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Abstract

Background: Compressed sensing magnetic resonance imaging (CS-MRI) is a
promising technique for accelerating MRI speed. However, image quality in
CS-MRI is still a pertinent problem. In particular, there is little work on reducing
aliasing artefacts in compressed sensing diffusion tensor imaging (CS-DTI), which
constitute a serious obstacle to obtaining high-quality images.

Method: We propose a CS-DTI de-aliasing method based on conditional
generative adversarial (cGAN), called CS-GAN, to tackle de-aliasing problems in
CS-DTI with highly undersampled k-space data. The method uses a nested-UNet
based generator, a ResNet-based discriminator, and a content loss function
defined in both image domain and frequency domain.

Result and Concludions: Compared to existing state-of-the-art de-aliasing
methods based on deep learning, our method achieves superior imaging quality in
terms of both diffusion weighted (DW) image quality and DTI diffusion metrics.
Moreover, even at extremely low sampling ratio and low SNR, our method can
still reconstruct texture details and spatial information.

Keywords: Diffusion MRI; Diffusion tensor imaging; De-aliasing; Deep learning;
Generative adversarial networks

Background

Diffusion tensor magnetic resonance imaging (DTI) is a technique that aims to
measure the diffusion of water molecules in tissues in different directions. It has
been used to examine noninvasively fiber structures of ex vivo human hearts [1, 2],
healthy human hearts [3, 4, 5, 6], and patients [7, 8]. To achieve DTI, a relatively
important number (at least six) of diffusion-weighted (DW) images have to be
acquired, each of which corresponds to one diffusion gradient direction. Therefore,
shortening acquisition time especially compressed sensing (CS) [9, 10, 11, 12] theory
is applied to clinical routine applications of DTI. CS appeared the most promising
method to highly undersample k-space while obtaining excellent image quality. CS
achieved a great success in magnetic resonance imaging (MRI) reconstruction. It was
later applied to diffusion MRI (dMRI) including DTT. This is particularly important
for reducing motion effects in in vivo cardiac DTI. However, according to the CS
theory, under-sampling at k-space will cause serious aliasing artifacts in the spatial
image. In order to remove aliasing, some methods pay attention to reconstruct
high dimensional signal from undersampled k-space signal using CS approach, other
methods aim to de-aliasing and recover high quality DW images, the latter is what
this work focuses on.
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Recently, de-aliasing for DTT based on total variation (TV) constraint on spatial
images and diffusion directions was proposed in [13]. To further promote image spar-
sity required in CS-dMRI, the inner and intra correlations of DW images were also
introduced in the sparsity prior [14]. Global low-rank [15, 16], TV-constrained low-
rank [17] and phase-constrained low-rank [18] models were used for the CS-dMRI de-
aliasing. Although the above-mentioned methods provide valuable means to recover
better image quality of dMRI, their clinical implementation still faces many chal-
lenges, such as nonlinear optimization used in these methods, which often involves
iterative computation that may result in relatively long reconstruction time, which
cannot satisfy real-time requirement in routine clinical use. More recently, with
the success of deep learning, in particular convolutional neural networks (CNNs),
in inverse problems solving, such as denoising [19], deblurring [20, 21] and super-
resolution [22, 23, 24], researchers have begun to investigate deep learning models
for CS-MRI reconstructions. For instance, Lee et al. proposed to use UNet with deep
residual learning to learn the aliasing artifacts between the reconstructed images
with undersampling data and the ground truth [25]. Subsequently, they used a dual
frame U-net to reconstruct both magnitude and phase images to further improve
the CS-MRI reconstruction accuracy [26]. Schlemper et al. used deep cascade CNNs
to boost the dynamic MRI acquisition by learning the spatial-temporal correlations
in MR images [27]. Yang et al. proposed a deep ADMM-net that realized CS-MRI
reconstruction using optimized parameters learned from training data [28]. Han et
al. proposed to use deep learning with domain adaption to reconstruct CS-MRI,
which fine-tuned a well-trained network for CT images with a few radial k-space
sampling data [29]. Eo et al. developed two CNN networks implemented on both
k-space domain and image spatial domain to improve the performance of CS-MRI
reconstruction [30]. Bao et al. presented an enhanced recursive residual network that
combines residual blocks and dense connections to realize CS-MRI reconstruction
for both real-valued and complex-valued data [31]. Dai et al. developed a multi-scale
dilated residual convolution network to promote CS-MRI reconstruction accuracy
with fewer network parameters [32]. Inspired by the successful application of GAN
in generating perceptually appealing images with rich texture information, Yang
et al. proposed a deep de-aliasing generative adversarial network (DAGAN) to re-
move aliasing artifacts in CS-MRI [33]. Quan et al. presented a RefinGAN model
with a cyclic loss to improve the reconstruction accuracy at extremely low sampling
rate [34]. Mardani et al. used a ResNet-based generator and discriminator with a
least square GAN loss to solve the CS-MRI de-aliasing problem [35]. Despite these
researches on CS-MRI using CNNs, there are very few studies on the use of deep
learning for CS-DTTI [36]. The interest of CS-DTI resides in the fact that k-space
can be highly undersampled to reduce substantially the amount of k-space data to
acquire. However, highly undersampling k-space means considerable difficulty of re-
constructing images of good quality, especially for DTI that has a high requirement
on the quality of reconstructed diffusion weighted (DW) images. If the quality of
DW images along different diffusion directions cannot be guaranteed, the derived
diffusion metrics will not be correct. Considering the superiority of GAN models
in generating image textures, and the fact that GAN models are easy to fall into

mode collapse, in this paper, we propose a CS-DTI de-aliasing method based on
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modified conditional GAN models, called CSGAN. The method uses a nested-UNet
[37] like model as generator and a ResNet-based [38] network as discriminator. The
long and short skip connections introduced in the generator allow us to recover
more details in DW images and therefore avoid mode collapse to some extent. We
used the aliased spatial images whose k-space is undersampled as the input, and

the images corresponding to full k-space as the target to train CSGAN.

Methods

The architecture of the cGAN-based CS-DTI de-aliasing is illustrated in Fig 1. It
consists of a generator (Fig 1(a)) and a discriminator (Fig 1(b)). The generator is
composed of a nested-UNet model, in which the long and short connections coexist,
which not only allows concatenating the deep and shallow features belonging to
the same layer in the topology, but also let the features from different layers to be
fused. Fig 1(a) shows how the feature map travels through the top skip pathway of
generator. Formally, it can be formulated as follows:

1
S(C(@ig L (wiryo1)))s G5 0k=0,1,....j—1 M)

xij—{ S(i-1,7) j=0
where z;; is the feature map represented by the pellet at the positions ¢ and j ,
S(-) is a convolution operation followed by an activation function. L(-) denotes an
up-sampling layer and C(-) the concatenation layer. Each standard unit embed a
squeeze and excitation (SE) module, which can calculate the importance of each
feature channel through learning, and then use this importance to enhance useful
features and suppress features that are not very useful for the current task. The
discriminator is a typical binary classification network based on ResNet. It consists
of feature selection, feature fusion and discrimination modules. The feature selection
module is formed of five convolution layers with stride of 2, kernel size of 4 and batch
normalized layer. The feature fusion module comprises two convolutional layers with
stride of 1 and kernel size of 1 and three convolutional layers with stride of 1 and
kernel size of 3. The last module of the network consists of a full connection layer
and sigmoid function.
Denoting the original image as w and let y represent the undersampled k-space
data,

y = RFu (2)

where R is the undersampling mask and F' represents the Fourier transform. Given
the k-space data y, the objective of CS reconstruction is to find a nonlinear function

G through which the original image can be reconstructed as 1,

a=G(,y) 3)
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Such reconstructed image should be as close as possible to the original image u ,
which means that we should find the appropriate parameter 6 of such function to

minimize the difference between v and 4 .

min|ju — G(0,)[3 ()

Since y is the undersampled data in k-space while u is expressed in space domain,
we converted y into space domain by inverse Fourier transforming its zero-padded
version, thus resulting in a zero-filling reconstructed image ug. The optimization
problem then becomes

min [[u — G (6,03 (5)

The objective is to estimate the nonlinear function G' using the above-described
neural network.

The input of the generator is DW images whose k-space is undersampled, also
called k-space undersampled DW images in what follows. The inputs of the dis-
criminator are DW images whose k-space is fully sampled (also named ground-truth
images) and the reconstructed images. The discriminator aims to distinguish the
generated images and ground-truth images and make the generator to generate more
realistic images through an adversarial training. To achieve this, the loss function
of the generator is formulated as

Ltotal = Ladv + aLi + BLf (6)

where the generator aims to implicitly learn the real data distribution pgq¢, from
a set of images to further yield images drawn from the learned distribution and
L.dv denotes traditional adversarial loss that drives the learned distribution to be
the same as pgqiq through a minmax adversarial training. L; is used to measure the
mean square error between the reconstructed images and the k-space undersampled
DW images, and L designates the mean square error in k-space. a and 3 are
weighting coefficients.

Theoretically, the adversarial loss Lyg, is defined as a value function V' (D, G),

V(D,G) = m(;n mngudiam log (Dg,, (u)) —

EUONPG(UO) IOg (1 - DGD (GQG (UO)))

(7)

In practice, such value function cannot be implemented easily. It is however equiv-
alent to minimizing the cross entropy of negative samples when training the gener-
ator:

Logy = — ilog (1-D(@ (up))) (8)
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The mean square errors L; and L; are defined respectively by:

m

1 N
L;= E;Hui—uiﬂg 9)
And
1 & s
Ly=_— >l — il (10)
i=1

where v; and ¥ represent respectively the Fourier transform of images u; and @y .
As to the discriminator, since it aims by definition to train a binary classification,

its loss function can be defined as [39, 40]:

Lodvp = — i log (De,, (u')) — i log (1 — Dg,, (Gog (uf))) (11)

i=1 =1

In order to make the proposed reconstruction network to generate the desired
samples, the discriminator was trained several times and then the generator was

trained once. The training process is described as follows.

Algorithm 1 Stochastic gradient descent of CSGAN

Input: G: Generator; D: Dicriminator
Minibatch numbers; k: Steps to apply to discriminator;
F': Fourier transform; j: Number of training iterations;
0%: Parameter of the D; 9%: Parameter of the G;
Training:
for j do
for k steps do
Sample m zero-filling images u(l), o, ugt from
undersampled images.
Sample m examples u!, ..., u™ from real data.
Perform Adam updates for D:

m X .
0% =05+ Vo, L 21 log D(u?) + log(1 — D(G(u})))
i=
end for
Sample m zero-filling images u(l,, ...,ug" from undersampled images.

Sample m examples u!, ..., u™ from real data.
Perform Adam updates for G:

06 =06 + Voo 2 lo8(l = D(GY) + | Glup) — 'l
+ || FIG ()] — Flu]||3
end for

Results
Dataset Description and Experimental Setup

To effectively evaluate the superiority of the proposed model, two kinds of diffusion
MRI datasets were used in the present work, including DW images of 11 human
neonatal/infant hearts and those of 11 human adult hearts. For neonatal/infant
hearts, the DW images were acquired with a 3T clinical MRI scanner (MAGNE-
TOM Verio, Siemens AG) using MDDW (Multi-Directional Diffusion Weighting) se-
quence with the following imaging parameters: slice thickness and spacing=1.4mm,
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number of slice=30 to 40, in-plane spatial resolution=1.38x1.38mm, TE=70ms ,
TR=5500ms to 7900ms, matrix size=104x104, number of diffusion gradient di-
rections=192, and diffusion sensitivity (b value=700s/mm?) . All the DW images
were acquired for six times and averaging them allows increasing SNR. For adult
hearts, the DW images were acquired with a 1.5 T clinical MRI scanner with the
parameters as follows: slice thickness and spacing=5 or 2mm , number of slice=25
to 62, in-plane spatial resolution=0.5x0.5mm? or 2x2mm? , TE=70ms to 102ms
, TR=5270ms to 8600ms, matrix size=128x128 or 336x512, number of diffusion
gradient directions=12 or 64, and diffusion sensitivity (b value=1000s/mm?) .

In our experiments, DW images of seven neonatal/infant hearts were selected ran-
domly for training the reconstruction model, two hearts were selected for validation,
and the images of the remaining two hearts were taken as the testing dataset. In
summary, we have 38851 samples for training, 5018 samples for testing, and 12352
samples for validation. To speed up the training, the original slices were cropped to
a size of 64x64 and the region of interest (ROI) was extracted to avoid the effects
of image background. A few slices with small ROI were disregarded. The inten-
sity of the selected DW images was normalized to the range of (—1,1) . For the
human adult hearts, we fine-tuned the well-trained model obtained with the neona-
tal/infant hearts. Specifically, the network parameters of the well trained model
were taken as the initial, then we used the DW images of 7 adult hearts to fine-tune
the parameters. The DW images of two hearts were used to validate, and those of
remaining two hearts were used to test.

The proposed reconstruction method was also compared with other CS recon-
struction methods including ADMM and DAGAN. For these two existing mod-
els, the hyperparameters in their loss function were adjusted based on our own
dataset to achieve their best performance. To be adapted to image size and
maintain the same deep architecture simultaneously, the stride length that was
used in the first two convolutional layers of the DAGAN model was changed
from 2 to 1. All the training strategies for ADMM [28] and DAGAN [33]
were identical to those given in the initial works, which can be downloaded
from the following links, https://github.com/yangyan92/Deep-ADMM-Net and
https://github.com/nebulaV/DAGAN. The initial learning rate was 0.0001 and
dropped every 5 epochs with a decay rate of 0.75 to get the best performance;
epoch number was set as 30-40. For our proposed model CSGAN, we used nested-
UNet as the generator instead of UNet. The initial learning rates for both generator
and discriminator were set as 0.0001 and they were dropped every 5 epochs with a
decay rate of 0.85; epoch number was set as 20-30. ADMM-net was implemented
with Matlab 2016a, DAGAN and the proposed CSGAN was implemented with
Tensorflow on a NV-Linked V100 GPU.

The original full k-space was firstly sampled with a randomly perturbed golden-
angle sampling mask with ratios of 50%, 40%, 30%, 20% and 10%. Then, spatial
images were reconstructed using respectively ADMM, DAGAN, and CSGAN. The
reconstruction results and quantitative analysis are given in the following subsec-
tions.

Note that the above initial DW images are spatial magnitude data (so, their cor-
responding k-space data are complex but Hermitian symmetric). Such Hermitian
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symmetry was however rendered non-Hermitian symmetric by the following calcu-
lation procedure: a) take the Fourier transform of spatial magnitude DW images,
yielding complex but Hermitian-symmetric k-space data; b) randomly undersample
the complex k-space data, making the k-space data asymmetric; ¢) obtain complex
spatial DW image containing phase information after estimating the nonlinear func-
tion G using CNN; d) take the magnitude of the complex spatial DW image as the
final reconstructed DW image.

To evaluate the performance of the proposed reconstruction network, the nor-
malized mean square error (NMSE), peak signal-to-noise ratio (PSNR), structural
similarity (SSIM), and deviation angle between original fiber orientation and gener-
ated fiber orientation were used. The higher the SSIM and PSNR values, the better
the results. The deviation angle measures the accuracy of the reconstructed fiber

tracks.

DTI De-aliasing Results

The DW images of both fetus and adult human hearts reconstructed with different
methods and sampling ratios are shown in Fig 2. The first column represents the
ground truth (GT). The next five columns show results of reconstruction using
different undersampling ratios. The first three rows represent the results of the
proposed model, the middle three rows the results of DAGAN, and the last three
rows the results of ADMM. We observe that, for the same sampling ratio, the
reconstructed DW images with CSGAN preserve well texture details, while ADMM
and DAGAN yield over-smoothed reconstructed images. Especially at sampling
ratio of 30% or smaller, ADMM presents few textures while CSGAN is still able
to preserve details. Such observation can be found in the DW images of both fetus
and adult human hearts.

In CS-DTI, we should guarantee reconstruction accuracy of diffusion properties,
including the most important DTT indices such as FA, MD and fiber orientations.
The reconstructed FA,; MD and deviation angle (between original and reconstructed
fiber orientation) maps are shown in Fig 3 to 4, respectively. In each figure except
Fig 5, there are three groups of 2-rows, each of them corresponds to one method.
The first row in each group represents the reconstruction results and the second row
the residual map between reconstruction and GT. In Fig 5, each group contains 3
rows with a zoomed error version added. Since FA is derived from diffusion tensor
that is in turn calculated from DW images, slight changes of DW images in any
directions can have a large impact on the results. It can be seen that, although
the residual of the reconstructed DW images is small, FA and MD calculated from
the reconstructed DW images exhibit a bigger difference from GT (Fig 2 and Fig
3). Nevertheless, FA and MD are much better with CSGAN than with DAGAN
or ADMM, with far fewer pixels having greater errors. This implies that CSGAN
reconstructed well DW images along all the diffusion directions. Since ADMM over-
smoothed DW images, it also oversmoothed FA and MD maps and led to greater
errors in fiber orientation reconstruction (Fig 5). In contrast, with the proposed
CSGAN method, the reconstructed diffusion index maps are closer to the original

ones.
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Quantitative Analysis

To quantitatively compare the proposed model and existing ones, the average
PSNR and SSIM for DW images were given in Table 1. It is clearly seen that PSNR
and SSIM of DW images reconstructed with our method are the highest, and this
for all the sampling ratios. PSNR and SSIM only reflect overall reconstruction
quality. To get insights into the difference in image intensity distribution, the violin
plots (drawn with python package seaborn) of DW images, FA, MD, and fiber
orientation errors reconstructed with different methods for sampling ratio of 20%
are illustrated in Fig 6. In the violin plot, the middle vertical black bar indicates
the interquartile range. The thin black line extended from the middle black bar
represents the 95% confidence interval. The white point is the median. On each side
of the thin black line is a kernel density profile that shows the distribution shape of
data. Wider sections of the violin plot represent a higher probability that the data
will take on the given value; skinnier sections represent a lower probability. From
the violin maps, we can get insights into the distribution of data values. The closer
the distribution of reconstruction results to that of original data values, the better
the reconstruction. Our proposed reconstruction model has the best performance
in terms of the distributions of DW image intensity, FA, MD and fiber orientation
deviation angle.

Table 1: Quantitative comparison of different methods in terms of PSNR and SSIM
of DW images reconstructed with different undersampling ratios.
Method 50% 40% 30% 20% 10%

CSGAN  48.0 46.8 45.6 42,9 39.8

PSNR  DAGAN 44.6 43.0 423 41.0 39.1

Fetus heart ADMM 45.2 35.9 35.4 34.6 33.2
CSGAN 0.997 0.996 0.994 0.990 0.979

SSIM  DAGAN 0.993 0.990 0.987 0.982 0.972

ADMM 0977 0949 0.934 0901 0.831
CSGAN  45.6 44.1 43.8 43.2 42,5
PSNR  DAGAN 44.6 43.6 43.2 42.9 423
ADMM 35.5 34.5 34.1 33.7 32.0

CSGAN 0.991 0.987 0.986 0.984 0.981

SSIM  DAGAN 0988 0.983 0.983 0.981 0.978
ADMM 0910 0.893 0.889 0.864 0.818

Adult heart

Noise Influence

DW images are often corrupted by noise. To evaluate the robustness of the pro-
posed method to noise, we averaged the repeated acquisitions of isolated infant
hearts several times (respectively, 1, 2, 3, 4, 5, and 6), thus yielding DW images
presenting different noise levels (the corresponding SNRs are 17.1, 20.2, 21.9, 23.0,
23.7, 24.3 dB), which are then fed into the trained model. The effect of number of
averaged acquisitions with sampling ratio of 20% were plotted in Fig 7.

Globally, for different noise levels, our proposed CSGAN model always outper-
forms other two models. As the number of averaged acquisitions increases, the noise
is decreased and the PSNR of DW images reconstructed by all the three methods
clearly increases. But the PSNR of ADMM always remains at a lower level and
the proposed model is always the highest. We also observe that with the increase
of SNR, compared to ADMM and DAGAN, the superiority of our proposed model
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becomes more obvious. In terms of deviation angle, the proposed model always
induces the smallest fiber orientation errors. As to FA and MD, with our model,
changes in SNR do not influence greatly the reconstructed FA and MD with respect
to ground truth. In contrast, the reconstruction results obtained with DAGAN and
ADMM are much more sensitive to noise, which demonstrates the robustness of the

proposed model.

Model Accuracy

The proposed reconstruction method works on 2D slices. So, it would be interest-
ing to know if its performance varies with the image content (intensity variation,
anatomical structures, etc.) of the slices of a three-dimensional volume. To evaluate
the accuracy of the proposed method, we plot in Fig 8 the variation of SSIM values
of FA and MD as a function of slice number. The greater the SSIM value (the darker
the blue color), the closer to ground-truth. In the ideal case, for a given method (a
given row), the dark blue remains constant regardless of slice number. Clearly, the
FA SSIM or MD SSIM values of the proposed CSGAN vary much less than those of
existing methods, which implies that the proposed reconstruction method is much
less sensitive to the variation of image content.

As an illustration, in Fig 9 are plotted the fiber orientation errors as a function of
sampling ratio for different reconstruction methods. As expected, fiber orientation
errors decrease with the increase of sampling ratio (i.e. increase of available k-space
data). However, fiber orientation errors induced by the proposed reconstruction
method are always smaller than those induced by existing methods.

Discussion

We have proposed a CS-DTI de-aliasing method based on a novel GAN model,
which consists of a nested-UNet based generator and ResNet-based discriminator.
The results showed that the proposed model outperforms existing deep learning-
based CS de-aliasing methods, especially at extremely low sampling ratios (10%).
From the recovered DW images and the corresponding diffusion metric maps, we
found that the performance of deep ADMM-net is poor, although it employs a
deep neural network, which learned the parameters of the traditional ADMM op-
timization algorithm based on multiple-stage training using a mean square error
(MSE) loss. Since the traditional ADMM algorithm is sensitive to hyperparameters
and the MSE loss is likely to blur the image, consequently, ADMM-net results in
the worst reconstruction results. Our results demonstrated that short connections
in the proposed nested-UNet based generator were able to yield less artifacts and
richer texture in the recovered DW images, thus producing more accurate DTI dif-
fusion properties, such as fiber orientation, FA and MD. This is consistent with
the fact that DAGAN is a typical UNet-based model capable of solving inverse
problems (such as image super resolution, compressed sensing and aliasing remov-
ing) and reconstructing high-quality images. Compared to UNet-based structure,
the nested-UNet structure includes both short and long skip connections, which
makes the network be able to learn semantic features at multi-levels and generate
more image details to overcome the mode collapse problem. This explains why its
de-aliasing performance is better than UNet-based one (DAGAN). Moreover, we
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observed that the FA and MD maps obtained by ADMM-net or DAGAN model
have many zeros values. If FA is about zero, it means that the DW signal along
different diffusion directions is almost the same. That could be caused by the mode
collapse problem in DAGAN and the smooth effect in ADMM-net.

As observed, the SSIMs of FA and MD reconstructed with our model are almost
the same for all the slices. On the contrary, DAGAN and ADMM-net produce
significant variation of SSIMs of FA and MD from one slice to another, which implies
that the de-aliasing performance of DAGAN and ADMM-net is largely dependent
on image content. In other words, they cannot accurately recover images with rich
textures. Unlike in UNet where the feature maps of encoder are directly inputted
into the decoder, in nested-UNet, the short skip connections allow the feature maps
of encoder to experience a dense convolution with different layers before entering the
decoder. Such dense convolution makes the semantic information conveyed in the
feature maps of encoder closer to that expected in the features maps of decoder. The
optimization problem then becomes much easier if the real input and the expected
input are semantically similar. Moreover, the dense convolution with different layers
allows us to explore and integrate semantic features at multi-levels, which plays a
significant role in enhancing image details and as a result generating better de-
aliasing results. In addition, the diffusion metrics derived from our model are more
robust to noise. This can be explained by the fact that through dense convolution
along skip pathways, the receptive field was enlarged, which enables us to get more
useful image features that are extremely significant for promoting the reconstruction
robustness.

Although the proposed method achieved the best performance, there are still
some limitations. First, the relationship between the images along different diffusion
gradient directions was not fully considered in the network design, further modifying
the reconstruction network and investigating novel loss functions suitable for CS-
DTT reconstruction would be a future work. Then, although the present CNN-based
method was focused on already acquired data, it would also be interesting to act
on sequence design for reducing acquisition time.

1 Conclusion

We have proposed a novel GAN-based model for cardiac CS-DTI de-aliasing.
It consists of a nested-UNet based generator and a ResNet-based discriminator.
We compared it with state-of-the-art models ADMM-net and DAGAN in terms of
various criteria. The results showed that, compared to state-of-the-art ADMM-net
and DAGAN models, our method achieves much better imaging quality in terms
of PSNR, SSIM, DW image residual error and diffusion metrics. This is particu-
larly noticeable at extremely low sampling ratios and low SNRs, which suggests its
interest for the clinical use of cardiac DTI.

Acknowledgements
Special thanks to YMZ who helped with language editing and manuscript revising, and LHW who helped with data
supply.

Author’s contributions

Corresponding author: LHW. YC, LHW, JPH and YMZ accomplished the manuscript writing, data analysis, deep
learning model developing and manuscript revising. XYC and JZ accomplished data collecting, FY, PPZ and JY
accomplished data collecting, clinical expertise providing. All authors read and approved the fnal manuscript.

Page 10 of 14



Cao et al.

Funding

This work is funded partially by the National Nature Science Foundations of China (Grant No. 61661010, 61701105,
61671049), the National Key R&D Plan of China under Grant 2017YFB1400100, the Program PHC-Cai Yuanpei
2018 (N° 41400TC), the Guizhou Science and Technology Plan Project under Qinkehe ([2018]5301, [2020]1Y255),
and the Committee of Science and Technology of Shanghai (No. 19510711200).

Availability of data and materials
The data used in this study are available from the corresponding author on reasonable request, the data will not be
shared.

Ethics approval and consent to participate
All clinical data used in this work does not involve the privacy of patients, and the experiments meet the legal and
ethical standards.

Consent for publication
All the authors listed have signed an informed consent to approve the manuscript that is enclosed.

Competing interests
The authors declare that they have no competing interests.

Author details

!Key Laboratory of Intelligent Medical Image Analysis and Precise Diagnosis of Guizhou Province, College of
Computer Science and Technology, 550025 Guiyang, China. 2College of Mechanical and Electrical Engineering,
Northeast Forestry University, 150040 Haerbin, China. 3School of Computer and Information Technology, Beijing
Jiaotong University, Beijing, China. *School of Electronic Information Engineering, Shanghai Dian Ji University,
Shanghai, China. ®Institute of Image Processing and Pattern Recognition, Shanghai Jiao Tong University,
Shanghai, China. ®University Lyon, INSA Lyon, CNRS, Inserm, IRP Metislab CREATIS UMR5220, U1206, F-69621,
Lyon, France.

References
1. Yang, F., Zhu, Y.M., Magnin, I.E., Luo, J.H., Croisille, P., Kingsley, P.B.: Feature-based interpolation of
diffusion tensor fields and application to human cardiac DT-MRI 16(2), 459-481 (2012).
doi:10.1016/j.media.2011.11.003
2. Lombaert, H., Peyrat, J., Croisille, P., Rapacchi, S., Fanton, L., Cheriet, F., Clarysse, P., Magnin, |., Delingette,
H., Ayache, N.: Human atlas of the cardiac fiber architecture: Study on a healthy population. IEEE
Transactions on Medical Imaging 31(7), 1436-1447 (2012). doi:10.1109/TMI.2012.2192743
3. Nielles-Vallespin, S., Mekkaoui, C., Gatehouse, P., Reese, T.G., Keegan, J., Ferreira, P.F., Collins, S., Speier,
P., Feiweier, T., de Silva, R., Jackowski, M.P., Pennell, D.J., Sosnovik, D.E., Firmin, D.: In vivo diffusion tensor
MRI of the human heart: Reproducibility of breath-hold and navigator-based approaches 70(2), 454—-465
(2013). doi:10.1002/mrm.24488
4. Wei, H., Viallon, M., Delattre, B.M.A., Wang, L., Pai, V.M., Wen, H., Xue, H., Guetter, C., Croisille, P., Zhu,
Y.: Assessment of cardiac motion effects on the fiber architecture of the human heart in vivo 32(10),
1928-1938 (2013). doi:10.1109/TMI.2013.2269195
5. Nguyen, C., Fan, Z., Sharif, B., He, Y., Dharmakumar, R., Berman, D.S., Li, D.: In vivo three-dimensional high
resolution cardiac diffusion-weighted MRI: A motion compensated diffusion-prepared balanced steady-state free
precession approach 72(5), 1257-1267 (2014). doi:10.1002/mrm.25038
6. Wei, H.J., Viallon, M., Delattre, B.M.A., Moulin, K., Yang, F., Croisille, P., Zhu, Y.M.: Free-breathing diffusion
tensor imaging and tractography of the human heart in healthy volunteers using wavelet-based image fusion
34(1), 306-316 (2015). doi:10.1109/TMI.2014.2356792
7. Wu, M.T., Tseng, W.Y.Il., Su, M.Y.M., Liu, C.P., Chiou, K.R., Wedeen, V.J., Reese, T.G., Yang, C.F.:
Diffusion tensor magnetic resonance imaging mapping the fiber architecture remodeling in human myocardium
after infarction 114(10), 1036-1037 (2006). doi:10.1161/CIRCULATIONAHA.105.545863. Publisher: American
Heart Association. Accessed 2020-04-03
8. Ferreira, P.F., Kilner, P.J., McGill, L.A., Nielles-Vallespin, S., Scott, A.D., Ho, S.Y., McCarthy, K.P., Haba,
M.M., Ismail, T.F., Gatehouse, P.D., de Silva, R., Lyon, A.R., Prasad, S.K., Firmin, D.N., Pennell, D.J.: In vivo
cardiovascular magnetic resonance diffusion tensor imaging shows evidence of abnormal myocardial laminar
orientations and mobility in hypertrophic cardiomyopathy 16, 87. doi:10.1186/s12968-014-0087-8
9. Candgs, E.J.: Compressive sampling. In: Proceedings of the International Congress of Mathematicians Madrid,
pp. 1433-1452. European Mathematical Society Publishing House, ??? (2007). doi:10.4171/022
10. Huang, L., Lin, Q., Zhang, X., Shuai, P.: Fast ambiguity resolution for pulsar-based navigation by means of
hypothesis testing 53(1), 137-147 (2017). doi:10.1109/ TAES.2017.2649698
11. Michael Lustig, David L. Donoho, Juan M. Santos, John M. Pauly: Compressed sensing MRI 25(2), 72-82
(2008). doi:10.1080,/10382040008667647
12. Geethanath, S., Reddy, R., Konar, A.S., Imam, S., Sundaresan, R., D R, R.B., Venkatesan, R.: Compressed
sensing MRI: A review 41(3), 183-204. doi:10.1615/critrevbiomedeng.2014008058
13. Adluru, G., Hsu, E., Di Bella, E.V.R.: Constrained reconstruction of sparse cardiac MR DTI data. In:
International Conference on Functional Imaging and Modeling of the Heart. Lecture Notes in Computer
Science, pp. 91-99
14. Wu, Y., Zhu, Y.-J,, Tang, Q.-Y., Zou, C., Liu, W., Dai, R.-B., Liu, X., Wu, E.X., Ying, L., Liang, D.:
Accelerated MR diffusion tensor imaging using distributed compressed sensing 71(2), 763-772.
doi:10.1002/mrm.24721.
15. Gao, H., Li, L., Hu, X.: Compressive diffusion MRI — part 1: Why low-rank? In: 21th Annual Meeting of ISMRM

Page 11 of 14


http://dx.doi.org/10.1016/j.media.2011.11.003
http://dx.doi.org/10.1109/TMI.2012.2192743
http://dx.doi.org/10.1002/mrm.24488
http://dx.doi.org/10.1109/TMI.2013.2269195
http://dx.doi.org/10.1002/mrm.25038
http://dx.doi.org/10.1109/TMI.2014.2356792
http://dx.doi.org/10.1161/CIRCULATIONAHA.105.545863
http://dx.doi.org/10.1186/s12968-014-0087-8
http://dx.doi.org/10.4171/022
http://dx.doi.org/10.1109/TAES.2017.2649698
http://dx.doi.org/10.1080/10382040008667647
http://dx.doi.org/10.1615/critrevbiomedeng.2014008058
http://dx.doi.org/10.1002/mrm.24721.

Cao et al.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Ma, S., Nguyen, C.T., Christodoulou, A.G., Luthringer, D.J., Kobashigawa, J., Lee, S.E., Chang, H.J., Li, D.:
Accelerated cardiac diffusion tensor imaging using joint low-rank and sparsity constraints 65(10), 2219-2230
(2018). doi:10.1109/TBME.2017.2787111

Huang, J., Wang, L., Chu, C., Liu, W., Zhu, Y.: Accelerating cardiac diffusion tensor imaging combining local
low-rank and 3d TV constraint 32(4), 407-422 (2019). doi:10.1007/s10334-019-00747-1. ISBN: 1033401900
Publisher: Springer International Publishing

Gao, H., Li, L., Zhang, K., Zhou, W., Hu, X.: PCLR: Phase-constrained low-rank model for compressive
diffusion-weighted MRI 72(5), 1330-1341 (2014). doi:10.1002/mrm.25052

Tai, Y., Yang, J., Liu, X., Xu, C.: MemNet: A persistent memory network for image restoration. In: 2017 IEEE
International Conference on Computer Vision (ICCV), pp. 4549-4557 (2017). doi:10.1109/1CCV.2017.486.
ISSN: 2380-7504

Nah, S., Kim, T.H., Lee, K.M.: Deep multi-scale convolutional neural network for dynamic scene deblurring. In:
2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp. 257-265 (2017).
doi:10.1109/CVPR.2017.35. 1612.02177

Zhang, X., Dong, H., Hu, Z., Lai, W.S., Wang, F., Yang, M.H.: Gated fusion network for joint image deblurring
and super-resolution. In: British Machine Vision Conference 2018, BMVC 2018.
https://arxiv.org/abs/1807.10806

Lim, B., Son, S., Kim, H., Nah, S., Lee, K.M.: Enhanced deep residual networks for single image
super-resolution. In: 2017 IEEE Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW), pp. 1132-1140. doi:10.1109/CVPRW.2017.151. ISSN: 2160-7516

Dong, W., Huang, J., Ahuja, N., Yang, M.: Deep laplacian pyramid networks for fast and accurate
super-resolution. In: 2017 |IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp.
5835-5843. doi:10.1109/CVPR.2017.618. ISSN: 1063-6919

Ledig, C., Theis, L., Huszér, F., Caballero, J., Cunningham, A., Acosta, A., Aitken, A., Tejani, A., Totz, J.,
Wang, Z., Shi, W.: Photo-realistic single image super-resolution using a generative adversarial network. In:
2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp. 105-114.
doi:10.1109/CVPR.2017.19. ISSN: 1063-6919

Lee, D., Yoo, J., Ye, J.C.: Deep residual learning for compressed sensing MRI. In: 2017 IEEE International
Symposium on Biomedical Imaging (ISBI 2017), pp. 15-18. doi:10.1109/ISBI.2017.7950457. ISSN: 1945-8452
Lee, D., Yoo, J., Tak, S., Ye, J.C.: Deep residual learning for accelerated MRI using magnitude and phase
networks 65(9), 1985-1995 (2018). doi:10.1109/ TBME.2018.2821699

Schlemper, J., Caballero, J., Price, A.N., Hajnal, J.V., Rueckert, D.: Convolutional recurrent neural networks
for dynamic MR image reconstruction 38(1), 280-290 (2019). doi:10.1109/TMI.2018.2863670

Yang, Y., Sun, J., Li, H., Xu, Z.: Deep ADMM-net for compressive sensing MRI. In: Advances in Neural
Information Processing Systems 29, pp. 10-18 (2016). doi:10.5555/3157096.3157098

Han, Y., Yoo, J., Kim, H.H., Shin, H.J.,, Sung, K., Ye, J.C.: Deep learning with domain adaptation for
accelerated projection-reconstruction MR 80(3), 1189-1205 (2018). doi:10.1002/mrm.27106. _eprint:
1703.01135

Eo, T., Jun, Y., Kim, T., Jang, J., Lee, H.J., Hwang, D.: KIKI-net: Cross-domain convolutional neural networks
for reconstructing undersampled magnetic resonance images 80(5), 2188-2201 (2018). doi:10.1002/mrm.27201
Bao, L., Ye, F., Cai, C., Wu, J., Zeng, K., van Zijl, P.C.M., Chen, Z.: Undersampled MR image reconstruction
using an enhanced recursive residual network 305, 232-246 (2019). doi:10.1016/j.jmr.2019.07.020. Publisher:
Elsevier Inc.

Dai, Y., Zhuang, P.: Compressed sensing MRI via a multi-scale dilated residual convolution network 63,
93-104. doi:10.1016/j.mri.2019.07.014. Publisher: Elsevier

Yang, G., Yu, S., Dong, H., Slabaugh, G., Dragotti, P.L., Ye, X., Liu, F., Arridge, S., Keegan, J., Guo, Y.,
Firmin, D.: DAGAN: Deep de-aliasing generative adversarial networks for fast compressed sensing MRI
reconstruction 37(6), 1310-1321 (2018). doi:10.1109/TMI.2017.2785879. Publisher: IEEE _eprint: 1705.07137
Huang, J., Wang, L., Zhu, Y.: Compressed sensing MRI reconstruction with multiple sparsity constraints on
radial sampling 2019, 1-14 (2019). doi:10.1155/2019/3694604

Mardani, M., Gong, E., Cheng, J.Y., Vasanawala, S.S., Zaharchuk, G., Xing, L., Pauly, J.M.: Deep generative
adversarial neural networks for compressive sensing MRI 38(1), 167-179 (2019).
doi:10.1109/TMI.2018.2858752. Publisher: IEEE

Schlemper, J., Yang, G., Ferreira, P., Scott, A., McGill, L.-A., Khalique, Z., Gorodezky, M., Roehl, M., Keegan,
J., Pennell, D., Firmin, D., Rueckert, D.: Stochastic deep compressive sensing for the reconstruction of diffusion
tensor cardiac MRI. In: Medical Image Computing and Computer Assisted Intervention (MICCAI 2018). Lecture
Notes in Computer Science, pp. 295-303. doi:http://arxiv.org/abs/1805.12064. ISSN: 16113349

Zhou, Z., Rahman Siddiquee, M.M., Tajbakhsh, N., Liang, J.: UNet++: A nested u-net architecture for
medical image segmentation. In: Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical
Decision Support. Lecture Notes in Computer Science, pp. 3-11

He, K., Zhang, X., Ren, S., Sun, J.: Deep residual learning for image recognition. In: IEEE Computer Society
Conference on Computer Vision and Pattern Recognition, pp. 770-778. doi:10.1109/CVPR.2016.90. ISSN:
10636919

Mirza, M., Osindero, S.: Conditional Generative Adversarial Nets (2014). http://arxiv.org/abs/1411.1784
Accessed 2020-04-03

Goodfellow, I.J., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A., Bengio, Y.:
Generative adversarial nets. In: Advances in Neural Information Processing Systems 27, pp. 2672-2680. ISSN:
1347-7986

Figures

Page 12 of 14


http://dx.doi.org/10.1109/TBME.2017.2787111
http://dx.doi.org/10.1007/s10334-019-00747-1
http://dx.doi.org/10.1002/mrm.25052
http://dx.doi.org/10.1109/ICCV.2017.486
http://dx.doi.org/10.1109/CVPR.2017.35
http://arxiv.org/abs/1612.02177
https://arxiv.org/abs/1807.10806
http://dx.doi.org/10.1109/CVPRW.2017.151
http://dx.doi.org/10.1109/CVPR.2017.618
http://dx.doi.org/10.1109/CVPR.2017.19
http://dx.doi.org/10.1109/ISBI.2017.7950457
http://dx.doi.org/10.1109/TBME.2018.2821699
http://dx.doi.org/10.1109/TMI.2018.2863670
http://dx.doi.org/10.5555/3157096.3157098
http://dx.doi.org/10.1002/mrm.27106
http://dx.doi.org/10.1002/mrm.27201
http://dx.doi.org/10.1016/j.jmr.2019.07.020
http://dx.doi.org/10.1016/j.mri.2019.07.014
http://dx.doi.org/10.1109/TMI.2017.2785879
http://dx.doi.org/10.1155/2019/3694604
http://dx.doi.org/10.1109/TMI.2018.2858752
http://arxiv.org/abs/1805.12064
http://dx.doi.org/10.1109/CVPR.2016.90

Cao et al.

Fig. 1: Architecture of the proposed CS-DTI reconstruction. In the generator (al),
each pellet represents a network unit, including a standard convolution layer with
stride of 1, kernel size of 2 and the same padding, then embed a SE module into
unit, and a convolutional layer used to down-sampling with stride of 2 and kernel
size of 4. The discriminator (b) consists of feature selection, feature fusion and
discrimination module. The input of the CS-DTI reconstruction network is DW
images whose k-space is undersampled and its output is the generated images. G[T
stands for ground truth.

Fig. 2: Reconstructed DW images of both fetus and adult human hearts along one

~—

gradient direction of a slice using different undersampling ratios and methods. (
DW images of fetus heart. (b) DW images of adult human heart. There are thre
groups of rows, each of them represents one method. The second row in each grou

[¢)

displays a zoomed region of the red rectangle area of the first row of the group an

Q. AT

the third row shows the error map between the original image and the reconstructe

ones.

Fig. 3: Reconstructed FA maps of a slice using different undersampling ratios and
methods. (a) FA maps of fetus human heart. (b) FA maps of adult human heart.

Fig. 4: Reconstructed MD maps of one slice using different undersampling rati

wn

and methods. (a) MD maps of fetus human heart. (b) MD maps of adult human
heart.

[=}

Fig. 5: Fiber orientations and deviation angle (degree) maps between original an
reconstructed fiber orientations using different undersampling ratios and methods.
(a) Fiber orienation and deviation angle map of fetus huamn hearts. (b) Fiber
orienation and deviation angle map of adult huamn heart

Fig. 6: Data distribution of different reconstructed results on a whole heart with
sampling ratio of 20%. The horizontal axis represents different methods and the
vertical one represents values. (a) Violin plots of DW images for fetus human heart,
(b) Violin plots of DW images for adult human heart, (c) Violin plots of FA f
fetus human heart, (d) Violin plots of FA for adult human heart, (e) Violin plot
of MD for fetus human heart, (f) Violin plots of MD for adult human heart, (g
Violin plots of fiber orientation error for fetus human heart, (h) Violin plots of fibe

»n =

—

=

orientation error for adult human heart.
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Fig. 7: Influence of number of averaged acquisitions on (a) FA, (b) Deviatig
angle, (¢) MD and (d) PSNR of DW images. The numbers in the upper right corner
designate the number of averaged acquisitions. Length of boxes reflects how data
are spread out.

[=}]

Fig. 8: Variation of SSIM values of FA and MD as a function of slice number f
different reconstruction methods. (a) SSIM values of FA of fetus human heart, (I
SSIM values of MD of fetus human heart, (c) SSIM values of FA of adult heart, (d
SSIM values of MD of adult heart.

=

~—

Fig. 9: Variation of fiber orientation errors with sampling ratio for different recon
struction methods. (a) Fetus human heart, (b) Adult heart.

Page 14 of 14



Figures

X = S(Cx, L(x,,)))

X =(C(x,.44x, ) X5 = 9(C(x,,. L(x,.)))
—> Y Kot o2 Tys :
s » . . R » e =
b i =
8 - 2
or opu N 1) L) comi [ A
777 ) P — & - 3 - Ef ~Ke
. = E =
N 2 P - 3 z
= GT? Generated?
................. > 5
© l | 1
\ / k4 82 Kl sl ReLU
! GT bn
G ) pio A*dsiride?
"4 Down-sampling Convolutional layer —» Skip connection - i cony
o z bn  BatchNormLayer
S g | ks 1*1stidel
2 | conv
E | _| Kasl | 3"3stride |
Standard unit: & @ " il
—> 5 E —»
& v
(a) Generator (b) Discriminator

Figure 1

Architecture of the proposed CS-DTI reconstruction. In the generator (a), each pellet represents a network
unit, including a standard convolution layer with stride of 1, kernel size of 2 and the same padding, then
embed a SE module into unit, and a convolutional layer used to down-sampling with stride of 2 and
kernel size of 4. The discriminator (b) consists of feature selection, feature fusion and discrimination
module. The input of the CS-DTI reconstruction network is DW images whose k-space is undersampled
and its output is the generated images. GT stands for ground truth.
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Figure 2

Reconstructed DW images of both fetus and adult human hearts along one gradient direction of a slice
using different undersampling ratios and methods. (a) DW images of fetus heart. (b) DW images of adult
human heart. There are three groups of rows, each of them represents one method. The second row in
each group displays a zoomed region of the red rectangle area of the first row of the group and the third
row shows the error map between the original image and the reconstructed ones.
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Figure 3

Reconstructed FA maps of a slice using different undersampling ratios and methods. (a) FA maps of
fetus human heart. (b) FA maps of adult human heart.
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Figure 4

Reconstructed MD maps of one slice using different undersampling ratios and methods. (a) MD maps of
fetus human heart. (b) MD maps of adult human heart.
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Figure 5

Fiber orientations and deviation angle (degree) maps between original and reconstructed fiber
orientations using different undersampling ratios and methods. (a) Fiber orienation and deviation angle
map of fetus huamn hearts. (b) Fiber orienation and deviation angle map of adult huamn heart
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Figure 6

Data distribution of different reconstructed results on a whole heart with sampling ratio of 20%. The
horizontal axis represents different methods and the vertical one represents values. (a) Violin plots of DW
images for fetus human heart, (b) Violin plots of DW images for adult human heart, (c) Violin plots of FA
for fetus human heart, (d) Violin plots of FA for adult human heart, (e) Violin plots of MD for fetus human
heart, (f) Violin plots of MD for adult human heart, (g) Violin plots of fiber orientation error for fetus
human heart, (h) Violin plots of fiber orientation error for adult human heart.
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Influence of number of averaged acquisitions on (a) FA, (b) Deviation angle, (c) MD and (d) PSNR of DW

images. The numbers in the upper right corner designate the number of averaged acquisitions. Length of
boxes reflects how data are spread out.
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Figure 8

Variation of SSIM values of FA and MD as a function of slice number for different reconstruction

methods. (a) SSIM values of FA of fetus human heart, (b) SSIM values of MD of fetus human heart, (c)
SSIM values of FA of adult heart, (d) SSIM values of MD of adult heart.
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Figure 9

Variation of fiber orientation errors with sampling ratio for different reconstruction methods. (a) Fetus
human heart, (b) Adult heart.
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