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ABSTRACT

Magnetic resonance imaging (MRI) has been widely used for clinical disease diagnosis

and neuroscience research since its invention. Compared with other commonly used medi-

cal imaging modalities like computed tomography and ultrasound, MRI has advantages in

showing soft tissue in rich contrast, introducing no ionizing radiation during the scanning,

and presenting either anatomical or physiological information through the 
exible con�gu-

ration of the scanning pulse sequence. It is estimated there are around 40 million MRI scans

conducted in the United States every year. Despite MRI having achieved great success in

recent years, it still has some limitations like long scan time and low signal-to-noise ratio.

With the emergence of powerful GPU-based computing systems and the collection of

large-scale open-access datasets, deep learning has achieved great progress and profoundly

changed the world in multiple regions over the past decade, ranging from pattern recognition

to healthcare. Numerous studies have shown the performance of neural networks superior to

humans on speci�c tasks. However, studies on working principles of deep learning like net-

work interpretability, generalization, and stability are still insu�cient, raising safety concerns

and limiting its actual deployment in real-world applications.

This dissertation addresses problems in three aspects: 1) using deep learning to over-

come existing MRI shortcomings; 2) using deep learning to broaden the application scope of

MRI; and 3) exploring unsolved deep learning problems.

For existing MRI shortcomings, we aim at 1) shortening MRI scan time without sac-

ri�cing image quality, 2) reducing cine cardiac MRI motion artifacts, and 3) correcting the

error caused by T2 defocusing happened in current MRI reconstruction. Through conduct-

ing experiments on single-contrast and multi-contrast super-resolution and proposing neural

networks with advanced architectures, objective functions, and optimization algorithms, we

can successfully shorten MRI scan time by at least 4-fold without signi�cant image quality

degradation. In the cine cardiac MRI study, we propose a recurrent neural network with

convolutions and long short-term memory. According to the feedback of collaborating clini-

cians, our results greatly mitigate motion artifacts and can better be used for cardiovascular

diseases diagnosis. In the study trying to correct the error caused by T2 defocusing that

happened in current MRI reconstruction, we propose a deep learning framework integrating

the MRI data acquisition process and image reconstruction process, and optimizing both the

xvii



pulse sequence and the reconstruction scheme seamlessly. According to our pilot simulation

results, better MR images can be obtained.

For the extension of MRI application, we propose a deep learning-based end-to-end

framework that can classify brain metastases based on their primary organ sites from whole-

brain MRI scans with minimal human intervention. Through designing neural networks for

metastases segmentation, image modality transformation, and classi�cation, we can classify

brain metastases into �ve categories with high accuracy. Our study shows the potential to

use a whole-brain MRI scan instead of biopsy for metastases classi�cation in the future,

which also contributes to the early diagnosis of cancer.

For the exploration of unsolved deep learning problems, we conduct a study on neural

network uncertainty. We propose a method to estimate neural network uncertainty so that

the reliability of network results can be quanti�ed. We then apply the proposed method

to some MRI applications and show that quantifying network result uncertainty can deliver

better diagnostic performance and make medical AI imaging more explainable and trustwor-

thy.
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CHAPTER 1

INTRODUCTION

1.1 Magnetic resonance imaging

As one of the most brilliant inventions in the 20th century, magnetic resonance imaging

(MRI) has profoundly changed the world. It opened a window for humankind to noninva-

sively investigate interior anatomy and physiological processes of the body. Paul Lauterbur

and Peter Mans�eld were awarded the Nobel Prize in Medicine or Physiology in 2003 for

their important contributions to the development of MRI. Since �rst invented, MRI has

been further developed into multiple modalities by 
exibly con�guring scanning sequences

[1]. Through structural imaging, MRI devices can demonstrate tissue structures in rich

contrast and are clinically used for disease diagnoses such as brain trauma, tumors, car-

diomyopathies, and meniscus damage. Functional MRI dominates brain mapping research

via measuring blood 
ow and re
ecting brain activity. Di�usion MRI depicts the di�usion of

water molecules and is widely used for clinical neurology. Apart from the above mentioned,

there are also other MRI modalities developed, such as perfusion MRI, nuclear polarization

MRI, and MR angiography.

Generally, MRI devices obtain images from receiving signals originating inside of the

body [2]. Signal results from a combined utilization of several deliberately con�gured mag-

netic �elds and radio frequency (RF) waves. When hydrogen ions in the water receive RF

waves with similar frequencies as their spin, some hydrogen ions will adopt the energy within

Portions of this chapter previously appeared as: Q. Lyu, H. Shan and G. Wang, \MRI super-resolution
with ensemble learning and complementary priors," IEEE Trans. Comput. Imaging , vol. 6, no. 1, pp.
615-624, Jan. 2020.© [2020] IEEE. Reprinted, with permission.

Portions of this chapter previously appeared as: Q. Lyuet al., \Multi-contrast super-resolution MRI
through a progressive network," IEEE Trans. Med. Imaging , vol. 39, no. 9, pp. 2738-2749, Sep. 2020.
© [2020] IEEE. Reprinted, with permission.

Portions of this chapter previously appeared as: Q. Lyuet al., \Cine cardiac MRI motion artifact
reduction using a recurrent neural network," IEEE Trans. Med. Imaging , vol. 40, no. 8, pp. 2170-2181,
Aug. 2021. © [2021] IEEE. Reprinted, with permission.

Portions of this chapter previously appeared as: Q. Lyuet al.. \A transformer-based deep learning
approach for classifying brain metastases into primary organ sites using clinical whole brain MRI," 2021,
arXiv:2110.03588.

Portions of this chapter previously appeared as: Q. Lyu, C. T. Whitlow, and G. Wang. \SoftDropCon-
nect (SDC) { e�ective and e�cient quanti�cation of the network uncertainty in deep MR image analysis,"
2022,arXiv:2201.08418.

Portions of this chapter previously appeared as: Q. Lyu, T. Xu, H. Shan, and G. Wang. \A synergized
pulsing-imaging network (SPIN)," 2018, arXiv:1805.12006.
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the RF waves and quickly change into an unstable state and then gradually return to the

original stable state and release signals. Through deliberately designing magnetic �elds,

hydrogen ions in di�erent positions can generate signals with di�erent frequencies and these

signals can be distinguished using inverse Fourier transform. Through 
exibly con�guring

magnetic �elds and RF waves to form di�erent pulse sequences, tissue information can be

presented in di�erent modalities. For example, tissue's T1 relaxation characteristics can be

presented by using T1-weighted spin-echo pulse sequence while using short tau inversion

recovery sequence to show images without the inference of fat tissues.

Compared with some other commonly used medical imaging modalities like computed

tomography (CT), MRI has the following advantages: 1) It can demonstrate soft tissue in

rich contrast. As a result, MRI is widely used for neuroimaging to provide contrast between

gray and white matter. 2) MRI scanning process is ionizing radiation free. 3) MRI can

be 
exibly con�gured to show in tissue information multiple modalities. However, MRI

also has some signi�cant disadvantages when compared with CT: 1) The scan process of

MRI usually lasts a long time, which introduces unavoidable motion artifacts and intensi�es

patient discomfort. 2) MRI devices are usually expensive. 3) There are loud noises generated

during the scan process, causing potential hearing issues. 4) Not suitable for patients with

magnetic implants.

1.2 Deep learning

Deep learning is a sub-region of arti�cial intelligence. It builds deep neural networks

to solve speci�c problems. Compared with conventional machine learning techniques that

require careful engineering and considerable domain expertise for feature extraction [3], deep

learning methods are data-driven and will learn how to extract features from given raw

data. In recent years, deep learning has achieved great success in the computational domain

for tasks like object detection, and image denoising [4]. Inspired by the success in the

computational domain, deep learning has been broadly into many other domains, such as

natural language process, weather forecasting, and healthcare [5]{[7].

Deep learning relies on backpropagation algorithms to optimize parameters within

a neural network, which was �rst introduced in 1986 [8]. In the following two decades,

backpropagation algorithms were gradually improved. However, due to the limitation of

low-ability computation devices and small-sized training datasets, there was only limited



3

progress made during this period. Since the 2010s, deep learning has gradually drawn the

attention of an increasing number of researchers because of the emergence of powerful GPU-

based computing systems and large-scale open-access datasets like ImageNet [9]. Popular

neural network structures such as AlexNet [10], ResNet [11], U-Net [12], and Transformer

[13] have been proposed and broadly utilized.

Although deep learning has made signi�cant progress in recent years, there are still

some following unsolved questions, which limit the deployment of deep learning in real-world

applications. 1) Interpretability. Currently, most studies treat neural networks as black boxes

and don't know why a network performs well on a speci�c task. Limited understanding

of the working principle of neural networks not only hinders the further improvement of

network performance but also makes it di�cult to convince the end-users to adopt neural

networks. 2) Generalization. Due to data domain distribution gaps, once trained, despite

the good performance of neural networks in a certain domain, they usually behave badly in

other domains where they haven't seen data in that domain before. Collecting a large-scale

dataset with all possible domains can solve this problem, however, it is expensive and even

prohibitively impossible. 3) Stability. Studies have found that trained neural networks are

vulnerable to some insusceptible perturbations. A neural network's misbehavior on data

with those insusceptible perturbations may lead to severe outcomes in actual applications.

4) Uncertainty. Most current studies focus on deterministic networks that cannot provide

a con�dence estimation of their results. Unknowing result reliability limits the deployment

of deep learning methods in real-world applications, especially for some healthcare-related

applications with high safety requirements.

1.3 Motivation

This dissertation targets three main goals: 1) using deep learning to overcome some

current MRI shortcomings, 2) using deep learning to broaden the application scope of MRI,

and 3) exploring unsolved deep learning problems. Dissertation structures can be seen in

Figure 1.1.

For the �rst goal, we propose to use deep learning as a tool and develop advanced

methods to overcome existing MRI shortcomings. In this dissertation, three existing MRI

shortcomings are studied. Firstly, we focus on the MRI super-resolution task and develop

deep learning-based methods to improve image quality and greatly shorten MRI scan time.
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Figure 1.1: Dissertation structure showing addressing problems and
corresponding chapters.

According to our studies, MRI scan time can be shortened 4-fold without lowering image

quality. Secondly, we target cine cardiac MRI and proposed methods to both shorten scan

time and reduce motion artifacts within images. According to the feedback of collaborating

clinicians, our results greatly mitigate motion artifacts and can better be used for cardio-

vascular diseases diagnosis. Thirdly, we try to integrate the MRI data acquisition process

and image reconstruction process via deep learning methods. According to our design, ac-

curate and high-quality MR images are expected to be obtained and the error caused by T2

defocusing in current MRI reconstruction algorithms can be corrected.

Apart from solving existing MRI problems, we also attempt to extend the applica-

tion of MRI with the help of deep learning. We assume a whole-brain MRI scan contains

enough information to distinguish the type of presented metastases based on their primary

organ sites. Through designing neural networks for metastases segmentation, image modal-

ity transformation, and classi�cation, we can classify brain metastases into �ve categories

with high accuracy. Our study shows the potential to use a whole-brain MRI scan instead of

biopsy for metastases classi�cation in the future, which also contributes to the early diagnosis

of cancer.
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Another goal we desire to achieve is to explore current unsolved deep learning problems.

To achieve this goal, we conduct a study on neural network uncertainty. We propose a

method to estimate neural network uncertainty so that the reliability of network results can

be quanti�ed. We then apply the proposed method to some MRI applications and show that

quantifying network result uncertainty can deliver better diagnostic performance and make

medical AI imaging more explainable and trustworthy.

1.4 Thesis outline

This thesis includes eight chapters. Chapter 1 introduces MRI and deep learning,

and points out existing problems for MRI and deep learning. Then the motivation of this

dissertation is discussed.

Chapter 2 describes the application of deep learning on single-modality MRI super-

resolution. An ensemble learning framework is proposed. For the proposed framework,

images are �rst enlarged by using one of �ve commonly used pre-processing algorithms to

generate �ve datasets with complementary priors. Then, �ve identical generative adver-

sarial networks (GAN) are trained for each dataset to generate super-resolution images.

Finally, another GAN is used for ensemble learning that synergizes previously obtained

super-resolution images into the �nal super-resolution results. According to the results, the

ensemble learning results outperform any single GAN output component. Compared with

some state-of-the-art deep learning-based super-resolution methods, the proposed method is

advantageous in suppressing artifacts and keeping more image details.

Chapter 3 describes the application of deep learning on multi-contrast MRI super-

resolution. In the chapter, a two-level progressive network for high up-sampling multi-

contrast super-resolution is proposed. The proposed network integrates multi-contrast infor-

mation in a high-level feature space and optimizes the imaging performance by minimizing

a composite loss function, which includes mean-squared-error, adversarial loss, perceptual

loss, and textural loss. Results demonstrate that 1) the proposed networks can produce

MRI super-resolution images with good image quality and outperform other multi-contrast

super-resolution methods in terms of structural similarity and peak signal-to-noise ratio; 2)

combining multi-contrast information in a high-level feature space leads to a signi�cantly im-

proved result than a combination in the low-level pixel space; and 3) the progressive network

produces a better super-resolution image quality than the non-progressive network, even if
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the original low-resolution images are highly down-sampled.

Chapter 4 describes the application of deep learning on dynamic cine cardiac MRI

motion artifact reduction. A novel recurrent GAN model for cardiac MRI motion artifact

reduction is proposed. This model utilizes bi-directional convolutional long short term mem-

ory (ConvLSTM) and multi-scale convolutions to improve the performance of the proposed

network, in which bi-directional ConvLSTMs handle long-range temporal features while

multi-scale convolutions gather both local and global features. This chapter demonstrates

the decent generalizability of the proposed method thanks to the novel architecture of our

deep network that captures the essential relationship of cardiovascular dynamics. Indeed,

extensive experiments show that the proposed method achieves better image quality for

cine cardiac MRI images than existing state-of-the-art methods. In addition, the proposed

method can generate reliable missing intermediate frames based on their adjacent frames,

improving the temporal resolution of cine cardiac MRI sequences.

Chapter 5 describes the application of deep learning in the integration of data ac-

quisition and image reconstruction. According to the design, data acquisition and image

reconstruction are seen as the two key parts of an integrated MRI process, and both the

pulse sequence and the reconstruction scheme are optimized seamlessly in the deep learning

framework. Our pilot simulation results show an exemplary embodiment of the proposed new

MRI strategy. Clearly, the proposed method can be extended to other imaging modalities

and their combinations as well, such as ultrasound imaging, and also potentially simultaneous

emission-transmission tomography aided by polarized radiotracers.

Chapter 6 describes the application of deep learning on brain metastases classi�cation.

A novel deep learning-based end-to-end framework is proposed for accurate non-invasive

digital histology with whole-brain MRI data and minimal human intervention. Contrast-

enhanced T1-weighted and T2-weighted Fluid-Attenuated Inversion Recovery brain MRI

exams (n=1,582) are pre-processed and input to the proposed deep learning work
ow for

tumor segmentation, modality transfer, and primary site classi�cation into one of �ve classes

(lung, breast, melanoma, renal, and others). Ten-fold cross-validation generated overall AUC

of 0.947 [95% CI: 0.938, 0.955], \lung" class AUC of 0.899 [95% CI: 0.884, 0.915], \breast"

class AUC of 0.990 [95% CI: 0.983, 0.997], \melanoma" class AUC of 0.882 [95% CI: 0.858,

0.906], \renal" class AUC of 0.870 [95% CI: 0.823, 0.918], and \other" class AUC of 0.885

[95% CI: 0.843, 0.949]. These data establish that whole-brain imaging features are discrim-
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inative to allow accurate diagnosis of the primary organ site of malignancy. The proposed

end-to-end deep radiomic approach has great potential for classifying metastatic tumor types

from whole-brain MRI images. Further re�nement may o�er an invaluable clinical tool to

expedite primary cancer site identi�cation for precision treatment and improved outcomes.

Chapter 7 describes the investigation of network uncertainty estimation on two MRI

applications. A novel yet simple Bayesian inference approach called SoftDropConnect (SDC)

is proposed to quantify the network uncertainty in medical imaging tasks with gliomas seg-

mentation and metastases classi�cation as initial examples. The key idea is that during

training and testing SDC modulates network parameters continuously so as to allow af-

fected information processing channels still be in operation, instead of disabling them as

Dropout or DropConnet does. When compared with three popular Bayesian inference meth-

ods including Bayes By Backprop, Dropout, and DropConnect, the proposed SDC method

(SDC-W after optimization) outperforms the three competing methods by a substantial

margin. Quantitatively, the proposed method generates results with substantially improved

prediction accuracy (by 10.0%, 5.4% and 3.7% respectively for segmentation in terms of dice

score; by 11.7%, 3.9%, 8.7% on classi�cation in terms of test accuracy) and greatly reduced

uncertainty in terms of mutual information (by 64%, 33% and 70% on segmentation; 98%,

88%, and 88% on classi�cation). The proposed method promises to deliver better diagnostic

performance and make medical AI imaging more explainable and trustworthy.

Chapter 8 summarizes the dissertation and discusses possible future explorations.



CHAPTER 2

SINGLE-CONTRAST MRI SUPER-RESOLUTION

2.1 Introduction

Magnetic resonance imaging (MRI) is one of the most commonly used medical imag-

ing modalities over the world. It noninvasively depicts structural and functional features

inside a patient in rich contrasts. Compared with other medical imaging modalities such as

computed tomography (CT) and nuclear imaging, MRI does not involve ionizing radiation.

Furthermore, MRI plays a dominating role in neurological imaging especially brain research.

However, the strength and homogeneity of the MRI background �eld are both limited,

and can be only improved at a high engineering cost. Also, physiological motion introduces

image blurring and fundamentally limits achievable spatial resolution. Hence, the pixel size

of a clinical MR image is often constrained to an order of millimeters. To obtain higher

resolution MR images, either a more complicated MRI system with stronger background

magnetic �eld or a longer scan time needs to be used, which will dramatically increase

expenses and is rarely clinically applicable. To address this problem, the super-resolution

(SR) approach holds a great promise that needs to change neither hardware nor scanning

protocol [14], [15].

SR has been a hot topic in the computational vision �eld over the past decades. A

large number of methods were proposed to improve image resolution retrospectively. Roughly

speaking, super-resolution algorithms can be divided into the two categories: model-based

and learning-based. Interpolation algorithms [16], [17], like bilinear, bicubic, and nearest

neighbor interpolation techniques, are representatives of simple model-based approaches,

which can be directly used to enlarge images. Wiener �ltering and iterative deblurring

algorithms utilize knowledge on the system point spread function (PSF) to recover image

resolution [18], [19], and are also considered as model-based algorithms. Dictionary learning-

based super-resolution techniques [20]{[22] are examples of learning-based algorithms.

Recently, with the rapid evolution of machine learning, especially deep learning, deep

neural networks have become popular among SR studies. In this context, diverse neural net-

work architectures were designed and tested. Successful architectures include convolutional

Portions of this chapter previously appeared as: Q. Lyu, H. Shan and G. Wang, \MRI super-resolution
with ensemble learning and complementary priors," IEEE Trans. Comput. Imaging , vol. 6, no. 1, pp.
615-624, Jan. 2020.© [2020] IEEE. Reprinted, with permission.
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neural networks (CNNs) [23]{[29], generative adversarial networks (GANs) [30]{[33], resid-

ual neural networks (ResNets) [34]{[37], and recurrent neural networks (RNNs) [38]{[40].

Speci�cally, for MRI SR studies, models based on CNN, ResNet, and GAN were reported

[41]{[46]. Although there were a plenty of decent SR results in the literature, bothersome

artifacts or distortions were often observed in the SR results produced by these methods.

Therefore, the challenge remains for achieving superior SR on MR images. In other words,

MRI SR research must deliver images with faithful details and little artifacts in order to be

clinically relevant. Since the existing methods cannot perfectly satisfy such a requirement,

it is necessary to develop new SR methods based on all encouraging results.

Among important deep learning strategies, ensemble deep learning is a meta-method

for further enhancement of deep learning results [47], [48]. By combining multiple models,

ensemble learning is expected to produce synergistic results better than results produced

by any single GAN model. Merits of ensemble learning were successfully demonstrated to

improve image quality [49], [50]. In this MRI SR study, by combining multiple GAN SR

results trained on di�erent image prior datasets, we demonstrate better MRI SR image

quality than that associated with any single model. In this paper, we describe a GAN-based

deep ensemble learning framework to integrate complementary SR results from individual

GAN models. Our method produces better image quality than state-of-the-art SR models,

being capable of detailing textures and avoiding artifacts.

2.2 Methods

Assuming that I LR P Rp� q is a low-resolution (LR) MR image of the sizep � q, and

I HR P Rm� n the corresponding high-resolution (HR) MR image of the sizem � n. The

relationship between them can be expressed as

I LR � } f peiP HR I HR q}; (2.1)

wherePHR P Rm� n is the phase term,f : I HR P Rm� n ÝÑ I LR P Rp� q denotes a complex-to-

complex mapping which is ak-space truncating/down-sampling/blurring process to create an

LR counterpart from an HR image. The overall SR process is to implement an approximate

inverse functiong � f � 1

g � f � 1 : I HR � gpI LR q; (2.2)
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assuming that the phase term is zero,PHR � 0, without loss of generality.

As an ill-posed problem, it is impossible to �nd this inverse function exactly. Instead,

priors can be used to acquire an approximation off � 1. Multiple types of priors are used in

this study to approximate f � 1 as closely to the ideal function as possible.

Figure 2.1 presents the proposed overall work
ow of SR method. In our scheme, we

�rst down-sample original HR images and obtain LR counterparts, and then use �ve di�erent

SR algorithms to process LR images and obtain �ve types of processed LR (PLR) datasets.

These PLR datasets are then separately fed into the corresponding GAN models for training

and then to produce �ve GAN SR counterparts. The �nal step is to use another GAN for

ensemble learning and obtain the �nal MRI SR result.

Figure 2.1: Overall work
ow of the SR method proposed in this paper.
© [2020] IEEE.

2.2.1 Down-sampling

Di�ering from commonly used down-sampling strategy that down samples data in the

image domain, we chose to down-sample data in the frequency domain. The original HR

images were converted into the frequency domain via the 2D Fourier transform. Only the

central 25% of the data points were kept in thek-space, while all peripheral data points were
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zeroed out. Then, the cropped dataset was converted back into a magnitude image through

the 2D inverse Fourier transform as the LR image. Using this down-sampling method, we

obtained LR images with 2-fold resolution degradation, which meansp � m{2 and q � n{2.

2.2.2 Five processing algorithms to enlarge LR images

Before LR images are fed into the neural network, we adopt existing SR algorithms

to enlarge a LR image to the size of the target HR image. This processing step was also

used in some SR studies like VDSR [26] and SRCNN [24]. With such a processing step,

the quality of enlarged images can be somehow improved so that it is easier for neural

networks to extract image features and obtain better prediction results. Moreover, we can

establish datasets with complementary priors through using multiple SR algorithms in this

processing step. In this paper, in order to distinguish enlarged images with the latter neural

network results, we call enlarged images \processed LR images (PLR)" rather than SR

images. In this work, 5 classic SR algorithms were used to enlarge LR images and obtain

the corresponding PLRs, which are zero interpolation �lling (ZIP) [51], bicubic interpolation

(BI) [16], new edge directed interpolation (NEDI) [17], sparse coding (SC) [20], and adjusted

anchored neighborhood regression (A+) [22]. ZIP is a simplest super-resolution method that

adds zeros in the peripheral region in the frequency domain. It is widely used to enlarge

MR images. BI and NEDI are two improved interpolation-based algorithms, while SC and

A+ are two dictionary-learning-based algorithms. In the A+ algorithm, 1,024 dictionary

atoms were used, which were obtained from a training dataset of 0.5 million natural images.

Similarly, the SC method also used a dictionary contained 1,024 atoms. Using these di�erent

SR algorithms, di�erent enlarged images were created, each with its unique priors. Next, we

used these enlarged images as the inputs to train the corresponding GAN models separately.

Each enlarging/deblurring process can be expressed as

I PLR ;i � hi pI LR q; (2.3)

where I PLR ;i P Rm� n is a deblurred/enlarged image. hi : I LR P Rp� q ÝÑ I PLR ;i P Rm� n

denotes the processing procedure. As there were 5 SR algorithms used in this processing

step, i � 1; 2; : : : ; 5.
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2.2.3 GAN model

The GAN model with Wasserstein distance and gradient penalty (WGAN-GP) [52] is

selected in this study. The generator used in this study is a modi�ed version of the encoder-

decoder network that was originally used for CT denoising [53]. The architectures of the

generator and the discriminator are shown in Figure 2.2. For the generator, it contains

seven blocks with three skip connections. Each block involves convolution, layer normal-

ization (LN), and ReLU activation operations sequentially. As mentioned in [52], batch

normalization cannot be used in the WGAP-GP model, instead, we utilize layer normaliza-

tion. With skip connections, feature maps in the previous blocks are concatenated to the

feature maps in the latter blocks. Because of the structural similarity between LR and HR

images, adding such skip connections can greatly boost the training process and keep the

generated images structurally similar to the input LR images. Similarly, the discriminator

consists of �ve blocks followed by a global average pooling (GAP) layer. Each block in-

cludes convolution, layer normalization, and leaky-ReLU (LReLU). Note that we replace the

fully-connected layer with a GAP layer to reduce the amount of parameters in the neural

network and facilitate the training process [54]. Each block in the discriminator performs

convolution, layer normalization and ReLU activation function similar to what the block in

the generator does. The details of the generator and the discriminator are listed in Table 2.1

and Table 2.2.

Figure 2.2: The architecture of the proposed GAN. (a) The generator and (b)
the discriminator. © [2020] IEEE.



13

Table 2.1: Structural details of the generator. Note that s1n1 means 1
convolutional kernels with a stride of 1. © [2020] IEEE.

Block1 Block2 Block3 Block4 Block5 Block6 Block7

n32s1 n64s1 n128s1 n256s1 n128s1 n64s1 n32s1
n32s1 n64s1 n128s1 n256s1 n128s1 n64s1 n32s1

Table 2.2: Structural details of the discriminator. Note that s1n1 means 1
convolutional kernels with a stride of 1. © [2020] IEEE.

Block1 Block2 Block3 Block4 Block5

n64s2 n128s2 n256s2 n512s1 n1s1

The objective function of the generator is as follows:

min
� G

L G � L adv � � 1L gra � � 2L mse � � 3L per ; (2.4)

L adv � � EI PLR rDpGpI PLR qqs; (2.5)

L gra � EI PLR ;I HR }r rGpI PLR qs � r pI HR q}2; (2.6)

L per � EI PLR ;I HR }� rGpI PLR qs � � pI HR q}2; (2.7)

where � G stands for the generator parameters.L adv is the adversarial loss. L gra is the

gradient loss, which is the L2 norm di�erence between gradients of the generated image and

its ground truth. r stands for the gradient calculated in bothx and y axis. L mse and L per

are the mean squared error (MSE) and the perceptual loss respectively. MSE re
ects the

image content similarity between generated output images and processed input images at the

pixel level, while the perceptual loss shows the similarity in a high-level feature space. We

use the pre-trained VGG19 model to calculate the perceptual loss [53], [55], and � represents

the feature map of the 16th convolutional layer in the VGG19 model. As the mean-squared-

error loss tends to blur images, the gradient loss is introduced to penalize any blurring and

enhance the edge. The objective function of the discriminator is the standard WGAN-GP

equation shown in [52].

Overall, this GAN SR process is then expressed as

I SR;i � Gi pI PLR ;i q � ' pI PLR ;i ; � Gi q; (2.8)
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whereI SR;i P Rm� n is an output image from generator in GAN,' : I PLR ;i P Rm� n ÝÑ I SR;i P

Rm� n denotes a GAN deblurring process for an SR image,� G i represents the parameters of

a GAN model. As there are 5 SR algorithms used in this step,i � 1; 2; : : : ; 5.

2.2.4 Ensemble learning

Ensemble learning is to synergize diverse information sources for the best results. In

this study, SR images individually obtained can be integrated via ensemble learning to

improve SR MR image quality. Speci�cally, the �nal SR results are derived from di�erent

types of GAN SR predictions. In the processing step, we utilized the �ve SR algorithms

to process LR images and obtain �ve sets of enlarged/deblurred images. Then, we train

�ve GAN models (with the same structure) separately corresponding to each of these �ve

algorithms and then obtain �ve sets of prediction results. After that, another GAN model

which is the same as the model used in the previous step is used to integrate all these images

through ensemble learning. Images from each type of GAN SR results are concatenated

before being input to the neural network for training, validation, and testing. The objective

function of the ensemble learning training is also the same as the objective function in the

previous step. The ensemble learning process can be expressed as

I SR � � ptI SR;i u5
i � 1; � q; (2.9)

where I SR P Rm� n denotes ensemble learning results which are also our SR outcomes,

� : I SR;i P Rm� n ÝÑ I SR P Rm� n denotes the ensemble learning process, � represents the

parameters of the GAN model.

2.3 Results

Our ensemble learning SR approach was streamlined and evaluated for MRI SR. It

produced SR images with more structural and textural details, less artifacts and distortion.

In the following, we will show our PLR results, GAN SR results, and �nal ensemble

learning results, and compare our SR results with state-of-the-art methods. To evaluate

image quality, the metrics we used include structural similarity (SSIM) and peak signal-to-

noise ratio (PSNR). For easier comparing the di�erences between each image, from Figure 2.5

to 2.9, zoomed-in sub�gures were displayed. In addition, image contrast for each zoomed-in
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sub�gure was also enhanced by uniforming the pixel values in each zoomed-in region between

0 and 1. Noticeably, SSIM and PSNR scores below each sub�gure measured the whole image

not the zoomed-in region.

2.3.1 Experimental implementation and neural network convergence

The NYU fastMRI singlecoil dataset was used in this study [56]. All images were

reconstructed from proton density weighted knee scans under 1.5 or 3 Tesla. The size of

original HR images is 320� 320. Totally, 159 patient scans with 5,744 slices were used for

training (80%) and validation (20%), and additional 43 patient scans with 1,500 slices for

testing. Before training, each PLR result was decomposed into forty-nine 80� 80 patches.

As far as the weight for each loss term in the objective function is concerned, we �rst tuned

the perceptual loss. Then, we tuned the weight of the MSE loss and the gradient loss. Based

on the results shown in Figure 2.3, the weights in the objective function were selected to be

0.01, 0.01, and 1 for� 1, � 2, and � 3 respectively.It can be found that the perceptual lossL per

contributes most to the superior quality of SR images. Compared to the perceptual lossL per ,

the gradient lossL gra and the MSE lossL mse have a less e�ect on SR results. Nevertheless,

they do contribute to the improvement of SR results, as shown in Table 2.3. In the GAN SR

process, the training continued for 50 epochs with the learning rate of 1� 10� 4 and batch

size of 64 for each GAN model. During the training process, to visualize the convergence

of the involved models, the values of MSE and perceptual loss are recorded and showed in

Figure 4. For ensemble learning, the training continued 50 epochs with the learning rate of

1 � 10� 4 and batch size of 4. The experiment was conducted in Tensor
ow on a single GTX

1080Ti GPU.

Figure 2.3: SSIM and PSNR scores with respect to the weights of the loss
terms. © [2020] IEEE.
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Table 2.3: Comparison of di�erent objective functions. © [2020] IEEE.

SSIM PSNR

L adv � L per 0.848� 0.062 33.634� 2.986
L adv � L per � L mse 0.866� 0.059 33.723� 2.931

L adv � L per � L mse � L gra 0.870� 0.051 33.732� 2.876

According to the MSE and perceptual loss curves in Figure 2.4, all the models converge

well during the training process since all the curves become gradually steady with the number

of training epochs. Compared with the other MSE curves, it can be found that the curve

of A+ is lower than the other four curves, which shows that the A+ based GAN model can

achieve the best SR image with the highest similarity at the pixel level. In the high-level

feature space, as extracted by the perceptual loss, both the A+ and ZIP curves show the

lowest values while the NEDI curve is the highest. However, all the curves are pretty close

to each other after 30 epochs.

Figure 2.4: Comparisons between the involved model types during the training
process in terms of (a) MSE and (b) perceptual loss. © [2020]
IEEE.

2.3.2 Processed LR results

It is shown in the upper row of Figure 2.5 that PLR images had smoother edges and

clearer shapes compared with the corresponding LR image. As di�erent SR algorithms were

used in the processing step, PLR images obtained from these SR algorithms were somehow

di�erent. For example, the SC PLR are dramatically di�erent from the other four PLR
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results with less-smoothed texture. Statistically, the SSIM and PSNR scores of ZIP, NEDI,

and A+ PLR results are higher than BI and SC PLR results. After the processing step, we

obtained diverse enlarged/deblurred images.

2.3.3 Super-resolution results of PLR images through GAN

After training the GAN models separately, �ve types of GAN SR prediction results were

obtained, as shown in the bottom row in Figure 2.5. Compared with the PLR results, the

image quality of GAN SR results was much improved. Generally, these SR images included

more textural details, clearer edges, and less blurs, which are much closer to the original HL

image than the PLR versions. For example, in the zoomed-in regions, not only the boundary

but also the texture of the meniscal and bone structures are clearer in GAN SR images than

they are in PLR images. As the GANs were trained on di�erent PLR datasets, when GAN

SR results are compared, di�erences among them are clearly detectable for the same ground

truth. Taking the shape of the dark region in the bone as an example, as pointed by the red

arrow in Figure 2.5 it can be found that the dark region shape in each GAN SR result was

slightly di�erent from each other and from the ground truth. Quantitative analysis of PLR

and GAN SR prediction results is summarized in Table 2.4. It can be seen that the PSNR

and SSIM values of the GAN SR results were higher than the corresponding PLR results.

Figure 2.5: Upper: LR image and 5 enlarged images obtained using the ZIP,
BI, NEDI, SC, and A+ algorithms respectively. Bottom: The HR
image and 5 di�erent GAN SR results. The red boxed region is
zoomed in for clarity. The numbers below each sub�gure are SSIM
and PSNR scores respectively. © [2020] IEEE.
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Table 2.4: Comparison of the PLR results, GAN SR results and ensemble
learning results based on a test dataset consisting of 43 patient
scans. © [2020] IEEE.

SSIM PSNR

PLR

ZIP 0.834 30.552
BI 0.785 26.287

NEDI 0.810 29.211
SC 0.769 28.931
A+ 0.829 28.655

GAN SR

ZIP 0.883 34.263

BI 0.842 33.219
NEDI 0.870 33.732

SC 0.872 33.279
A+ 0.898 34.849

Ensemble Learning 0.920 36.060

2.3.4 Super-resolution results through ensemble learning

Compared with GAN SR results, the most distinct characteristic of the ensemble learn-

ing results is that they represent details more faithfully and become much closer to the ground

truth. For example, the line pointed by the red arrow in the middle row of Figure 2.6 can

be clearly detected in the ensemble learning result while they are unclear in other GAN

SR prediction results. As quantitatively shown in Table 2.4, the ensemble learning results

achieved the highest PSNR and SSIM scores among all the results.

To investigate which type of GAN SR results contributed the most in the ensemble

learning process, we conducted an ablation study by removing one type of GAN SR results

at each time. The ablation study results are shown in the upper part of Table 2.5. It can

be found that after we deleted A+ SR results, the ensemble learning results obtained based

on the other four GAN SR results were with the least SSIM and PSNR scores among all 5

types of ablation results, indicating that A+ SR results contributes the most in the ensemble

learning process. On the contrary, BI SR results contributes the least as the highest SSIM

and PSNR scores achieved when there are no BI SR results used in the ensemble learning

process among the 5 types of ablation results. Then, we conducted experiments by only

using a few the most important GAN SR results in the ensemble learning process to show

the degradation of �nal results when less GAN SR results are involved. The results are
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Figure 2.6: GAN SR prediction results and the ensemble learning results. The
red boxed regions are zoomed in for clarity. The numbers below
each sub�gure are SSIM and PSNR scores respectively. © [2020]
IEEE.

shown in the bottom part of Table 2.5. EN-2 means two mostly contributed GAN SR results

(A+ GAN SR and NEDI GAN SR) were used in the ensemble learning process. For EN-3,

A+, NEDI, and ZIP GAN SR results were used. For EN-4, A+, NEDI, ZIP, and SC GAN

SR results were used. It can be seen that instead combining all 5 types of GAN SR results

for ensemble learning, partially using our GAN SR results will decrease the image quality

evidenced by decreased SSIM and PSNR scores. Representative results are presented in

Figure 2.7. Compared with EN-5 results, structural details become less detectable in the

results from partially reduced GAN SR data. All these results demonstrate that ensemble

learning results can be further improved by combining more GAN SR predictions.

To investigate the contribution of the neural network used in the ensemble learning

process, we compared our ensemble learning results with the results obtained from simply

averaging all 5 types of GAN SR results. For the simple averaging method, the value of

each pixel was obtained by averaging pixel values in all 5 types of GAN SR results. There

was no involvement of any neural network in combining GAN SR results when the simple

averaging method was used. As shown in Figure 2.8, using a GAN during the ensemble

learning process can produce better results than simply averaging all GAN SR results.
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Table 2.5: Comparison of ensemble learning results trained using di�erent
GAN SR results. Results are based on test dataset from 43 patient
scans. © [2020] IEEE.

SSIM SSIM drops (Ó) PSNR PSNR drops (Ó)
Lack-A+ 0.859 � 0.022 0.061 34.689� 2.371 1.371

Lack-NEDI 0.891� 0.022 0.029 35.030� 2.408 1.030
Lack-ZIP 0.909� 0.021 0.011 35.735� 2.373 0.325
Lack-SC 0.913� 0.021 0.007 35.750� 2.442 0.310
Lack-BI 0.916� 0.020 0.004 35.935� 2.345 0.125

EN-2 0.904� 0.042 0.016 35.435� 3.027 0.625
EN-3 0.911� 0.031 0.009 35.863� 2.778 0.197
EN-4 0.916� 0.020 0.004 35.935� 2.345 0.125
EN-5 0.920� 0.018 - 36.060� 2.155 -

Figure 2.7: Comparison of ensemble learning results obtained by combining
various numbers of GAN SR results. En- k means ensemble learning
results from k types of GAN SR results. The red boxed regions are
zoomed in for clarity. The numbers below each sub�gure are SSIM
and PSNR scores respectively. © [2020] IEEE.

2.3.5 Comparison with GAN and CNN in the proposed SR framework

In our proposed SR framework, GANs are involved in two steps: SR of PLR results

and ensemble learning. To investigate the e�ect of GANs on the proposed SR framework,

we substituted GAN with a CNN that had the same architecture as the GAN generator.

The loss function of the CNN is the same as the objective function of the GAN without

the adversarial loss term. CNN experiments were conducted using the same setting as GAN



21

Figure 2.8: Comparison of GAN and CNN results. \GAN SR" and \CNN SR"
show the NEDI SR results produced by GAN and CNN (GAN
generator) respectively. \EN GAN" and \EN CNN" show the
ensemble learning results produced by GAN and CNN (GAN
generator) respectively. \EN Averaging" shows the ensemble
learning result by simply averaging the 5 GAN SR results. The red
boxed regions are zoomed in for clarity. The numbers below each
sub�gure are SSIM and PSNR scores respectively. © [2020] IEEE.

experiments. In Figure 2.8, it can be seen that when substituting the GAN with a CNN for

SR of PLR results, the CNN SR results were more blurry and had lower SSIM and PSNR

scores than the GAN SR results. Substituting GAN with CNN in the ensemble learning step

achieved similar results. Compared with GAN based ensemble learning results, CNN based

results tend to be more blurry with less clear details and lower SSIM and PSNR scores.

2.3.6 Comparison with other deep learning-based methods

Figure 2.9 and Table 2.6 compare our results with the counterparts obtained using other

state-of-the-art SR methods. These well-known benchmark SR methods include FRSCNN

[25], LapSRN [29], ESPCN [28], and VDSR [26]. Encouragingly, our method outperformed

these methods as evidenced by the resultant SR images with higher PSNR and SSIM values.

More importantly, our results faithfully present more details in HR images. For example,

the line pointed by the red arrows in the middle row of Figure 2.9 can only be seen in our SR

results. Also, our results greatly reduced artifacts and distortions. Taking the line pointed

by the red arrows as an example, in the bottom row of Figure 2.9, the shape of edges in our
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SR images is much closer to the ground truth than the counterparts.

Figure 2.9: Comparison of the proposed SR method and state-of-the-art
methods. The red boxed regions are zoomed in for clarity. The
numbers below each sub�gure are SSIM and PSNR scores
respectively. © [2020] IEEE.

Table 2.6: Comparison of our method with other state-of-the-art methods.
Results are based on test dataset from 43 patient scans. © [2020]
IEEE.

SSIM PSNR

FSRCNN 0.873� 0.024 28.877� 2.331
LapSRN 0.884� 0.028 28.804� 2.384
ESPCN 0.831� 0.030 24.933� 3.303
VDSr 0.883� 0.021 28.997� 2.258
Ours 0.920� 0.018 36.060� 2.155

2.4 Discussions

Based on the results described above, it can be seen that through the ensemble learning

superior MRI SR images can be achieved. In comparison with other state-of-the-art methods,

our method produced impressive results without signi�cant artifacts, distortions, and blurry

details, giving the highest PSNR and SSIM values.

In the processing LR images step, 5 di�erent SR algorithms were used to enlarge LR

images. As a result, 5 types of enlarged PLR results were obtained. It can be found in
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Figure 2.5 that each PLR image is slightly di�erent from each other and from the ground

truth. These di�erences can be seen as information in the original image being preserved to

di�erent degrees. These diversi�ed PLR images provide complementary priors for subsequent

ensemble learning. According to our design, by jointly using multiple SR algorithms to

process LR images, we are able to create a PLR dataset with much more image priors

compared with only using any single PLR results. Then, we can obtain better results in the

ensemble learning process. Results in Figure 2.5 and Table 2.4 are consistent to the goal of

this ensemble learning network.

Results in Figure 2.7 and Table 2.5 show that when increasing the number of GAN

SR results in the ensemble learning, the gain in the quality of �nal results is gradually di-

minishing, indicating that less information is added when overly more GAN SR results are

involved. Based on this observation, we believe that the dataset we created by combining 5

types of GAN SR results contains enough information or complementary priors for ensemble

learning. In terms of how many types of GAN SR results are needed for decent ensemble

learning results, generally speaking, more types of GAN SR results involved in the ensemble

learning will result in better SR results. There is no doubt that enlarging the size of the en-

semble learning input dataset by adding more SR results like FRSCNN and LapSRN results

can further improve ensemble learning results. However, we must take into account the com-

putational resources. More GAN SR results involved means more computations and longer

training time. To balance the ensemble learning results and computational resources, in this

study we only combined 5 types of GAN SR results and obtained satisfactory outcomes.

Since introduced in 2014 [57], GAN has been extensively used in many applications

due to its compelling performance originated from the adversarial training mechanism. Such

a mechanism makes GAN models achieve higher quality of SR results than CNN models.

However, the GAN model could potentially induce artifacts and distortions in prediction

results, which may be due to the nature of GAN and the prevalence of background noise.

On one hand, during the training process of a GAN model, the generator is trained to learn

the true distribution of training data. Compared with CNN-based supervised training, the

training process of GAN is not strongly supervised as predictions are controlled indirectly

through a discriminator, not directly anchored with labels. Owing to this mechanism, it is

not easy to train the model so that it can perfectly learn the true distribution. As a result,

the generator can hardly produce a fake result that is exactly the same as a real result. As
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shown in the bottom row of Figure 2.6, the GAN results su�er from edge distortions. On

the other hand, during the MR scanning process, noise is inevitably recorded [58], by which

clinical MR images are greatly in
uenced. Noise hampers the training process of GAN so

that it cannot be perfectly trained. This phenomenon is very evident when noise is prevalent

that features cannot be easily extracted. Fortunately, these artifacts are mostly unique and

can be corrected by ensemble learning. By combining multiple GAN SR results, the e�ect of

an artifact in any type of GAN SR results can be corrected by other GAN SR results without

such an artifact. In addition, jointly using multiple GAN SR results expands the training

dataset, and as a result the robustness of the whole SR framework can be strengthened.

Ensemble learning synergistically combines all GAN SR results together. Di�erent

from the simple average algorithm, the GAN-based integrator learns to perform ensemble

learning in a data-driven fashion and is task-speci�c. Roughly speaking, the GAN can be

assumed as a black box. Through the GAN model, pixels in each input image is assigned for

a weight for summation and nonlinear activation. During the training process, the weight of

each pixel in each type of GAN SR input can be learned according to high-level features and

contexts. This data-driven and context-based mechanism guarantees that the GAN-based

ensemble learning method outperforms the commonly used averaging method.

Di�ering from other medical imaging modalities such as CT, the down-sampling process

of MRI is happened in the frequency domain. Multiple down-sampling methods were used

to create blurry LR images. Among all the methods, low frequency data in the center region

is often preferred to be kept as these data are collectable with a low-�eld MRI scanner and

contribute to reconstruct major biological structures and features. On the contrary, high

frequency data in the peripheral region will be highly down-sampled which mainly contribute

to form details of images. In this study, we only keep the central low frequency data and

discard all peripheral high frequency data. In addition, as data is truncated uniformly, the

generated LR images are isotropic and the artifacts brought about in the down-sampling

process are more predictable compared with other down-sampling methods such pseudo-

random down-sampling [59] and random down-sampling in the phase-encoding direction

[60].

Currently, there are two strategies for implementation of deep-learning-based MRI im-

age reconstruction. The �rst strategy uses a neural network to map LR images to HR ones

directly in the image domain. Both �delity and regularization terms are jointly learned by
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the neural network. Examples are VDSR [26] and LapSRN [29]. The other strategy features

a network to map k-space data to an MRI image directly, such as combining traditional

iterative algorithms with neural networks by unrolling the iterative scheme into several in-

dividual steps. With this strategy, neural networks are sometimes trained to only learn the

regularizer in the objective function. Examples of this method are variational networks [61]

and CRNN [60]. In the two strategies, the �rst one, which is also the approach proposed

in this paper, is conceptually simple, computationally e�cient, and has attracted a major

attention recently.

Our proposed SR framework has a potential utility to enable a faster MRI scan and

achieve a higher image quality. According to the design presented in the paper, we can

shorten the scan time by 2-fold and still keep the image quality essentially intact, with clear

structural and textural details comparable to the full-data-derived images.

Our proposed SR framework currently works on magnitude images with phase informa-

tion ignored. In the clinical applications of MRI, bothk-space data and reconstructed images

are generally complex numbers, indicating that there are not only magnitude but also phase

images. If both magnitude and phase images are used together, the super-resolution results

could be further improved. We are actively working along this direction in our follow-up

study.

2.5 Conclusion

We have proposed an ensemble learning based SR method to improve the image quality

of MR images. We have �rst used 5 existing SR algorithms to enlarge LR images and obtained

PLR images with complementary priors. Then, a GAN framework has been used to produce

SR prediction results based on di�erent PLR images. Next, we can obtain superior SR

images through deep ensemble learning. The SR images obtained after ensemble learning

is better than any individual PLR images or GAN SR prediction results. Compared with

other state-of-the-art methods, our method enjoys advantages of minimal artifacts, little

distortions, and rich details.



CHAPTER 3

MULTI-CONTRAST MRI SUPER-RESOLUTION

3.1 Introduction

Magnetic resonance imaging (MRI) is one of the most widely used medical imaging

modalities. Compared with other modalities such as computed tomography (CT) and nuclear

imaging, MRI is advantageous in providing clear tissue structure and functional information

without inducing ionizing radiation. With pulse sequences, the MRI system can be 
exibly

con�gured to generate multi-contrast images like T1, T2, and proton density (PD) weighted

images, which contain important physiological and pathological features. However, a major

shortcoming of current MRI system is that it is di�cult to obtain high-resolution (HR) MR

images in clinical applications due to the trade-o� among the system cost-e�ectiveness and

signal-to-noise ratio [14], [15]. Clinically, in order to obtain HR MR images, patients are

required to remain stable in the gantry for long time, which intensi�es patients' discomfort

and inevitably introduces motion artifacts that compromise image quality.

Super-resolution (SR) techniques improve image quality only through algorithms and

without any hardware update, which have been extensively studied in the natural image do-

main. From model-based methods like interpolation algorithms [16] and iterative deblurring

algorithms [18], [19] to learning-based methods such as dictionary learning methods [20]{

[22], many impressive SR results were achieved yielding deblurred edges and contours. In

recent years, deep learning has become a mainstream approach for super-resolution imaging,

and a number of network-based SR models were proposed. Among the published model-

or learning-based methods, convolutional neural networks produce superior SR results with

better clarity and less artifacts. According to di�erent designs, these network-based models

can be categorized into convolutional models such as the image super-resolution convolu-

tional network [24] and the very deep super-resolution network [26], residual models such

as the cascading residual network [62] and the residual encoder decoder network [63], re-

cursive models such as the deep recursive convolutional network [27] and the deep recursive

residual network [64], densely connected models such as the residual dense network [36] and

the dense deep back-projection network [65], the attention-based model that combines the

Portions of this chapter previously appeared as: Q. Lyuet al., \Multi-contrast super-resolution MRI
through a progressive network," IEEE Trans. Med. Imaging , vol. 39, no. 9, pp. 2738-2749, Sep. 2020.
© [2020] IEEE. Reprinted, with permission.
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convolutional network and selection units [66] and the so-called the residual channel atten-

tion network [37], progressive models such as the sparse coding-based network [67] and the

deep Laplacian pyramid super-resolution network (LapSRN) [68], and generative adversarial

network (GAN) representatives like the EnhanceNet [69] and the super-resolution generative

adversarial network [30].

Inspired by the great success of deep learning in achieving SR of natural images, re-

searchers developed neural networks to improve the quality of MR images without introduc-

ing any cost on hardware modi�cation. The neural networks were proposed to implement

MRI SR and shorten scan time [41], [44], [45], [70]. However, these existing methods only

used single contrast MRI images and did not make full use of multi-contrast information.

Clinically, T1, T2 and PD weighted images are often generated together for diagnosis with

complementary information. Although each weighted image is only good at showing cer-

tain types of tissues, they re
ect the same anatomy, and can provide synergy when used in

combination. Based on this consideration, here we propose an MRI multi-contrast super-

resolution (MCSR) approach to use MRI multi-contrast images collectively for SR imaging

superior to single-image super-resolution (SISR) results. Typically, MCSR imaging may

achieve super-resolution results for a speci�c contrast image aided by HR images with other

contrasts. Relevant information in those reference images is extracted to guide the recovery

of details in an image of interest. Recently, MCSR has gradually become a hot topic in

the MRI �eld. Rousseau et al. [71] and Khouzaniet al. [72] both used non-local means to

implement MCSR. Brudforset al. [73] proposed a multi-channel total variation method to

utilize multi-contrast information. Zheng et al. [74] proposed an MCSR method that uti-

lizes a gradient-guided edge enhancement algorithm to estimate the similarity between image

patches in di�erent contrasts. Gonget al. [75] designed an algorithm called PROMISE to

process shareable information between MRI images in di�erent contrasts from parallel imag-

ing. Songet al. [76] proposed a coupled dictionary learning method to implement MCSR. Lu

et al. [77] declared a manifold regularized sparse learning algorithm for MCSR. Zenget al.

[42] designed a convolutional neural network which contains two sub-networks to implement

MCSR.

In this paper, we propose a one-level non-progressive network for low up-sampling fac-

tor MCSR and a two-level progressive neural network for high up-sampling factor MCSR.

The main contributions of this paper are: 1) the two-level progressive neural network based
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on the Wasserstein generative adversarial network with gradient penalty (WGAN-GP) ar-

chitecture that can achieve excellent MCSR results in the case of a high up-sampling factor;

2) the �nding that combining multi-contrast information in a high-level feature space leads

to a signi�cantly improved results over the combination in the low-level pixel space; and

3) a composite loss function including mean-squared-error (MSE), perceptual loss, and tex-

ture matching loss to ensure that generated images can recover texture details (due to the

perceptual and texture matching losses) and are faithful to the ground truth (due to MSE).

Figure 3.1: Two proposed network architectures for MCSR. (a) The generator
of the proposed onelevel non-progressive model, which contains an
encoder-decoder network and a reference feature extraction
network, and (b) the generator of the proposed two-level
progressive model. © [2020] IEEE.
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