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Abstract

T1-weighted image (T1WI) and T2-weighted image (T2W]1) are the two routinely acquired
magnetic resonance (MR) modalities that can provide complementary information for clinical and
research usages. However, the relatively long acquisition time makes the acquired image
vulnerable to motion artifacts. To speed up the imaging process, various algorithms have been
proposed to reconstruct high-quality images from under-sampled A-space data. However, most of
the existing algorithms only rely on mono-modality acquisition for the image reconstruction. In
this paper, we propose to combine complementary MR acquisitions (i.e., TAWI and under-sampled
T2WI particularly) to reconstruct the high-quality image (i.e., corresponding to the fully-sampled
T2WI). To the best of our knowledge, this is the first work to fuse multi-modal MR acquisitions
through deep learning to speed up the reconstruction of a certain target image. Specifically, we
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present a novel deep learning approach, namely Dense-Unet, to accomplish the reconstruction
task. The proposed Dense-Unet requires fewer parameters and less computation, while achieving
promising performance. Our results have shown that Dense-Unet can reconstruct a 3D T2WI
volume in less than 10 seconds with an under-sampling rate of 8 for the A-space and negligible
aliasing artifacts or signal-noise-ratio (SNR) loss. Experiments also demonstrate excellent
transferring capability of Dense-Unet when applied to the datasets acquired by different MR
scanners. The above results imply great potential of our method in many clinical scenarios.

Keywords
Deep learning; Dense Block; Multi-Model Fusion; Fast MR Reconstruction

. INTRODUCTION

Magnetic resonance (MR) imaging is widely applied for numerous clinical applications, as it
can provide non-invasive, reproducible and high-quality measurements of both anatomical
and functional information that are essentially important for disease diagnosis and treatment
guidance. MR is better suited to reveal contrasts in different soft tissues than many other
medical imaging modalities. It also avoids exposing patients to harmful ionizing radiation,
thus bringing in great safety. However, MR acquisition usually requires sampling of the full
k-space for encoding the spatial-frequency information. This leads to a relatively slow
acquisition process if no acceleration is adopted. During the slow acquisition, patient
movement or physiological motion, e.g., respiration, cardiac motion, and blood flow, can
cause significant artifacts in the MR images [1]. Long scan time also increases the
healthcare cost to the patient and limits the availability of MR scanners [2].

Attempts to accelerate MR acquisition could date back to the late 1970s, even before MR
was widely applied for clinical purpose. The A-space data that encodes the spatial-frequency
information are commonly acquired line-by-line. The acquisition time for a given sequence
thus depends on the number of the sampled lines in the A-space. Many methods focus on the
reduction of the A-space sampling rate, i.e., by under-sampling the A-space. These
approaches rely on the intrinsic redundancy in the 4-space, where individually sampled
points do not arise from distinct spatial locations [3]. There are two major acceleration
techniques, i.e., 1) parallel imaging (PI) [4], [5] and 2) compressed sensing (CS) [2], [3], [6],
[7]. PI sequences under-sample the A-space and reconstruct the skipped data points using the
coil sensitivity profiles across multiple-channels. However, an in-plane acceleration rate
higher than 2 may cause artifacts and substantially reduce signal-to-noise ratio (SNR) in
clinical practice [8]. On the other hand, CS aims at reconstructing an MR image from a
small number of sparsely selected data points in the A-space. The success of CS in MR
reconstruction originates from two facts: (a) the medical image is naturally compressible by
sparse coding in an appropriately transformed domain [6]; (b) the sequence acquires data
points in the transformed spatial-frequency domain, instead of the image domain.

Recent deep learning techniques can also be applied to accelerate MR acquisition. Deep
convolutional neural networks (CNNSs) have been widely applied in various intelligent tasks,
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including image classification [9], [10], [11], object detection [12], [13], image segmentation
[14], [15], [16] and image translation [17]. CNNs also have the capability of addressing
inverse problems such as image super-resolution (SR) [17], denoising [18], depth map
prediction [19], and medical image synthesis [20], [21], [22], [23]. Particularly in medical
image reconstruction, CNNs have shown promising capability for handling incompletely
sampled k-space data [24], [25], [26], [27]. Wang et al. [28] proposed to train a CNN to
model the mapping between the MR images obtained from zero-filled under-sampled and
fully-sampled A-space data, respectively. The deep learning based reconstruction result can
be used either as an initialization or a regularization in the classical CS reconstruction
process. Lee et al. [27] further introduced a deep multi-scale residual learning algorithm to
reconstruct the under-sampled MR data by formulating CS as a residual regression problem.
Sun et al. [24] proposed a deep architecture (ADMM-Net) which was defined over a
dataflow graph. Its parameters, e.g., image transforms, shrinkage functions, etc., are trained
in the end-to-end way. Schlemper et al. [26] developed a deep cascade of CNNs to
reconstruct the aggressive Cartesian under-sampled MR image. When the frames of the
sequences were reconstructed jointly, they demonstrated to learn the spatiotemporal
correlation efficiently by leveraging the convolution and data sharing layers together. Quan
et al. [29] proposed a novel fully-residual convolutional autoencoder and generative
adversarial network (RefineGAN) with consistency loss for fast and accurate CS-MR
reconstruction. In addition, they leveraged a chained network to further improve the quality
of the reconstructed image.

More recently, several studies have been performed to integrate advanced deep neural
network architectures, strategies, and loss designs to address the MRI reconstruction
problems [30], [31], [32], [33], [34]. Schlemper et al. [30] proposed a novel cascaded CNN-
based CS technique and a stochastic variation for Diffusion Tensor Cardiac Magnetic
Resonance (DT-CMR) reconstruction. Yang et al. [31] designed a novel conditional
generative adversarial network based model (DAGAN) to reconstruct CS-MRI and proposed
a refinement learning method to further improve the reconstruction performance. Seitzer et
al. [32] combined adversarial loss, perceptual loss and mean squared error (MSE) loss
together to promote the visual quality of CS-MRI reconstruction. Qin et al. [33] developed a
novel convolutional recurrent neural network (CRNN) architecture to simultaneously exploit
the dependency of the temporal sequences as well as the iterative nature of traditional
optimization algorithms for high-quality cardiac MR image reconstruction.

Although deep learning methods have shown promising results for reducing reconstruction
time while maintaining superior image quality, most methods reported in the literature focus
on reconstructing high-quality MR image (i.e., corresponding to the full,y-sampled k-space
data) by just using the under-sampled data of the same modality. Most of them have not
explored the highly coupled relationship between different MR sequences to accelerate
image reconstruction, i.e., through multi-modal fusion.

In clinical routines, TIWI and T2WI images are two basic MR sequences for assessing
anatomical structures and pathologies, respectively. The two modalities are closely related
with each other. TIWI is useful for identifying fatty tissue, characterizing focal liver lesions
and in general for obtaining morphological information, as well as for post-contrast imaging.
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T2WI1 is useful for detecting edema and inflammation, revealing brain white-matter lesions
and assessing zonal anatomy in the prostate and uterus, etc. Examples of the co-registered
T1WI and T2WI data from the same subject are shown in Fig. 1. Two white-matter lesions
are highlighted by the red circle and the green box, respectively. The two sequences of TIWI
and T2WI in general provide complementary information to reveal the anatomical details of
the patient, although they have very different image appearance and contrast for
corresponding anatomies. For example, the white matter in TIWI is of high intensity, while
it appears dark in T2WI; whereas the gray matter in TIWI is of low intensity, while it
appears bright in T2WI.

The acquisition of T2WI is usually slower than T1W!I due to the relatively longer repetition
time (TR) and echo time (TE) of T2WI. To this end, one may consider under-sampling the
k-space for faster T2WI, which, however, may reduce the imaging quality at the same time.
In Fig. 1, the example of the 1/8 under-sampled T2WI (i.e., by reducing the sampling rate to
1/8 of the case of fully sampling the A-space) is provided. Although the lesions can still be
roughly observed, the boundaries are not clear and many details are missing. In addition, the
quality of the non-lesion areas, as indicated by the blue arrows, is also reduced in the 1/8
under-sampled T2 image. Therefore, we argue that it is unpractical to speed up the
acquisition of T2WI by simply under-sampling the A-space with such a high reduction
factor.

In this paper, we propose a deep learning solution to fuse TIWI and a highly under-sampled
T2WI to reconstruct a high-quality T2WI. Our method can (1) leverage the highly coupled
relation between TIWI and T2WI and (2) utilize the unique cues in the under-sampled
T2WI to reconstruct the high-quality image corresponding to the fully-sampled T2WI.
Particularly, we argue that the appearance of different tissues is highly related, though
diverse, in TIWI and T2WI1 especially in non-lesion areas. In this way, a nonlinear mapping
modeled by deep learning can bridge the two different image modalities. Meanwhile, even
though a lesion might not be easily observable in TIWI, the cues in under-sampled T2WI
allow us to reconstruct it at high quality after integrating the information from the fully-
sampled T1WI.

To this end, we adapt the Unet architecture [14] to fuse the two modalities for the
reconstruction of T2WI. First, we concatenate the corresponding T1WI and under-sampled
T2WI as the input. Next, in the proposed Dense-Unet that consists of a contracting (or
encoding) path and a symmetric expanding (decoding) path, we introduce the dense block to
significantly boost the reconstruction quality of the target fully-sampled T2WI. The dense
blocks result in fewer network parameters, making our computation much easier. Our
experimental results suggest that we could accelerate the imaging process by under-
sampling the A-space at the rate of 8 for T2WI, with negligible aliasing artifacts and SNR
loss in the reconstructed T2 images. Moreover, we find that the deep network trained from
the data of a Siemens Verio 3T scanner can be well applied to the data acquired by a Philips
Ingenia 3T scanner, implying a high transferring and generalization capability of our
method.
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Although there are several studies attempting to estimate T2WI from T1WI in the literature,
our work attains fast T2WI1 reconstruction by fusing multi-modal T1W!I with under-sampled
T2WI. A similar work can be found in [34], which also tries to improve the quality of down-
sampled images with the help of high resolution images of different contrast. For just using
T1WI to predict T2WI, Alkan et al. [35] proposed a nine-layer 2D CNN using T1WI
combined with tissue mask to generate T2WI. Vemulapalli et al. [36] generated T1WI from
T2WI by unsupervised cross-modal synthesis. However, our work differs from these works
in terms of the following contributions.

. We have demonstrated that our proposed method could achieve 8x acceleration
rate while still preserves high reconstruction quality. It only takes 9.5s to finish
the reconstruction of a 3D T2 image volume by fusing T1WI and under-sampled
T2WI acquisitions.

. We propose a novel Dense-Unet architecture with the dense blocks in both
encoding and decoding paths. The dense blocks dramatically reduce the number
of the network parameters to 1/3, while still achieving superior reconstruction
quality of T2WI.

. We demonstrate the possibility of transferring the networks trained with different
datasets. In particular, we train with the data from a Siemens Verio 3T and test
with data from a Philips Ingenia 3T scanner. The quality of the reconstruction is
satisfactory, which demonstrates the good transferring and generalization
capability of our proposed method.

A preliminary version of this work has been presented at a conference [37]. Herein, we (i)
demonstrate transferability of proposed method across different scanners, (ii) evaluate and
further analyze the reconstruction performance of using different under-sampling masks, (iii)
provide more detailed comparison of our proposed method with base Unet both qualitatively
and quantitatively, and (iv) include additional discussions that are not in the conference
publication.

[I. MetHobs

We provide details of our proposed Dense-Unet in this section, which is capable of
reconstructing high-quality T2WI by fusing T1IWI and under-sampled T2WI acquisitions.
The architecture of our proposed Dense-Unet is illustrated in Fig. 2.

A. Objective Function

We can denote the under-sampled T2 A-space data as

fra=MFyr, (1)

where M is the mask to under-sample the A-space, Frepresents the full Fourier encoding
matrix complying with 77 £= / (H for the Hermitian transpose operation), and y'72is the T2
image corresponding to fully-sampled 4-space data (fully-sampled T2 image). Therefore,
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Fy12 denotes the fully sampled 4-space data. With the under-sampled &-space data 72, we
can apply zero-filling to the 4-space and get the under-sampled T2 image by

Ay = FHsz )

Our goal in this work is to reconstruct the fully-sampled T2 image ( f72) when only the
under-sampled x7, or fr is available. Specifically, we adopt a deep CNN architecture to
accomplish this task. Given pair data of x7, and y,, we train the network to minimize the
following loss function in a supervised way:

arggmm[%znll €2, 20) - yTl”HE] )

In the above, ((.;.) is the desired mapping function with the network parameters
0={(W.B,). ....(W,.B,)}. Nis the total number of the paired images for training, and L is

the maximal layer depth of the network.

T1WI provides critical guidance to the reconstruction of T2WI in this work, which has been
motivated early and will be verified in subsequent experiments. To this end, we need to fuse
the T1IWI information to better reconstruct T2WI. The corresponding T1IWI is thus

concatenated with the under-sampled T2WI, and then input to the network. Accordingly, the
mapping function of the network needs to accommodate the multi-modal input by following

argmin{ e 30 lellers orinf )= ] @

———

where g1, is the fully-sampled T1 image

B. The Dense-Unet Architecture

Our proposed deep neural network can handle multi-modal input, which is concatenated
from fully-sampled T1WI and under-sampled T2WI. Specifically, we concatenate m
consecutive under-sampled T2 slices and /7 consecutive T1 slices in the same positions. The
concatenated 2/ slices are input to the network, which outputs corresponding T2 slices. In
our implementation, we set /77 = 3 for synthesizing every 3 axial slices in each training and
testing task. The performance is mostly stable by increasing /maccording to our experiments.

The Dense-Unet, whose detailed architecture is shown in Fig. 2(a), contains a contracting
path and an expanding path. The feature map sizes decrease along the contracting path by
pooling, and then increase in the expanding path by deconvolution. There are four basic
components in the Dense-Unet architecture, i.e., pre-feature extraction layer, dense block,
transition layer and reconstruction layer. The four components are marked with different
indices in the figure. An example of the dense block is shown in Fig. 2(b).
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Pre-feature extraction layer: Dense-Unet first extracts feature maps from the
concatenated under-sampled T2WI and T1WI using a convolutional layer. These feature
maps are forwarded to the latter dense blocks for further mapping. Denoting the
concatenated input as (x7», y71), we can compute the output of the first layer as

Fy=o(W, *[x75. 90| +By) (5)

where W4 and B; represent the kernels associated with the first convolutional layer, and *
denotes the convolution operator.

Dense block: Dense connectivity has been proposed in [10] to improve the feature flow
across layers. We adopt the strategy in our model so that we can effectively increase the
depth of the whole network without being trapped in optimization. Moreover, the dense
block requires substantially fewer parameters and less computation, which makes the model
efficient to train. Fig. 2(b) illustrates the layout of the dense block. Consequently, the £th
layer receives the feature maps of all preceding layers, [2,...,2~1], as the input

g =Hlzg-n54]) 6)

where [zO, 2y 1] refers to the concatenation of the feature maps coming from layers 0,...,/

- 1. H,(*) is defined as a composite function of three consecutive operations: batch
normalization (BN) [38], followed by a rectified linear unit (ReLU) [39],and a 3 x 3
convolution (Conv). The hyper-parameters for the dense block are the growth rate (GR) and
the number of the convolutional layers (NC). Fig. 2(b) gives an example of the dense block
with GR=16 and NC=5.

Transition layer: We refer to the layer behind the dense block as the transition layer. In the
contracting path, it consists of BN, 1 x1 Conv, and 2 x 2 average pooling. On the expanding
path, it consists of BN and deconvolution (filter number: 64, size: 4 x 4, stride: 2). The
transition layer is introduced to fix the number of the feature maps to 64. The hyper-
parameters in the preceding dense block may alter the number of the feature maps. With the
transition layer, we can flexibly adopt the dense blocks in both the contracting and the
expanding paths.

Reconstruction layer: The proposed Dense-Unet ends with the reconstruction layer that
yields the fully-sampled T2WI from the feature maps generated by the last dense block. The
reconstruction can be attained by a single convolutional layer by following

Here, Fpis the feature maps outputted by the last dense block, and Yy is the T2WI

estimation by the reconstruction layer. Note that there is no activation function employed in
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the reconstruction layer. We use the mean squared error (MSE) between the estimation of
fully-sampled T2 image and the ground-truth fully-sampled T2 image as the loss function,
which supervises the training of the whole network.

ExperivEnTAL RESULTS

First, we introduce the datasets used in the experiments and present the experimental settings
(Sections 3.1). After that, we investigate the necessity of fusing the multi-modal T1
information for the reconstruction of T2WI (Section 3.2). Next, we explore the influence of
different hyper-parameter settings of Dense-Unet upon the reconstruction performance
(Section 3.3). Then, we compare Dense-Unet with the existing Unet and other state-of-the-
art methods to demonstrate the effectiveness of our proposed method (Section 3.4). After
that, we explore the effect of using different under-sampling masks on the performance of
reconstruction (Section 3.5). Finally, we demonstrate that the Dense-Unet trained with a
certain dataset can be transferred and applied to reconstruct another dataset acquired from a
different MR scanner (Section 3.6).

A. Data and Experimental Setting

We utilize the imaging data from MICCAI Multiple Sclerosis (MS) Segmentation Challenge
2016 [40] for the demonstration of our proposed Dense-Unet. There are two datasets, each
containing 5 subjects of paired TIWI and T2WI. Dataset 1 comes from a Philips Ingenia 3T
scanner. The voxel size is 0.7 x 0.74 x 0.74mm?. Dataset 2 comes from a Siemens Verio 3T
scanner. The voxel size is 1.1 x 0.5 x 0.5mmR. Multiple pre-processing steps are applied on
all subjects in both datasets, including: 1) denoising with the non-local means algorithm
[41]; 2) rigid registration [42]; 3) brain extraction using the volBrain platform [43] from
T1WI and then applied to T2WI with sinc interpolation; 4) bias correction using the N4
algorithm [44]; 5) intensity normalization to the range [0,1] by dividing the maximal
intensity value. Note that Steps 1-4 above are processed by the challenge organizers. The
final size of each image is cropped to 336 x 336 x 261/m7P in our experiments.

To prepare the data of under-sampled T2WI, we adopt a center mask (c.f. Fig. 7) to under-
sample the A-space. Note that the center part of the A-space (and also covered by the center
mask) accounts for a major contrast source of the anatomical structures in the reconstructed
T2 image. The outer area of the A-space, on the other hand, provides high-frequency spatial
information. In our proposed method, we fuse TIWI and under-sampled T2WI1 as the input
to the network. We expect that all spatial information in the fully-sampled T1 image can
help estimate anatomical structures in T2WI, where central A-space in T2WI will provide
essential information for image contrast. Particularly, we follow Eq. (1) to simulate the
under-sampled T2 image given each fully-sampled T2WI acquisition. Note that there are
alternative ways to design the mask, which will be discussed later.

We then use PyTorch [45] to implement the proposed Dense-Unet. In the training phase, we
use consecutive 2D slices (/m = 3) to train the deep network. We extract 2D slices from the
3D volumes of fully-sampled T1WI and under-sampled T2WI as the input, while the
corresponding slices from the fully-sampled T2W1 are used as ground truth. In this way,
each training subject can contribute 200 training samples in axial slices, while the slices
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containing background only are excluded from training. Data augmentation of horizontal
flipping is also applied. We adopt Adam optimization [46] with a momentum of 0.9 and
perform 100 epochs in the training stage. The batch size is set to 4 and the initial learning
rate is set to 0.0001, which is divided by 10 after 50 epochs. We use zero-padding during
every convolutional layer to ensure that the size of the output is the same as the size of the
input. All the experiments are conducted in a desktop with an Intel Core i7 4.00GHz CPU,
32 GB RAM, and an NVIDIA GeForce GTX Titan X GPU.

The leave-one-out cross-validation strategy is employed in the experiment. To quantitatively
evaluate the reconstruction performance, we use the standard metrics of mean absolute error
(MAE) and peak signal-noise ratio (PSNR)

MAE = br oz ‘_/yf2| (®)
PNSR = 10| — Y2~ i 5| ()
b7 =7,

Here, V is the number of voxels in the image, yT2 is the ground-truth T2 image, V5o is the

reconstructed T2WI, and D is the intensity range of image yT2. The PSNR and MAE
measures encode the difference between the reconstructed T2WI and the ground truth. In
general, the higher PSNR and lower MAE indicate better perceptive quality of the
reconstructed T2WI.

B. Necessity of Fusing T1WI

To demonstrate the effectiveness of integrating T1WI data for the reconstruction of T2WI,
we compare the performances of several different cases performed on Dataset 1 and report
the average PSNRs/MAEs in Table I. The under-sampling rate of the A-space is set to 8 here.
The cases under comparisons include (1) using under-sampled T2W!I to reconstruct fully-
sampled T2WI (Reconstructed T2 with 1/8 T2) and (2) using the combination of TIWI and
under-sampled T2W1 to reconstruct fully-sampled T2WI (Reconstructed T2 with T1 and 1/8
T2). For better comparison, in Table | we provide the PSNR/MAE scores between the fully-
sampled T2WI and under-sampled T2WI (1/8 T2) before deep learning based
reconstruction. Meanwhile, one may also consider synthesizing T2WI1 by using T2WI input
only (Reconstructed T2 with T1). Note that the same network as in Fig. 2 was used when
dealing with a single image input for fairness (i.e., Reconstructed T2 with 1/8 T2 and
Reconstructed T2 with T1).

As shown in Table I, better performance is observed with Reconstructed T2 with T1 and 1/8
T2 as compared to Reconstructed T2 with T1 and Reconstructed T2 with 1/8 T2. In
particular, the average PSNR score for Reconstructed T2 with T1 and 1/8 T2 is 36.9dB,
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comparing to 30.6dB for Reconstructed T2 with T1 and 33.9dB for Reconstructed T2 with
1/8 T2. On the other hand, minimum improvement in image quality is observed with
Reconstructed T2 with 1/8 T2 (PSNR: 33.9dB) as compared to 1/8 T2 (PSNR: 32.5dB),
suggesting difficulty in enhancing the quality of T2WI with deep learning under such a high
reduction factor. However, with additional information from T1WI, the image quality
(Reconstructed T2 with T1 and 1/8 T2, PSNR: 36.9dB) is largely improved, which
demonstrates the importance to fuse multi-modal inputs for the reconstruction of highly
undersampled T2WI. The MAE scores are mostly consistent with the results measured by
PSNR.

Representative images for all four reconstruction cases are shown in Fig. 3 for visual
inspection. Compared to other methods, our proposed approach with Reconstructed T2 with
T1 and 1/8 T2 provides the best image quality and preserves both image contrast and
detailed tissue boundaries with respect to the ground-truth T2WI. Although the performance
of Reconstructed T2 with T1 in PSNR/MAE is poor (c.f. Table I), major tissue and
anatomies are correctly synthesized, e.g., white matter and gray matter in the red circle.
However, the lesion in the green box is largely missing if using only T2 input for cross-
modal synthesis, as reflected by the large differences in the error map with respect to the
ground truth. This indicates the difficulty of reconstructing T2WI based on T1WI alone by
image synthesis, as the unique information in the A-space center of T2WI (though under-
sampled and low-quality) is essential for preserving image contrast.

On the contrary, referring to Reconstructed T2 with 1/8 T2, we find that the white-matter
lesion (green box) is clearly observable, while its interface with the surrounding tissues
becomes blurry. Moreover, in the red circle, the contrast appears worse compared to the
ground truth. Even though deep learning is adopted here to enhance image quality, we argue
that the missing data points in the masked-out A-space make it difficult to fully reconstruct
T2WI from under-sampled &-space data. To this end, we need to take advantages from
complementary TIWI and under-sampled T2WI. While T1WI provides detailed anatomical
information that both modalities share, the unique cues in under-sampled T2WI are essential
for the proposed Dense-Unet. In general, Reconstructed T2 with T1 and 1/8 T2 yields the
most satisfactory reconstruction result with high perceptive quality.

C. Parameter Setting in Dense-Unet

There are two hyper-parameters in the dense block, i.e., the growth rate (GR) and the
number of convolutional layers (NC). In this experiment, we explore the effect of different
hyper-parameter settings on the reconstruction quality of T2WI by using Dataset 1.
Concerning the physical limit of the GPU memory, we have tested five pairs of parameters.
The results as reported in Table Il are also associated with three different rates to under-
sample the A-space. In this way, we can evaluate the influence of the parameters regarding
the acceleration factor in the reconstruction of fully-sampled T2WI.

As shown in Table I, Dense-Unet with GR = 16 and NC = 5 yields the best reconstruction

performance, regardless of the under-sampling rates (i.e., 1/4, 1/8, and 1/16). Reduced image
quality (decreased PSNR and increased MAE) is observed with higher under-sampling rates,
which is expected. Fig.4 presents examples for visual inspection, which are derived from the

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2020 May 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xiang et al.

Page 11

optimal hyper-parameters and corresponding to different under-sampling rates. Similar
image quality and error maps are noticed for Reconstructed T2 with T1 and 1/8 T2 and
Reconstructed T2 with T1 and 1/4 T2. However, substantial errors are observed with the
under-sampling rate of 1/16, especially as indicated in the green box of white-matter lesion.
To this end, we adopt the recommended under-sampling rate as 1/8 in this work, and argue
that our method can reach 8x acceleration factor for T2WI.

D. Comparison with Unet

In this section, we conduct comprehensive comparisons between our proposed Dense-Unet
and the standard Unet, in order to demonstrate the advantage of the dense block. For Unet, it
also has two down-sampling layers and two up-sampling layers. Similar to the original Unet,
the numbers of convolution feature map in each stage are 64, 128 and 256, respectively. And
it has 2 convolution layers in each stage. First, we compare the training/testing loss
convergence of Unet and Dense-Unet, respectively (Fig. 5). In the training stage, the blue
curve for Dense-Unet converges faster than the green curve for Unet, and arrives at lower
loss in the final iteration. In the testing stage, Dense-Unet also produces better performance
than Unet, which is reflected by the lower loss calculated from test samples. Note that there
are ~2.2 million parameters in U-Net, but only ~0.4 million in Dense-Unet.

Quantitative evaluation in PSNR and MAE for both Unet and Dense-Unet is summarized in
Table I11. For three different under-sampling rates, Dense-Unet consistently outperforms
Unet, suggesting the contribution of the proposed dense block in the multi-modal
reconstruction task. Fig.6 gives a visual comparison of the reconstruction results by Unet
and Dense-Unet, respectively. The under-sample ratio studied in Fig.6 is 1/8 and all three
views are presented. We can see that with TIWI and under-sampled T2W1 as input, both
Unet and Dense-Unet can reconstruct the details of T2WI, including the lesion. However,
the Dense-Unet is superior in that it provides a clearer boundary and less error especially in
the ventricular area.

E. Effect of under-sampling masks for T2WI

A center mask is used to under-sample the A-space of T2WI. In this section, we evaluate the
choices of different under-sampling masks and compare the reconstructed T2 images. With a
constant under-sample ratio of 1/8, we particularly test three different masks, including
Center Mask, Equidistance Mask and Gaussian Mask. Center Mask only extracts
information from the center A-space. Equidistance Mask extracts half of the A-space lines
(1/16 of the whole 4-space) from the center, and the rest half lines are uniformly sampled at
both sides. For Gaussian Mask, 3/32 of k-space lines are included in the center and the rest
are sampled based on the Gaussian distribution. All three masks are shown in Fig.7. Note
that more information is always extracted from the center of 4-space for all three masks, as
the data in the center is critical to determine the image contrast in T2WI. Results of using
different masks are then summarized in Table V. We observe that Center Mask provides the
best performance out of the three cases. This further suggests that, when the same amount of
k-space data is utilized, sampling at the A-space center of T2WI will provide the best results
with our proposed method.
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F. Transferring across Scanners

In this section, we explore the robustness of our proposed method on different datasets that
were acquired from different scanner makers. We investigate the way to transfer the network
across the datasets of different scanners. Specifically, as we have two datasets in this work,
we use Dataset 2 (from a Siemens Verio 3T scanner) to train the network and then apply it to
Dataset 1 for testing (from a Philips Ingenia 3T scanner). The average PNSRs and MAEs
with respect to different under-sampling rates are reported in Table V. For comparison, the
average PSNRs and MAEs that are tested on Dataset 1 using the leave-one-out strategy are
also listed in Table V. We refer Dense-Unet (D1-D1) to the case when our proposed method
is trained on Dataset 1 and tested on Dataset 1 too. Dense-Unet (D2-D1) then indicates the
case that the network trained from Dataset 2 is transferred to Dataset 1.

From the table, we observe that the reconstruction performances are mostly comparable
between Dense-Unet (D1-D1) and Dense-Unet (D2-D1). For example, with T1 and 1/8
under-sampled T2, the transferred network reaches a PSNR of 36.7dB, which is just slightly
lower than the case trained and tested with the same dataset (36.9dB). Similar observations
can be found for different under-sampling rates, indicating high robustness of our method
when it is transferred across different datasets.

IV. Discussion

In this study, we have demonstrated that, with the complementary information from T1WI,
the under-sampled T2W1 can be reconstructed with superior image quality compared to the
images reconstructed using only under-sampled T2W1 or only fully-sampled T1WI. Note
that the techniques of image enhancement (i.e., corresponding to Reconstructed T2 with 1/8
T2) and cross-modal synthesis (Reconstructed T2 with T1) have drawn a lot of attention in
medical image analysis recently. However, it is still necessary to fuse multi-modal input for
a better reconstruction as reflected by our experimental results (Reconstructed T2 with T1
and 1/8 T2). As in Fig.3, we have demonstrated that under-sampled T2 is critical to provide
cues of white-matter lesion, which is barely observable in TIWI.

While the importance of T2WI for diagnosis (e.g., toward the lesion as in Fig.3) is evident,
one may argue that for healthy subjects, the reconstructed T2WI from T1W!I alone is enough
without the need of under-sampled T2WI [35]. To this end, we present an example slice
without any lesion in Fig.8. The first row is the reconstruction results using our proposed
Dense-Unet methods, and the second row contains error maps generated by comparison with
the ground-truth T2. For visual inspection, one may notice that Reconstructed T2 with T1
has a higher systematic error compared to Reconstructed T2 with T1 and 1/8 T2, especially
in the ventricles highlighted by the green box. Meanwhile, Reconstructed T2 with 1/8 T2
has no such bias, though it suffers from blurry boundary in the image. Therefore, we argue
that the cross-modal synthesis task (from T1 to T2) is challenging. Whereas, it becomes
much easier to reconstruct high-quality T2WI with multi-modal input.

MR images reconstructed from A-space contain complex-value data. The phase of MR
images often provides valuable information as the magnitude image, particularly when
performing image reconstruction from under-sampled dataset. In this study, all our
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experiments were performed using data from the 2016 MICCAI Multiple Sclerosis (MS)
Segmentation Challenge. The data provided by the challenge only contains magnitude
information. Therefore, we are unable to evaluate the reconstruction results with the phase
information. In the future, we will collect real data containing both the magnitude and phase
to further evaluate the proposed reconstruction method. It is straightforward to extend the
current Dense-Unet architecture to handle complex-value data by including the phase data as
a separate channel for the input network. In our case, we will have 12 channels in total for
the input, i.e., 6 for magnitude channels (3 consecutive slices for TIWI and 3 for under-
sampled T2WI) and 6 for phase channels (also 3 for TAWI and 3 for under-sampled T2W1I).
Similarly, the network can output the 6 channels corresponding to the magnitude and phase
parts. This setting could combine the information from magnitude and phase parts
simultaneously for the reconstruction, and further improvement in the reconstruction
performance is expected.

The proposed framework that uses T1IWI to help the reconstruction of T2WI can be easily
applied to other MRI sequence reconstruction, such as Fluid Attenuated Inversion Recovery
(Flair) image and Diffusion Weighted Imaging (DW1). In the future, we will explore the
potential of using more modalities to reconstruct the target modality. Moreover, currently we
use one fully sampled modality and an under-sampled modality to implement the
reconstruction; we could extend the work by using two under-sampled modalities (i.e., one
slightly under-sampled and one highly sampled) to complete the reconstruction of highly
sampled image. Following this extension, we could improve our framework by outputting
two reconstruction results corresponding to the two under-sampled inputs, resulting in a
faster scanning process for multi-sequence acquisitions in practical clinical applications.
These are all based on the observation that multi-modalities have high inherent
corresponding relationship with each other, but they also have their own unique information.

V. ConcLusion

In this paper, we propose a novel Dense-Unet model to reconstruct the T2WI from the T1IWI
and under-sampled T2WI. Our approach of using T1WI makes the reconstruction of T2WI
from 1/8 under-sample ratio in A-space possible and leads to the process being sped up by a
factor of 8. The dense block, which requires substantially fewer parameters and less
computation, is integrated within the Unet architecture in our work. This proposed Dense-
Unet could converge faster than that of the baseline model Unet and attain a lower loss point.
This enables our model to further improve the quality of the reconstructed T2WI.
Comprehensive experiments showed the superior performance of our method, including the
greater perceptive quality and the faster running speed. Moreover, the transferability across
different datasets from different scanners further shows the superiority of our proposed
method. The trained model can be directly applied to different scanners without any pre-
training or refinement process. This work can greatly improve the acquisition efficiency and
image quality in clinical settings. While all the experiments in this work are performed on
simulated MR images, we will investigate the performance of our framework on real data in
the future, with both magnitude and phase values to improve the reconstruction results
gained from under-sampled images.
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TIWI T2WI 1/8 T2WI

Fig. 1.
Examples of TIWI, T2WI and 1/8 under-sampled T2WI data from the same subject.

Multiple sclerosis lesions are marked by circles and boxes, respectively
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(a) Hlustration of the proposed Dense-Unet for T2WI reconstruction with TIWI and under-
sampled T2WI as concatenated input; (b) illustration of the detailed configuration of the
dense block. Note that we implement the input in (a) as six consecutive axial slices (with
three from fully-sampled T1WI and three from under-sampled T2WI). In (b), each dense
block consists of five convolutional layers. The growth rate is set to 16, and the output of
each block has 80 feature maps.
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Fig. 3.

Vigsual inspection of using multi-modal input for T2WI reconstruction. There are three views
in the figure. The first row of each view shows the input images, as well as the
reconstruction results by different input settings. The second row provides the error map
(encoded by the color bar) between the reconstructed T2 image and the ground truth. Red
circles and green boxes are placed on the corresponding locations of individual images for
better comparison of specific structures.

IEEE Trans Biomed Eng. Author manuscript; available in PMC 2020 May 29.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Xiang et al.

Page 20

o = o o o o o =,

Under-sample 1/4 \
- T2 Reconstructed { V4 T2 Reconstructed Reconstructed T2
ground-truth T2 with T1 T2 with 1/4 T2 with T1 and 1/4 T2|

-0.5 \—-———-————ﬂ/
Under-sample 1/8 Under-sample 1/16
‘ 18 T2 Reconstructed Reconstructed T2 4 Reconstructed  Reconstructed T2
T2with 1/8T2 withTiand 1872 116712 T2 with 1/16 T2 with T1 and 1/16 T4

i I

! :I |
I Il 1 |
i 1L /) |
, 'I [
\._____________,/\___________’

Fig. 4.
Visualization of reconstructed T2WI with different under-sampling rates, including 1/4, 1/8

and 1/16. The reconstruction is obtained with Dense-Unet. For fair comparison, we also
reconstruct the T2 images using fully sampled T1WI only as shown in the first row.
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Fig. 5.
Comparison of training and testing loss convergence between Unet and Dense-Unet.
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Fig. 6.
Comparisons between Unet and the proposed Dense-Unet using input data from T1WI and

1/8 under-sampled T2WI. Reconstructed images from all three views (axial, coronal and
sagittal) are plotted. The first row for each view presents the reconstructed images and the
second row shows the corresponding error map as compared to the ground truth.
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(a) Center mask (b) Equidistance mask (¢) Gaussian mask

Fig. 7.
Examples of different mask: (a) Center Mask, (b) Equidistance Mask, and (c) Gaussian

Mask. The under-sample rate is 1/8 in k-space for all masks.
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Visual comparison of various T2WI reconstruction results (no lesion). The first row
represents reconstruction results by different inputs. The second row presents the
corresponding error map as compared to the ground-truth T2WI.

Fig. 8.
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1/8 T2 Reconstructed T2 with T1 | Reconstructed T2 with 1/8 T2 | Reconstructed T2 with T1 and 1/8 T2

PSNR | MAE PSNR MAE PSNR MAE PSNR MAE
Subject 1 331 0.022. 30.9 0.028 34.5 0.019 37.6 0.013
Subject 2 33.2 0.022 30.4 0.030 33.7 0.021 37.0 0.014
Subject 3 315 0.027 30.3 0.030 324 0.024 36.5 0.015
Subject 4 321 0.025 30.1 0.031 33.4 0.021 36.4 0.015
Subject 5 32.6 0.023 31.2 0.028 335 0.017 37.0 0.014
Average 325 0.024 30.6 0.030 33.9 0.020 36.9 0.014
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TABLE Il
RECONSTRUCTION PERFORMANCES BY USING DIFFERENT HYPER-PARAMETER SETTINGS AND UNDER-SAMPLING RATES IN DENSE-
UNET.
T1+1/4 T2 T1+1/8 T2 T1+1/16 T2
Reconstructed T2 with different parameters
PSNR | MAE | PSNR | MAE | PSNR | MAE
GR=16, NC=4 37.7 0.013 34.1 0.020 335 0.021
GR=16, NC=5 39.1 0.011 36.9 0.014 34.3 0.019
GR=16, NC=6 38.9 0.012 34.7 0.019 324 0.024
GR=24, NC=4 385 0.012 36.5 0.015 34.1 0.020
GR=24, NC=5 388 | 0012 | 363 | 0.016 | 34.0 | 0.020
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CowmparisoN oF PSNR aND MAE vaLUES BETWEEN UNET AND DENSE-UNET AT DIFFERENT UNDER-SAMPLING RATIOS.

T1+1/4 T2 T1+1/8 T2 T1+1/16 T2
Reconstructed T2 with different models
PSNR | MAE | PSNR | MAE | PSNR | MAE
Unet 37.6 0.013 36.6 0.015 33.8 0.020
Dense-Unet 39.1 0.011 36.9 0.014 34.3 0.019
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TABLE IV

CowmparisoN oF PSNR aND MAE vaLUES BETWEEN UNET AND DENSE-UNET AT DIFFERENT UNDER-SAMPLING RATIOS.

Center Mask Equidistance Mask | Gaussian Mask
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PSNR

MAE

PSNR

MAE

PSNR

MAE

36.9

0.014

36.2

0.013

33.3

0.021
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TABLE V

COMPARISON OF THE RECONSTRUCTION PERFORMANCE WHEN THE NETWORK TRAINED WITH DATASET 2 1S TRANSFERRED AND
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TESTED UPON DATASET 1.

T1+1/4 T2 T1+1/8 T2 T1+1/16 T2
Reconstructed T2 with different parametrs
PSNR | MAE | PSNR | MAE | PSNR | MAE
Dense-Unet (D1-D1) 39.1 0.011 36.9 0.014 343 0.019
Dense-Unet (D2-D1) 385 | 0012 | 36.7 | 0014 | 340 | 0.020
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