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A layer-wise fusion network
incorporating self-supervised
learning for multimodal MR
Image synthesis

Qian Zhou and Hua Zou*

School of Computer Science, Wuhan University, Wuhan, China

Magnetic resonance (MR) imaging plays an important role in medical diagnosis
and treatment; different modalities of MR images can provide rich and
complementary information to improve the accuracy of diagnosis. However,
due to the limitations of scanning time and medical conditions, certain
modalities of MR may be unavailable or of low quality in clinical practice. In
this study, we propose a new multimodal MR image synthesis network to
generate missing MR images. The proposed model comprises three stages:
feature extraction, feature fusion, and image generation. During feature
extraction, 2D and 3D self-supervised pretext tasks are introduced to pre-
train the backbone for better representations of each modality. Then, a channel
attention mechanism is used when fusing features so that the network can
adaptively weigh different fusion operations to learn common representations
of all modalities. Finally, a generative adversarial network is considered as the
basic framework to generate images, in which a feature-level edge information
loss is combined with the pixel-wise loss to ensure consistency between the
synthesized and real images in terms of anatomical characteristics. 2D and 3D
self-supervised pre-training can have better performance on feature extraction
to retain more details in the synthetic images. Moreover, the proposed
multimodal attention feature fusion block (MAFFB) in the well-designed
layer-wise fusion strategy can model both common and unique information
in all modalities, consistent with the clinical analysis. We also perform an
interpretability analysis to confirm the rationality and effectiveness of our
method. The experimental results demonstrate that our method can be
applied in both single-modal and multimodal synthesis with high robustness
and outperforms other state-of-the-art approaches objectively and
subjectively.
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1 Introduction

Magnetic resonance imaging (MRI) has multiple modalities,
such as T1 weighted (T1), T1 with contrast enhanced (T1-C),
T2 weighted (T2), and T2-fluid-attenuated inversion recovery
(T2-FLAIR) (Azad et al, 2022). Every modality shows specific
pathological and structural information of the same organs. For
example, T1 is usually used to explore the anatomical structure,
while T2 is sensitive to bleeding and focuses more on lesions. In
clinical diagnosis, doctors expect to comprehensively use the
complementary information of different modalities to make
more accurate and quicker decisions. However, because of the
limitations of scanning costs, medical conditions, scanning time,
and some other factors, it is difficult to obtain all multimodal MR
images. In such a situation, doctors can only make a rough
diagnosis of diseases, which may affect medical treatment. To
solve this problem, many researchers are focusing on cross-
modal medical image synthesis, which can synthesize images
of the missing modality based on existing modal images. With
this technology, patients do not need to conduct some expensive
or damaged scans while doctors can still get corresponding
medical images of patients, which may save much time and cost.

Presently, a large amount of work is based on the generative
adversarial network (GAN) for medical image synthesis. Since the
GAN (Goodfellow et al., 2014) was proposed in 2014, it has gained
significant attention in image synthesis, including medical image
the
deformation network (NEDNet) was proposed by Lin et al.
(2022) for cross-modal brain MRI synthesis. Luo et al. (2022)
presented an adaptive rectification based the GAN (AR-GAN)
with a spectrum constraint to acquire high-quality standard-dose
PET (SPET) images using low-dose PET (LPET) images. However,
most of these studies focus on image synthesis from one modal to

synthesis. For example, deep non-linear embedding

another. Multimodal image synthesis usually performs better than
single modal image synthesis, since multimodal data contain more
complementary information. Now some researchers have studied
how to synthesize medical images from multi-source modalities.
For example, Zhou et al. (2020) proposed a hybrid-fusion network
(Hi-Net) for multimodal MR image synthesis. Alseelawi et al.
(2022) proposed an effective strategy for multimodal medical
image fusion based on a hybrid approach of a non-subsampled
contourlet transform (NSCT) and a dual-tree complex wavelet
transform (DTCWT).

However, several challenges remain for medical image
synthesis. Unlike natural image synthesis, medical images are
mostly 3D data, requiring massive computational resources in
training. To reduce GPU memory usage, it is feasible to slice 3D
data into 2D patches for training. For example, Osman and
Tamam, (2022) trained a U-net model with 2D-paired MR
images to perform image-to-image translation across MRI
contrasts for the brain. Although this reduces the amount of
computation and the demand for GPU memory, it also ignores
part of the 3D contextual information. Jiao et al. (2020) proved
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that the combination of 3D information and 2D slices by self-
supervised learning can effectively improve the quality of
details.  Another
challenge for multimodal synthesis is how to effectively fuse
the Both modality-specific
characteristics and the common information of all modalities

generated images, particularly image

data from multiple sources.
should be reserved through an effective fusion strategy. Although
many fusion strategies have been designed to alleviate ineffective
fusion to some extent, the common and unique information of
different modalities are not well explored and modeled explicitly.

To address the aforementioned challenges, we propose a
novel multimodal MR image synthesis network to generate
missing MR images based on existing ones. Specifically, we
pre-train the symmetric U-net (Ronneberger et al., 2015)
backbone with 3D and 2D self-supervised learning tasks to
take The
backbone is based on auto-encoders to learn the most typical

advantage of spatial contextual information.
features of the sample in an encoding that uses the specified
information capacity (Gao et al, 2022a). Then, the channel
attention mechanism is involved in layer-wise fusion blocks to
adaptively learn the best weights of multiple fusion operations.
The fusion blocks learn the common representations of all
modalities in shared latent space, while the features from the
symmetric U-net (Ronneberger et al, 2015) present the
modality-specific properties. In addition, we propose a GAN
loss at both the feature-level and pixel-level to guarantee
consistency between target images and generated images.
The main points of this study are summarized as follows:

o We use self-supervised learning tasks to take advantage of
3D and 2D auxiliary information during the feature
extraction stage, in which the unique features of input
modalities are better learned.

« We introduce a well-designed layer-wise fusion strategy to
explore the correlations and obtain common features
among various modalities effectively.

« We propose a novel GAN loss including the pixel-level loss
to ensure that the generated images are realistic and clear

the

consistency between the generated images and real

subjectively, and feature-level loss to ensure
images in the anatomical characteristics.

o Comprehensive experimental evaluation shows that our
model can generate high-quality MR images and perform
better against other multimodal and single modal synthesis

The the

correctness of our fusion model.

methods. interpretability analysis verifies

The rest of this study is organized as follows. We review some
related works in Sec. 2. Sec. 3 describes the details of our
approach for multimodal MR image synthesis. Then, we
present several experiments to evaluate the superiority and
interpretability of the proposed method in Sec. 4. Finally, we
conclude the study in Sec. 5.
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2 Related work
2.1 Medical image synthesis

Medical image synthesis is a popular topic in medical research,
which aims to generate one imaging modality from other modalities.
Classical methods are based on atlases or intensity transformation.
Atlas-based methods perform deformation on the target modal atlas
to synthesize target images, in which the deformation field is
acquired by registering a source modal atlas to the source modal
images (Lauritzen et al, 2019; Martinez-Girones et al,, 2021).
Martinez-Girones et al. (2021) proposed an approach to
synthesize extended head and neck pseudo-CTs using an atlas
comprising diverse anatomical overlapping MR-CT scans and
deep learning methods. Intensity-based methods use intensity
transformation to obtain the target images. A typical example of
intensity-based methods is using image synthesis as an approach to
solve sparse dictionary reconstruction, which is called dictionary
learning. Huang et al. (2019) introduced the cross-modality
dictionary learning scheme and a patch-based globally redundant
model based on sparse representations to simultaneous super-
resolution and cross-modality synthesis in brain MRI. However,
the atlas-based method is sensitive to alignment accuracy and
segmentation precision, thus requiring time-consuming manual
labeling to obtain more accurate results. In the intensity-based
methods, image patches at different scales are processed
independently to reconstruct the dictionary. In addition, the
predictions of patches are averaged during synthesis. Both factors
may lead to the loss of high spatial frequency information and sub-
optimal synthesis performance.

More recently, deep learning methods have achieved
significant progress in medical image synthesis, particularly
GAN-based approaches. The original GAN has inherent
defects such as model collapse and gradient explosion, which
have been addressed in the conditional GAN (CGAN) (Mirza
and Osindero, 2014) and the deep convolutional GAN (DCGAN)
(Radford et al., 2016). Pix2Pix (Isola et al., 2017) performs image-
to-image translation pixel-to-pixel with paired data. CycleGAN
(Zhu et al., 2017) extends Pix2Pix (Isola et al., 2017) to unpaired
data with a cycle consistency loss. Fetty et al. (2020) took the
StyleGAN (Karras et al., 2019) model as the generator for high-
resolution medical image synthesis. However, these methods can
only transform images from one domain to another but cannot
use complementary information of multiple modalities for more
accurate synthesis. Even though some methods (Liu et al., 2020;
Bian et al., 2022) start to focus on multimodal image synthesis,
they are not able to leverage 3D contextual information.

2.2 Self-supervised learning

Unlike supervised (Zhou et al., 2020) or weakly supervised
learning (Xiao et al.,, 2021), self-supervised learning (Cao et al.,
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2020) usually learns the representations of the unlabeled data
through a pretext task. It usually follows these steps: first, a
pretext task is defined and the network is trained to solve this task
to learn the representations. After that, the pre-trained model is
fine-tuned for downstream tasks. Finally, the performance of
these downstream tasks can be used to evaluate the quality of the
features obtained through self-supervised learning.

According to different pretext tasks, self-supervised learning
can be classified into three categories: context-based methods,
contrastive learning-based methods, and generative model-based
methods. Context-based methods aim to exploit the contextual
information of the data, such as the order of words in natural
language processing, the spatial structure information in image
processing, the temporal information in video processing, etc.
For example, Li et al. (2021) proposed JigsawGAN to learn
semantic information and edge information of images, which
is a GAN-based self-supervised method for solving jigsaw puzzles
with unpaired images. Contrast learning (Tian et al., 2020; Wang
etal., 2021; Dave et al., 2022) can be regarded as a discriminative
method which aims to group positive samples and separate
negative samples. Dave et al. (2022) developed a new
temporal  contrastive learning framework comprising
local-local and local-global temporal contrastive loss to
encourage the features to be distinct across the temporal
dimension. Generative model-based approaches usually use
some generative tasks as pretext tasks to learn features, such
as image reconstruction (Fan et al., 2022), image inpainting
(Quan et al, 2022), image coloring (Bi et al, 2021), etc. In
this work, we use image inpainting and slice index prediction as
pretext tasks to learn better representations of input modalities as
detailed in Sec. 3.1.2.

2.3 Multimodal fusion

In the process of multimodal MR image synthesis, the
information from different modalities needs to be fused. The
commonly used fusion strategies can be divided into input-level
fusion, feature-level fusion, and decision-level fusion (Zhou et al.,
2019a). Input-level fusion is the channel-by-channel fusion
treating multimodal images as multi-channel inputs. Ibtehaz
and Rahman, (2020) proposed MultiResUNet for multimodal
biomedical image segmentation, in which four MRI modalities
are used as four different channels to obtain segmentation of
brain tumors. Zhou et al. (2019b) embedded dilated convolution
into 3D U-net for brain tumor segmentation in multi-parametric
MR, in which the multimodal images are stacked as different
channels. Feature-level fusion (Zhan et al., 2021; Zuo et al., 2021;
Gao et al,, 2022b; Roy et al,, 2022) extracts modality-specific
features of each modality and then fuses them to use the
complementary information. Zuo et al. (2021) proposed a
deep (DMC-Fusion)
framework  with synthesis

auto-encoder multi-cascade fusion

classifier-based  feature for
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automatically fusing medical multi-modalities. Zhan et al. (2021)
developed multiple down-sampling branches corresponding to
input modalities to specifically extract their unique features, and
then fused them through a gate mergence mechanism to
synthesize target images of MRI. Decision-level fusion fuses
the results of each modality-specific network. For instance, Fu
etal. (2021) introduced a multimodal spatial attention module to
fuse the attention map from PET and the segmentation of CT to
segment tumors.

Input-level fusion is the most commonly used and simplest
fusion strategy for multimodal medical image synthesis, but it is
difficult to take full advantage of the correlations and
complementarity among multimodal images. Decision-level
fusion is mostly used for tasks related to classification such as
image segmentation and image recognition, which can be
achieved by averaging the classification results or the majority
voting strategy. Feature-level fusion is usually based on the
assumption that different modal features share the same
feature space. It is a big challenge to construct a shared latent
space and build a fusion model based on feature correlations and
modality complementarity (Zhang et al., 2021). Compared with
input-level fusion and decision-level fusion, feature-level fusion
can more effectively explore the relationship between different
modal features.

In this work, all modalities are related to the same organ
(i.e., the brain), and in the latent space, they may share some
common features referring to the feature correlations.
Furthermore, multimodal MR images show modality-specific
properties due to different imaging contrasts, which are
complementary to each other. Based on feature correlations
and modality complementarity, an effective layer-wise fusion
strategy is proposed to fuse features as described in Sec. 3.2.

3 Methods

In this section, we elaborate on three main components of the
proposed approach in detail, that is, a feature extraction network
for each modality, feature fusion network, and GAN-based
generation network. The feature extraction network is used to
extract the unique features of each modality; the feature fusion
network takes the unique features of each modality as input and
fuses them in the latent space to obtain the common features; and
the generation network uses the unique and common features to
synthesize a predicted image of target modality.

3.1 Feature extraction network

In multimodal medical image synthesis, there are both
common and unique information among different modalities.
As shown in Figure 1, to explore the correlations, we design a
feature extraction network to learn the representations of input
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modalities. For each modality, the feature extraction network
shares the same architecture with different parameter weights. As
a result, the features of each modal should be in the same latent
space, making them easier to fuse than raw data in different
spaces. Specifically, the network is a symmetric auto-encoder
with skip connections to reconstruct the source images. The deep
features from the decoder and shallow features from the encoder
are concatenated via skip connections to retain more detailed
information.

3.1.1 Architecture of feature extraction network

The feature extraction network aims to learn unique
representations for each input modality. We develop a shared
architecture and take the reconstruction task as the side-output
supervision. The shared network architecture guarantees that the
unique features of each modality have the same size and
dimension in the shared latent space, which benefits the
fusion stage. For the i-th modality, the input image is denoted
as x;, and the extracted features from the encoder are defined as
f; = EC{x;), where EC; is the encoder. After that, the decoder
reconstructs the original images from these features. To constrain
the output, we adopt a pixel-wise 11-loss as the reconstruction
loss function:

1% = Y I = &l (1)
i
where i denotes the i-th modality, X; = DC;(f;) denotes the
corresponding reconstructed image of x;, and DC; is the decoder.
A detailed schematic of the auto-encoder network is shown
in Figure 2. The network is a symmetric U-Net with two skip
connections between the pooling and upsampling layers. After
each convolutional layer, a batch normalization layer is
conducted in which the data are normalized using the mean
and standard deviation computed from each batch. The
activation functions of the encoder layers and the decoder
layers are LeaklyRelu and Relu, respectively.

3.1.2 Self-supervised pre-training

As mentioned previously, we take two self-supervised
learning tasks to pre-train the network so that more 2D and
3D information can be used.

Specifically, we take image inpainting as a pretext task to
make full use of 2D contextual information. Some areas of the
input image are covered by a mask in image inpainting. Then the
network is trained to learn the contextual information and
restore the image. A schematic diagram of the image
inpainting task is shown in Figure 3. The only difference
between reconstruction and inpainting is that some regions of
the input are masked for image inpainting. Thus, the network
structure and loss function for the image inpainting task are the
same as the image reconstruction task.

Similar to adjacent frames in video information, adjacent
cross-sections of 3D medical data show correlations and
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FIGURE 1

Pipeline of our proposed method. Our model comprises three main parts: the feature extraction network (a symmetric U-net pre-trained with
self-supervised learning), the feature fusion network, and the GAN-based generation network. The feature extraction network learns the unique
information of different modalities, while the fusion network aims to learn the common properties of multimodal images. The GAN-based
generation network includes a generator and two discriminators. One discriminator distinguishes from the pixel-wise aspect, and the other
discriminator considers the feature-level.

- T ites D\ [l eutares

Feature Extraction Network (Symmetric U-Net)

— maxpool

— upsample

Conv 3 X 3

skip
~” connection|

& Input 3 64 12

128 64 32 1 Output /
FIGURE 2

Detailed architecture of the feature extraction network, which can be considered as an encoder—decoder with skip connections.
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FIGURE 3

Schematic diagram of the image inpainting task. The left side

is the result of masking part of the original image, and the right side
is the originalimage. The image inpainting task aims to reconstruct
the original image on the right through the input on the left.

continuity. Some methods use 2D slices to train the network to
reduce the computation and the demand for GPU memory, but
this cannot leverage the 3D information in the slicing direction.
Therefore, we take the slice index prediction task as another self-

64 128 128

Feature Extraction Network (Symmetric U-Net)

10.3389/fgene.2022.937042

supervised learning pre-training task, as shown in Figure 4. We
assume that if the model can infer the position from adjacent
slices, it means that the model has learned part of the whole
anatomical structure and alleviated synthesis ambiguity. In such
a situation, the input is not a single slice but three adjacent slices,
in which three is a trade-off between the contextual information
and the complexity of the network. Therefore, an additional
convolutional layer is conducted before the feature extraction
network. The additional convolutional layer compresses the
input three slices into a single channel feature map without
changing the size of the image. To predict the slice index, an
index prediction branch is added to the decoder. The index
prediction branch contains four convolution layers with batch
normalization and ReLU activation, an average pooling layer,
and a fully connected layer. The index prediction task can be
regarded as a regression task. Finally, an index prediction loss is
introduced in the reconstruction loss:

LRee = Z("x,- =zl + lyi = 7:13),

i

@

where y; represents the real slice index of the i-th modal, and y,
represents the predicted slice index of the i-th modal.

3.2 Feature fusion network

After obtaining the representations of each modality in the
same latent space, we can fuse the representations to explore the
correlations among different modalities. To achieve this, in the
feature fusion network, we introduced a layer-wise fusion block
to learn the common features of all modalities. The input-level
fusion strategy concatenates images of different modalities by

N

features

— maxpool

H ) N — upsample
L] i 1 Conv 3 X3
64 32 1 O ﬁ Y
7 y Y ™ skip

~77" connection|

IS _{ Predicted ‘ ’ Real ‘
Index Index @ linear layer
32 16 Linear L-J

=4

Index Prediction Branch

FIGURE 4

Schematic diagram of the index prediction task. Compared with the original network, an extra branch is used to predict the index of the present
slice, and the input images contain three neighboring slices rather than one
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-

Modality2

-

Channel
Attention

FIGURE 5

Structure of the MAFFB. Three common fusion operations (i.e., element-wise summation, element-wise product, and element-wise
maximization) are included. F,_; is the common features from the previous layer n -1. S'”; and S\?, are the unique features of two input modalities
from layer n—1. C means concatenation. F, is the obtained common features of the present layer n.

channel and then feeds the fused result into a single network to
get the final output. Unlike the input-level fusion strategy, the
layer-wise fusion strategy is more complex to implement but can
achieve better results. Specifically, both shallow and deep features
from multiple layers can be fused explicitly in the layer-wise
fusion strategy whereas only raw data can be fused implicitly in
the input-level fusion strategy. Another advantage of the layer-
wise fusion strategy is that features from our extraction networks
share the same latent space with no gap. In contrast, raw data of
each modality are in individual spaces with great diversities and
gaps. Therefore a common representation can be learned easier
using the layer-wise fusion strategy. Inspired by the powerful
ability of attention mechanisms (Hu et al., 2018; Woo et al., 2018;
Gao et al., 2021), we propose a multimodal attention feature
fusion block (MAFFB) module to use the complementarity of
different modalities. As can be seen in Figure 1, there are three
MAFFB modules in the fusion network. Except for the first
MAFFB module, each MAFFB module has three inputs including
two unique representations from the encoder network and the
output of the former MAFFB module. The MAFFB module can
explore the correlations between both low-level and high-level
features to learn common representations of all modalities.

A detailed illustration of the MAFFB module is shown in
Figure 5, in which channel attention guidance is applied to
fusion

adaptively three  popular

(i.e., element-wise summation, element-wise product, and

weigh operations
element-wise maximization). There is no evidence to show
which of the three is better, therefore, we use all of them.
SW € RCHW denotes the features from the (n-1)-th layer of
the i-th modality (i = 1, 2), where C is the number of feature
channels, and W and H are the width and height of the feature
maps, respectively. The results of the three operations are

F, =8 +82

1o (3)
F, = Sr(ti)l

4)

x S

n-1°
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» « >

where “+,” “x,” and “Max” denote element-wise summation,

element-wise product, and element-wise maximization
operations, respectively. Following that, the results are stacked

as different channels:

[F, Fy, Fpax] € RPOHW, (6)

F concat =

Then, F,,,..; is fed into a channel attention module (detailed
in Figure 6) to obtain the channel attention map. The channel
attention module can be divided into two steps: first, average
pooling and max pooling are conducted as Eq. 7- Eq. 8; then, the
results are fed into a shared multilayer perceptron to compute the
attention map as Eq. 9.

1 H W o
AVGPool (x¢) = 1 Zl ;xk (i, j)» )
MAXPool (x) = Max (xx (i, ), i=1,2,...,H;j
=1,2,...,W, (8)

M. (F) = o (f>" (8(f™ (AVGPool (x1)))) + ' (8(f (MAXPool (x1))))),
)

where x; (i, j) represents the value of the kth channel in F,, at
position (i,j). AVGPool (x;) and MAXPool (x;) represent the
global average pooling and global maximum pooling on the k-th
channel of F,,,.» respectively. f' * ! represents a 1 X 1
convolution operation, ¢ is the ReLu activation function, and
o is the Sigmoid activation function. Then, the attention map is
multiplied by F,,cr and the results are fed into the first
convolutional layer. After that, the output of the first
convolutional layer is concatenated with output F,_; of the
previous MAFBB module and then fed into the second
convolutional layer. Finally, the output F, of the present
MAFBB module is the
representation of the present layer. In each MAFFB, we

obtained, which is common
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FIGURE 6

Illustration of the channel attention module, which is used to adaptively weigh the results of three fusion operations. The shared MLP comprises

1x1 Conv, Relu, and 1x1 Conv.

TABLE 1 Architecture of the pixel-level discriminator.

Layer Input Parameters Activation
dis_1 images Conv (3 x 3,32), BN, stride = 2 LeakyRelu, 0.2
dis_2 dis_1 Conv (3 x 3,64), BN, stride = 2 LeakyRelu, 0.2
dis_3 dis_2 Conv (3 x 3,128), BN, stride = 2 LeakyRelu, 0.2
dis_4 dis_3 Conv (3 x 3,256), BN, stride = 2 LeakyRelu, 0.2
output dis_4 Conv (3 x 3,1), BN, stride = 1 LeakyRelu, 0.2

introduce a batch normalization layer after each convolution
layer with the Relu activation function.

3.3 GAN-based generation network

Once the modality-specific features and common representations
of all modalities are obtained, we can use them to synthesize the image
of the target modality. We design a GAN-based generation network
comprising two parts: one generator and two discriminators. The
generator G can be roughly regarded as a decoder model and tries to
generate an image to confuse the discriminator D while the
discriminator D identifies the generated image from the real image.

For generator G, the modality-specific features fused by the
feature fusion network are compressed into channels by two
layers of convolution to reduce the computation. Then three
MAFFBs are used to further fuse the features. To retain more
detailed information in the generated image, the input of the
MAFFB contains the common representations fused by the
feature fusion network and the unique features extracted by
the feature extraction network. The output of the last MAFFB is
passed through an upsampling and a convolutional layer to
obtain the synthetic image. Each convolution layer is followed
by a batch normalization layer and a Relu activation function.

The proposed synthetic network contains two discriminator
networks: one considers pixel-level loss and the other one is
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TABLE 2 Architecture of the feature-level discriminator.

Layer Input Parameters Activation
dis_1 features Conv (3 x 3,32), BN, stride = 2 Relu, 0.2
dis_2 dis_1 Conv (3 x 3,64), BN, stride = 2 Relu, 0.2
dis_3 dis_2 Conv (3 x 3,128), BN, stride = 2 Relu, 0.2
dis_4 dis_3 Conv (3 x 3,256), BN, stride = 2 Relu, 0.2
output dis_4 Conv (3 x 3,1), BN, stride = 1 Relu, 0.2

TABLE 3 Comparison results of the objective evaluation on
multimodal synthesis (T1+T2—Flair).

Methods MSE| PSNRT  SSIM |
MM-Syns Chartsias et al. (2017) 0.0379 24.12 0.8723
Hi-Net Zhou et al. (2020) 0.0244 25.67 0.9034
Ours 0.0224 27.41 0.9272

trained with feature-level loss. For the discriminator with pixel-
level loss, the network architecture is shown in Table 1. We take a
2D image of size 128 x 128 as input. The network contains five
convolutional layers, each of which is followed by a batch
normalization layer and a LeaklyReLu activation function with
a slope of 0.2. For the discriminator with feature-level, the
network also contains five convolutional layers as shown in
Table 2. Compared with the pixel-level discriminator, its input
is the edge information extracted from CannyNet'. CannyNet is
used to extract anatomical features, which implements the Canny
(Canny, 1986) edge detection algorithm. The pixel-level
discriminator ensures that generated images are more realistic
in appearance, while the feature-level discriminator constrains
that generated images and real images are anatomically
consistent.

1 https://github.com/DCurro/CannyEdgePytorch
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CycleGAN StyleGAN Pix2pix
Single modal synthesis (T2->Flair)

FIGURE 7
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Hi-Net

Ours Ground Truth

Multi-modal synthesis (T1+T2->Flair)

Synthesis results of single modal and multimodal. (A) is the sing modal results using T2 to synthesize Flair; (B) is the multimodal results using T1

and T2 to synthesize Flair

TABLE 4 Comparison results of the objective evaluation on single
modal synthesis (T2 — Flair).

Methods MSE| PSNR]  SSIM |
Pix2Pix Isola et al. (2017) 0.0429 22.96 0.8631
CycleGAN Zhu et al. (2017) 0.0507 22.54 0.8322
StyleGAN Karras et al. (2019) 0.0473 22.77 0.8451
Ours 0.0394 23.41 0.8772

In generation networks, the loss function contains three
components: pixel-level reconstruction loss between the real
image and the generated image as Eq.
11,

10, pixel-level
generative adversarial loss as Eq. and feature-level

generative adversarial loss as Eq. 12.

LE = |y = G (x1, %)y, (10)
Ly = min max Ey . [log (1 = Dyt (7)]
+Ex1,xz~pdam [109(1 _Dpixel (G(xl) Xz)]) (11)

adv

Lfeature = n%m mDax EJ’~Pdam [lOg (1 - Dfeature (C (y))]

+ Exytr-ps 109 (= Dfeaure C(G (x1,x2)) ], (12)
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where G (x;, x,) is the generated image, y is the ground truth,
Dy is the pixel-level discriminator, Dy is the feature-level
discriminator, and C is the CannyNet.

Finally, the total loss function of the whole network is

Lad v

feature

L= Ladv

GRec Rec
pivel + A L7 + A, LR,

(13)

where A; and A, are non-negative trade-off parameters.

4 Experiments

In this section, we first describe our dataset and evaluation
metrics. Then, we present our results and compare them with
other methods. Especially, we perform an interpretability
analysis of the proposed model.

4.1 Datasets

We use the Brain Tumor Segmentation Challenge 2018
(BraTS 2018) dataset (Menze et al., 2014) for the training and
evaluation of our method. The dataset contains MR brain image
data of 285 cases, and comprises four MRI modalities: T1, Tlc,
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T2, and T2-Flair. The size of each MR image is 240x240x155,
and all corresponding multimodal data have been registered. We
divide 80% of the 285 samples as the training set and the
remaining 20% as the test set. We use 2D axial-plane slices
for training. Because the boundary part of the 2D slice contains a
lot of invalid information (i.e., the intensity of the boundary part
is 0), only the central area of 160x180 is used. At the same time, to
expand the dataset, each 160x180 area is cropped into four
overlapping 128 x 128 image blocks. The overlapping part
adopts the strategy of averaging in the final synthesis. In
addition, the intensity of all training data is scaled to [-1, 1].
When performing self-supervised pre-training on the feature
extraction network, we use four masks of size 32 x 32.

4.2 Evaluations

To evaluate the effectiveness of our method, we compare
different variants of the proposed method with the Hi-Net (Zhou
et al,, 2020) model and MM-Syns (Chartsias et al., 2017), both of
which are proposed for multimodal MR brain image synthesis.
There are four variants of our proposed method: variant one
contains only self-supervised learning pre-training, variant two
contains only the attention mechanism, variant three contains
only feature-level constraints, and the final variant four contains
all the aforementioned three highlights at the same time. Moreover,
our method is also compared with Pix2Pix (Isola et al, 2017),
CycleGAN (Zhu et al., 2017), and StyleGAN (Karras et al., 2019) for
single modal synthesis. For the quality evaluation, we use the peak
signal-to-noise ratio (PSNR), the mean square error (MSE), and the
structure similarity (SSIM) as the metrics. Both the PSNR and MSE
are image quality evaluation indicators based on image pixel
statistics. Supposing the ground truth is y(x) and the synthesized
image is G(x), the quantity metrics are defined as follows:

1
MSE = Jlly (x) - G, (14)

max? (y(x), G(x))

P =1
SNR = 10log MSE

) (15)
where max® (y(x), G(x)) represents the square of the maximum
intensity in y(x) and G(x).

As for SSIM, it measures the degree of similarity between the
ground truth and the synthesized image. SSIM is calculated as
follows:

(zﬂym!‘c(x) + Cl)(zay(xw(x) + Cz)

SSIM = 2 2 2 2 ?
(”y(x) THGx T Cl)("y(x) TGt CZ)

(16)

where {4, i (x)> 05 () 0¢; () are the means and variances of
y(x) and G(x), 0y is the covariance of images y(x) and G(x),
and ¢; and c, are two positive constants to avoid dividing by 0. It
is worth noting that lower MSE, higher PSNR, and higher SSIM
are what we expected.
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4.3 Results

We divide the experiments into two groups, one for
multimodal synthesis, and the other for single modal
synthesis.

In the first group, we take T1 and T2 as input to synthesize
the T2-Flair modality and compare our method with Hi-Net
(Zhou et al., 2020) and MM-Syns (Chartsias et al., 2017). Table 3
shows the quantitative evaluation results. As we can see, our
method outperforms any other multimodal MR image synthesis
approach. This suggests that our method can effectively explore
the correlations and meanwhile preserve the modality-specific
properties, which are essential to the synthesis performance.
Figure 7B shows the subjective results of our method
compared with others. As can be seen, more details and fewer
blurred areas can be found in our method. Hi-net (Zhou et al.,
2020) is better than MM-Syns (Chartsias et al, 2017) for its
hybrid fusion strategies. Compared with Hi-Net (Zhou et al.,
2020) and MM-Syns (Chartsias et al., 2017), our method can
leverage more 2D and 3D contextual information and use a more
effective fusion strategy to improve performance.

In the second group, T2 is used to synthesize T2-Flair to
evaluate the performance of single modal synthesis. In this
situation, the inputs of two feature extraction networks in
our method are both T2 images. The compared models
include Pix2Pix (Isola et al., 2017), CycleGAN (Zhu et al.,
2017), and StyleGAN (Karras et al., 2019). Table 4 and
Figure 7A show the objective and subjective comparison
results for different methods. It can be seen that
StyleGAN (Karras et al., 2019) and CycleGAN (Zhu et al,,
2017) only synthesize some fuzzy areas, most of which have
low contrast and extremely low retention of detailed
information. Pix2Pix (Isola et al., 2017) is much better
than CycleGAN (Zhu et al,, 2017) and StyleGAN (Karras
et al., 2019) for its strong supervision. In this group,
multimodal data are not available; thus, we are not
allowed to explore the complementarity of multiple
modalities. Since 2D and 3D contextual information are
better used in our method, we can still achieve the best
results both quantitatively and qualitatively. Overall, using
self-supervised learning tasks to make use of 2D and 3D
auxiliary  information  can  significantly  improve
performance.

Compared with other state-of-the-art methods, the
experimental results in multimodal synthesis demonstrate
the superiority of our method. This is mainly because of our
powerful feature extraction and effective feature fusion
strategy. MM-Syns (Chartsias et al., 2017) uses an encoder
to learn modality-specific features and max operation to fuse
the features. The simple max operation may lose some
detailed information, and thus is unable to effectively
explore and use the correlations and complementarity
between multimodal features. Hi-Net (Zhou et al., 2020)
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TABLE 5 Comparison results of the objective evaluation on different
variants of our method (T1+T2 — Flair).

Methods MSE| PSNRT SSIM |
Variant 1 (self-supervised learning) 0.0231 26.97 0.9228
Variant 2 (channel attention) 0.0237 26.34 09177
Variant 3 (feature-level discriminator) 0.0249 25.92 0.9089
Variant 4 (all above) 0.0224 27.41 0.9272

uses a more complex fusion strategy with three different
common fusion operations, which can better explore
complementary information from multiple modalities and
exploit their correlations to improve synthesis performance.
However, Hi-Net (Zhou et al., 2020) only applies 2D slices to
synthesize the target modality, ignoring the 3D information
in the medical image during the feature extraction process.
Our method not only uses self-supervised learning tasks to
pre-train the model to use 3D and 2D contextual information
but also uses more complex fusion strategies to fuse features
of different modalities. Self-supervised pre-training enables
our model to learn more effective features from different
modalities. The efficient fusion method can better exploit the
correlations among features to fuse them in the latent feature

10.3389/fgene.2022.937042

space. As a result, the unique features and common features
of multiple modalities are well preserved in the synthesis
results. Moreover, the proposed method is a robust model, as
it can be applied in both single modal and multimodal
synthesis.

4.4 Ablation study

To verify the effectiveness of our three highlights, four
variants of our method are provided for ablation studies. The
experimental results are shown in Table 5. From the
experimental results, it can be seen that the pre-training
model with self-supervised learning tasks achieves better
performance than the attention mechanism and feature-level
loss, showing the importance of using 3D and 2D contextual
information.

We analyze the reasons for this result as follows:

1) Jiao et al. (2020) confirmed that 3D contextual information
can effectively improve the performance of single modal
medical image synthesis. In this study, we verify the

3D

medical

importance  of contextual information in

multimodal image  synthesis  through

experimental results. Our model can take advantage of

60

40

20

FIGURE 8

-10

Visualizations of the unique and common features in 3D and 2D latent spaces. Red and green points represent the unique features of two input
modalities, and blue points represent the common features. The first row represents the 2D latent space and the second row represents the 3D latent
space. From left to right, each column represents MAFFB;, MAFFB,, and MAFFBs, respectively.
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3D latent space

FIGURE 9
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2D latent space

Visualizations of the unique and common features in 2D and 3D latent spaces. Red and green points represent the unique features of two input
modalities, and blue points represent the common features. In (A) and (B), the left column represents MAFFB; in the fusion network, and the right

column represents MAFFBg_; in the GAN-based network, i = 1, 2, 3.

TABLE 6 Training cost comparison between our method and Hi-Net
Zhou et al. (2020) on four RTX 3090 GPUs, and the batch size of 3D
volume is set to 1.

Methods Memory (MB)  Time
2D and 3D self-supervised joint pre-training 25,890 15h
Ours 67,400 413 h
Hi-Net Zhou et al. (2020) 65,852 40 h

3D and 2D contextual information through pre-training
to significantly improve the quality of the synthesized
image.

2) The attention mechanism improves the fusion strategy. When
adopting a variety of fusion operations, we use the attention
mechanism to adaptively adjust the fusion weights. As a
result, the model can more efficiently use the correlations
and complementarity to fuse features. Both the unique
attributes of a single modality from the feature extraction
network and common information of multiple modalities
from the fusion network can be well retained during the
synthesis to improve performance.

Frontiers in Genetics

12

3) The feature-level loss constrains the extracted anatomical
structure features, which requires CannyNet (Canny, 1986)
to extract edge features, and an additional discriminator is
used to distinguish the extracted features to ensure the
consistency of anatomical structures.

4.5 Interpretability analysis

Experimental results have demonstrated the superiority and
robustness of our method compared with other state-of-the-art
methods for MR image synthesis. To verify the reasonability of
our proposed fusion strategy, we visualize the unique features of
each input modality (features from auto-encoders) and common
features of all modalities (output of MAFFB).

We have six MAFFB modules (denoted as MAFFB,, ...,
MAFFBg) in our model. The first three modules (MAFFB,,
MAFFB,, and MAFFB;) are in the fusion network, and the
(MAFFB,, MAFFB;, and MAFFBg) in the
generation network. As mentioned before, unique features are

others are

learned through the feature extraction network, and the fusion
network takes the unique features as input to obtain the common
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features. We project the unique features (i.e., S\ and S%, in
Figure 5) and common features (i.e., F,, in Figure 5) of all MAFFB
modules into the 3D and 2D latent space by the principal
component analysis in Figure 8 and Figure 9.

Figure 8 shows the distributions of the unique and common
features of the three MAFFB modules in the feature fusion
network. In Figure 8, it can be seen that the common features
are located in the middle area of the unique features of the two
input modalities. As the depth of the network increases, the
common features get closer to the intersection of the unique
features.

As shown in Figure 1, MAFFB; in the fusion network and
MAFFBg_; (i = 1, 2, 3) in the generation network share the same
unique features as input. Therefore, the common features of
MAFFB; and MAFFB_; are compared and the visualizations can
be found in Figure 9. Obviously, the common features in the
generative network are more concentrated among the unique
features than those in the fusion network. These visualization
results demonstrate that the MAFFB module can fuse unique
features in an effective way to obtain common features, and as the
depth of the network increases, the fusion improves. Because of
the high performance of our proposed layer-wise fusion network,
the correlations and complementarity of modalities can be well
used in our model.

4.6 Discussion

Our method is effective and robust and can be applied in
many ways. One potential application is to help doctors make
more accurate clinical diagnoses. T1ce needs to inject contrast
media into the patient during imaging. Using our proposed
method, patients may not need to conduct such a damaged
scan, yet doctors can still obtain the images of T1ce to make a
more comprehensive diagnosis. In addition, our method can
be applied for data augmentation. As is known to us, in deep
learning, most approaches are data-driven. But in practice, it
is a big challenge to obtain a large amount of training data,
particularly when the technique to obtain data is damaged and
newly invented. In this case, our method can be used to
synthesize missing or imbalanced modal images.

However, there exist some shortcomings in our proposed
method. First, our method requires self-supervised pre-training,
which will increase the training time as shown in Table 6. Second,
since the input data of our method are registered by experts, we
do not explore our method on unpaired or not strictly aligned
data. We hope future researchers can propose an end-to-end way
to use 3D
computational cost of 3D medical data. In addition, weakly

contextual information while reducing the

supervised learning may be a good choice since paired and
registered data are difficult to obtain in practice.
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5 Conclusion

In this study, we have proposed a new approach with the
layer-wise fusion strategy to synthesize target modal MR images
using multimodal MR images. The proposed method combines
self-supervised learning with generative adversarial networks.
Specifically, modality-specific features are first extracted from
an auto-encoder, which is pre-trained with self-supervised
tasks to better 2D and 3D
information. Then a fusion network is used to explore the

learning use contextual
correlations across multiple modalities and fuse the features

from different layers. Moreover, a channel attention
mechanism is used in the layer-wise MAFFB to adaptively
weigh three widely used fusion operations. Finally, a GAN-
based network with two discriminators is introduced to
synthesize the target image with both common and unique
of all results

demonstrate the superiority of our method both qualitatively

information modalities.  Experimental
and quantitatively, in comparison to other state-of-the-art
synthesis methods. In the future, we will explore whether this
method can be applied in cross-modal synthesis with unpaired or

not strictly aligned data.

Data availability statement

The original contributions presented in the study are
the further
inquiries can be directed to the corresponding author.

included in article/Supplementary Material;

Author contributions

validation,

QZ:

investigation,

conceptualization, ~ methodology,
HZ:

visualization,

and  writing. conceptualization,

methodology, formal  analysis, funding

acquisition, validation, writing—review and editing, and

supervision.

Funding

This work is supported by Bingtuan Science and Technology
Program (No. 2022DB005, 2019BC008).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.937042

Zhou and Zou

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated

References

Alseelawi, N., Hazim, H. T., and Salim ALRikabi, H. T. (2022). A novel method of
multimodal medical image fusion based on hybrid approach of nsct and dtcwt. Int.
J. Onl. Eng. 18, 114-133. doi:10.3991/ijoe.v18i03.28011

Azad, R., Khosravi, N., Dehghanmanshadi, M., Cohen-Adad, J., and Merhof, D.
(2022). Medical image segmentation on mri images with missing modalities: A
review. arXiv preprint arXiv:2203.06217.

Bi, X,, Yao, W,, Zhang, Z., Huang, S., Liu, J., and Chen, B. (2021). “Image
steganography algorithm based on image colorization,” in International Conference
on Signal Image Processing and Communication (ICSIPC 2021) (International
Society for Optics and Photonics), 1184818.

Bian, W, Zhang, Q., Ye, X, and Chen, Y. (2022). A learnable variational model
for joint multimodal mri reconstruction and synthesis. arXiv preprint arXiv:
2204.03804.

Canny, J. (1986). A computational approach to edge detection. IEEE Trans.
Pattern Anal. Mach. Intell. 8, 679-698. doi:10.1109/tpami.1986.4767851

Cao, B., Zhang, H., Wang, N.,, Gao, X, and Shen, D. (2020). “Auto-gan: Self-
supervised collaborative learning for medical image synthesis,” in Proceedings of
the AAAI conference on artificial intelligence, 10486-10493. doi:10.1609/aaai.
v34i07.6619

Chartsias, A., Joyce, T., Giuffrida, M. V., and Tsaftaris, S. A. (2017). Multimodal
mr synthesis via modality-invariant latent representation. IEEE Trans. Med.
Imaging 37, 803-814. doi:10.1109/TMI1.2017.2764326

Dave, I, Gupta, R,, Rizve, M. N., and Shah, M. (2022). Tclr: Temporal contrastive
learning for video representation. Comput. Vis. Image Underst. 219, 103406. doi:10.
1016/j.cviu.2022.103406

Fan, Y., Wang, H., Gemmeke, H., Hopp, T., and Hesser, J. (2022). Model-data-driven
image reconstruction with neural networks for ultrasound computed tomography breast
imaging. Neurocomputing 467, 10-21. doi:10.1016/j.neucom.2021.09.035

Fetty, L., Bylund, M., Kuess, P., Heilemann, G., Nyholm, T., Georg, D., et al.
(2020). Latent space manipulation for high-resolution medical image
synthesis via the stylegan. Z. Med. Phys. 30, 305-314. doi:10.1016/j.
zemedi.2020.05.001

Fu, X., Bi, L., Kumar, A., Fulham, M., and Kim, J. (2021). Multimodal
spatial attention module for targeting multimodal pet-ct lung tumor
segmentation. IEEE ]. Biomed. Health Inf. 25, 3507-3516. doi:10.1109/
JBHI.2021.3059453

Gao, H,, Qiu, B., Barroso, R. J. D., Hussain, W., Xu, Y., Wang, X, et al. (2022a).
Tsmae: A novel anomaly detection approach for internet of things time series data
using memory-augmented autoencoder. IEEE Trans. Netw. Sci. Eng., 1. doi:10.1109/
tnse.2022.3163144

Gao, H,, Xiao, ], Yin, Y., Liu, T., and Shi, J. (2022b). A mutually supervised graph
attention network for few-shot segmentation: The perspective of fully utilizing
limited samples. IEEE Trans. Neural Netw. Learn. Syst., 1-13. doi:10.1109/TNNLS.
2022.3155486

Gao, H,, Xu, K., Cao, M, Xiao, J., Xu, Q., Yin, Y., et al. (2021). The deep features
and attention mechanism-based method to dish healthcare under social iot systems:
An empirical study with a hand-deep local-global net. IEEE Trans. Comput. Soc.
Syst. 9, 336-347. doi:10.1109/tcss.2021.3102591

Goodfellow, I, Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S.,
et al. (2014). Generative adversarial nets. Adv. neural Inf. Process. Syst. 27,
2672-2680. doi:10.1145/3422622

Hu, J., Shen, L., and Sun, G. (2018). “Squeeze-and-excitation networks,” in
Proceedings of the IEEE conference on computer vision and pattern
recognition, 7132-7141.

Huang, Y., Shao, L., and Frangi, A. F. (2019). “Simultaneous super-resolution and
cross-modality synthesis in magnetic resonance imaging,” in Deep Learning and
Convolutional Neural Networks for Medical Imaging and Clinical Informatics
(Springer), 437-457.

Ibtehaz, N., and Rahman, M. S. (2020). Multiresunet: Rethinking the u-net
architecture for multimodal biomedical image segmentation. Neural Netw. 121,
74-87. doi:10.1016/j.neunet.2019.08.025

Frontiers in Genetics

10.3389/fgene.2022.937042

organizations, or those of the publisher, the editors, and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Isola, P., Zhu, J.-Y., Zhou, T., and Efros, A. A. (2017). “Image-to-image
translation with conditional adversarial networks,” in Proceedings of the IEEE
conference on computer vision and pattern recognition, 1125-1134.

Jiao, J., Namburete, A. I, Papageorghiou, A. T., and Noble, J. A. (2020). Self-
supervised ultrasound to mri fetal brain image synthesis. IEEE Trans. Med. Imaging
39, 4413-4424. doi:10.1109/TMI.2020.3018560

Karras, T., Laine, S., and Aila, T. (2019). “A style-based generator architecture for
generative adversarial networks,” in Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, 4401-4410.

Lauritzen, A. D., Papademetris, X., Turovets, S., and Onofrey, J. A. (2019).
Evaluation of ct image synthesis methods: From atlas-based registration to deep
learning. arXiv preprint arXiv:1906.04467.

Li, R, Liu, S., Wang, G, Liu, G., and Zeng, B. (2021). Jigsawgan: Self-supervised
learning for solving jigsaw puzzles with generative adversarial networks. IEEE
Transactions on Image Processing 31, 513-524

Lin, Y., Han, H, and Zhou, S. K. (2022). “Deep non-linear embedding
deformation network for cross-modal brain mri synthesis,” in 2022 IEEE 19th
International Symposium on Biomedical Imaging (ISBI) (IEEE), 1-5.

Liu, X,, Yu, A, Wei, X,, Pan, Z,, and Tang, J. (2020). Multimodal mr image
synthesis using gradient prior and adversarial learning. IEEE J. Sel. Top. Signal
Process. 14, 1176-1188. doi:10.1109/jstsp.2020.3013418

Luo, Y., Zhou, L., Zhan, B, Fei, Y., Zhou, J., Wang, Y., et al. (2022). Adaptive
rectification based adversarial network with spectrum constraint for high-quality
pet image synthesis. Med. Image Anal. 77,102335. doi:10.1016/j.media.2021.102335

Martinez-Girones, P. M., Vera-Olmos, J., Gil-Correa, M., Ramos, A., Garcia-
Canamagque, L., Izquierdo-Garcia, D., et al. (2021). Franken-ct: Head and neck mr-
based pseudo-ct synthesis using diverse anatomical overlapping mr-ct scans. Appl.
Sci. 11, 3508. doi:10.3390/app11083508

Menze, B. H,, Jakab, A., Bauer, S., Kalpathy-Cramer, J., Farahani, K., Kirby, J.,
et al. (2014). The multimodal brain tumor image segmentation benchmark (brats).
IEEE Trans. Med. Imaging 34, 1993-2024. doi:10.1109/TMI1.2014.2377694

Mirza, M., and Osindero, S. (2014). Conditional generative adversarial nets. arXiv
preprint arXiv:1411.1784

Osman, A. F,, and Tamam, N. M. (2022). Deep learning-based convolutional
neural network for intramodality brain mri synthesis. J. Appl. Clin. Med. Phys. 23,
€13530. doi:10.1002/acm2.13530

Quan, W, Zhang, R,, Zhang, Y., Li, Z., Wang, J., Yan, D.-M,, et al. (2022). Image
inpainting with local and global refinement. IEEE Trans. Image Process. 31,
2405-2420. doi:10.1109/TIP.2022.3152624

Radford, A., Metz, L., and Chintala, S. (2016). Unsupervised representation
learning with deep convolutional generative adversarial networks. In 4th
International Conference on Learning Representations.

Ronneberger, O., Fischer, P., and Brox, T. (2015). “U-net: Convolutional
networks for biomedical image segmentation,” in International Conference on
Medical image computing and computer-assisted intervention (Springer), 234-241.

Roy, S. K., Deria, A., Hong, D., Rasti, B., Plaza, A., and Chanussot, J. (2022).
Multimodal fusion transformer for remote sensing image classification. arXiv
preprint arXiv:2203.16952.

Tian, Y., Krishnan, D., and Isola, P. (2020). “Contrastive multiview coding,” in
European conference on computer vision (Springer), 776-794.

Wang, X, Zhang, R., Shen, C., Kong, T., and Li, L. (2021). “Dense contrastive
learning for self-supervised visual pre-training,” in Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 3024-3033.

Woo, S., Park, J., Lee, J.-Y., and Kweon, 1. S. (2018). “Cbam: Convolutional block
attention module,” in Proceedings of the European conference on computer vision
(ECCV), 3-19.

Xiao, J., Xu, H., Gao, H,, Bian, M., and Li, Y. (2021). A weakly supervised semantic
segmentation network by aggregating seed cues: The multi-object proposal
generation perspective. ACM Trans. Multimed. Comput. Commun. Appl. 17,
1-19. doi:10.1145/3419842

frontiersin.org


https://doi.org/10.3991/ijoe.v18i03.28011
https://doi.org/10.1109/tpami.1986.4767851
https://doi.org/10.1609/aaai.v34i07.6619
https://doi.org/10.1609/aaai.v34i07.6619
https://doi.org/10.1109/TMI.2017.2764326
https://doi.org/10.1016/j.cviu.2022.103406
https://doi.org/10.1016/j.cviu.2022.103406
https://doi.org/10.1016/j.neucom.2021.09.035
https://doi.org/10.1016/j.zemedi.2020.05.001
https://doi.org/10.1016/j.zemedi.2020.05.001
https://doi.org/10.1109/JBHI.2021.3059453
https://doi.org/10.1109/JBHI.2021.3059453
https://doi.org/10.1109/tnse.2022.3163144
https://doi.org/10.1109/tnse.2022.3163144
https://doi.org/10.1109/TNNLS.2022.3155486
https://doi.org/10.1109/TNNLS.2022.3155486
https://doi.org/10.1109/tcss.2021.3102591
https://doi.org/10.1145/3422622
https://doi.org/10.1016/j.neunet.2019.08.025
https://doi.org/10.1109/TMI.2020.3018560
https://doi.org/10.1109/jstsp.2020.3013418
https://doi.org/10.1016/j.media.2021.102335
https://doi.org/10.3390/app11083508
https://doi.org/10.1109/TMI.2014.2377694
https://doi.org/10.1002/acm2.13530
https://doi.org/10.1109/TIP.2022.3152624
https://doi.org/10.1145/3419842
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.937042

Zhou and Zou

Zhan, B., Li, D., Wu, X,, Zhou, J., and Wang, Y. (2021). Multi-modal mri image
synthesis via gan with multi-scale gate mergence. IEEE J. Biomed. Health Inf. 26,
17-26. doi:10.1109/JBHI.2021.3088866

Zhang, Y., Guo, C., and Zhao, P. (2021). Medical image fusion based on low-level
features. Comput. Math. Methods Med. 2021, 8798003. doi:10.1155/2021/8798003

Zhou, T., Fu, H., Chen, G., Shen, J., and Shao, L. (2020). Hi-net: Hybrid-fusion
network for multi-modal mr image synthesis. IEEE Trans. Med. Imaging 39,
2772-2781. doi:10.1109/TMI.2020.2975344

Zhou, T., Ruan, S., and Canu, S. (2019a). A review: Deep learning for medical
image segmentation using multi-modality fusion. Array 3, 100004. doi:10.1016/j.
array.2019.100004

Frontiers in Genetics

15

10.3389/fgene.2022.937042

Zhou, T., Ruan, S, Hu, H,, and Canu, S. (2019b). “Deep learning model
integrating dilated convolution and deep supervision for brain tumor
segmentation in multi-parametric mri,” in International Workshop on Machine
Learning in Medical Imaging (Springer), 574-582.

Zhu, J.-Y., Park, T., Isola, P., and Efros, A. A. (2017). “Unpaired image-to-image
translation using cycle-consistent adversarial networks,” in Proceedings of the IEEE
international conference on computer vision, 2223-2232.

Zuo, Q., Zhang, J., and Yang, Y. (2021). Dmc-fusion: Deep multi-cascade
fusion with classifier-based feature synthesis for medical multi-modal
images. IEEE ]. Biomed. Health Inf. 25, 3438-3449. doi:10.1109/JBHI.
2021.3083752

frontiersin.org


https://doi.org/10.1109/JBHI.2021.3088866
https://doi.org/10.1155/2021/8798003
https://doi.org/10.1109/TMI.2020.2975344
https://doi.org/10.1016/j.array.2019.100004
https://doi.org/10.1016/j.array.2019.100004
https://doi.org/10.1109/JBHI.2021.3083752
https://doi.org/10.1109/JBHI.2021.3083752
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.937042

	A layer-wise fusion network incorporating self-supervised learning for multimodal MR image synthesis
	1 Introduction
	2 Related work
	2.1 Medical image synthesis
	2.2 Self-supervised learning
	2.3 Multimodal fusion

	3 Methods
	3.1 Feature extraction network
	3.1.1 Architecture of feature extraction network
	3.1.2 Self-supervised pre-training

	3.2 Feature fusion network
	3.3 GAN-based generation network

	4 Experiments
	4.1 Datasets
	4.2 Evaluations
	4.3 Results
	4.4 Ablation study
	4.5 Interpretability analysis
	4.6 Discussion

	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	References


