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We propose IDDNet, a parallel dual-domain interaction framework with an auxiliary modality, to accelerate MRI reconstruction.

Public summary

m We extract and interactively utilize relevant information from different MR domains by designing a hierarchical feature
extraction and dual-domain parallel interaction network structure.

m We combine multimodal auxiliary imaging technology and leverage similar information between different MR modalit-
ies to enhance the reconstruction effect.

m The experimental results show that our model provides better visual and quantitative reconstruction results at both low
and high acceleration rates with various sampling masks.
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Abstract: Reconstructing a complete image accurately from an undersampled k-space matrix is a viable approach for mag-
netic resonance imaging (MRI) acceleration. In recent years, numerous deep learning (DL)-based methods have been em-
ployed to improve MRI reconstruction. Among these methods, the cross-domain method has been proven to be effective.
However, existing cross-domain reconstruction algorithms sequentially link the image domain and k-space networks, dis-
regarding the interplay between different domains, consequently leading to a deficiency in reconstruction accuracy. In this
work, we propose a deep interactive dual-domain network (IDDNet) with an auxiliary modality for accelerating MRI re-
construction to effectively extract pertinent information from multiple MR domains and modalities. The IDDNet first ex-
tracts shallow features from low-resolution target modalities in the image domain to obtain visual representation informa-
tion. In the following feature processing, a parallel interactive architecture with dual branches is designed to extract deep
features from relevant information of dual domains simultaneously to avoid redundant priority priors in sequential links.
Furthermore, the model uses additional information from the auxiliary modality to refine the structure and improve the re-
construction accuracy. Numerous experiments at different sampling masks and acceleration rates on the MICCAI BraTS
2019 brain and fastMRI knee datasets show that IDDNet achieves excellent accelerated MRI reconstruction performance.

Keywords: MRI reconstruction; deep learning; dual-domain; multimodal
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1 Introduction

Magnetic resonance imaging (MRI) is a commonly utilized
modality for medical diagnostic imaging and is renowned for
its exceptional soft tissue contrast, high-resolution anatomic-
al depiction, and noninvasive and radiation-free nature. Nev-
ertheless, MRI acquisition takes a long time due to the re-
quirement for complete sampling of the raw k-space data.
Such a slow data acquisition process causes patient discom-
fort and is prone to motion artifacts, limiting the diagnostic
capabilities of diseases.

Various sophisticated acceleration algorithms have been
suggested to shorten the imaging time. Previously, signific-
ant advancements were achieved by utilizing two techniques:
hardware-based parallel imaging (PI)!" and compressed sens-
ing (CS)-based magnetic resonance imaging (CS-MRI)™. The
PI uses special phase array coils to spatially encode the differ-
ence in sensitivity of the phased array coil at the spatial posi-
tion, thereby reducing the k-space data acquisition time. The
main categories of PI reconstruction algorithms include
GRAPPA!", SENSEF, SPIRiT™ and E-SPIRiT". In conven-
tional CS-MRI"“, the image is assumed to be a sparse repres-
entation after sparse transformation, and the underdetermined
problem is solved iteratively by combining regularization
parameters. Typical transformations include wavelet trans-
form", low-rank transform®, and total variation (TV)Y.
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Despite the significant achievements of traditional methods,
their development in clinical practice is impeded by issues
such as rigid parameter adjustments, inaccurate prior condi-
tions and time-consuming iterative processes.

In recent years, various deep learning (DL)-based methods
have been proposed to accelerate MRI reconstruction to re-
cover high-fidelity images from undersampled data*. As
shown in Fig. 1, MR data can be obtained in two distinct
forms: the k-space and the image domain. Therefore, two
methods are available: single-domain and cross-domain
methods.

With respect to single-domain methods, Wang et al.l'” first
applied a convolutional neural network (CNN) framework for
MRI reconstruction in 2016. Schlemper et al."" used a deep
cascaded CNN structure and proposed a DC layer to use pri-
or k-space information. Dilated convolutions and residual
connections were applied to the recursive dilated network
(RDN)", the U-Net®? structure-based network (U-RDN)!"!
and the multiscale dilated network (MDN)"* to balance the
reconstruction performance and the network parameters. Sev-
eral GAN-based networks have also been proposed, such as
the DA-GAN" and cyclic loss GAN". Han et al.”” used U-
Net and the annihilating filter-based low-rank Hanel matrix
approach (ALOHA) only in the k-space. As shown in Fig. 2,
information is consistent across different domains, yet it is
presented in diverse formats. Thus, extracting features only in
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Fig. 1. Relationships among the different MRI modalities used for recon-
struction. The FFT operator refers to the 2D fast Fourier transform, and
the IFFT operator refers to the 2D inverse fast Fourier transform.

Fig. 2. Visualization of data in different domains. (a) Spatial (image) do-
main visualization of cosine waves; (b) frequency domain visualization
of cosine waves; (c¢) image domain visualization of MR data; (d) fre-
quency domain (k-space) visualization of MR data.
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a single domain fails to use the potential information between
multiple domains, thus affecting the reconstruction perform-
ance, such as excessive smoothness and lack of texture
details.

Cross-domain methods leverage additional information
from multiple domains. The cross-domain reconstruction
methods can be divided into sequential cascade methods and
dual-domain parallel methods. The earlier developed cascade
method named KIKI-Net"” used an interleave cascade frame-
work of k-space and image data connected by fast Fourier
transform (FFT) units and first verified the advantages of
cross-domain methods over single-domain methods. On this
basis, Wang et al.'"¥! proposed IKWI-Net to further extend the
cascade framework by using the wavelet transform. Sub-
sequently, Zhou et al.'! proposed a dual-domain recurrent
network, DuDoRNet, which added T1 prior to the cascade
frame. It can be found that the cascade method based on the
supplementary information of multiple domains is better than
single domain reconstruction, but the order of different do-
mains has always been an unavoidable problem. To avoid un-
necessary a priori priorities and engage with information from
two distinct domains simultaneously, Ran et al.”” proposed
MD-Recon-Net, a dual-domain parallel framework that treats
k-space and image domains as two parallel processing net-
works. This approach allows for the utilization of dual-
domain information and facilitates interaction without caus-
ing interference between sequences. Additionally, Liu et al.*!
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proposed DIIK-Net as a lightweight solution based on this
parallel framework.

However, the existing parallel methods have two deficien-
cies: efficient feature extraction and a lack of comprehensive
utilization of different MR modalities. First, the association
between the information present in distinct data streams is
frequently observed at an elevated level™*!. According to the
aforementioned study, it is evident that shallow network lay-
ers have limited correlation extraction. The existing parallel
methods use the direct integration of multidomain or mul-
timodal information into the network, which leads to redund-
ant and inefficient feature extraction. Additionally, the ac-
quisition of multiple magnetic resonance (MR) sequences, in-
cluding T1-weighted imaging (T1WI) and T2-weighted ima-
ging (T2WI), is often crucial in clinical settings to enhance
the analysis and differentiation of lesions. Different MR se-
quences exhibit a strong correlation, and full-sampled T1
imaging can be used to assist undersampled T2 imaging, ef-
fectively shortening the overall imaging time"**”. The exist-
ing parallel dual-domain networks do not use multimodal
auxiliary reconstruction technology, which affects the recon-
struction accuracy.

In this work, we propose a parallel dual-domain interac-
tion framework with an auxiliary modality to accelerate MRI
reconstruction. To effectively utilize multidomain and mul-
timodal information, we opt to perform feature extraction in
two steps and utilize various feature extractors. Considering
the widespread application of superresolution imaging™ and
denoising techniques®”, we use residual dense convolutional
blocks for visual feature extraction. As the network deepens
and the need for extracting multidomain and multimodal fea-
ture correlation information increases, we incorporate dilated
convolutions'>'"! to expand the receptive field and integrate
attention mechanisms"’* to associate contextual information.
We compare our method with state-of-the-art methods and
conduct ablation studies to validate the effectiveness of our
network design in reducing artifacts and restoring texture
structure.

The main contributions of our work are as follows:

e We propose a dual-domain parallel MRI reconstruction
network, which consists of a single-domain preprocessing
module, a dual-domain feature refinement module, and a fea-
ture integration module, to accelerate the reconstruction of
multimodal MR images.

e According to the different feature extraction capabilities
of the deep and shallow layers of the network, an image do-
main feature preprocessing module is added before the dual-
domain parallel processing module to prerestore some aliased
images, and the data consistency layer is used to constrain the
sampled real data. Furthermore, feature extractors with differ-
ent structures are designed to meet the needs of different fea-
ture processing methods.

e The feature refinement module is structured as a dual-
branch parallel architecture to extract k-space and image do-
main features. The dual-domain interaction block is embed-
ded in the parallel framework as a bridge for deep informa-
tion interaction.

e The dual-domain information of the auxiliary modality is
integrated into the dual-branch parallel framework to provide
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additional feature information.
2 Methods

2.1 Notations

Denoting the 2D-complex values of full-sampled k-space and
image as y; € C**" and x, € C*", the MRI reconstruction
problem is equivalent to solving x;, € C**" from the under-
sampled k-space values y, € C**¥ or the undersampled image
values x, € C*™" such as:

Y.=MOy,+e=MOFx;,+e=Fx +¢, (1)

x,=F"'y, (2)

where ¢ is noise, M € C**"is the binary undersampling mask,
O represents elementwise multiplication, F is the 2D FFT op-
erator, F~' is the 2D inverse fast Fourier transform (IFFT) op-
erator and F, € C"" represents the undersampled Fourier en-
coding matrix. Because the undersampling process does not
follow Nyquist’s law, for the ill-posed optimization problem
shown in Eq. (1), CS-MRI limits the potential solutions by
utilizing prior knowledge, and the corresponding optimiza-
tion problem can be formulated as:
argmin|| F,x, -y, |l + AR (x,), 3)
xf

where || F,.x; -y, IIZ represents the data fidelity and R repres-
ents regularization terms, which are typically the /, norm and
I, norm in the sparsifying transform field of x;. 4 > 0 adjusts
the balance of the two terms. In DL-based CS-MRI
methods!"'*%, parameters 6 are optimized through network
training to obtain an optimal reconstruction result close to the
fully sampled image x;. Then, the method can be expressed
as:

argminl| F,x, =y, [+ %~ fon 1O (4

xf

where fcow is the forward mapping of the CNN network with
parameters 6, I represents the input of the network and
Jonn (1160) s the output of the model, which represents the re-
construction result. In our method, we use the strategy shown
in expression (4), where I includes dual-domain data y, and
x,. The training parameters are under the guidance of dual-
domain full-sampled auxiliary data x;r, and y;r,.

2.2 Data consistency

Data consistency (DC)!'" is a constraint strategy based on the
raw data. We use the DC layer to constrain the information
extraction and reintegration. The DC layer in the k-space do-
main can be defined as:
y(, ifj ¢ Q,
S0 4 .
D) e

l+a

where y denotes the k-space data predicted by the network, y
denotes the undersampled k-space data, j denotes the index of
the k-space matrix, £ denotes the set of sampled positions of
the k-space matrix, and « is a hyperparameter.
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For undersampled MR original data, we hope that the CNN
network can effectively predict and fill the unsampled data
points without performing any processing on the sampled real
data points. The DC layer uses a linear weighted combination
between the predicted and original sampled values. If the
index of the k-space value does not fall into the sampling area
(J ¢ Q), the value predicted by the CNN modules is used; oth-
erwise, the original value is used. Specifically, the DC layer is
used at the end of feature extraction and domain transforma-
tion to ensure that the original sampled real data are not mis-
predicted by the CNN network, which is an effective a priori
constraint method for the network. When it is necessary to
implement DC layer constraint operations on image domain
data, the domain transformation of the FFT and IFFT can be
performed before and after the above formula.

2.3 Method overview

An overview of our method is illustrated in Fig. 3. It mainly
consists of three parts: (i) the feature preprocessing (FP) mod-
ule for the target undersampled image, which extracts the
shallow image features of the target modality; (ii) the feature
refinement (FR) module consisting of dual-domain informa-
tion refinement branches and interaction modules, which ex-
tracts and interacts deep dual-domain features based on the
additional information of the fused auxiliary modality in par-
allel; and (iii) the feature integration (FI) module, which in-
tegrates information extracted from each module to recon-
struct the target modality image. The input and output of the
dual-domain data in our experiments are both complex-
valued matrices.

2.4 Feature preprocessing module

To avoid training with too much redundant information, we
choose to perform a more comprehensive interaction in the
dual domain at a deeper network level. Therefore, before pro-
ceeding with the process of multimodal fusion and multido-
main correlation feature extraction, we propose the FP mod-
ule to extract specific shallow features from the under-
sampled target modality T2 only in the image domain. Addi-
tionally, to avoid retraining with the initial sampling data, we
use a DC layer to constrain the preprocessing procedure. The
process can be formulated as:

xprel = C()nV (xu) ’ (6)

where Conv denotes 32 3x3 kernel convolution operations.
Then, x,., is sent to the RD block for stacking and merging
shallow features of the target modality, and we can obtain
Xper as follows:

xpreZ = C()nv (HRD(xprsl )) ’ (7)

where Hyp is the residual dense convolution operation by the
RD block.

As shown in Fig. 4a, we use the RD block as the feature
extractor to mine the visual features of images. Considering
the utilization of preprocessing operations solely in shallow
networks and exclusively in the T2 image domain, the com-
plexity of the RD block was intentionally minimized. The
dense blocks consist of multiple layers of 3%3 convolution
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Fig. 3. Overview of the architecture of the proposed IDDNet.
and LeakyReLU units and global residual connections. The Xinitiarr = CONY (K1) = Conv (Conv( X, ), (11)
dense blocks transfer the feature extracted by the current lay-
er to subsequent layers. Features of different depths are joined
Yinitiaz = CONY Yigigar) = Conv (Conv(yp. ), (12)

by a concatenation operation, and parameters are reduced by a
1x1 convolution layer. We add a long skip connection for
global residual learning to preserve the initial characteristic
properties of the target modality. After the prior constraints of
H,, the image result of the FP module x,,. can be defined as:

xpre = Fﬁ]ypm = HDC (FxpreZ) . (8)

2.5 Feature refinement module

The core idea of IDDNet is deep interaction. We propose the
feature refinement (FR) module to effectively leverage the
complementary and associated multidomain and multimodal
information, thereby enabling deep feature extraction. The
bridge for the interaction between k-space and image do-
mains is the dual-domain interaction (DDI) block, which sim-
ultaneously utilizes frequency domain features and image
visual features to enhance reconstruction accuracy.

2.5.1 Dual-branch parallel frame

In the FR module, two branches, namely, K-Net and I-Net,
operate simultaneously to process the dual-domain data. We
splice the result of the preprocessed target modality T2 x,.
with the auxiliary modality T1, and the input x;,. of I-Net is
defined as:

xfuse = Hconca((xpre’xf,Tl)' (9)
For K-Net, the input yr,. is defined as:

yfuse = Hconcat(ypreyyf,Tl)' (10)

Then, the initial feature extraction of the fusion modality
with two sequential 32 3x3 convolution layers is as follows:

03024

where X,unand X,... denote the shallow features of the fu-
sion in the image domain and Yi,.n and Yi. denote the shal-
low features of the fusion in the k-space domain.

2.5.2 Residual dilated dense attention block

With the deepening of network layers and the increasing de-
mand for extracting multidomain and multimodal relevant in-
formation, we design residual dilated dense attention (RDDA)
blocks as deep feature extractors. As shown in Fig. 4c, the
RDDA block consists of two components, the residual dilated
dense (RDD) block and the fusion attention (FA) block. Gen-
erally, we use [}, as the input of the ith RDDA block. The
process of feature extraction for one RDDA block is formu-
lated as follows:

I]‘;DDA =Conv(H,,,., (HRDD(IlizDDA)s HFA(I];DDA N+ I];DDA’ (13)

Hypp = Conv(H .y (Ili{DDA’ Ill:]i)dDA))’ (14)

where Ii,,, is the output of the ith RDDA block, Hypp de-
notes the RDD block, Hg, is the fusion attention operation in
the FA block and If4 . denotes the output of the mid-results
in the process of sequentially connecting dense layers with
different dilation rates.

To design the RDD block, we incorporate dilated convolu-
tions with different dilation rates into the dense convolution
process of the RD block. This modification allows the model
to have broader receptive fields and combines different re-
ceptive fields to extract features from multiple scales.

The FA block shown in Fig. 4b, which consists of a chan-
nel attention block and a spatial attention block, is used to ac-
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Fig. 4. Block diagrams of component modules. (a) The residual dense (RD) block, which contains several 3x3 convolution and LeakyReLU combined
convolution layers and one 1x1 convolution layer for dimensionality reduction. The growth rate of the dense blocks is set to 32, and the number of com-
bined convolution layers is set to 6. (b) Fusion attention (FA) block. (c¢) The residual dilated dense attention (RDDA) block, which uses the residual
dilated dense (RDD) block and FA block for feature extraction, and 1x1 convolution for channel dimensionality reduction. The RDD module replaced the
ordinary convolution in Fig. 4(a) with dilated convolution of different dilation rates. (d) Dual-domain interaction (DDI) block.

quire key similar features. The operation of H,, is formu- As shown in Fig. 4d, we perform a DC operation in the in-
lated as: teraction block. We apply the DC layer on K-Net to enforce
; ; ; constraints based on the original k-space data. Subsequently

Honea(Tgppa ® 0 (Hymp(H (] 2 Tropa® . . .

Uroon ® O CHoo(H oy T ) Froms the k-space features are connected and fused with the image

T (Conv(H yq (Ippa))))- (15) domain features after applying the DC constraint and FFT.
Additionally, the image domain features are residually con-
2.5.3 Dual-domain interaction block nected to the k-space domain features after applying the DC
One of the main steps of this paper is the utilization of an constraint and IFFT. Since the domain transformation needs
interactive mechanism to extract deep features from paired to reduce the data with 2 channels, we perform channel
dual-domain data rather than processing frequency domain dimension Scaling through the convolution operation before
and image domain data independently. We propose embed- and after the domain transformation.
ding dual-domain interaction (DDI) blocks between RDDA In summary, the interaction process of K-Net with I-Net
blocks to achieve dual-domain interaction. can be formulated as follows:
0302-5 DOI: 10.52396/JUSTC-2023-0169
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I,'( = Conv(HDC(II’;DDA—k))’ (16)

Ix+l

RDDA-img

= ConV(FflI[) + I;;DDA—img' (17)

Similarly, the interaction process of I-Net with K-Net can be
formulated as follows:

L, = Comv(Iyp, ) (18)

img

I = Conv(FI

img

)+ Conv(I}). (19)

In this way, the information from the image domain and
frequency domain complements each other to achieve inter-
active feature extraction.

2.6 Feature integration module

In the FI module, we integrate the previously extracted fea-
tures and reconstruct the final T2 image. The module first
integrates the dual-domain interaction features extracted by
the FR module. We only concatenate the intermediate results
of all RDDA blocks in I-Net because the frequency domain
features from each layer of the RDDA block have already
been combined with each layer of I-Net. The initial feature of
the FR block x4 is added as a residual connection to the
channel-compressed dual-domain refined feature. The fused
feature is then compressed into 2 channels. The process can
be formulated as follows:

Xeep = COnV(ConV(Hconcm(IllqigiSXi;mg)) + Xinital1 )» (20)

where Ippi.,. denotes the intermediate results for all RDDA
blocks.

Subsequently, under the constraints of the DC layer on the
original data, the fused image feature x,., and the preextrac-
ted feature x,. establish a global residual connection to ob-
tain the final reconstructed image. The reconstruction result
Xrecons 18 formulated as:

xrecons = HDC (xdeep + xpre) . (21)

3 Experiments and results

3.1 Datasets and masks

MICCALI BraTS 2019+ which consists of MR images of
the brain, includes 460 pairs of publicly available multi-
institutional MR sequences. Each group had four modalities

(T1-weighted, T2-weighted, T1-weighted with contrast en-
hancement, and FLAIR), and the matrix size was 155%
240%240. We split 335 pairs of data for training, 74 pairs for
validation, and 51 pairs for testing.

The fastMRI dataset™ is the largest publicly available raw
MR dataset. We use knee single-coil data from the single-coil
track of the fastMRI dataset. Following Ref. [36], 227 and 24
pairs of proton-density (PD) and fat-suppressed PD (PDFS)
knee volumes, respectively, are selected for training and test-
ing. As an auxiliary modality, PDs are used to guide the re-
construction of target modality PDFSs. We crop out an input
of size 320 x 320 for each slice from the center region.

The original full k-space data are undersampled via ele-
mentwise multiplication with binary masks. Random and
equispaced undersampling masks with 4x (8% central
sampling rate) and 8% (4% central sampling rate) accelera-
tion rates are used. Fig. 5 illustrates the masks used in our
experiments.

3.2 Implementation details

Our experiments are performed on an NVIDIA GeForce GTX
2080Ti GPU with a memory size of 11 GB under the PyT-
orch framework. We use the Adam optimizer with paramet-
ers 5,=0.9 and 5,=0.999, and the learning rate is set to 1E—4.
The model uses the L1 loss as the loss function. We train the
model for 100 epochs with a batch size of 1. The number of
RDDA blocks is set to 3. Referring to the hybrid dilated con-
volution (HDC)"", the matrix of the dilation factor is set
to[1,2,4,1,2,4].

3.3 Comparisons with other methods

To evaluate the model’s effectiveness, we compare our meth-
od on two datasets with three state-of-the-art learning-based
methods, namely, U-Net, MD-Recon-Net, and DuDoRNet.
The zero-filled reconstruction method (ZF) serves as the
baseline for both datasets. The comparison methods are de-
rived from the code of the fastMRI dataset and the original re-
search papers. To ensure a fair evaluation, the training para-
meters of the competing methods are set to their default
values.

3.3.1 Quantitative evaluation

The reconstruction results are evaluated by computing the
NMSE, PSNR and SSIM between the reconstructed and
ground truth images, which are effective ways to evaluate the
quality of the reconstruction results. The quantitative evalu-
ation results of the different methods are shown in Table 1
and Table 2. Our method yields the best results among al-

Fig. 5. The masks used in the experiments. The masks displayed in the sequence from left to right are labeled 4x Random mask, 4x Equispaced mask, 8x

Random mask and 8% Equispaced mask.
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most all methods with different acceleration rates and masks
in the test dataset. For the single-domain method U-Net, our
model achieves significant improvement. At high accelera-
tion rates, the degradation is more obvious, and the artifacts
of the zero-filled images are more obvious; however, our
model still achieves better index results. In brain image recon-
struction, our model improves the PSNR by nearly 7 dB and
the SSIM by 0.0225 dB in comparison with the parallel inter-
action framework MD-Recon-Net under the 4x random
sampling strategy. Compared with the domain-cascaded
method DuDoRNet, which is the current best approach, the
metrics of our model are also improved. In the reconstruction
of knee images, only our model and DuDoRNet achieve
PSNR values greater than 30 dB at 4x acceleration. All of the
above findings prove that IDDNet is more effective than
other dual-domain methods in information recovery.

3.3.2 Qualitative evaluation

Fig. 6 and Fig. 7 show the visual reconstruction results. We
show the reconstruction results and error maps at different ac-
celeration rates and for different templates. We also provide
partial magnification to facilitate the observation of the de-
tails. The zero-filled reconstructed image has many artifacts,
and many texture details are missing. Other methods can ef-
fectively suppress artifacts; however, IDDNet has the fewest
artifacts and provides better visual reconstruction results at
both low and high acceleration rates.

3.4 Ablation studies

Six experiments were conducted to assess the comparative

performance of various composition structures within our
method. The outcomes were assessed using the BraTS 2019
test dataset. To mitigate the impact of randomness, experi-
ments were performed with varying acceleration rates. The
quantitative findings of the ablation experiments are presen-
ted in Table 3, while the qualitative results are depicted in
Fig. 8.

3.4.1 Effectiveness of dual-domain Information

These experiments, referred to as “w/o Kspace” and “w/o
Cross” in Table 3, aim to confirm the complementary valid-
ity of dual-domain information and the effectiveness of the
proposed deep dual-domain interaction (DDI) block.

The exclusion of k-space information in the w/o Kspace
operation results in a significantly lower overall index com-
pared to the dual-domain architecture. Visualization results
also demonstrate that k-space can offer more detailed struc-
ture and texture information, and the two-branch network ef-
fectively learns the representation of various domain features.
The w/o Cross operation alters the cross-depth information
exchange of K-I parallel networks. K-Net only provides
input to I-Net, and I-Net solely receives K-Net features
without reciprocal interactions. Quantitative indicators reveal
that the removal of cross-operation impacts reconstruction
performance, suggesting that DDI blocks play a crucial role in
leveraging complementary information from different
domains to enhance reconstruction.

3.4.2 Effectiveness of feature preprocessing

We verify the function of the feature preprocessing (FP) mod-
ule, as indicated by the operation w/o FP in Table 3. Within

Table 1. Quantitative evaluation of reconstruction under different undersampling patterns in the BraTS 2019 dataset.

Random 4x Random 8x Equispaced 4% Equispaced 8%

Method
NMSE| PSNR? SSIM? NMSE| PSNR{ SSIM? NMSE| PSNR? SSIM? NMSE| PSNR{ SSIM?t
Zero-Filled 0.0545 26.56  0.5840  0.1110 2341 05158  0.0561 2646 05775 0.1113 2338 05115
U-Net®! 0.0114 3346 09480  0.0352 28.55  0.8977  0.0087 3477 09568  0.0315 29.11  0.9030
MD-Recon-Net™  0.0076 3518 09588  0.0305 2921 09038  0.0067 3587 09634  0.0287 29.54 09075
DuDoRNet"! 0.0021 41.86 09742  0.0090 3549 09375 0.0020 4215 09771 0.0076 36.03 09385
Ours 0.0020 4213 09813  0.0089 3550  0.9445  0.0016 42.81 09852  0.0074 36.20  0.9495

The best results are marked in bold. 1 and | indicate that a higher or lower value is better.

Table 2. Quantitative evaluation of reconstruction under different undersampling patterns in the fastMRI dataset.

Random 4x Random 8x Equispaced 4x Equispaced 8%

Method
NMSE| PSNRt SSIMt NMSE| PSNRt SSIMtT NMSE| PSNRt SSIMt NMSE| PSNRt SSIM?
Zero-Filled 0.0428 27.05  0.6056  0.0645 2526 04781 0.0428 27.05  0.6064  0.6471 2525 04770
U-Net™! 0.0317 2827  0.6486  0.0447 26.73  0.5377  0.0306 2843  0.6566  0.0428 2692  0.5425
MD-Recon-Net™  0.0320 2827  0.6501 0.0441 26.80  0.5361 0.0300 2852  0.6594  0.0438 26.82  0.5334
DuDoRNet!"! 0.0205 3026  0.7873 0.0335 28.10  0.6458  0.0201 30.21 0.7878  0.0331 28.15  0.6528
Ours 0.0201 30.34  0.7896  0.0326 2820  0.6520  0.0199 3039 0.7913  0.0323 2826  0.6544

The best results are marked in bold. 1 and | indicate that a higher or lower value is better.
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Fig. 6. Visual comparisons and error maps of IDDNet with the state-of-the-art methods on the BraTS 2019 dataset.

the FP module, we perform the extraction of the visual fea-
ture of the target modality and leverage the original prior in-
formation through the constraint of the DC layer. In this ex-
periment, we remove the entire FP module and replace the in-
put of the FR module with zero-filled T2 images and initial
undersampled k-space data, while the global residual connec-
tion of the FI module is also replaced with zero-filled T2 im-
ages. The results in Table 3 and Fig. § prove that the separate
shallow feature extraction of the target modality by the FP
module reduces artifacts.

3.4.3 Effectiveness of multimodal information

The coupling relationship between multimodal features
provides another kind of prior information for the recovery of
undersampled target modalities. In our model, the auxiliary
modality information also has dual-domain complementary
interactions. In the w/o T1-GA operation, we remove the T1
input and retain only the undersampling modality T2 as the
input. As the results show, the indicators decrease, and T1 as-
sistance combined with dual-domain information provides a
more detailed subtle structure for reconstruction and achieves
better quantization performance.

0302-8

3.4.4 Effectiveness of feature refinement

In the w/o H-conv operation, dilated convolutions are re-
moved, and in the w/o AM operation, we remove the fusion
attention blocks. After removing the components, there are
small decreases in both the quantitative and qualitative
results.

4 Conclusions

In this work, we propose a deep interactive dual-domain net-
work (IDDNet) with auxiliary modality for MRI reconstruc-
tion. We employ a shallow-to-deep feature extraction ap-
proach to facilitate the reconstruction of the T2 modality. Ini-
tially, the distinctive data from T2 are isolated through the
shallow feature preprocessing module. Subsequently, a dual-
domain parallel structure is employed to combine similar in-
formation from T1, enabling the extraction of diverse
representations from both the k-space and image domains. Ul-
timately, feature integration is accomplished through the
global residual connection. Extensive comparison and
ablation experiments demonstrate the effectiveness of
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Fig. 7. Visual comparisons and error maps of IDDNet with the state-of-the-art methods on the fastMRI dataset.
Table 3. Quantitative evaluations of ablation studies on the BraTS 2019 dataset.
Random 4x Random 8x
Method
NMSE| PSNR?{ SSIM1 NMSE| PSNR?1 SSIM?
w/o Kspace 0.0052 37.28 0.9724 0.0158 32.62 0.9391
w/o Cross 0.0037 39.97 0.9628 0.0101 34.90 0.9149
w/o FP 0.0031 40.14 0.9696 0.0102 34.98 0.9270
w/o T1-GA 0.0026 40.25 0.9749 0.0119 33.61 0.9347
w/o H-conv 0.0022 41.73 0.9777 0.0098 35.14 0.9386
w/o AM 0.0021 41.80 0.9787 0.0092 35.32 0.9410
Ours 0.0020 42.13 0.9813 0.0089 35.50 0.9445
The best results are marked in bold. 1 and | indicate that a higher or lower value is better.
IDDNet in reducing artifacts and restoring texture structure. further enhancements in both reconstructed image quality and
Furthermore, the inclusion of an auxiliary modality leads to perception quality.
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Fig. 8. Visual comparisons of IDDNet and its variations on the BraTs2019 dataset.
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