconstruction results of MHCFIN (Ours). Green boxes highlight
detailed structures.

More recently, deep learning [12,14,16-24], has excelled in reducing the computational
burden and solving nonlinear problems, thus handling inverse problems more efficiently.
Typically, in deep learning-based methods [12], the image reconstruction problem is for-
mulated as an end-to-end learning task, directly mapping undersampled images to fully
sampled images. In addition, these methods [16,25] can also restore k-space data directly.

Most scanners can generate multi-modal images using different acquisition parame-
ters. The complementary information between these multi-modal images is very beneficial
to MR imaging. As shown in Figure 1a, the T1-weighted images (T1WI) and T2-weighted
images (T2WI) are different modalities from the same subject. These modalities usually
have structural similarities and modality-specific information. However, due to the char-
acteristics of MR imaging, TIWI acquisition has a shorter repetition time (TR) and echo
time (TE). Therefore, in many studies, images with shorter acquisition times are used as
auxiliary modalities (prior information) to guide the accelerated imaging of the target
modality with longer acquisition times [14,26,27]. Joint reconstruction explores comple-
mentary information among multi-modal images in varying degrees [12,28,29]. In addition,
super-resolution reconstruction [30-32], can enhance image resolution and introduce high-
resolution (HR) modalities to guide the restoration of low-resolution (LR) modalities. These
methods provide new ideas for joint learning of multi-modal images. However, early
studies [18,31,33,34] usually spliced images of different modalities into the network or
directly input images of different modalities. Although this improved the image quality
to a certain extent, it has not fully utilized the potential complementarity and interaction
between different modalities.

In this study, to explore the complementarity between different modalities, multi-
hierarchical modality correlations are investigated and a multi-scale approach is adopted
to fuse the target modality (e.g., proton density-weighted images—PDs) and auxiliary
modality (e.g., fat-suppressed proton density-weighted images—PDFSs) to achieve syn-
chronous acceleration of multi-modal imaging. Specifically, this study proposed a novel
multi-hierarchical complementary feature interaction network (MHCFIN). As shown in
Figure 2, a dual-branch encoding—decoding learning framework is designed based on a
multi-attention mechanism. This dual-branch learning architecture can process under-
sampled images of different modalities simultaneously. In this architecture, we introduce
an innovative triple attention block that can accurately capture key features at multiple
levels and identify important features shared across different modalities. In addition, to
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effectively preserve important features and reduce information loss, we upgrade the tra-
ditional skip connection to a residual learning mechanism. In the decoder, we designed
a multi-modal feature interaction module (MMFIM) to merge multi-scale features using
a dual attention mechanism, capturing complementary information between modalities.
Finally, the convolution-based single-modal feature fusion module (SMFFM) integrates
and refines multi-scale features, further enhancing feature representation and establishing
long-range dependencies between contexts. The proposed method demonstrates superior
performance across various experimental settings, as illustrated in Figure 1c,d,e. Compared
to other methods [14,15], it effectively restores details and exhibits better performance. The
main contributions are as follows:

In this study, we introduce an innovative multi-modal reconstruction approach, termed
MHCEFIN, that facilitates high-fidelity image reconstruction by harnessing the latent,
learnable complementary information inherent across modalities.

We propose a dual-branch encoder—decoder learning structure based on a multi-
attention mechanism, which can accurately capture key features at different levels and
identify important shared features across modalities, while dynamically optimizing
the learning process and using residual learning to reduce information loss.

We integrate dual cross-attention at the decoder to achieve complementary knowledge
transfer across modalities and integrate multi-scale features through a single-modal
feature fusion module within the same modality to establish contextual dependencies.
Experimental results show that the proposed method outperforms the current state-of-
the-art reconstruction methods in multi-modal image reconstruction.
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Figu

re 2. Overall architecture of the proposed multi-hierarchical complementary feature interaction

network (MHCFIN).

2. Related Work
2.1. Accelerated Single-Modal MR Imaging

Without replacing or upgrading existing imaging hardware, image reconstruction tech-

nology can maximize the potential of existing equipment and achieve better imaging results.
In previous studies, traditional techniques such as CS-based iterative algorithms [5,7], low-
rank [35], patch-based operators [36], parallel imaging [37], and dictionary learning [38]
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have achieved remarkable results in accelerating single-modal MR imaging. Recently, deep
learning methods have been increasingly utilized for accelerating MR imaging. These
methods can be categorized into two types: end-to-end [39—41], and model-based [42—44]
methods. Wang et al. [39] first applied convolutional neural networks (CNN) to accelerate
MR imaging. Schlemper et al. [40] proposed a deep cascade network based on CNN that
can recover images with high fidelity from zero-filled data. In the pursuit of enhancing the
transparency and clinical utility of deep learning models, recent scholarly work has intro-
duced model-based methods to deep learning. Aggarwal et al. [42] combined data-driven
deep learning with physics-based models to deal with inverse problems, improving the
generalization performance of the model in diverse imaging environments. ADMM-CSNet
combines the alternating direction method of multipliers method (ADMM) with CNN
and achieves good performance [10]. In addition, the Generative Adversarial Network
(GAN) [15], an unsupervised learning framework consisting of a generator and a discrim-
inator, has also been applied to accelerate single-modal imaging. Mardani et al. [41] use
adversarial loss and perceptual loss to optimize the reconstruction process of compressed
sensing MRI, improving image quality and detail recovery. Although GANs have shown
impressive performance, their training instability has motivated the exploration of new
models. Recently, the Swin Transformer [45,46] has been widely used in the field of ac-
celerated MR imaging due to its ability to effectively capture long-range dependencies in
the data. Huang et al. [46] used the hierarchical feature representation and shift window
mechanism of the Swin Transformer to capture image information of different scales and
obtain global context information through the self-attention mechanism. Compared with
traditional CNN, this method further improved the MR image reconstruction effect. Cur-
rently, research on accelerating multi-modal imaging by leveraging the potential learnable
complementary knowledge between different modalities has become a hot topic.

2.2. Accelerated Multi-Modal MR Imaging

Accelerated multi-modal imaging can be approached in two ways: one involves using
auxiliary modalities as prior information to guide the reconstruction of the target modality
time [14,26,27,47 48], and the other involves simultaneously reconstructing multiple modal-
ities [29,49,50]. Zhou et al. [14] proposed a dual-domain recurrent network (DuDoRNet),
which effectively improved the reconstruction quality of MRI images by combining itera-
tive restoration in the image domain and k-space domain and incorporating T1-weighted
imaging as a priori. Lyu et al. [27] proposed a method that combines dual-domain learn-
ing and cross-attention fusion (DuDoCAF) to further fuse long-distance dependencies in
feature maps through recurrent transformers to reconstruct performance. In addition, by
simultaneously accelerating multi-modal imaging, the complementarity between differ-
ent modalities can be fully utilized to ensure synchronous acquisition of data, which is
crucial for achieving accurate diagnosis and treatment planning. Feng et al. [28] proposed
an innovative cross-attention module that can effectively extract and fuse multi-modal
features at different scales, combined with a multi-modal transformer (Mtrans) to capture
global information, significantly improving the performance of image reconstruction and
super-resolution. Li et al. [12] exploited the complementary information in multi-contrast
(MCCA) MR protocols to accelerate the imaging process and developed a novel hybrid con-
volutional module that can simultaneously extract global and local contextual dependencies
to improve image reconstruction quality. Wang et al. [29] proposed a model graph-driven
transformer (MD-GraphFormer) that combines the physical constraints of MR imaging
and uses graph structure and attention mechanism to explore the complementarity be-
tween multi-modal MR images, thus achieving simultaneous reconstruction of multi-modal
images. The multi-stage integrated network [49] (MINet) deeply explores the mutual rela-
tionship between multi-modal features and realizes the similarity integration of features,
thereby obtaining richer feature representation and effectively improving image quality.
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2.3. U-Net Based Methods

The U-shaped Network [51] (U-Net) was originally designed for medical image seg-
mentation and is particularly suitable for fine boundary recognition tasks such as cell and
organ segmentation. With the development of medical imaging technology, U-Net and
its derivative models [15,33,47,51] have been shown to have the potential to accelerate
the imaging process and improve image quality. Aghabiglou and Eksioglu [47] proposed
a cascaded U-Net network fused with a projection-based data consistency layer for the
reconstruction of MR images from severely zero-filled k-space data. Xiang et al. [33] de-
signed an innovative Dense-UNet network that integrates dense blocks in the encoding
and decoding paths, taking advantage of the complementarity of multi-modal data to
significantly improve the quality of image reconstruction. Zhao et al. [15] proposed an
innovative Swin Transformer-based encoder-decoder architecture (STUN) in their study,
which was designed to replace the convolutional filters in the traditional U-Net network.

3. Methods and Materials
3.1. Background and Problem Definition

Due to the inherent nature of MRI, its scanning process tends to be time-consuming,
which can lead to patient discomfort and potential motion artifacts caused by slight move-
ments during the scan. As a result, undersampling the k-space has become a main approach
to reduce the scanning time. Let x¢ represent the fully sampled MR image and x, represent
the zero-filled image. Then the k-space undersampled process in the real scene can be
expressed as:

X, =F! (Mo Fxf + e) (1)

where F and F~! denote the Fourier and the inverse Fourier transformer respectively, M
denotes the undersampling mask, ‘o” denotes the Hadamard multiplication operation, and
€ denotes the noise. However, undersampling the k-space leads to aliasing artifacts. The
CS leverages the inherent sparsity (in MRI, most of the image information is contained
in a few key coefficients, allowing the rest to be ignored or set to zero without losing
critical details. This enables data compression and reconstruction from fewer samples) of
MR images and applies regularization techniques (regularization adds constraints to the
reconstruction process, guiding it towards better results) to recover high-fidelity images
from noisy k-space data. This approach enables sampling rates far below the Nyquist limit,
significantly accelerating MR imaging. In general, the CS-MRI reconstruction model can be
expressed as an optimization problem:

z + )u,v(xf) )

xXp= argminHM oFxs —ky
xf

where (-) denotes a priori regularization which is used to introduce additional knowledge
or assumptions about the image, A denotes the hyperparameter used to balance the recon-
struction quality and the regularization effect, k,, denotes the undersampled k-space data,
and x} denotes the reconstructed image close to the ground truth. In the deep learning
framework, image reconstruction is transformed into a direct end-to-end learning process,
which can learn the direct mapping from zero-filled k-space to fully sampled images. This
process can be described as:

7= argmin||MF(No (x.|©)) - kull5 + Allxp — No (x4 1©)13 3)

where Ng denotes the network MHCFIN proposed in this paper driven by parameter ©.
Based on the above problem description, we will elaborate on the specific details of the
proposed network in this section. Specifically, we first outline the overall architecture of
MHCFIN, which adopts a dual-branch encoder—decoder network based on the attention
mechanism. Then, we deeply explore the different hierarchical multi-modal feature in-
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teraction module (MMFIM) and the single-modal feature fusion module (SMFFM). The
overall architecture of the proposed method is shown in Figure 2. The network uses a
dual-branch learning structure, which can process multi-modal data simultaneously and
learn the complementarity between them.

3.2. Overall Architecture

To fully exploit the complementarity between different modalities, we design a dual-
branch learning structure to process the zero-filled auxiliary modality %4, and the target
modality £, of the input, respectively. The dual-branch network uses a unified structural
design, with an encoding—decoding structure enhanced by residual learning and multi-
attention. As shown in Figure 3, to enhance the network’s recognition and emphasis on key
features, we integrate a triple attention block (TAB, as shown in the right part of Figure 3)
consisting of three types of attention into the basic modules of the encoder and decoder.
At the same time, to improve the feature expression ability and optimize the information
flow, the TAB is also used to replace the traditional linear operation at the bottleneck. The
TAB consists of channel attention, spatial attention, and gate mechanism. Its detailed
structure is shown in Figure 4. Combined with local residual learning, the network can
automatically focus on key multi-scale features at different hierarchical levels to achieve
more efficient feature processing and information transfer. In addition, replacing traditional
skip connections with residual learning can alleviate the gradient vanishing problem in
deep networks and improve generalization ability.

i i — CxHxW 7 AN
Iaux/ltar / \

)’Zaux/ ﬁtar

CxHxW ——
Residual Learning

1
Conv2D(3 x3) — Cx i xW

H W [l . ... L......
32Cx S x '

€V

tion Block ____

Conv2D( %3) | ———F+— Cx HxW

4 \ j:: 1
.................................. \ < :
— e B s Y L
: ] \ . E"
. \ —1
He Wy 1
128Cx o x = | \\ =
..................... I \ .
| Spatial Attention :
— i w | Block |
256C% 6 14 |
: 1 1
i ) \
H :
256C x — x —ep RS et T \ 1 1
o ek T ! - N .
’ Vi L 1
—————————— \ 1
b} 1
I v I
! 1 ! @ Attention Gate ~1—ReLUll

N e e - T. _______ - \
N l ’
Y -

w Output «—— C x H xW

H
512Cx Prieters

Figure 3. Detailed architecture of the proposed encoder—-decoder and detailed construction of triple
attention.
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Figure 4. Detailed structure of the three types of attention (channel, spatial, and gate attention).

As shown in Figure 2, in the dual-branch learning architecture, the top branch accepts
the input of the zero-filled auxiliary modality £4,x € RHXWx2 (e.g., TIWI or PDs), and
the bottom branch processes the zero-padded target modality £, € RT*W>*2 (e.g., T2WI
or PDFSs), where H and W are the height and width of the image, and 2 are the real and
imaginary parts. Then, during the forward propagation, we can obtain feature maps at
different hierarchical levels. In the decoder stage, we interact with the feature maps of
the auxiliary modality I, (i = 1,2, - - ,N) at each hierarchical with the feature maps of
the target modality I}, through the proposed MMFIM, where i represents the output
feature map of the layer, and N is set to 4 in this paper. After all features in the encoder
complete the interaction, we introduce the feature maps of the same modality into the
SMEFEM to further realize the fusion of feature maps of the same modality at different scales.
In addition, we introduce a data consistency layer (DC) to fully utilize the k-space data to
enhance the realism of the reconstructed images. Finally, after processing by the global
residual learning module, we obtain the restored high-fidelity auxiliary modality x},,, and
target modality x},,.

3.3. Multi-Scale Complementary Features Interaction

These methods [28,52] use cross-attention to fuse features of different modalities to
learn complementary information between them. By improving the multi head attention
mechanism, the features of the auxiliary modality are considered as the key and value,
while the target modality is used as the query, thus enabling the interaction between
the target and auxiliary features. Inspired by these methods, we introduce an improved
dual cross-attention block (DCAB), which simultaneously processes both auxiliary and
target modalities. The auxiliary branch’s query Q,,,, interacts with the target branch’s key
Ktsr and value Vi, while the target branch’s query Q;,, also interacts with the auxiliary
branch’s key K, and value V. Unlike previous work, our proposed DCAB facilitates
mutual interaction between the features of different modalities, enabling the learning of
complementary information across modalities and allowing for the simultaneous recon-
struction of images for both modalities, as shown in Figure 5. In addition, DCAB is used as
the basic building block of MMFIM, i.e., MMFIM = (DCAB;, DCABy, - - - ,DCABy), where
k=1,2,--- ,Kand K is set to 3 in this paper. As shown in Figure 2, the input of MMFIM
comes from the output of the decoder part in the dual-branch learning architecture, i.e.,

: i—1 i—1 i—1 ; i—1 i—1 i—1 . .
I, € RHZT XW27IxC/270 ang I, € RHZT XW27IXC/270 here i = 1,2,3. First, the
input feature maps I}, and I}, are normalized and then, unlike traditional cross-attention
with its use of linear projection before each attention block, we use deep convolution to
enerate query matrices Q,,,, and Q;,,, keyword matrices K;,,» and K;;,, and value matrices
& query aux tars K€Y

Vaux and Vi, for 2D normalized feature mapping. The process can be expressed as:
) . ) . . ) .
fzux = Iz;uxWZuxr Kzlzux = I;MXW{ZMX/ Vzlzux = I;uxwgux 4)

i gl q i 7 k i 7 v
Qtar_ItarWtar/ tar_ItarWtar/ tur_Itar tar (5)
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i
1 tar

where qu X/ tar? Wlu‘ux Jtar W7 . Jtar ATE the weight matrices of the convolution operations
used to generate query, key, and value matrices for the auxiliary and target modalities,
respectively. Different from the traditional cross-attention, in the proposed DCAB, one
branch generates a query matrix Qg 1oy and uses Qg1 to query the Ky /4,y and
Ktar/aux of the other branch through attention. This method ensures that the features of
different branches can effectively interact and fuse, thereby capturing the complementary

information between multi-modalities. The process can be expressed as:

KT
Iy = softmax (Q”“" tar ) Viar (6)

Vd

KT
tS;r = softmax (Qta\r/aaux ) Vaux (7)
where I3}, I

;v are the features of the auxiliary modality and the target modality after
cross-attention, and d is the embedding dimension of the attention head. In the proposed
DCAB, we also have two trainable parameters, « and 8, where the model can dynamically
adjust the attention weights to optimize the weight configuration during training, i.e., a3},
and BI;; . In the final stage of DCAB, we integrated LayerNorm (LN) and Multi-layer
Perceptron (MLP) to normalize the output features, to ensure that the input data of each
layer of the network remains relatively stable while improving the depth and complexity
of feature extraction. In addition, residual learning is used to avoid losing fine information

and prevent gradient disappearance. The process can be expressed as:
Zhue = MUP (LN (155 ) ) + IR ®

Zhyy = MLP (LN (IRF) ) + IR )

RL __ ysx i RL __ ysx
where Iaux - qux =+ Iaux and Itar - Itar

c RH.zlflxw.zlfGC/zlfl

+ Ii, represent the features from the first residual
learning, z}, and z},, € RH27XW27IxC/270 poprasent the fea-
tures of the auxiliary modality and the target modality from the DCAB, where ! = 1,2, 3.
Different from the traditional cross-attention, at the end of DCAB, we introduce an LN to
stabilize the distribution of activation, which accelerates model training and improves its
generalization ability. Additionally, a MLP is employed to enhance the model’s ability for
extracting complex features through nonlinear transformations, which further refining the

capture and comprehension of features across different modalities.

Conv
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j=%
—-—’ £
Key tar 3
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Figure 5. The proposed multi-modal feature interaction module consists of a double cross-attention.
To interact with multi-scale features of different modalities at different hierarchical.
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3.4. Multi-Scale Feature Fusion of the Same Modality

To achieve in-depth integration of multi-scale features under the same modality, we
propose a single-modal feature fusion module (SMFFM). By combining features at different
scales, the model is able to capture both detailed information and global context. The
SMFEM is designed to synchronize the micro-local details and macro-global context of the
image, thereby providing the model with a richer and more comprehensive feature repre-
sentation. The module consists of a series of convolutions (kernel size = 1, padding = 0),
Batch Norm, ReLU activation function, and bilinear interpolation. First, we perform con-
volution, Batch Norm, ReLU, and interpolation operations on the first output of MMFIM
zbyx/ 2}, to match the feature dimension of the second output 22, /z%, . Then, we concate-
nate the two feature maps with the same dimension and repeat this operation. Finally, we
combine the fused features with the output features of the decoder I%,, /I# to generate the
final output features. The process can be expressed as:

aux = G4(G3(G2(G1 (Zzux S Zgux) 69Zg'ux) EBl;lux)) (10)
tar = Gy (G3(G2(G1 (Z}ar S3) Z%ar) @Z?ar> @Ifar>) (11)

where @ represents concatenate operation, and Gy(-), i = 1,2,3 represents a series of
operations shown in Figure 6, including convolution, Batch Norm, ReLU, and bilinear
interpolation, and Gy(+), the bilinear interpolation step, is omitted, but convolution, Batch
Norm, and ReLU are still retained to ensure that the feature map can maintain the integrity
and expressiveness of its spatial features while matching the dimensions. In summary,
SMFEM achieves effective multi-scale feature fusion by extracting features at different

scales and fusing these features through upsampling, concatenate, and further convolu-
tional processing.

H W
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Figure 6. Detailed architecture of the single-modal feature fusion module.

3.5. Loss Function

Following [18,53], we use the I; loss to evaluate image domain reconstruction:

1
L= Yo alxle = il + (1= )31 — x| (12)
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where M represents the batch size, and & = 0.6 is the weighted parameter to balance each
loss item.

4. Experiments

In this section, we elaborate on the datasets used in the experiments and the specific
implementation details of the experiments. Finally, we introduce the metrics used to
evaluate the performance of the model.

4.1. Datasets

We use two raw MR images to evaluate our method. The fastMRI [54,55] dataset
is a large, publicly available, repository of raw MR images, provided by the New York
University School of Medicine at https:/ /fastmri.med.nyu.edu/ (accessed on 18 August
2024). (1) fastMRI Brain: we filter out 768 and 96 pairs of TIWI and T2WI brain slices for
training and validation. The resolution of each slice was 256 x 256. (2) fastMRI Knee: we
filter out 160 and 20 pairs of PDs and PDFSs knee slices for training and validation. The
resolution of each slice was 256 x 256. In both datasets, each MR image is normalized to
the range [0, 1] by dividing each pixel value by the pixel value with the largest absolute
value within the image. This process helps to minimize variability across different images
and ensures data consistency. TIWI and PDs serve as the auxiliary modal, while T2ZWI and
PDFSs serve as the target modal.

4.2. Experimental Details

The proposed method is running in Pytorch (2.0.0), with an NVIDIA 3090Ti GPU
(NVIDIA, Santa Clara, CA, USA) and i9-12900KF CPU (Intel Corporation, Santa Clara,
CA, USA) equipped with 24 GB of video memory. The AdamW optimizer is used with an
initial learning rate of 1 x 1073, 81 = 0.9, B, = 0.999, and the learning decay is 0.9. The
model is trained for 100 epochs with a batch size of 1 until convergence. Also, we adopted
three dual cross-attention blocks to construct the MMFIM. In addition, we conducted
experiments on the knee and brain datasets of fastMRI [54,55]. On the knee dataset, we first
applied a one-dimensional Cartesian random sampling pattern and conducted experiments
under the conditions of 10x and 12X acceleration factors. Then, on the brain dataset,
we adopted two sampling patterns: one-dimensional Cartesian random and equispaced,
and conducted experiments under the acceleration factors of 4x, 8x, and 12x. We also
compared our method with six state-of-the-art methods, including three single-modality
MRI reconstruction methods: U-Net [51], STUN [15], and PC-UNet [47], and three multi-
modality MRI reconstruction methods: MINet [49], DuDoCAF [27], and DuDoRNet [14].

4.3. Evaluation Metrics

The peak signal-to-noise ratio (PSNR) is a widely recognized metric for evaluating
image quality, especially effective in comparing the discrepancies between fully sampled
reference images and their processed or reconstructed versions. Within the realm of MRI,
PSNR serves as a valuable tool for assessing quality of a reconstructed image, and thus
assessing the performance of reconstruction methods. Higher PSNR values indicate a
higher signal-to-noise ratio in the reconstructed image, corresponding to a reconstruction
method with better suppression of impurities and noise. The PSNR is defined as:

1

MSE = N||x—x/|\§ (13)

PSNR(x’, x) = 10lo max(x')” (14)
/) = 0810 MSE(x, x')

where N is the number of pixels, x is the fully-sampled MR images of the auxiliary modality
or the target modality, and x/ is the reconstruction image and PSNR in decibels (dB). The
relative I norm error (RLNE) is a standard metric employed in MRI for assessing the
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accuracy of reconstructed images against the fully sampled images. The RLNE quantifies
the relative error between the reconstructed and fully sampled images, providing a measure
of how closely the reconstruction process adheres to the original data. The lower the RLNE,
the smaller the difference between the reconstructed image and the fully sampled image.
The RLNE is defined as: )
RLNE(«,x) = 12—l (15)
112
The structural similarity index (SSIM) is a metric designed to assess image quality
by focusing on the quantification of structural information within images. In the context
of MRI, SSIM plays a crucial role in evaluating the performance of image reconstruction
techniques, particularly with respect to the preservation of detail. Higher SSIM indicates
greater structural similarity between two images, which usually means better image quality.
The SSIM is defined as:

(2pxpy +C1) (20w + Ca)

SSIM (x/, x) =
(x x) (,ugzc‘i‘,ui/ + C]) (0‘%4‘0—%/ + C2)

(16)

where i, and p,» denote the mean values of x and x/, ox and o,/ denote the local variances,
and oy, denote the local covariance between these two MR images. C; = 0.03 and
C, = 0.07 are the constant relaxation terms.

5. Results and Discussion

In this section, we exhaustively describe the results of the comparison of our proposed
method with other existing methods in terms of quantitative and qualitative aspects, show
the analysis of ablation experiments, and present a discussion of computational complexity.

5.1. Quantitative Results

We use two Cartesian sampling patterns (random and equispaced) and four accelera-
tion factors (4x, 8, 10x, 12x), and measure the performance based on three evaluation
metrics (PSNR, SSIM, RLNE). In Table 1, we show the results of three different acceleration
factors using random Cartesian sampling on the fastMRI datasets. The results show that
our method performs best in all cases. Specifically, in the TIWI, the corresponding PSNR
values of the three acceleration factors are 42.969 dB, 39.896 dB, and 35.571 dB, respectively;
while in the T2WI, the corresponding PSNR values are 38.815 dB, 35.235 dB, and 32.607 dB,
respectively. This proves that our proposed method can effectively utilize the complemen-
tary information between different modalities, thereby achieving effective performance
improvement in both modalities. In addition, when using the U-Net [51] for experiments,
we simply input images of two different modalities into two independent branches for pro-
cessing. However, the performance of this method is not ideal. Similarly, DuDoRNet [14]
combines images of different modalities by alternating learning in the k-space domain and
the image domain, and performing multi-cascade operations. Although the results are
better than those of a single fusion method, they are still slightly inferior to those of our
proposed method. Compared with DuDoRNet, our method improves PSNR by 3.052 dB,
5.613 dB, and 4.185 dB, SSIM by 0.011, 0.056, and 0.049, and RLNE by 0.011, 0.033, and
0.038, respectively, under different acceleration factors (4x, 8x, and 12x) in the TIWL
In the T2WI, the PSNR gains are 2.856 dB, 4.691 dB, and 4.706 dB, the SSIM increases by
0.013, 0.041, and 0.064, and the RLNE decreases by 0.017, 0.048, and 0.064, respectively.
In addition, as the acceleration factor increases, the performance of DuDoRNet shows a
gradually weakening trend. In contrast, our method exhibits better robustness.
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Table 1. Quantitative comparison of different reconstruction methods on fastMRI brain datasets in

1D random undersampling pattern with three acceleration factors.

fastMRI Brain
Methods TIWI T2WI
PSNR 1 3 SSIM 1 RLNE | 4 PSNR 1 SSIM t RLNE |
1D Random 4 x (Mean (Standard))

ZF 1 27.204 (1.763) 0.735 (0.060) 0.158 (0.039) 25.801 (1.268) 0.790 (0.040) 0.195 (0.024)
U-Net [51] 36.619 (1.103) 0.932 (0.020) 0.053 (0.010) 32.789 (1.042) 0.929 (0.023) 0.087 (0.009)
STUN [15] 38.195 (1.326) 0.944 (0.018) 0.044 (0.009) 34.325 (1.815) 0.940 (0.030) 0.074 (0.017)

PC-UNet [47] 41.078 (1.172) 0.966 (0.012) 0.031 (0.006) 37.237 (1.133) 0.960 (0.017) 0.052 (0.006)

MINet [49] 37.327 (1.352) 0.936 (0.019) 0.049 (0.011) 33.264 (1.230) 0.932 (0.027) 0.083 (0.011)

DuDoCAF [27] 40.915 (0.998) 0.962 (0.011) 0.032 (0.005) 36.937 (1.059) 0.956 (0.018) 0.054 (0.006)

DuDoRNet [14] 39.917 (1.146) 0.963 (0.012) 0.036 (0.007) 35.959 (1.137) 0.955 (0.018) 0.061 (0.008)

MHCFIN 2 42.969 (1.238) 0.974 (0.010) 0.025 (0.005) 38.815 (1.183) 0.968 (0.015) 0.044 (0.006)
1D Random 8 x (Mean (Standard))

ZF 22.572 (1.057) 0.620 (0.065) 0.265 (0.045) 21.764 (1.054) 0.673 (0.041) 0.310 (0.033)
U-Net [51] 33.965 (1.239) 0.910 (0.024) 0.072 (0.016) 30.485 (0.978) 0.906 (0.031) 0.113 (0.011)
STUN [15] 34.297 (1.349) 0.893 (0.028) 0.069 (0.017) 30.634 (1.284) 0.905 (0.037) 0.112 (0.017)

PC-UNet [47] 37.845 (1.125) 0.951 (0.016) 0.046 (0.009) 34.515 (1.073) 0.939 (0.024) 0.080 (0.009)

MINet [49] 33.070 (1.522) 0.896 (0.028) 0.081 (0.022) 28.933 (1.418) 0.889 (0.044) 0.137 (0.023)

DuDoCAF [27] 37.443 (0.888) 0.945 (0.017) 0.050 (0.008) 33.675 (0.965) 0.937 (0.022) 0.079 (0.008)

DuDoRNet [14] 34.283 (1.229) 0.908 (0.023) 0.069 (0.016) 30.544 (1.009) 0.907 (0.031) 0.113 (0.011)

MHCFIN 39.896 (1.073) 0.964 (0.014) 0.036 (0.006) 35.235 (1.049) 0.948 (0.025) 0.065 (0.007)
1D Random 12x (Mean (Standard))

ZF 20.805 (0.999) 0.548 (0.071) 0.324 (0.050) 20.400 (1.005) 0.602 (0.041) 0.362 (0.036)
U-Net [51] 25.881 (1.025) 0.741 (0.050) 0.181 (0.031) 22.564 (0.967) 0.726 (0.054) 0.282 (0.025)
STUN [15] 31.697 (1.427) 0.857 (0.038) 0.094 (0.025) 28.155 (1.485) 0.864 (0.053) 0.150 (0.027)

PC-UNet [47] 34.951 (1.493) 0.912 (0.030) 0.064 (0.015) 31.752 (1.067) 0.922 (0.032) 0.098 (0.011)
MINet [49] 30.157 (1.680) 0.842 (0.043) 0.113 (0.033) 26.684 (1.806) 0.851 (0.066) 0.179 (0.041)
DuDoCAF [27] 34.077 (1.017) 0.910 (0.020) 0.070 (0.012) 31.404 (0.879) 0.915 (0.025) 0.102 (0.009)
DuDoRNet [14] 31.386 (1.253) 0.865 (0.032) 0.097 (0.022) 27.901 (0.971) 0.865 (0.039) 0.153 (0.015)
MHCFIN 35.571 (0.963) 0.914 (0.028) 0.059 (0.011) 32.607 (0.903) 0.929 (0.029) 0.089 (0.008)

! zero-filled, 2 multi-hierarchical complementary feature interaction network, 3 the higher the better,  the lower

the better. The best results are labeled in bold.

Similarly, we also adopted a 1D equispaced undersampling pattern and conducted
experiments on three acceleration factors on the brain dataset. From the comparison
between Tables 1 and 2, when using the one-dimensional Cartesian sampling pattern, the
performance difference between the two is not significant. At a 12X acceleration factor,
our method outperforms DuDoCAF [27] in multi-modal reconstruction performance, with
PSNR improving from 34.481 dB to 36.277 dB and from 31.828 dB to 32.302 dB. At the same
time, SSIM improves from 0.911 to 0.913 and from 0.917 to 0.922, respectively, while RLNE
decreases from 0.067 to 0.055 and from 0.097 to 0.092, corresponding to the TIWI and the
T2WI, respectively. DuDoCAF [27] is slightly lower than our method in PSNR and RLNE
but is fairly close to ours in SSIM. We speculate that this may be due to the advantage of its
dual-domain alternating learning architecture.
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Table 2. Quantitative comparison of different reconstruction methods on fastMRI brain datasets in

1D equispaced undersampling pattern with three acceleration factors.

fastMRI Brain

Methods TIWI T2WI
PSNR 1 3 SSIM 1 RLNE | 4 PSNR 1 SSIM 1 RLNE |
1D Equispaced 4 x (Mean (Standard))

ZF1 23.598 (1.064) 0.618 (0.062) 0.236 (0.040) 22.837 (1.028) 0.682 (0.036) 0.274 (0.028)
U-Net [51] 36.155 (1.248) 0.909 (0.028) 0.056 (0.012) 32.448 (1.041) 0.915 (0.030) 0.091 (0.010)
STUN [15] 38.428 (1.372) 0.937 (0.020) 0.043 (0.010) 35.267 (1.322) 0.940 (0.025) 0.066 (0.010)

PC-UNet [47] 40.659 (1.153) 0.959 (0.013) 0.033 (0.006) 36.963 (1.130) 0.955 (0.019) 0.054 (0.007)

MINet [49] 36.370 (1.727) 0.909 (0.028) 0.055 (0.015) 32.679 (1.380) 0.920 (0.033) 0.089 (0.014)

DuDoCAF [27] 39.313 (0.881) 0.942 (0.016) 0.039 (0.006) 35.500 (0.970) 0.941 (0.021) 0.064 (0.007)

DuDoRNet [14] 39.868 (1.293) 0.956 (0.014) 0.036 (0.008) 36.029 (1.220) 0.951 (0.021) 0.060 (0.008)

MHCEFIN 2 42.985 (1.246) 0.970 (0.010) 0.025 (0.005) 38.924 (1.172) 0.966 (0.016) 0.043 (0.006)
1D Equispaced 8x (Mean (Standard))

ZF 20.666 (1.025) 0.533 (0.069) 0.329 (0.050) 20.414 (0.978) 0.597 (0.039) 0.066 (0.007)
U-Net [51] 32.389 (1.774) 0.868 (0.045) 0.087 (0.022) 28.497 (1.740) 0.868 (0.057) 0.145 (0.029)
STUN [15] 33.840 (1.455) 0.872 (0.036) 0.073 (0.019) 30.605 (1.256) 0.891 (0.041) 0.112 (0.016)

PC-UNet [47] 37.363 (1.144) 0.940 (0.019) 0.048 (0.010) 33.523 (1.069) 0.934 (0.026) 0.080 (0.009)

MINet [49] 32.504 (1.683) 0.867 (0.040) 0.086 (0.026) 28.310 (1.678) 0.874 (0.053) 0.148 (0.030)

DuDoCAF [27] 36.858 (0.880) 0.931 (0.016) 0.051 (0.009) 33.227 (0.930) 0.927 (0.024) 0.083 (0.008)

DuDoRNet [14] 33.866 (1.404) 0.885 (0.030) 0.073 (0.018) 30.404 (1.006) 0.898 (0.034) 0.114 (0.012)

MHCFIN 38.242 (0.964) 0.948 (0.017) 0.044 (0.007) 35.146 (0.981) 0.948 (0.019) 0.066 (0.007)
1D Equispaced 12x (Mean (Standard))

ZF 19.783 (1.024) 0.511 (0.072) 0.365 (0.055) 19.504 (0.925) 0.560 (0.041) 0.401 (0.035)
U-Net [51] 26.172 (1.070) 0.732 (0.052) 0.175 (0.031) 22.314 (1.256) 0.722 (0.068) 0.292 (0.040)
STUN [15] 31.699 (1.396) 0.835 (0.045) 0.094 (0.024) 28.170 (1.483) 0.859 (0.058) 0.149 (0.027)

PC-UNet [47] 34.906 (1.479) 0.911 (0.032) 0.065 (0.015) 32.020 (1.027) 0.921 (0.031) 0.095 (0.010)
MINet [49] 30.079 (1.765) 0.833 (0.047) 0.114 (0.036) 26.182 (1.870) 0.837 (0.072) 0.190 (0.046)
DuDoCAF [27] 34.481 (1.017) 0.911 (0.020) 0.067 (0.012) 31.828 (0.835) 0.917 (0.025) 0.097 (0.008)
DuDoRNet [14] 31.753 (1.336) 0.858 (0.034) 0.093 (0.023) 28.449 (0.911) 0.869 (0.039) 0.143 (0.013)
MHCFIN 36.277 (1.013) 0.913 (0.031) 0.055 (0.010) 32.302 (0.890) 0.922 (0.030) 0.092 (0.008)

1

zero-filled, 2 multi-hierarchical complementary feature interaction network, ® the higher the better, ¢ the lower
the better. The best results are labeled in bold.

In addition, we also applied a 1D Cartesian random sampling pattern with two ac-
celeration factors (10, 12x) to conduct experiments on the knee dataset. As can be seen
from Table 3, MINet [49] does not perform satisfactorily among the multi-modal reconstruc-
tion methods. We replaced LR with zero-filled images and omitted the upsampling step.
Although it performs well on HR, it does not perform well when processing the fastMRI
dataset. Compared to the second-best DuDoCAF [27], at an acceleration factor of 10x, we
achieved a 1.6% and 2.6% increase in PSNR, and a 2.7% and 1.8% increase in SSIM on PDs
and PDFSs, respectively.
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Table 3. Quantitative comparison of different reconstruction methods on fastMRI knee datasets in 1D
random undersampling pattern with two acceleration factors.

fastMRI Knee
Methods PDs PDEFSs
PSNR 1 3 SSIM 1 RLNE | 4 PSNR 1 SSIM t RLNE |
1D Random 10x (Mean (Standard))

ZF 1 23.822 (1.271) 0.648 (0.047) 0.383 (0.065) 27.492 (1.725) 0.734 (0.033) 0.314 (0.046)
U-Net [51] 32.409 (1.312) 0.849 (0.039) 0.142 (0.023) 33.731 (1.863) 0.871 (0.024) 0.153 (0.021)
STUN [15] 33.927 (1.372) 0.856 (0.039) 0.120 (0.024) 37.427 (1.933) 0.905 (0.021) 0.100 (0.019)

PC-UNet [47] 32.464 (1.653) 0.847 (0.050) 0.142 (0.028) 34.758 (1.568) 0.893 (0.022) 0.136 (0.021)

MINet [49] 29.454 (1.376) 0.773 (0.043) 0.201 (0.038) 32.367 (1.941) 0.834 (0.032) 0.179 (0.027)

DuDoCAF [27] 35.327 (1.363) 0.897 (0.027) 0.102 (0.020) 37.297 (2.148) 0.926 (0.019) 0.102 (0.019)

DuDoRNet [14] 33.915 (1.206) 0.873 (0.033) 0.119 (0.015) 34.962 (1.516) 0.874 (0.024) 0.132 (0.014)

MHCFIN 2 35.877 (1.709) 0.921 (0.025) 0.096 (0.023) 38.256 (2.236) 0.943 (0.015) 0.092 (0.018)
1D Random 12 x (Mean (Standard))

ZF 22.077 (1.069) 0.614 (0.041) 0.464 (0.052) 25.535 (1.651) 0.682 (0.037) 0.391 (0.040)
U-Net [51] 30.853 (1.205) 0.828 (0.046) 0.170 (0.024) 32.285 (1.622) 0.852 (0.023) 0.180 (0.020)
STUN [15] 32.466 (1.523) 0.790 (0.045) 0.142 (0.026) 35.886 (1.943) 0.888 (0.024) 0.120 (0.021)

PC-UNet [47] 31.113 (1.544) 0.820 (0.051) 0.166 (0.031) 33.459 (1.812) 0.856 (0.030) 0.157 (0.016)
MINet [49] 28.830 (1.814) 0.777 (0.042) 0.218 (0.052) 31.799 (1.797) 0.837 (0.030) 0.191 (0.029)
DuDoCAF [27] 34.093 (1.472) 0.879 (0.035) 0.118 (0.025) 36.896 (2.560) 0.925 (0.021) 0.108 (0.022)
DuDoRNet [14] 32.365 (1.266) 0.859 (0.032) 0.142 (0.022) 33.772 (1.633) 0.865 (0.025) 0.152 (0.018)
MHCFIN 34.132 (1.748) 0.892 (0.024) 0.117 (0.027) 37.771 (2.790) 0.936 (0.018) 0.099 (0.028)

! zero-filled, 2 multi-hierarchical complementary feature interaction network, 3 the higher the better,  the lower

the better. The best results are labeled in bold.

5.2. Qualitative Results

Figures 7 and 8 present TIWI and T2WI reconstructions from the fastMRI brain
dataset under different undersampling conditions: an 8x acceleration factor with a one-
dimensional random sampling pattern and a 12 x factor with a one-dimensional equispaced
sampling pattern. These illustrations compare the performance of various reconstruction
methods. At the same time, the error map between the real image and the reconstructed
image and the enlarged image of the reconstructed details is also shown in the figure. The
error map has a numerical range of [—0.4, 0.4], and the color depth represents the quality
of the reconstruction. The results show that the zero-filled image leads to a large error and
a serious loss of details. It is obvious from the figures that our proposed method achieves
the lowest error in TIWI and T2WI reconstruction and effectively preserves the key details.

Figure 9 shows the reconstruction results of knee images using different methods
with a 10X acceleration factor using a one-dimensional Cartesian random undersampling
pattern. Among the multi-modal reconstruction methods, MINet achieved unsatisfac-
tory results in the reconstruction results of PDs and PDFSs, and it seems that its effect
on processing fastMRI data is not as good as HR. From observation of the figure, we
can find that our method achieves the lowest error in PDs and PDFSs reconstruction,
which verifies the effectiveness of our use of multi-hierarchical feature interaction to learn
complementary information.
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Figure 7. Qualitative comparison with different reconstruction methods using 1D random undersam-
pling pattern with acceleration factor 8 x on fastMRI brain datasets. Ground truth (GT), zero-filled
(ZF), reconstructed MR images (TIWI and T2WI), error maps, and zoomed-in details are provided.
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Figure 8. Qualitative comparison with different reconstruction methods using 1D equispaced under-
sampling pattern with acceleration factor 12x on fastMRI brain datasets.
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Figure 9. Qualitative comparison with different reconstruction methods using 1D random undersam-
pling pattern with acceleration factor 10x on fastMRI knee datasets.

Figure 10 shows the performance evaluation of different reconstruction methods on
the fastMRI brain dataset using an 8 x acceleration factor in the form of a bar graph. Part (a)
shows the PSNR value, part (b) shows the SSIM value and part (c) reflects the RLNE value.
The standard deviation of the performance of each method is represented by a black arrow,
attached to the corresponding bar graph. The observation results show that, in parts (a)
and (b), our proposed reconstruction method shows good performance on TIWI and T2WI
data, outperforming other methods. In addition, in part (c), the RLNE value of our method
is the lowest, further confirming its high accuracy in data reconstruction. These results
verify the effectiveness of the MHCFIN method in learning transferable complementary
knowledge through multi-hierarchical feature interactions.
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Figure 10. Bar charts for (a) PSNR, (b) SSIM, and (c) RLNE depicting the performance of various
reconstruction methods using an 8 x acceleration factor mask on the fastMRI brain dataset. The black
arrows represent the standard deviation (mean =+ standard deviation) for each method.

Figure 11 shows the trend that the loss values of each reconstruction method gradually
decrease as the number of epochs increases during the training process. The analysis results
show that our proposed method first achieved the lowest loss value and showed stable
convergence characteristics. It was followed by the DuDoCAF method, which had a slightly
higher loss value than our method but also showed good performance. In contrast, the loss
value of MINet fluctuated greatly during the training process, which reflects its instability
when processing the fastMRI dataset, and thus shows that its application effect on this
dataset may not be as ideal as other methods.
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Figure 11. The training loss of different reconstruction methods on the fastMRI brain dataset.

5.3. Discussion

(@)

Discussion on encoder and decoder based on residual multi-attention: To verify the
efficacy of the key components in the proposed method, we evaluate three models
in an ablation study. First, we evaluate the proposed residual multi-attention-based
decoder—encoder model, in which we replace residual learning with traditional skip
connections and remove the triple-attention mechanism. From the data in Table 4, we
can see that, compared with configurations 1 and 2, without residual multi-attention
(RMA), the PSNR of TIWI decreases by 2.974 dB and the SSIM decreases by 0.037;
similarly, the PSNR of T2WI decreases by 5.964 dB and the SSIM decreases by 0.08. It
can also be observed in Figure 12 that the reconstruction error of configuration 2 is
reduced compared to configuration 1 which does not integrate any components, and
the restored image details are clearer.

Table 4. Ablation study on different variant methods on fastMRI brain datasets with the 1D random
undersampling pattern at acceleration rate 8 x.

fastMRI Brain
Variant RMA MMFIM SMFFM TIWI T2WI
PSNR13  SSIM{  RLNE,4 PSNR1 SSIM1 RLNE]
1D Random 8 (Mean)

ZF x 1 X X 22.572 0.646 0.300 21.764 0.673 0.310

1 X X X 33.599 0.902 0.074 27.261 0.856 0.164

2 V4 2 X X 36.573 0.939 0.053 33.225 0.936 0.083

3 X Vv N4 34.381 0.907 0.068 30.599 0.908 0.112

MHCFIN v v 39.896 0.964 0.036 35.235 0.948 0.065

1 add the module, 2 remove the module. 3 the higher the better, 4 the lower the better. The best results are labeled
in bold.
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Figure 12. Ablation study of the key components in the proposed method using 1D random under-
sampling pattern with acceleration factor 8 x on fastMRI brain datasets.

(b) Discussion on the multi-modal feature interaction module and single-modal feature
fusion module: Since the multi-modal fusion interaction module and the single-
modal feature fusion module are used jointly, we discuss their effects together in the
ablation study. As can be seen from the data in Table 4, compared with configuration
1 without using these feature fusion technologies, configuration 3 has the PSNR of
T1WI increased by 0.782 dB, SSIM increased by 0.005, and RLNE decreased with the
help of multi-modal feature interactive learning by 0.006; the improvement of T2WTI is
more significant, as PSNR increases by 3.338 dB, SSIM increases by 0.052, and RLNE
decreases by 0.052. Figure 12 also clearly shows that, after the introduction of MMFIM
and SMFFM, the overall reconstruction error is reduced; especially, the improvement
on T2WI is particularly obvious. Based on the introduction of RMA, the difference
between MMFIM and SMFEM is particularly significant. By comparing configuration
MHCFIN with configuration 2, it can be seen that the PSNR of TIWTI has increased
by 3.323 dB, and the PSNR of T2WT has increased by 2.01 dB. This result verifies the
effectiveness of our proposed components, and when these components are used
jointly, they can bring better results than when used alone. At the same time, learning
complementary information between different modalities can also further improve
the quality of reconstruction.

(¢) Discussion of the computational complexity of the proposed method: When evalu-
ating the computational complexity of our proposed dual-branch learning network,
we recognize that, while the network significantly enhances image quality through
the use of TAB, MMFIM, SMFEM, these advanced feature extraction techniques—such
as attention mechanisms, convolution operations, and residual connections—also
introduce notable computational overhead. Our tests show that, on a system equipped
with an NVIDIA 3090Ti GPU and 24 GB of memory, processing 96 brain images with a
resolution of 256 x 256 pixels take approximately 18 s, averaging 0.2 s per MR image.
While this performance is sufficient for many clinical applications, there is still room
for improvement in scenarios requiring real-time feedback. To address these concerns,
we plan to explore techniques like Linformer [56], which approximates the attention
mechanism to reduce computational complexity, or model pruning to reduce model
size. Our ultimate goal is to develop a lightweight model that can meet the real-time
processing demands of clinical applications.
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6. Conclusions

In this study, we introduce an innovative multi-modal reconstruction approach, termed
MHCEFIN, that facilitates high-fidelity image reconstruction by harnessing the latent, learn-
able complementary information inherent across modalities. The network adopts a dual-
branch architecture and integrates a multi-attention mechanism to focus on the key channels
and areas of the image, accurately capture the core features and identify important shared
features between different modalities. A gating mechanism is used to dynamically ad-
just the learning process to effectively reduce the interference of irrelevant information.
Then, with a dual cross-attention interactions block, complementary information between
multi-modality is learned and fused. Experimental results show that the proposed joint
reconstruction network outperforms the state-of-the-art reconstruction network in recon-
struction performance, with better preservation of details and smaller reconstruction errors.
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Abbreviation

MRI Magnetic resonance imaging

MHCFIN  Multi-hierarchical complementary feature interaction network
MMFIM  Multi-modal feature interaction module

SMFFM Single-modal feature fusion module

TAB Triple attention block

DCAB Dual cross-attention block

TIWI T1-weighted images

T2WI T2-weighted images

PDs Proton density-weighted images

PDFSs Fat-suppressed proton density-weighted images
PSNR Peak signal-to-noise ratio

SSIM Structural similarity index measure

RLNE Relative I, norm error
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