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ABSTRACT OF THE DISSERTATION 

 

Development of Deep Learning Methods  

for Magnetic Resonance Imaging  

Reconstruction and Analysis 

 

by 

Yuhua Chen 

Doctor of Philosophy in Department of Bioengineering 

University of California, Los Angeles, 2021 

Professor Debiao Li, Chair 

 

 

Magnetic resonance image (MRI) is a widely used non-invasive radiation-free 

imaging technique that uniquely provides structural and functional information for disease 

detection, diagnosis, and treatment planning.  

However, the conventional MRI imaging techniques are typically slow and low in 

spatial or time resolution, resulting in long scan times and more susceptibility to motion 

artifacts. Moreover, a fast MRI scan usually comes in a low spatial resolution, making it 

less desirable for clinical application. A recently proposed technique, Multi-tasking MRI 

(MTMRI), significantly improves the scan efficiency with high temporal resolution. 

Nevertheless, the iterative reconstruction requires a lot of computational resources and 

takes a long time to process, making it challenging to fit in the clinical routine. Additionally, 
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when doing image post-processing with MRI, despite MRI providing a good contrast of 

soft tissues, the variety in weighted contrast MRI’s intensity values makes it challenging 

to extract image features compared with other quantitative imaging techniques.  

The most significant contribution of this dissertation's work is to address the three 

limitations above by developing a unified multi-purpose structure with deep-learning (DL) 

techniques. We achieved three primary goals in three different areas: 1) A general 

framework for highly accelerated MRI scanning without sacrificing spatial resolution, 2) 

reduce reconstruction time for motion-resolved free-breathing MRI technique, 3) 

accurately fully automated segmentation for abdominal MRI for fast image post-

processing. All technical improvements utilize DL techniques to improve MRI in different 

aspects: to improve image quality in fast MRI scans, reduce reconstruction time in motion-

resolved MRI, and reduce tedious human labors in abdominal MRI.  

First, a DL-based Super-Resolution (SR) technique is developed and evaluated in 

both brain MRI and coronary MR Angiography (MRA). SR can recover the image quality 

and structural details from a 4x and 16x low-resolution fast MRI scan. For brain MRI, 

several SR networks have been developed. The proposed network (mDCSRN) has 

successfully recovered the brain structural details from a 4x low-resolution fast scan. It is 

developed and evaluated on an open access high-resolution T1w brain MRI with 1131 

healthy volunteers. Quantitative results show that it can achieve 4x acceleration in scan 

while keeping similar image quality. For coronary MRA, introducing a domain adaptive 

network (DRAGAN) jointly trained on both coronary and brain MRA to overcome 

catastrophic failures commonly in training a GAN in a small dataset, we successfully 

accelerated the MRA acquisition by a factor of 16.  
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Second, DL networks are developed to accelerate the reconstruction of a 5-

dimensional (5D) Multitasking MRI (MTMRI). The MTMRI is a respiratory and cardiac-

motion-resolved, high-temporal-resolution technique that provides quantitative T1 

mapping.  However, the massive size of many dynamic MRI problems prevents deep 

learning networks from directly exploiting global temporal relationships. By applying deep 

neural networks inside a priori calculated temporal feature spaces, we enable deep 

learning reconstruction with global temporal modeling even for image sequences 

with >40,000 frames. One proposed variation of our approach using dilated multi-level 

Densely Connected Network (mDCN) speeds up feature space coordinate calculation by 

3000x compared to conventional iterative methods, from 20 minutes to 0.39 seconds. 

Thus, the combination of low-rank tensor and deep learning models makes large-scale 

dynamic MRI feasible and practical for routine clinical application. 

Third, we developed Automated deep Learning-based Abdominal Multi-Organ 

segmentation (ALAMO) technique based on 2D U-net and a densely connected network 

structure with tailored design in data augmentation and training procedures. The model 

takes in multi-slice MR images and generates the output of segmentation results. 3.0-

Tesla T1 VIBE (Volumetric Interpolated Breath-hold Examination) images of 102 subjects 

were used in our study. Ten OARs were studied, including the liver, spleen, pancreas, 

left/right kidneys, stomach, duodenum, small intestine, spinal cord, and vertebral bodies. 

ALAMO generated segmentation labels in good agreement with the manual results. 

Specifically, among the 10 OARs, 9 achieved high Dice Similarity Coefficients (DSCs) in 

the range of 0.87-0.96, except for the duodenum with a DSC of 0.80. Overall, the ALAMO 

model matched the state-of-the-art techniques in performance.  
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CHAPTER 1: INTRODUCTION 

 

1.1 Significance 

As one of few non-invasive medical imaging techniques that can both provide 

functional and anatomical information simultaneously, Magnetic Resonance Imaging 

(MRI) has attracted much attention in various applications. However, conventional MRI in 

both acquisition, reconstruction, and analysis/post-processing face several challenges 

such as slow scan time, heavy computational reconstruction, and low accuracy in 

computer-aid-diagnosis due to the limitation in both hardware and software of MRI 

techniques.   

In recent years, deep learning (DL) and artificial intelligence (AI) has shown its 

superior capability to tackle complex generic computer vision and natural language tasks. 

Research of applying DL into medical imaging, especially for MRI, has gained many 

interests. Many studies have been done on specific fields like under-sampled 

reconstruction, denoising, disease detection, tumor segmentation, etc. Though those 

tasks are very different on the surface, they are fundamentally similar tasks that require 

the model to transform one form of image data into another. It is almost impossible for 

conventional methods to accomplish two or more tasks together. However, a DL model 

is very adaptive to all different kinds of image transformation tasks. Thus, it is 

unprecedented to see that a unified framework can tackle the challenge in both MRI 

imaging reconstruction and image processing.  

In this work, we try to show the feasibility of a general-purpose MRI transformer 

platform by using three different tasks as an example: super-resolution (SR) for 
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accelerated MRI acquisition, multitasking MRI spatial tensor estimation for speed-up 

reconstruction, and complete automated segmentation in abdominal MRI: 

High-resolution (HR) MRI is critical in disease detection and quantitative 

assessment. However, one of the most significant drawbacks of the current MRI imaging 

technique to obtain HR MRI is the slow acquisition process, which results in a long scan 

time coming with expensive operational cost and more likely to be affected by motion 

artifacts. One way to accelerate the scan procedure is to trade spatial resolution with 

speed. A super-resolution (SR) technique is developed to regain the loss of spatial 

information in a fast MRI scan. With SR, MRI can be acquired several folds faster and 

maintaining the same image quality. In time-sensitive applications like Coronary Magnetic 

Resonance Angiography (MRA), such a reduction in scan time can potentially finish a 

whole heart scan within a single breath-hold, which will open a new world for a lot of new 

clinical applications. 

Another way to improve efficiency during MRI scans is to acquire data continuously. 

Moreover, the recent proposed Multitasking MRI (MTMRI) is an excellent example. 

Without an extra complicated set-up required by conventional dynamic MRI scan, MTMRI 

uses Low-Rank Tensor to resolve different sources of dynamic changes, including T1/T2 

relaxation and cardiac/respiratory motions. Its brilliant design makes it possible to acquire 

quantitative MRI data like T1/T2 mapping. However, the biggest hurdles for MTMRI to be 

more popular among daily usage is that the iterative reconstruction process takes a long 

time. Thus, a deep-learning-based model that can accelerate the reconstruction process 

will be highly beneficial.  



3 
 

On the other side of the pipeline, once MRI data is generated, to obtain anatomical 

information like organ shape, size, and textures, in some clinical practice, requires 

radiologists or doctors to label or draw contours manually. That process is time-

consuming, labor-intensive, and prone to intra-and inter-observer variations. Therefore, a 

DL framework with no need for human input to accurately analyze the image would be 

beneficial. In our study, we developed a DL framework that can provide comparable 

segmentation output with experience radiologists. Thus, it can be used for radiation 

therapy (RT) treatment planning and other clinical applications, boosting MRI usage in 

that area. 

Thus, by combining three tasks to develop together, we prove that a DL model can 

handle different tasks excellently and increase the development process since the same 

software code can be reused in all those tasks. 

 

1.2 Deep learning in generic imaging processing 

1.2.1 The rise of artificial neural network 

Deep Learning (DL) is a branch of machine learning (ML) that utilizes artificial 

neural networks composited with millions or even billions of neurons or weights to 

accomplish challenging tasks. Since 2012, the first neural network won the image 

classification competition [1]. Since then, deep learning [2] has been the most heated 

topic in computer vision. As a result, more prominent and deeper networks have been 

studied and developed to further push the accuracy with much more data (millions of 

internet images) and more powerful computers (GPU-powered workstations). 
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Nowadays, a deep learning model running on a typical smartphone can outperform a 

normal human being in classification tasks. 

 

Figure 1.1 The state-of-the-art network EfficientNet can have more than 80% accuracy in recognizing hundreds of 
different subjects in the generic images. Moreover, it can be deployed on a cell phone. Figure is sourced from [3]. 

 
1.2.2 Deep learning applications in computer vision 

With the booming of deep learning research, many applications have already 

surrounded us for a while. Self-driving cars are test running in the street. DL-based 

algorithm enhances every single photo taken on the mobile phone, and iPhone uses the 

3D projection to identify the user for unlocking the phone safely. All those applications 

have been proven to be fast, efficient, and most reliable. 

 
1.3 Current States of deep learning applications in MRI 
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As more and more interests grow in DL-based techniques, a few studies have been 

done to translate the methods from generic computer vision into medical imaging and the 

MRI domain. DL methods have been widely adaptive in low-dose contrast-enhanced 

brain MRI, brain tumor segmentation, image synthesis, denoising, artifact 

detection/removal, etc. [4] 

 

1.3.1 Deep Learning in MRI Super-Resolution 

Super-Resolution is a technique that reconstructs high-resolution images from 

low-resolution input. High-resolution MRI requires a long scan time and low SNR, while 

low-resolution is fast but lacks local details. This trade-off can be significantly improved 

by applying super-resolution techniques on fast under-sampled data. SR has been 

researched to improve image quality in different applications, such as generate 7T MRI 

from 3T scanners [5], improve brain and musculoskeletal MRI spatial resolution.  

 
1.3.2 Deep Learning in MRI Reconstruction 

MRI reconstruction involves the process of converting acquired image data into 

human-readable output. Much research in this field, including AUTOMAP [4], directly 

converts k-space data into image domain using simple feed-forward networks. Many 

studies have shown that DL can also recover from compressed-sensing like highly-

undersampled data, with better image quality and fast computation time. 

 
 
1.3.3 Deep Learning in MRI Segmentation 

Image segmentation is a per-pixel/voxel classification task that separates the 

different regions of interest from the background, giving an image input. It is a critical 
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process for most quantitative image analysis. For example, to accurately access brain 

tumors for treatment planning, a DL model [6] is developed for that purpose.   

 

1.4 Major Technical Challenges for DL in MRI 

1.4.1 Lack of high-quality training data 

The biggest challenge of DL in MRI comes from the data. Unfortunately, unlike 

general computer vision, the quantity of medical images is much scarce. In recent 

years, the situation is getting better as more and more open-access data is available for 

researchers; however, because of the complex nature of medical images, high-quality 

images and label data are still rare. 

 

1.4.2 The difficulty of dealing with 3D data 

Another challenge comes from the 3D nature of MRI. Unlike 2D photos, a 3D 

MRI contains a more sophisticated spatial structure and textual information. To fully 

digest those data, a 3D CNN is ideal. However, limited by the memory size of GPU, it is 

sometimes impossible to put a 3D volume into the network, making the developing and 

training DL model extremely difficult.  

 
1.4.3 Variant image quality and texture patterns 

The last example of the challenge is the inconsistency of MRI. Unlike CT images 

that voxel value is quantitative, most of the MRI images are weighted images, which 

means the absolute value of the tissue changes from time to time. Additionally, MRI 

image quality is more sensitive to scanning parameters. As a result, the image quality 

like contrast and SNR may vary from scanner to scanner. Such inhomogeneity and 
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variability of intensity range, contrast, and noise,  making the quantitative post-

processing like segmentation and detection complicated [7]. 

 

1.4.4 Challenging real-world data 

Though technical development has shown DL’s feasibility to provide promising 

results in the simulated or experimental data, it is not yet fully adopted in real-world 

clinical usage. One of the reasons is that real-world data is much more challenging. For 

example, some diseases rarely happen among the population, or the ROI is much 

smaller than the healthy region, where negative cases outnumber positive cases. Thus, 

models trained on this unbalanced data will struggle to pick up the disease signal and 

regard it as noise [8, 9].  On the other hand, even within the same disease, the data 

representation has a wide variety. A capable DL model will have to identify the common 

disease signals among different  

 

1.5 Objectives 

 The goal of the project in this dissertation is to develop a novel deep learning 

framework to handle different tasks relative to MRI reconstruction and post-processing. 

Thus, the framework is unified to process with different MRI inputs and accomplish 

different goals. We selected three representative tasks here: 1) super-resolution to 

improve MRI’s spatial-resolution by 4x or 16x as in MRI image enhancement, 2) 

multitasking MRI reconstruction to use a hybrid model of low-rank tensor (LRT) and deep 

learning to achieve quantitative cardiac MRI with free-breathing while significantly 

reduces reconstruction time compared with conventional iterative methods, 3) fully 
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automated abdominal multi-organ MRI segmentation to achieve high-quality delineation 

with a state-of-the-art accuracy in similarity metrics. The detailed aims relative to those 

tasks are summarized as below: 

 

1.5.1 Aim1: To develop novel super-resolution networks to achieve high-ratio 

acceleration in MRI acquisition without losing image quality significantly 

Chapter 3, 4 & 5 present a novel technique based on super-resolution (SR) 

developed using deep neural networks to recover highly under-sampled low-spatial-

resolution MRI into high-spatial-resolution images with efficient 3D neural networks. First, 

we started from a 3D network DCSRN (Densely Connected Super-Resolution Network) 

in Chapter 3. Then, we significantly improve the output quality by adding advanced 

structures in mDCSRN (multi-level densely connected super-resolution network) and 

GAN (Generative Adversarial Network) in Chapter 4. Moreover, to boost the reliability of 

SR in a small dataset, we introduce DRAGAN domain-robust adaptive GAN in Chapter 5. 

Finally, we developed and tested on large-scale brain T1-weighted (T1w) MRI and 

relatively small quantity in-house coronary MR Angiography (MRA). With the addition of 

Generative Adversarial Network (GAN), we achieved a high-quality super-resolution 

output with a 4x or 16x reduction in k-space lines, respectively. 

 

1.5.2 Aim2: To develop a hybrid low-rank tensor and deep learning model to 

accelerate Multi-tasking MRI (MTMRI) reconstruction 

With the application of Low-Rank Tensor (LRT), Multitasking MRI (MTMRI) is 

capable of providing high-temporal-spatial-resolution MRI with multiple time dimensions 
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that catch motions (i.e., respiratory and cardiac) and dynamic tissue processes (i.e., T1 

and T2 decays). Furthermore, unlike conventional methods like ECG gated and breath-

hold that discard the data partially, MTMRI uses all the data during the scan. Thus, 

MTMRI can achieve remarkably high-temporal-resolution, which enables multiple 

quantitative measurements in one scan. However, one of the technical limitations of 

MTMRI is that it requires a long time for reconstruction. Chapter 6 will discuss in detail 

the use of a hybrid deep-learning and LRT model method (Multitasking-MRI Accelerated 

nonLinear Image-Based reconstrUction, MALIBU) to dramatically reduce processing time 

from hours to time seconds in 5D MTMRI reconstruction. 

 

1.5.3 Aim3: To develop a fully automated multi-organ segmentation in abdominal 

MRI with a deep learning network for fast planning in radiation therapy 

Chapter 7 presents yet another novel technique named Automated deep Learning-

based Abdominal Multi-Organ segmentation, ALAMO, to label out ten different organs, 

including the liver, spleen, pancreas, left/right kidneys, stomach, duodenum, small 

intestine, spinal cord, and vertebral bodies, in T1-VIBE (Volumetric Interpolated Breath-

hold Examination). By a well-crafted network structure and innovative multi-view training 

and multi-view fusion, we achieve a high agreement with human labels in the testing set, 

demonstrating a state-of-the-art accuracy in such a challenging task. 

 

Though the above aims are relative to MRI, the tasks are quite different on the 

surface. Before deep learning methods are adopted, it is unimaginable that those different 
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tasks can be finished within a unified framework, demonstrating artificial neural networks' 

capability in adapting for different applications.  
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CHAPTER 2: BACKGROUND 

2.1 Basic Theory of Deep Learning  

2.1.1 Artificial neural networks in a nutshell 

  
Figure 2.1Artifical neuron vs. brain Neuron [10] and neural network formed by layers of neurons. Figure is sourced 

from [11] 

A deep learning network is a collection of stacked layers which is made of 

“artificial neurons.” The “artificial neurons” imitate an animal brain cell but in a simplified 

model. The neuron will act as a mathematical function to transform data from the input 

to the output. Each neural will multiple all its inputs with its value, which is called 

“weight,” and then sum them, as shown in Figure 2.1. Then the number will go through 

the non-linear activation function, which will ‘fire’ or not ‘fire’ depends on the values. 

With nonlinearity within each neuron and a network containing millions of neuron units, 

a neural network might arbitrarily transform any data (Universal approximation theorem) 

[7], which is one reason why a neural network is flexible. 

 

2.1.2 Training a Network 

To train a network means to improve the network accuracy on the training data by 

iteratively updating the model’s weight. A representative example is demonstrated in  
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Figure 2.2.  Lecun et al. [12] introduces the backpropagation method to train a 

feedforward neural network. In backpropagation, the gradients of the loss function w.r.t 

the neurons' weights are computed and used to update the corresponding neurons. This 

gradient computation is calculated layer by layer in a deep neural network, from the 

back to the front, efficiently. Thus, it makes training a deep neural network possible.  

 
Figure 2.2 Illustration of training a neural network with super-resolution as an example. The model takes input (low-
res) and provides output (Super-Res). Then the loss is calculated as the difference between output (super-res) and 
target (Hi-res). Finally, the loss is utilized to update the model’s weight to provide the output as close to the target as 
possible. 

 
2.1.3 Network Structure Design 

The development of a DL model usually involves designing the network structure, 

which determines how different layers, such as fully connected layers (the one in Figure 

2.1) or convolutional layers in convolution neural networks (CNN), connect. The 

simplest way is to stack layers on top of each other, named ‘plain’ network or ‘stacked’ 

layers.  

 In CNN, neurons can only see their neighbors during the convolutional operation. 

Therefore, the longest distance that the network can see through the image, ‘receptive 

field,’ is essential for some tasks that require global contextual information. Therefore, 

pooling layers are applied in the middle of the network to reduce computation in CNN. In 
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contrast, up-sampling layers are usually applied at the network's end to regain the 

image dimension when needed. The most widely used network, U-net [13], as an 

encoder-decoder structure, uses pooling and up-sampling layers to process global and 

local information. 

 

 

Figure 2.3 Illustration of CNN, receptive field (a), pooling layers (b),  and the famous network structure, U-net [13] (c). 
(a) & (b) are sourced from [14], (c) is sourced from [13]. 

 

2.1.4 Advanced Network Structure 

Another critical component of the network structure is skip-connection. When the 

network is very deep, during the training, the back-propagated gradient from the training 

loss will become very difficult if not possible to reach the front portion of the network, 

making the front of the network untrainable. Resinet [15] was then proposed to solve 

this gradient vanishing problem with an additional bypass connection with the input and 

CNN output. Later, DenseNet [16] was invented later on. With dense connection, 

DenseNet is more efficient in terms of parameter numbers and runtime speed. 
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Figure 2.4 Illustrations of ResiNet [15] and DenseNet [16], the skip connections improve gradient flow and improve 
network performance. Diagrams are sourced from [15] & [16]. 

 

2.1.5 Generative Adversarial Networks (GAN) 

 
Figure 2.5 Example of GAN generated images for human faces. Figure is sourced from [17].  

 

Since Generative Adversarial Networks (GAN) first introduced by Goodfellow et 

al. [18] in 2014, GAN has shown its incredible performance in image synthesis. GAN 

has two components, a Generator (G) and a Discriminator (D). The G generates fake 

samples, tries to fool the Discriminator to regard fake images as real samples. The 

Discriminator, on the other hand, tried to identify the fake samples from the real images. 

Thus, during the training, there are competing in a process called adversarial training. 
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However, one advantage of the Generator is that it can receive the (reversed) gradient 

from the Discriminator, which leaks out the information where the Discriminator thinks 

the fake samples are fake. Therefore, the Generator can learn from the Discriminator to 

improve the quality of fake samples. Finally, after training, the Discriminator would be an 

expert in distinguishing real and generated samples. At the same time, the Generator 

would be an excellent forger to produce high-quality fake samples that occasionally fool 

the Discriminator.  

GAN creates a massive opportunity in different applications. Before GAN, a DL 

model must be trained with some specific loss functions for the tasks. For example, 

cross-entropy is widely used in the classification task and mean squared error in 

intensity is widely used in reconstruction-related tasks. However, some tasks are too 

complex to define mathematically. For instance, style transfer [19], a technique that can 

convert paintings into photos and vice versa,  struggles to find a differentiable objective 

function to achieve satisfying performance.  Since GAN tries to imitate the distribution of 

the training dataset, the search for loss function is no longer necessary for some tasks. 

Namely, CycleGAN [20] can provide excellent style-transferred images in the GAN’s 

fashion without heavily tweaking the loss function. 

 
2.2 Super-Resolution in MRI 

2.2.1 Super-resolution basics 

A super-resolution is a process that reverses the resolution degradation of the 

low-spatial resolution input by modeling the mapping between the low-resolution (LR) 

and the high-resolution (HR). For example, the resolution downgrading process from an 

HR image X to an LR image Y can be presented as: 
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    𝑌 = 𝑓(𝑋),       (1) 

where f is the function causing a loss of resolution. The SISR process is to find an 

inverse mapping function 𝑔(⋅) ≈ 𝑓!"(⋅) to recover HR image 𝑋+ from an LR image Y:  

   𝑋+ = 𝑔(𝑌) = 𝑓!"(𝑌) + 𝑅,      (2) 

where 𝑓!" is the inverse of 𝑓, and R is the reconstruction residual.  

 

2.2.2 Conventional Super-Resolution  

Super-resolution is a well-studied problem in computer vision. Typically, SR is 

achieved without machine-learning and deep learning methods by analyzing the 

similarity between the low-resolution patches and the high-resolution patches in the 

reference.  An example is shown in Figure 2.6. Those sparse-coding-based SR 

methods have drawbacks such as performance dependent on similarity between 

examples and testing data, quality of high-resolution examples, and the features used in 

the sparse-coding process.  

 

 

Figure 2.6 An example of patch-based sparse representation approach of SISR, diagram is sourced from  [21] 

 

2.2.3 Super-Resolution with deep learning 
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In a CNN SISR approach, three different steps are optimized together: feature 

extraction, manifold learning, and image reconstruction. The difference between 

reconstructed images and ground truth images is utilized to adjust the reconstruction 

layer to restore better images from manifold and guide to extract better image features 

during the training. This mingling of different components makes it possible for the 

neural network to achieve state-of-art performance among other SISR techniques.  

As shown in Figure 2.7, with a 4x down-sampled in k-space, the input image 

looks very blurring and lacks detail. However, after training, a neural network can regain 

the local textures and sharpness and shows a similar image quality as the high-

resolution counterpart. 

 

 
Figure 2.7 A 4x accelerated super-resolution in brain MRI. 

 
 
2.3 Multi-Tasking MRI with Low-Rank Tensor Model in Cardiac MR 

2.3.1 Background 
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Cardiovascular Diseases (CVDs) are the most cause of death around the whole 

world. According to World Health Organization (WHO), in 2015, 17.7 million people 

were estimated to be died from CVDs, accounting for 31% of global death [22]1. In the 

United States, about 610,000 people die of heart disease every year, representing a ¼ 

of all the deaths. To prevent and control CVDs, an accurate assessment of the function 

and structure of the cardiovascular system would be critical in the diagnosis and 

therapeutic planning. Several non-invasive medical imaging techniques [23], such as 

magnetic resonance imaging (MRI), echocardiography (ECHO), cardiac computed 

tomography (CT), and Positron-emission tomography (PET), can provide such 

informative image data. Among those techniques, cardiovascular magnetic resonance 

imaging (CMR) is particularly promising for its wide range of potential clinical 

applications [24]. Thanks to CMR’s ability to provide functional and structural 

information of the cardiovascular system, it is regarded as the reference standard for 

many cardiac disease assessments [25]. The applications of CMR include detecting and 

characterizing infarction, fibrosis, myocardial ischemia, inflammation, and other disease 

conditions [26].  

 An up-and-coming area is quantitative CMR such as T1 and T2 mapping, which 

provides reproducible, absolute assessments of cardiac tissue health8. However, 

quantifying dynamic tissue processes (such as T1 and T2 decay) is challenging, as they 

overlap each other and different physiological dynamics (cardiac and respiratory motion, 

etc.). Conventional CMR techniques try to avoid motion/dynamic artifacts by keeping 

the subject as ‘still’ as possible via electrocardiography (ECG) gating, breath-holding, 

and other complicated acquisition processes. Unfortunately, that results in a low scan 
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efficiency, prolonged scan time and is very difficult for patients who cannot hold their 

breath long enough or have irregular cardiac cycles causing by cardiac arrhythmias. 

A continuous scanning framework, multitasking MRI (MT-MRI), has recently been 

proposed to address those challenges for quantitative CMR9. MT-MRI fully uses all the 

signal information during scanning and resolves different sources of the image 

dynamics (i.e., motion and relaxation) as multiple time dimensions, using a low-rank-

tensor (LRT) image model to constrain reconstruction. It provides co-registered 

quantitative multi-parametric MRI from a single continuous scan, which opens a new 

opportunity for accurate medical image analysis. It also simplifies the scan procedure 

and allows those who cannot receive conventional MRI scans due to arrhythmias and 

difficulties of breath-hold to be examined, which broadens the CMR applications and 

benefits more patients. 

 Two of the current limitations of MT-MRI are that: 1) image reconstruction takes a 

long time; and 2) reorganizing data into multiple time dimensions requires accurate 

motion binning, which is challenging when T1 and T2 relaxation dynamics overlap 

motion. During reconstruction, the most computationally expensive process is the 

compressed-sensing (CS) regularized spatial factor estimation, especially for non-

Cartesian reconstruction, where due to the lack of a direct inverse nonuniform FFT 

(NUFFT), each iteration of the reconstruction involves another level of iterations to solve 

the subproblem. However, a feedforward deep learning model10 or deep artificial neural 

network (DNN) can perform universal approximation11 for any kind of mathematical 

transformation if it is a continuous function on a subset of Rn and a proper number of 

parameters the network is set. A DNN can bypass the iterative process by taking an 
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initial estimation of the spatial factor and directly producing the approximated result. By 

this approach, we expect to shorten the current 20-minute reconstruction time of a 

single 2D slice into sub-second and reduce the 20-hour reconstruction time of a 3D 

image into tens of seconds. By shortening the reconstruction process, MT-MRI will not 

only provide valuable quantitative image data but also will be able to provide them 

almost immediately after scans. Therefore, by using DNN, we could make the MT-MRI 

reconstruction faster, better, and more robust for clinical application. 

 
2.3.2 MTMRI Spatial Tensor Estimation 

MTMRI Reconstruction Overview: 

 
 

Figure 2.8 Multi-Tasking MRI framework for non-ECG, free-breathing native myocardial T1 mapping, a) shows the 
image in three dynamic process dimensions: T1 weightings are long inversion time axis (horizontal), cardiac phases 
are along the cardiac time axis (depth), and respiratory phases long the respiratory time axis (vertical). b) as 
highlighted, shows the basis images in increasing index order. The basis image reconstruction is the most time-
consuming, and it is the focus of the research to accelerate it. [27] 
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Multitasking CMR regards the image as a multidimensional function of spatial 

location x and N time dimensions. Each time dimension represents a specific dynamic 

process (cardiac motion, respiratory motion, T1 recovery etc.). The image I then can be 

represented as a multidimensional tensor 𝒜 with elements 𝒜#$%…' =

𝐼0𝐱# , 𝑡",$ , 𝑡),%, … , 𝑡*,'4, where 𝐱# is the j th (of J) voxel location and each other 

dimensions is a different time dimension. Then a low-rank tensor (LRT) decomposition 

is applied to reduce 𝒜 to a product of a core tensor 𝒢 and N+1 factor matrices, thus in 

the tensor form: 

𝒜 = 𝒢 ×" 𝐔𝐱 ×) 𝐔,! ×- 𝐔," ×. ⋯×(*0") 𝐔,# , 

where the ×2 operator denotes the 𝑖th mode product, the factor matrix 𝐔𝐱 ∈ ℂ3× 6$ 

contains 𝐿7 spatial basis functions (or basis images) with 𝐽 voxels each, each factor 

matrix 𝐔,% contains 𝐿2 temporal basis functions for the 𝑖th time dimension, and the 𝒢 is 

the core tensor controlling the interaction between each factor matrix. If we rewrite the 

equation into a matrix form as: 

𝐀(") = 𝐔𝐱𝐆(") (𝐔,#⨂𝐔,#&!⨂𝐔,#&"⋯𝐔,!)
8 

where the ⨂ operator denotes the Kronecker product and where 𝐀(2) denotes the i th 

mode unfolding of the tensor 𝒜. Using this notation, the sampling process of the multi-

channel magnetic resonance imaging can be expressed as 𝐝 = Ω0𝐅𝐒𝐀(")4, where 𝐒 is 

the coil sensitivity mapping, 𝐅 is the spatial encoding operator (usually a Fourier 

operator), and Ω is the sampling pattern operator retaining only the samples acquired 

and collected in the signal 𝐝. 

 MT-MRI reconstructs 𝒜 by sequentially recovering its tensor factors. The most 

time-consuming step is the spatial factor estimation step: 
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𝐔𝐱F = argmin
𝐔𝐱
‖𝐝 − Ω(𝐅𝐒𝚽)‖)) + 𝑅(𝐔𝐱) 

, where 𝚽 = 𝐆(")(𝐔,#⨂𝐔,#&!⨂𝐔,#&"⋯𝐔,!)
8 collects the core tensor and temporal 

factors, and where 𝑅(⋅) is a regularization functional, typically a sparse regularizer. By 

explicitly recovering tensor factors, 𝐀(") can be recovered in compressed form, and 𝐅𝐒 

is only needed to be applied to the 𝐿7 columns of 𝐔𝐱. This computation requires the prior 

knowledge of temporal information 𝚽, which can be recovered from a navigator signal 

𝐝:;< frequently acquired during the scan, like the self-gating lines in retrospective 

cardiac MRI protocols. The remaining subset of data, the ‘imaging data’ 𝐝=>?, will be 

used to define 𝐔𝐱, and is often acquired using radial golden angle sampling.  

We will first focus on spatial information recovery, and then we will discuss temporal 

modeling. 

 

Conventional iterative algorithm:  

The spatial factor estimation problem in the former section can be further rewritten as 

follows: 

argmin
𝐔𝐱
P𝐝=>? − 𝐸(𝐔𝐱𝚽)P)

) + 𝜆‖𝚿𝐔𝐱‖", 

where 𝐸 is the multichannel non-Cartesian encoding operator: 𝐸(𝐔𝐱𝚽) = Ω(𝐅𝐒𝚽), and 

where 𝚿 is a sparsifying transform. A Standard Alternating Directions Method of 

multipliers (ADMM) algorithm would solve the equivalent problem: 

argmin
𝐔𝐱,𝐳

P𝐝=>? − 𝐸(𝐔𝐱𝚽)P)
) + 𝜆‖𝐳‖" 				𝑠. 𝑡.				 𝚿𝐔𝐱 = 𝐳. 

This problem takes three steps per iteration: 

1. Solve for 𝐔𝐱 via conjugate gradient (CG):  
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𝐔𝐱$0" 	= 	argmin
𝐔𝐱
P𝐝=>? − 𝐸(𝐔𝐱𝚽)P)

) +
𝜌
2
‖𝚿𝐔𝐱 − 𝐳$‖)) + 𝐲$

A(𝚿𝐔𝐱 − 𝐳$), 

where 𝐲 is a Lagrangian dual variable and 𝜌 is a step-size parameter controlling 

convergence speed. 

2. Soft-thresholding: 

𝐳$0" = 𝑆B
C
\𝚿𝐔𝐱$0" +

𝐲$

𝜌 ], 

where S is the soft-thresholding operation. 

3. Update a dual variable 

𝐲$0" = 𝐲$ + 𝜌0𝚿𝐔𝐱$0" − 𝐳$0"4 

The most computational burden is within the first step, which requires multiple CG 

iterations, each of which applies both forward 𝐸 and adjoint 𝐸∗. In non-Cartesian 

sampling reconstruction, nonuniform FFT (NUFFT) needs to be applied to each basis 

image for each coil channel. Each NUFFT occupies 256 ms for a dual-GPU system to 

transform a 320 x 320 x 32 volume. Therefore, 20 CG iteration each with a forward and 

an adjoint on an L=36 basis image and ten channels, and for an outer 20 ADMM 

iterations requires a total of (2 x 256 ms x 36 basis x 10 channels x 20 CG x 20 ADMM) 

= 20 hours per reconstruction.  
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2.3.3 MTMRI reconstruction with deep learning (MALIBU)  

 

Index low   ------------------------->  high 

𝐔𝐱( 

   

…... 

  

𝐔𝐱) 

   

…... 

  
 
Figure 2.9 An example of the basis images from one current standard MT-MRI reconstruction. The higher the 
singular value index, the noisier the input image, and the more difficult to recover the image, as we can see 
blocky artefacts introduced by current CS-regularized algorithm. 

 

Figure 2.10 An overview of (a) current standard iterative reconstruction and (b) neural network reconstruction. Deep 
learning method would only need to apply one forward pass during deployment. 
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Another way to reconstruct the 𝐔𝐱 is to utilize a deep neural network to perform 

the image-based transformation:  

𝐔𝐱7
ℱ
→		𝐔𝐱F , 

where 𝐔𝐱7 is the initial estimation and 𝐔𝐱F is equal to the final estimation by ADMM with 

K=20 steps. 

As for a deep neural network with non-linear activation, the operation of each 

layer can be expressed as: 

𝓕G = 𝑚𝑎𝑥(0, 𝑤G ∗ 𝒀G), 

where 𝑌G is the input data of the nth layer, 𝑤G	is the weight of this layer. To simplify the 

equation, we ignore the bias term in the layer and use the rectified linear unit (RELU) 

activation45. 

The whole network can be expressed as a transformation ℱ: 

𝓕 = 𝓕* h𝓕*!"0𝓕*!)⋯𝓕"(𝓕7(𝒀)4i, 

where the Y is the input of the network. 

In the MT-MRI reconstruction, the network will take an artifact-corrupted spatial 

factor as the input and output a denoised spatial factor with a similar quality with the 

output from the ADMM iterative reconstruction method. Thus, after training, the network 

only needs to take a single forward pass to produce high-quality output, bypassing the 

slow iterative reconstruction process. 

Since this is a non-linear approach, therefore, we name this approach as 

MALIBU (Multitasking-MRI Accelerated nonLinear Image-Based reconstrUction). 
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2.4 Automated Multi-Organ Segmentation in abdominal MRI 

2.4.1 Image Segmentation in MRI 

Segmentation is a kind of task that labels the foreground from the background at 

the pixel/voxel level. Early segmentation studies usually rely on feature engineering. For 

example, using the mathematical function to highlight the boundaries so that objects 

can be separated [15], or analyzing different regions' statistical data like mutual 

information to identify the most different neighborhood (i.e., mutual information, entropy, 

etc.) different groups. Additionally, a data-driven method named multi-atlas 

segmentation is also popularly used. In this method, a set of pre-labeled data (atlas) are 

registered to the unknown target image with their manual ground-truth labels warped. 

Then, by fusing all the warped labels, the unknown target’s segmentation is formed. 

This process is named MALF (Multi-Atlas Label Fusion) [28], whose performance 

heavily depends on the size of the atlas and image registration quality. 

 

 

Figure 2.11 Flow diagram of the multi-atlas segmentation, image is sourced from [29]. 
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2.4.2 Segmentation with deep learning Network 

In a deep learning-based approach, the image features are learned directly from 

the training data instead of hand-crafted human engineering. Therefore, with more data 

and a better network, the DL-based approach better handles a more complex situation 

like abdominal MRI with multiple organs in various shapes and textures.  

We will discuss more on this topic in CHAPTER 7:. 

 
2.5 Unified Deep Learning Framework for MRI 

For a multi-purpose generative deep learning-based image transformer 

framework, a modular design is critical. Each project requires several similar functions 

for model development: data pre-processing, loading, and augmentation; training 

configuration, monitoring, logging, and pause/resume; model performance analysis, 

output images, etc.  

In our design, each part of the framework is handled by interchangeable classes. 

For instance, the data loaders are inherited from a base loader class with functions 

shared by all its children. Therefore, it only needs to modify a configuration text file 

before the training. Then the program will process the data accordingly based on the 

different classes. All the other parts of the system, like training and testing code, remain 

the same.  

In this way, it makes it possible to work on different projects simultaneously, but 

also, one breakthrough in one project can be quickly transferred to the others. 
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CHAPTER 3: BRAIN MRI SUPER RESOLUTION USING 3D DEEP DENSELY 

CONNECTED NEURAL NETWORKS 

3.1 Introduction 

Medical images in high spatial resolution (HR) produce abundant structural 

details, enabling accurate image analysis and quantitative measurement. However, high 

spatial resolution in MRI typically comes at the expense of longer scan time, less spatial 

coverage, and lower signal-to-noise ratio (SNR) [30]. Suppose we could reconstruct a 

high-resolution (HR) image from a low-resolution (LR) input. In that case, we can 

potentially achieve broader spatial coverage, higher SNR, and better spatial resolution 

in a shorter scan. A simplistic approach is to interpolate LR images into HR. However, 

interpolation methods fail to recover the loss of high-frequency information like fine 

edges of the objects. Another approach is to scan multiple LR images and combine 

them into a single HR image. Unfortunately, this is not robust to interscan motion and is 

neither time- nor cost-optimal in practice. Therefore, a SISR [31] technique that needs 

only one LR scan to provide an HR output is an attractive approach to address this 

problem.  

Before data-driven machine learning was widely used, most applications [32] of 

SISR took the form of an optimization problem to minimize the cost between observed 

LR image and the model estimation, typically with some form of regularization terms. 

However, those non-learning methods generally have a limitation: they need to have 

sound prior knowledge about the data representation. For instance, using a total 

variation regularization term implicitly assumes that the image should be piecewise 

constant, which does not always hold for images with abundant structural details.  
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In contrast, a learning-based method does not require the data distribution 

assumption but learns the prior information directly from a set of examples [33]. Current 

state-of-the-art methods with deep learning techniques have shown a significant 

performance improvement on natural images. Among those approaches, Super-

Resolution Convolutional Neural Networks (SRCNN) [34] and its faster version 

FSRCNN [35] have received a lot of attention because of their simple network structure 

and high restoration accuracy.  

However, these previous deep-learning approaches do not fully solve the 

problem. First, many medical images are 3D volumes, but 2D super-resolution networks 

like the original FSRCNN could work slice by the slice but not take advantage of 

continuous structures in 3D. A 3D model would be preferable, as it directly extracts 3D 

image features, casting a better estimation of objects across slices. Second, FSRCNN 

stacks multiple convolutional neural networks. Direct conversion into 3D may result in a 

large number of parameters and thus face challenges in memory allocation. Finally, its 

structure could also be further improved in terms of efficiency. 

This paper proposes 3D Densely Connected Super-Resolution Networks (DCSRN), 

derived from the latest invention of neural networks, Densely Connected Convolutional 

Networks [16]. Experiments are performed on a large brain MRI dataset from the human 

connectome project (HCP) [36]. We show that in brain MRI SR, 3D neural networks 

outperformed their 2D counterpart and that our 3D-DCSRN also outperformed a 

previous method for 3D FSRCNN. In addition, in our study, the low-resolution image is 

created by truncating k-space instead of downsampling in the image domain, which 

more realistically represents the acquisition of low-resolution MRI scans. 
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3.2 SUPER-RESOLUTION NEURAL NETWORKS 

 
3.2.1 Background 

As SISR is an estimation process in image space to turn LR images 𝑌 into 

ground truth HR images 𝑋, the relation between 𝑋 and 𝑌 can be interpreted as: 

𝑌	 = 	𝑓(𝑋)                   (3.1)  

where the 𝑓is an arbitrary continuous transformation function that downgrades the 

image 𝑋. The SR process will be to find some 𝑔(∙) ≈ 𝑓!"(∙), where 𝑓!"is the inverse 

mapping function of 𝑓, to reconstruct an HR image as: 

 

𝑋	 = 	𝑔(𝑌) = 	𝑓!"(𝑌) 	+ 𝑟           (3.2) 

where 𝑟 is the reconstruction residual.  

A learning-based SR typically has three steps to restore 𝑋: 1) extract image 

features from 𝑌, 2) map the feature vector to a feature space, and 3) reconstruct 𝑋 from 

the feature space.  

It has been shown that convolutional neural networks [12] can handle those 

operations naturally [34]. By minimizing the difference between reconstructed images 

and ground truth images during the training process, the model learns the 

transformation from LR to HR by those three steps. 

 

3.2.2 Proposed 3D Densely Connected Super-Resolution Networks (DCSRN) 

Though FSRCNN has significantly improved speed over SRCNN, recent studies 

[15, 16] showed that more sophisticated network structures with skip connections and 
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layer reusing benefit performance and speed and reduce training time. Inspired by the 

Densely Connected Network used in object recognition [16], we proposed a new SR 

network, referred to as DCSRN. The network structure of densely connected super-

resolution networks. Patches are extracted from the whole 3D image and fed into the 

network. A convolutional layer with a kernel size of 3 and filter number as 2k is applied 

to the input image before a densely connected block with four units, and each has a 

batch normalization layer, an exponential linear units (ELUs) activation followed by a 

conv layer with k filters. In this work, the best growth rate we found is k = 24. A conv 

layer is used to provide the final SR output. Figure 3.1 shows the network structure of 

DCSRN. 

 

 

 

 

3.2.3 2D model vs. 3D model 

A 2D model was directly applied to 3D medical images slice by the slice or 

combining coronal, axial, and sagittal views in many studies. However, as the medical 

images carry structural information in a 3D form, a 3D model is a natural way to learn 

richer knowledge. For example, a small blood vessel may cast its edge to its neighbor 

Figure 3.1 Framework of the proposed 3D Densely Connected Super-Resolution Networks (DCSRN). 
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slice; while a SR model processes the adjacent slice, it might be difficult to determine 

whether this small fluctuation is part of the vessel or just the noise, potentially resulting 

in noise enhancement in the output.  

 

3.2.4 Evaluation Setting 

The evaluation of SR methods needs HR ground truth images. For that purpose, 

we create LR images from the HR images through a specific resolution degradation 

process that mimics LR MR images' acquisition. The SR results from all methods are 

compared with the HR ground truth to evaluate the performance. Unlike previous SR 

approaches [37], where it is performed as a Gaussian blurring followed by shrinking 

image size in all dimensions, we obtained LR images by 1) applying the FFT to HR 

images, converting the original image into k-space data; 2) degrading the resolution 

by zeroing the outer part of the 3D k-space along two axes representing two MR phase 

encoding directions; 3) applying the inverse FFT. This process results in LR images at 

the same image size as the HR images, avoiding checkerboard artifacts [38]. As the 

low-resolution MRI is scanned by reducing acquisition lines in the phase- and slice- 

encoding directions. Since the missing data is in k-space, the blurring pattern differs 

from reducing the image size in the image domain. Therefore, our process more 

faithfully follows the actual LR MRI acquisition process. 

 

3.3 EXPERIMENTS 

3.3.1 Dataset 
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In a previous experiment with a small dataset of 21 images [37], 3D SRCNN 

demonstrated a superior performance against the 2D version. In order to better 

demonstrate the network’s generalization, we chose a large publicly accessible brain MRI 

database acquired from multiple centers, the human connectome project [8], and employ 

1113 subjects’ brain T1w structural images. These 3D MPRAGE images are obtained 

from Siemens 3T platforms using a 32-channel head coil. The matrix size is 320x320x256.  

The spatial resolution is 0.7 mm isotropic. The whole dataset was randomly split into 

7:1:1:1 ratio as 780 training, 111 validation, 111 evaluation, and 111 test samples. The 

original images were treated as the ground-truth HR images and then degraded to LR 

ones, lowering the spatial resolution by a factor of 2 in each phase encoding direction (for 

a total factor of 4). 

 

3.3.2 Patching, Merging, and Data Augmentation 

Each subject’s 3D image was split into 64x64x64 cubes. The locations of the 

cubes were randomly selected in each training step within the whole 3D image volume, 

acting as a random translation for data augmentation. Each 3D cube was again split into 

64 2D patches to compare against 2D networks. A batch of 2 3D cubes was fed into the 

network during training. Moreover, in the testing phase, the whole SR volumes were 

merged by averaging the model’s SR output cubes in a 3D sliding window. In each 

sliding step, the window shifted by half of the cube size.  

 

3.3.3 Training 
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We implemented all the models in Tensorflow [39]. For the proposed DCSRN, 

the densely connected block has four 3x3x3 convolutional layers with 48 filters as the 

first layer output in a growth rate (k) of 24. For the comparison methods, we selected 

the hyperparameter according to [35] for 2D FSRCNN (Table 3-1). We kept the same 

layer settings but extended all 2D convolution to 3D for the 3D-FSRCNN.  

Adam optimizer with a learning rate of 10-5 was used to minimize the L2 loss 

(mean squared error) between the network output SR images and the corresponding 

HR ground truth during training. All models were trained from scratch on a workstation 

with Nvidia GTX 1080 TI GPU for about 72 hours, after which little improvement was 

observed. 

After training on the training set, our program would save the model checkpoint 

with the best validation loss during training and applied to the test set for performance 

analysis. 

 

3.4  RESULTS 

  

The results from different methods of a sample case are shown in Figure 3.2. To 

quantitatively measure the results, we computed three image metrics: Structural 

  Nearest Neighbor Bicubic Interpolation 2D FSRCNN 3D FSRCNN 3D DCSRN 
  SSIM PSNR NRMSE SSIM PSNR NRMSE SSIM PSNR NRMSE SSIM PSNR NRMSE SSIM PSNR NRMSE 
mean 0.8131 28.39 0.2049 0.8382 29.21 0.1868 0.8836 31.28 0.1467 0.9166 33.86 0.1093 0.9312 35.05 0.0954 
std 0.0086 0.85 0.0086 0.0079 0.86 0.0082 0.0075 0.78 0.0048 0.0066 0.79 0.0041 0.0064 0.84 0.0041 
min 0.7873 26.54 0.1852 0.8145 27.36 0.1674 0.8635 29.75 0.1340 0.8997 32.05 0.0998 0.9156 32.97 0.0885 
median 0.8134 28.30 0.2033 0.8386 29.10 0.1854 0.8842 31.35 0.1471 0.9175 33.88 0.1085 0.9320 35.05 0.0944 
max 0.8318 30.54 0.2263 0.8542 31.32 0.2083 0.9005 33.57 0.1593 0.9315 36.18 0.1227 0.9468 37.57 0.1090 

Table 3-1 The results of SSIM, PSNR and normalized root mean squared error for a downgrade factor of 2x2 
between nearest-neighbor, bicubic interpolation, 2D FSRCNN, 3D FSRCNN and 3D DCSRN. 3D DCSRN has 
highest average similarity scores in SSIM and PSNR and lowest mean voxel-wise intensity difference to ground 
truth HR images. 

 



35 
 

Similarity Index (SSIM) [40], peak signal to noise ratio (PSNR), and normalized root 

mean squared error (NRMSE) between the SR images and the HR ground truth. 

 

 

 

 
 

The comparison methods were nearest neighbor up-sampling, bicubic 

interpolation, and three deep learning models: 2D-FSRCNN, 3D-FSRCNN, and 

DCSRN. Table 3-1 provides a summary of quantitative analysis. Figure 3.3 is the 

boxplot of the results. All deep learning models show better performance in all three 

metrics than simple interpolation methods by a big margin. Additionally, 3D FSRCNN 

 

 

Figure 3.3 Boxplot of results of SSIM, PSNR and NRMSE between different methods. DCSRN scores the best in all 
three metrics. 

Figure 3.2 One randomly selected sample, zoom-ins of the red region are shown alongside and SSIMs of this image are on 
the top. A small vessel in the yellow circle is blurred out in (b) and (c), partially recovered in (d) and (e), and DCSRN (f) 
preserves more details. 
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outperforms 2D FSRCNN, and our 3D DCSRN has the best performance overall 

(p<0.01 from the two-sample t-test). 

      In terms of speed, we observed DCSRN trained 4x faster than 3D FSRCNN. For 

example, in testing, to process a patient’s 3D image set with patch size 64x64x64, 

DCSRN took 23.31s, 2D FSRCNN took 35.52s, and 3D FSRCNN took 63.95s. The 

proposed DCSRN was the fastest among them.  

 

3.5 CONCLUSION 

In this paper, we demonstrated a novel convolutional neural network DCSRN for 

SISR of 3D brain MRI. Although we believed that hyperparameters of the model might 

affect the performance, we could not explore the combination exhaustively due to the 

limited time and resources. However, the results showed that compared with popular 

interpolation and previous deep learning methods, the new model produced significantly 

better-quality SR images and did so more efficiently.  
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CHAPTER 4: MRI Super-Resolution with GAN and 3D Multi-Level DenseNet: 

Smaller, Faster, and Better 

4.1 Introduction 

High spatial resolution MRI provides important structural details for clinicians to 

detect disease and make better diagnostic decisions [41]. It provides accurate tissue 

and organ measurements that benefit quantitative image analysis for better diagnosis 

and therapeutic monitoring [42-44]. However, limited by hardware capacity and patient 

cooperation, HR imaging is burdened by long scan time, small spatial coverage, and 

low signal-to-noise ratio (SNR) [30]. HR MRI is also susceptible to respiratory or internal 

organ motion [45, 46]. Thus it is challenging to perform moving parts of the body [47, 

48]. In MRI, the duration between phase encodes the most time-consuming part of the 

acquisition process, so scan time increases as the spatial resolution improves along 

phase-encoded dimensions. For example, A 4x resolution-degraded LR MRI would be 

4x faster than full-resolution HR, at the cost of losing fine local details. Therefore, with 

the capability to restore resolution loss in HR from just a single LR image, Singe Image 

Super-Resolution (SISR) [31] is an appealing approach as it promises a reconstructed 

HR image without adding extra scans or additional multi-image combination processing. 

However, the SISR problem is very challenging. Since multiple HR images can be 

resolution-degraded to the same LR image, SISR is an ill-posed inverse problem. To 

correctly recover high-frequency details such as local textures and edges from its LR 

counterparts, an intricate image prior is essential. Previous SISR approaches focus on 

creating a convex optimization process to find the most likely mapping between LR and 

HR images [30]. Constraints are usually applied to regularize such processes. However, 
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the prior knowledge presumed by those constraints does not always hold. One of the 

popular regularization methods, total variation [49], assumes that the HR image is 

constant in a small neighborhood, which usually violates the fact that the HR image 

often carries rich local details and tiny structures, such as intracranial vessels in brain 

MRI. In 2D generic images, Dong et al. [34, 35]  show that by utilizing a CNN, the SISR 

puzzles can be solved with an end-to-end learning-based method. Though a larger 

neural network with more capacity could help improve the overall performance [50], 

training such a deep CNN has been proven to be difficult [51]. Recently, with skip 

connections [15, 52], embedding [53], and normalization [54], effective training for deep 

neural networks is now made possible. Kim et al. [55] showed that a deeper network 

using all these advanced techniques could significantly improve SR image quality, 

showing that the CNN’s architecture is the key to obtaining high-quality SR outputs. 

However, as the network grows deeper, the high-level portion of the network is less 

likely to fully use the low-level features due to the vanishing gradient phenomenon [15]. 

Residual learning via skip connection [56] helps to ease the effect. Later, Huang et al. 

[16] proved that directly stacking all inputs with CNN feature maps strengthens the 

information flow and further reduces gradient vanishing. Additionally, these 

concatenated layers share features more efficiently, lessen the requirement for the 

immense amount of parameters usually found in deep neural networks. Hence, densely 

connected network (DenseNet), can outperform deep CNNs despite its lighter weight. In 

SISR, Tong et al. [57] proposed SRDenseNet which combines different hierarchy level 

features into the final reconstruction layer. Their work demonstrates a significant 

improvement over networks only using high-level features, indicating that multi-level 
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feature fusion is indeed beneficial for the SISR problem. However, there is still room for 

SRDenseNet to improve, as we will show in the later section. Following the wave of the 

rapid progress in natural images, SISR has also been adapted into medical image fields 

[58-60]. Most of the existing studies directly borrow the 2D network structure and apply 

it to medical images slice by slice [59, 61]. However, medical images like Computed 

Tomography (CT), MRI, and Positron Emission Tomography (PET), often carry anatomy 

information in 3D. To fully resolve the ill-posed SR problem, a 3D model is more natural 

and preferable as it can directly extract 3D structural information. Recent studies [37, 

62] show that in brain MRI SR, a 3D CNN outperforms its 2D counterpart by a large 

margin. However, due to the extra dimension introduced by 3D CNN, the parameter 

number of a deep model also grows at a staggering rate, the so-called curse of 

dimensionality. For example, a 3D Fast Super-Resolution CNN (FSRCNN) [35] has 5x 

parameters than a 2D FSRCNN. Almost all recent SISR methods obtain improved 

performance by adding more weights and layers [63, 64]. However, borrowing such idea 

to 3D is not ideal. An over-parameterized 3D model is much more heavily weighted, 

computationally expensive, and less practical with the potential of exceeding the 

computer’s memory limitation. Besides, most of the previous CNN SISR approaches are 

optimized by the pixel/voxel-wise rectilinear or Euclidean distance (L1/L2 loss) between 

model output and ground truth image. As noticed in [56], this loss and its derived Peak 

Signal to Noise Ratio (PSNR) cannot accurately reflect the perceptual quality of the 

reconstructed image [65]. Therefore, merely taking account of the intensity difference 

results in suboptimal fuzzy output. In this paper, we propose a 3D Multi-Level Densely 

Connected Super-Resolution Network (mDCSRN) and mDCSRN-GAN with an 
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adversarial loss guided training. Our goal is to build a small, fast, but accurate network 

structure for the SISR system that can recover 3D details from resolution-reduced MRI. 

We first experimented with our mDCSRN with L1 loss. Measured by numeric metrics, 

our mDCSRN outperformed interpolation and popular neural networks while using 

minimal computational resources. Then we experimented that when trained with a 

Generative Adversarial Network (GAN) [18], our mDCSRN-GAN provided even sharper 

and abundant detailed texture SR images that are highly comparable with the HR 

images. We summarize four main contributions of this work:  

• We proposed a 3D multi-level densely connected super-resolution neural 

network (mDCSRN) with multi-level direct access to all former image features. It is 

efficient in memory usage yet provides high-quality SR images, making it practical for 

3D medical image data.  

 • We proposed a bottleneck compressor module with a fixed-number width 

before each DenseBlock, which helps balance the layer size in different conceptual 

levels. The compressor dramatically reduces memory usage and increases runtime 

speed without sacrificing performance.  

• We proposed a direct combination mechanism that actively feeds all levels’ 

image features to the final output. This design enables unobstructed gradient flow for 

easier training and faster convergence. It also makes use of the effect of a model 

ensemble, further boosting performance.  

• We proposed an mDCSRN-GAN to produce accurate and realistic-looking SR 

images by applying a 3D generative adversarial network (GAN) during training. Testing 
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on real-world data showed that our GAN network is robust across different platforms 

and scanners. 

 

4.2 Related Work  

4.2.1 Single Image Super-Resolution.  

As a classic problem in computer vision, SISR has been studied for decades. 

Before deep learning approaches dominated the state-of-the-art performance, SISR 

techniques primarily relied on interpolation, edge-preservation, statistical analysis, and 

sparse dictionary learning, which have been well-summarized by Yang et al. [33]. Dong 

et al. [34] were the first to propose a SISR based on a three-layer CNN. They showed 

that a neural network, namely a Super-Resolution Convolutional Neural Network 

(SRCNN), is naturally capable of handling feature extraction, feature space building, 

and image reconstruction together through end-to-end training. SRCNN and its recent 

version Fast SRCNN (FSRCNN) achieved remarkable performance. Their work has 

inspired many follow-up studies with more advanced network structures [55, 57, 63, 64].  

 

4.2.2 Efficient Network with Skip Connections.  

The performance of the deep learning model keeps improving. However, most of the 

achievement is built upon the significantly increased model size, wherein the depth of 

the network becomes a practical issue. As the back-propagated gradients often vanish 

in the long pathway, it is unlikely to train very deep CNNs. To address this problem, 

Srivastava et al. [52] (Highway Network) and He et al. [15] (ResiNet) proposed the 

bypassing path, or the skip connection, to add the previous layer to the next for 
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smoother information flows. Huang et al. [16] discovered that the network is more 

efficient by concatenating previous layers and outperforms ResiNet with fewer 

parameters. As all segments in a DenseNet are directly linked, the gradient can flow 

unobstructed. Additionally, the dense connections encourage layers to share their 

features. It dramatically reduces the number of parameters, making the model 

computational efficient, more robust to new data, and faster to converge.  

 

 

Figure 4.1 Visual quality comparison between Nearest Neighbor Interpolation, deep neural network optimized for 
intensity difference, deep neural network optimized for a loss with a perceptual penalty, and original HR image with 
PSNR and SSIM shown above the images. (2x 2 x 1 resolution degrading) 

 

4.2.3 Super Resolution with Perceptual Loss.  

The most straightforward objective for a super-resolution model to optimize would be 

the voxel-wise difference between model output and the ground-truth image like L1 or 

L2 loss. 
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However, this difference only considers the intensity values’ dissimilarity between the 

reconstructed image and the original image, but not the visual quality, which focuses 

more on the sharpness and validity of restored structures. Optimizing the voxel-wise 

difference will force the model to stack and average all the possible HR candidates in 

image space. Since a voxel-wise loss does not account for the perceptual level of 

information, despite its results have less intensity error on average, it provides over-

blurred and implausible results for the human eye. Therefore, as shown in Figure 4.1, 

though the voxel-wise loss-guided SR model provides a better score in PSNR and 

SSIM, the model with a perceptual loss estimated by a Generative Adversarial Network 

(GAN) provides more realistic-looking images. 

 

4.3 Method 

We designed our SISR model to learn an accurate inverse mapping of the LR 

image to the reference HR image during an end-to-end training process. The network is 

fed with LR images, and it outputs resolution-restored SR images. The HR images were 

only used in training as the target for the system to optimize. A loss function calculated 

from SR and HR is backpropagated through layers to adjust weights during training. In 

the deployment phase, the model only reads LR images and produces SR outputs. We 

will detail our proposed mDCSRN and the GAN-guided training process in the following 

sections. 

 

4.3.1 GAN-based Super-Resolution  
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Most of the previous SISR approaches optimize the reconstruction by minimizing 

the voxel-wise difference (L1 or L2 loss) between X˜ and X. However, Ledig et al. [56] 

point out that merely taking care of local voxel-wise differences cast extreme difficulty in 

restoring important small details due to the ambiguity of the mapping between X and Y. 

We demonstrate one toy example in Figure 4.2, where the HR image is 2 × 2 down-

sampled to an LR image, and the neighborhood is only in 2 × 2 pixels. When only 

guided with L1 loss, the SR model doesn’t have enough contextual information to 

recover local neighbors fully. Minimizing the Euclidean loss tends to average all 

possible HR candidates, resulting in a blurred output. However, suppose we put global 

perceptual constraints into account. In that case, the SR model is guided by both local 

intensity information and patch-wise perceptual information, possibly making SR 

sharper and better-looking. However, such guiding is impossible to be handcrafted 

because there is no well-adapted mathematical definition of good perceptual quality for 

images. Based on this observation, Ledig et al. [56] proposed to use a Generative 

Adversarial Network (GAN) for its unsupervised-learning potential of capturing 

perceptually important image features. 

 

Figure 4.2 An example of an SR model optimized by L1 vs. perceptual loss in a 2 × 2 neighborhood. The 
downsampled LR is the same as two HR patches. However, instead of voxel wisely averaging all possible HR 
candidates, which causes over-smoothing, GAN drives towards perceptual favorable SR solutions by taking account 
of other information (i.e., positions) and features in the image manifolds. 
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The GAN framework proposed by Goodfellow et al. [18] has two networks: a 

generator G and a discriminator D. The principle of a GAN is to train a G that generates 

fake images as naturally as possible. In contrast, simultaneously train a D to distinguish 

the genuine of them. After training, D becomes very good at separating authentic and 

generated images. At the same time, the G learns to produce realistic-looking images 

by the “instruction” from D. GAN can model the image representation in an 

unsupervised manner that does not require a pre-designed objective. Therefore, it is a 

perfect fit for a SISR. SRGAN [56] was proposed and shows that the SR model yields 

unprecedented perceptual quality with the help of GAN. However, training a GAN could 

be very challenging. The balance between G and D has to be carefully maintained so 

that both evolve together. Otherwise, if either side of the lever is too strong, the training 

quickly landslides to one side, resulting in an under-trained generator G [66]. A lot of 

efforts have been made to stabilize the GAN’s training. However, those approaches are 

highly dependent on the specific network structure, and barely any research has 

investigated a 3D GAN network. Arjovsky et al. [67] observed that the collapse of vanilla 

GAN training is caused by its optimization toward Kullback-Leibler (KL) divergence 

between the real and generated probability when there is little or no overlap between 

them, which is very common at the early stage of training; the gradient from D vanishes, 

which causes the training to halt. To address this issue, they proposed Wasserstein 

GAN (WGAN), whose objective is to minimize an efficient approximation of Earth Mover 

(EM) distance. They proved that this change could remove the difficult to achieved 

requirement for balancing D and G. The WGAN enables almost fail-free training in any 

situation while keeping the quality as good as a vanilla GAN. Additionally, the EM 
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distance from D can also indicate the output image’s quality, which is very useful for 

training. 

 

 

 

Figure 4.3 mDCSRN-GAN overview. The Generator is our proposed mDCSRN. The Discriminator is adapted from 
[56] 

 

4.3.2 Proposed 3D Multi-Level Densely Connected Super-Resolution Network 

(mDCSRN) 

Our proposed mDCSRN uses a DenseNet [16] as the starting point. By adding a multi-

level densely connection and compressor in each Densely Connected Block 

(DenseBlock), our network is even more memory efficient than the original DenseNet 

and provides excellent images in 3D SISR. An overview of our framework is shown in 

Figure 4.3. All DenseUnits have a growth rate k = 12. We chose exponential linear units 

(ELU) [68] as the activation layer to make use of negative values of normalized MRI. 

We placed a stem module that contains a convolution layer with 2k filters before the 
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feature mapping network, which is a set of densely connected DenseBlocks. The last 

part of our mDCSRN is the reconstruction module, which forms the final output. All 

convolutional layers are using 3 ×3×3 kernels, except those in the compressor within 

the DenseBlock and the direct combination layer in the reconstruction module, where 

kernel size is 1 × 1 × 1. There is no up-sampling layer in mDCSRN. As the resolution 

loss in LR MRI is not in the spatial domain but the k-space, both LR and HR MRI are 

often generated with the same matrix size when directly fetched from a scanner. We 

want to discuss structure details as following: 

 

Fully Densely Connected Block.  

The backbone of the mDCSRN is the DenseBlock from DenseNet [16]. We fully 

connected all layers within DenseBlocks. It helps to increase feature sharing, making 

the neural network fewer parameters to keep the same representation capacity. As 

shown in Figure 4.4, in our implementation, the input feature map is always directly 

connected to every convolutional layer, including the output within the DenseBlock, 

while in [57] these connections are missing. Those direct links ensure that each 

DenseUnit can access preceding layers within the same DenseBlock and those in the 

preceding DenseBlocks, leading to higher efficiency in parameter usage. To further 

reduce memory usage, as mentioned in DenseNet-bc [16], we also put a 1 × 1 × 1 

bottleneck layer with 4k width before each 3 × 3 × 3 convolutions when needed. 
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Figure 4.4 Two connectivity ways of a DenseNet: (a) our proposed mDCSRN vs (b) SRDenseNet (Tong et al., 2017). 
Dense connections from the input (red lines in (a)) are missing in (b), which eliminates the direct link to the preceding 
DenseBlocks. 

 

Multiple Hierarchy Level with Fully Dense Connections. 

Veit et al. [69] found that Highway Network [52] and ResiNet [15] with skip connections 

act equally as an ensemble of multiple shallow networks with many paths instead of a 

giant deep network. Each small network processes some tasks on a different visual 

level depends on their position. This hierarchical structure harmonizes the animal’s 

visual system discovered by Hubel and Wiesel [70], which might explain deep ResiNet’s 

excellent performance. As the links within a DenseNet are more effective than ResiNet, 

this effect is more obvious: all convolutional layer can access all other levels of 
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information and contributes together to the final output. Hence, DenseNet SR is more 

powerful, as shown in SRDenseNet [57]. 

 

Densely Connected DenseBlocks and Compressor.  

Though a deep learning model with a single DenseBlock is already capable of providing 

high quality SR images [62], a more sophisticatedly designed architecture still promises 

better performance. Yet even memory-efficient DenseNets have too many parameters 

when constructed in 3D. To reduce memory usage while keeping the inter-links strong, 

we followed the principles of DenseNet and proposed a multi-level densely connected 

structure. We grouped DenseUnits into DenseBlocks with extra levels of dense 

connections, as shown in Figure 4.3 (G). Then a 1 × 1 × 1 convolutional layer 

(compressor) is applied before each DenseBlock with a fixed output filter number of 2k. 

According to Szegedy et al. [53, 71], this compressor does not negatively affect 

performance but reduces the weights dramatically. We believe that it brings us at least 

two advantages: 1) It greatly lessens the parameter number and computation cost; 2) It 

evens out the weights of different DenseBlocks, forcing the model to focus on low-level 

Direct Feature Combination. To further shrink down the model size and improve running 

speed, in the last module of mDCSRN, we replaced conventional spatial convolutional 

layers with a 1x1x1 convolutional layer to directly combine all feature maps to the final 

SR output. This reconstruction process acts as an adaptive feature selection to jointly 

fuse all the DenseBlock’s output. Besides efficiency, as a single DenseBlock is already 

powerful enough to produce high-quality SR images, our design boosts the ensemble 
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effects of small networks dealing with different visual level information [72], which 

conceivably improves SR image quality.  

 

GAN-Guided Training (mDCSRN-GAN).  

To achieve plausible-looking SR results, we utilized the adversarial loss from a 

discriminator in a GAN. The discriminator D is built based on the structures of the D in 

SRGAN [56]. For the type of GAN, we chose WGAN [67] for its excellent stability. 

Moreover, we use the gradient penalty variant of WGAN, known as WGANGP [73], to 

accelerate converging in training. As suggested by WGAN-GP, we replace the batch 

normalization (BN) layer with layer normalization (LN) in the discriminator D. 

 
Loss Function.  

In our work, we utilized gradient penalty variants of WGAN, namely WGAN-GP to 

speed up the training convergence. Our loss function has two parts: intensity loss 𝑙𝑜𝑠𝑠=:I 

and GAN’s discriminator loss 𝑙𝑜𝑠𝑠JKL: 

    𝑙𝑜𝑠𝑠 = 𝑙𝑜𝑠𝑠=:I + 𝜆𝑙𝑜𝑠𝑠JKL     (4.3) 

where 𝜆 is a hyperparameter and we set to 0.001. We used the absolute difference (L1 

loss) between network output SR and ground truth HR images as the intensity loss:  

   𝑙𝑜𝑠𝑠=:I = 𝑙𝑜𝑠𝑠M" =
∑ ∑ ∑ OP*,,,-./ !P*,,,-0/ O1

*2!
3
,2!

4
-2!

6AQ
    (4.4) 

where 𝐼R,S,TUV  is the super-resolution output from the deep learning model and 𝐼R,S,TWV  is the 

ground truth HR image patch. We use GAN’s discriminator loss as the additional loss to 

the SR network: 

   𝑙𝑜𝑠𝑠JKL = 𝑙𝑜𝑠𝑠XJKL,Y = −𝐷XJKL,Z(𝐼UV)    (4.5) 
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where 𝐷XJKL,Z is the discriminator’s output digit from WGAN-GP for SR images. 

 

4.3.3 LR Image Generation  

An approach to generate LR images from original resolution HR images is 

required to evaluate the SISR technique. We follow the same steps as in Chen et al. 

[62]: 1) apply 3D FFT to transform HR image into k-space; 2) reduce the resolution by 

truncating outer part of k-space with a factor of 2x2 in both phase-encoding directions (2 

× 2 × 1 ratio in total); 3) convert back to image space by applying inverse FFT and then 

linearly interpolate to the original image size. This process mimics the actual acquisition 

of LR and HR images by MRI scanners. 

 

4.4 Experiments  

We first describe our experimental settings. Then we conduct a set of 

experiments to demonstrate that the proposed mDCSRN is not only memory-efficient 

but also provides state-of-the-art SR results by quantitative metrics. Next, we show that 

our mDCSRN-GAN provides encouraging qualitative results that are comparable with 

the ground-truth HR images, as demonstrated by the perceptual scores. 

 

4.4.1  Settings  

Datasets.  

To demonstrate the generalization of mDCSRN, we used the data from the 

Human Connectome Project (HCP) [36], which is a comprehensive publicly accessible 

brain MRI database with 1113 subjects. The 0.7 mm isotropic high-resolution 3D T1W 
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images with a matrix size of 320×320×256 were acquired via Siemens 3T Prisma 

platform on multiple centers. The high-quality ground truth HR images with detailed 

small structures make this dataset a perfect case to test SISR approaches. The whole 

dataset is subject-wise split into 780 training, 111 validation, 111 evaluation, and 111 

test samples. No subjects nor image patches are overlapped in any subsets. The 

validation set is used for monitoring and getting the best model checkpoint that has the 

highest performance during training, measured using mean square error (MSE) for non-

GAN training, and EM-distance for GAN training. The evaluation set was used for 

hyper-parameter searching. The test set is only used for final performance analysis to 

avoid making model favorable to test data.  

 

Training Details.  

The model was implemented in Tensorflow [39] on a workstation with Nvidia GTX 

1080 TI GPUs. For non-GAN networks, ADAM [74] optimizer with a learning rate of 

10−4 was used to minimize the L1 loss. The batch size was set to 6. We followed a 

similar process of patching and data augmentation as in Chen et al. [62], except, the 

patch size during training was set as 40 × 40 × 40. We trained mDCSRN for 800k 

iterations, which is about 300 epochs, as 18 randomly sampled patches were fetched 

from a patient during training, lasting from 5 to 14 days depending on network size. For 

GAN experiments, we transfer the weights from well-trained mDCSRN above as the 

initial G of mDCSRN-GAN. We first trained D for the initial 10k steps without updating 

G. After then, for 5 iterations of training the 11 D, G was trained once. Additionally, after 

every 500 iterations of G training, D was trained for an extra 200k step. It is solely to 
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make sure D is always ahead of G, as suggested in WGAN [67]. Adam optimizer with 5 

× 10−6 was used to optimize G for a total of 200k steps.  

 

SR Generation.  

Once training was finished, LR images from the evaluation/test set were fed into 

the model to generate SR outputs. A patch size of 70×70×70 with a margin 3 was used 

in testing to avoid artifacts on the edges. The merging of the output patches was done 

without averaging. Because the batch size is 1 during testing, we set the batch 

normalization layers in the model to “train” mode instead of “test” mode for better 

estimation. We recorded the runtime speed on a single Nvidia GTX 1080 TI GPU. 

Quality Metrics. To quantitatively measure mDCSRN’s recovery accuracy, we used 

three reference-based image similarity metrics: structural similarity index (SSIM) [40], 

peak signal to noise ratio (PSNR), and normalized root mean squared error (NRMSE). 

Numbers were calculated in the most resolution degraded cross-section (2 × 2) slice by 

slice. Scores were reported in its subject-wise slice-averaged numbers. For mDCSRN-

GAN measurement, we list its numeric metrics as well. But we need to point out that 

PSNR could not fully represent the visual quality. Hence, we measured the perceptual 

quality via non-reference metrics: PIQE [75], Ma’s score [76], NIQE [77], and perceptual 

index (PI, used in PIRM-SR Challenge [78]). To efficiently calculate the perceptual 

scores, we only processed the 2D slices where the foreground (brain region) occupies 

more than 25% of the whole image. All perceptual scores were calculated in MATLAB 

R2019 software.  
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Segmentation Evaluation.  

In the testing stage, to further exemplify the benefits from our SR for the 

automatic medical image processing system, we conducted a fully automated 

segmentation on 159 brain tissues from a pre-trained high-performance neural network: 

HighRes3D [79]. We performed the test on the output of bicubic interpolation, 

SRResNet, mDCSRN b8u4, and mDCSRN-GAN b8u4. We first interpolated all images 

from the original 0.7mm3 spatial resolution into 1.0mm3 since the HighRes3D network 

was trained on the latter resolution. Then, we performed an N4 bias correction [80] with 

ANTS [81]  toolbox. Then we ran the inferences of HighRes3D on the NiftyNet [82]  

open-platform. We used two similarity metrics, Dice Similarity Coefficient (DSC) [83] 

and Jaccard Index (JACC) [84], to quantitatively measure the agreement of 

segmentation between the up-sampled/super-resolution and the high-resolution images. 

Numbers were average among those 159 different anatomical structures. 

 

4.4.2 Results  
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Table 4-1 Ablation experiment results of mDCSRN on the evaluation set 

 

We first demonstrate that the compressor in our multi-level densely connection 

does improve memory efficiency. We show that by replacing spatial convolutional layers 

with a single direct feature combination, we further reduce the model size without 

sacrificing performance. We show how the depth and width of mDCSRN affect 

performance, and we compare mDCSRN with other popular SISR models. Qualitatively, 

we show the results from the mDCSRN-GAN side by side with other up-sampling 

methods. The mDCSRN-GAN provides realistic-looking images while running at the 

same time as our mDCSRN. We further investigate the perceptual quality with 

quantitative non-reference metrics. To demonstrate our model’s clinical value in 
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automatic systems, we use the brain tissue segmentation as an example to 

demonstrate the benefits brought by SR models. Last, we show that in the real-world 

scan, our mDCSRN-GAN exhibits its fantastic stability across different platforms. 

 

Multi-Level Connectivity and Compressor.  

As shown in Table 4-1 Exp. 1, with the same total number of DenseUnit, 

mDCSRN b4u4-r had fewer parameters, ran faster, and achieved the same 

performance as the original DenseNet design b1u16-r; with the same amount of 

parameters, b4u4-r significantly outperformed b1u12-r; proving that multi-level 

connectivity and compressor together helped improve memory efficiency and runtime 

speed.  

 

Direct Feature Combination vs Extra Reconstruction Layer.  

 

Figure 4.5 Reconstruction network: (a) Directed Feature Combination as proposed in mDCSRN (b) Reconstruction 
with a bottleneck (8k) followed by a BatchNorm and convolutional layer as proposed in Tong et al. (2017). 

 
As shown in Table 4-1 Exp. 2, with the same depth, b4u4 with our introduced 

direct feature combination achieved similar to slightly better performance than b4u4-r 

with reconstruction layers while decreasing model size by 15%.  

 

Depth vs. Width.  
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The results with different depth and width configurations are shown in Table 4-1 

Exp. 3 and Exp. 4. The performance was improved by either making the network deeper 

or wider, at the cost of more extensive memory consumption and slower inference 

speed. As shown in Table 4-1 Exp. 5, when models are in a similar size, the deeper 

network, the better the performance. Although the weight-saving mechanism is more 

effective in the deep and narrow network, it runs slower, due to the extra computational 

cost from additional bottleneck layers. Therefore, given a fixed memory constraint, a 

shallow mDCSRN is preferable for a fast application, while a deep mDCSRN is 

excellent for better results.  

 

 

Table 4-2 mDCSRN vs. interpolation and previous CNN based SISRs on the test set 

 

Baseline. 
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As baseline models, FSRCNN [34], SRResNet [56], and SRDenseNet [57] were 

implemented and extended to 3D. As there is no image-size change in our SISR, the 

upsampling CNNs (transposed-convolutional layers or sub-pixel layers) in those original 

designs were replaced with the same scale convolutional layers. For SRDenseNet, we 

adjusted the hyperparameters as similar as possible to mDCSRN b8u4 (i.e., reduced 

DenseUnit number from 8 to 4, changed activation function to ELU, and set growth-rate 

k=12). All models were trained for 300 epochs. As shown in Table 4-2, the lightest 

mDCSRN b4u4 ran fastest among all CNN approaches with competitive results with 

respect to quantitative similarity metrics. The deepest mDCSRN b8u4, as shown in 

Figure 4.6, outperformed all previous SISR approaches by a considerable margin. It did 

run slower than SRDenseNet but was still 4x faster than the SRResNet. Both 

SRDenseNet and mDCSRN b6u4 are similar in model size and running speed, but the 

latter significantly outperformed the former, proving the advantage of our efficient 

architecture design. 
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Figure 4.6 Example results from the test set of Nearest Neighbor, SRResNet, mDCSRN b8u4, mDCSRN-GAN b8u4 
in the 2 × 2 resolution degraded plane. PSNR and SSIM of this subject are shown on the top. Despite performing 
worse in PSNR and SSIM, GAN SR images appear to have recovered more spatial details. 

 

 

Table 4-3 Segmentation accuracy on the test set 

 

Perceptual Quality.  

An example output is shown in Figure 4.6 mDCSRN b8u4 provides slightly better 

SR reconstruction accuracy than SRResNet. However, it is mDCSRN-GAN b8u4 that 

more closely shapes the small vessel pointed by the red arrows. Though mDCSRN-

GAN’s PSNR is lower than its non-GAN sibling, it provides more structural details that 

are more plausible by the human eye. As shown in Table 4-2, the quantitative 

perceptual quality numbers suggest that while non-GAN SR shows slightly closer to HR 
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only in the MA’s metric, the GAN SR model shows much better performance in all other 

three measurements. GAN even obtained a higher score in NIQE and PI than HR since 

SR images were generated from less noisy LR input, making the SR more plausible for 

noise-sensitive perceptual metrics. Wang et al. (ESRGAN) [85]  have shown similar 

results in their SR and HR perceptual comparison. Segmentation Task. We investigated 

the segmentation results on the output of interpolation, SRResNet, mDCSRN, and 

mDCSRN-GAN. As shown in Table 4-3, the segmentation results are more aligned with 

similarity metrics. That is because the segmentation task is more focused on contrast 

instead of realistic patterns. Overall, segmentation from the SR models’ output is more 

consistent with the segmentation of the original resolution. The high overlapping 

between those two indicates that segmentation on SR images is not considerably 

different from HR. An example is shown in Figure 4.7.  

 

 
Table 4-4 Perceptual image quality metrics in real-world scans (N=7) 
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Figure 4.7 An sample test case of segmentation from HighRes3DNet (Li et al., 2017) on the output of bicubic 
interpolation, SRResiNet, mDCSRN b8u4, mDCSRN-GAN b8u4, and Original Resolution. Average similarity metrics 
of this subject among 159 structures are shown on the top.  

 

Prospective MR Scans.  

Additionally, we performed a real-world test on seven volunteers in our on-site 3T 

Siemens Verio MRI scanner, which is different from those Prisma scanners utilized in 

the HCP dataset. We followed the same protocol as in [36] except for reducing the 

phase encoding and slice resolution by half, effectively reducing spatial resolution by 4x. 

As shown in Figure 4.8 and Table 4-4, the mDCSRN-GAN model showed excellent 

recovering edge details that were hardly seen in the fast, low-resolution scan. Besides 

noticeable sharpness improvement, the SR output seems to have a lower noise level 

and cleaner image than the original full-resolution scan because of the low-resolution 

image with a better SNR than HR. It is an extra gain from super-resolution techniques in 
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addition to the time- and cost-saving. As the real scan was performed on a completely 

different machine on a different site and subject, the noise pattern and image quality 

were considerably different from the training dataset. It displays our model’s robustness 

and performance in a real-world scenario. 

 

 

Figure 4.8 Two real-world examples are shown in 2 × 2 resolution-reduced plane. There are slight mismatches 
between LR and HR because they are from two separate scans. These scans were done on a different version of 
Siemens MRI scanner at Cedars-Sinai Medical Center. mDCSRN-GAN provides a comparable image quality to a 
high-resolution scan. 

 

4.5 Conclusions  

In this paper, we developed and evaluated a highly efficient architecture 

mDCSRN for 3D MRI SISR. We showed that the proposed mDCSRN could outperform 

common existing methods in voxel-based similarity metrics and segmentation accuracy 

with a smaller model size. We also demonstrated that our mDCSRN-GAN could 

successfully recover fine details with GAN-guided training and improve perceptual 

quality. Testing on prospectively acquired data showed that our model is capable of 

real-world clinical application. In summary, the new technique would allow a 4-fold 
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reduction in scan time with minimal loss in image details and perceptual quality, 

substantially improving the clinical practicality of high-resolution MRI. 
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CHAPTER 5: Cross-Domain Super-Resolution for Coronary MRA with Domain-

Robust Adaptive GAN 

5.1 INTRODUCTION 

Coronary artery disease (CAD) is the most common cause of mortality in the 

United States. The estimated direct and indirect cost of CAD for 2014 to 2015 was 

$351.2 billion. By 2035, almost half of the American people are expected to have some 

form of CAD, expected to cost $1.1 trillion [86]. Multiple imaging modalities are used to 

assess CAD, including cardiac MRI, using functionally-based modalities such as stress 

perfusion and overall cardiac function. While these modalities would benefit from the 

addition of coronary anatomical assessment, coronary MRA is rarely used despite being 

a noninvasive test without ionizing radiation exposure. This is in part because the 

duration of a coronary MRA scan is on the order of 5-15 minutes, with lower resolution 

than alternative modalities. Our goal is to enable coronary MRA to be acquired within 

the duration of a single breath-hold (<15 seconds) to augment the diagnostic 

information provided by cardiac MRI.  

Due to the long scan times for free-breathing approaches, the imaging process of 

MRA usually requires electrocardiogram (ECG) triggering and respiratory navigator 

gating to handle the complex dynamic environment during the acquisition. However, 

triggering and navigator gating techniques for cardiac and respiratory motion to provide 

high definition MRA but come at a substantial cost to scan efficiency (2-3 fold from 

respiratory gating alone) [87]. Therefore, breath-hold imaging could dramatically 

improve scan time and reduce complexity. 
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Previous methods to accelerate MRI acquisition include parallel imaging [88], 

compressed sensing [89], motion correction [90], and non-linear gradient encoding [91]. 

These methods have had mixed success in improving coronary MRA. Despite over 20 

years of continuous technical improvements, long-lasting limitations such as prolonged 

scan time and motion sensitivity remain severe barriers to clinical use. Although parallel 

imaging is available on all modern scanners, the achievable acceleration factors are not 

enough to enable single breath-hold coronary MRA; compressed sensing and non-

linear gradient encoding have additional software (specialized sampling patterns, 

iterative reconstruction) and hardware requirements (gradient inserts), respectively, 

limiting their availability and utility on the vast majority of existing scanners.  

An alternative strategy is to trade the spatial resolution of the image for the acceleration 

of scan time. MRA requires a specific number/density of k-space lines of data to meet 

the Nyquist sampling criteria and achieve an acceptable signal-to-noise ratio (SNR). As 

scan time is proportionally dependent on the number of lines, reducing the k-space lines 

results in a faster scan with lower resolution. One solution is to find a system to recover 

high-resolution images from low-resolution inputs. This approach is called super-

resolution (SR) reconstruction. 

In computer vision, Deep Learning (DL) approaches have been adopted for various 

tasks and SR [34]. However, due to the lack of large data sets and the need for great 

3D detail, SR in medical images remains a challenge[37, 62, 92-94]. Recently, after 

SRGAN[56] has shown GAN’s superior ability to improve SR’s visual quality, GAN has 

been adopted into SR in medical imaging[60, 95]. Specifically, Chen et al. [96] were the 

first to propose a 3D GAN [18]  network specifically for MRI SR tasks, the multi-level 
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densely connected super-resolution network (mDCSRN), which utilized the adversarial 

loss from a GAN discriminator to provide sharp and plausible looking results. However, 

training a GAN on a small dataset is difficult and often produces image artifacts [97, 98]. 

One way to lower the risk of training failure is to incorporate data from multiple 

anatomical sources, leveraging large publicly available imaging datasets outside the 

target organ. However, combining multi-domain data presents challenges related to 

domain shifting, where the data distributions are different between sources [99]. Zhu et 

al. [100] proposed an unsupervised domain-adversarial (DA) training to address it by 

minimizing the difference in feature space. Initially, DA training is designed to improve 

classification or segmentation on unknown images [101, 102]. However, very few 

studies have been done on DA for image reconstruction. Han et al. [103] were the first 

to apply DA into MR reconstruction using a pre-trained CT model to the under-sampled 

MR data. To the best of our knowledge, we are the first to solve GAN’s instability and 

reliability challenges with DA in a generative model. 

This work proposes a DL-based SR process to recover lost anatomical details in 

vastly under-sampled coronary MRA data. Incorporating with both GAN and DA, we 

show that the cross-training with a high-volume brain MRA dataset helps generate more 

accurate SR results in coronary MRA images. Furthermore, the potential acceleration 

resulting from our approach (16x) may reduce a whole-heart MRA scan time to a single 

breath-hold. 

 

5.2 MATERIALS AND METHODS 

5.2.1 The DRAGAN Network 
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Our proposed DRAGAN is a deep-learning model built to recover the lost details 

in the low resolution (LR) input. HR references optimize the model during training, while 

the model can generate resolution-restored SR images from LR input directly. 

 

Background 

Given an HR image X, the degradation process from X to an LR image Y can be 

described as: 

     𝑌 = 𝑓(𝑋),      (5.6) 

where f is the function describing resolution loss. The goal of a Single Image Super-

Resolution (SISR) system is to find a function 𝑔(∙) ≈ 𝑓!"(∙) that inversely maps the 

recovered image HR 𝑋+ from an LR image 𝑌: 

    𝑋+ = 	𝑔(𝑌) = 𝑓!"(𝑌) 	+ 𝑅,     (5.7) 

where 𝑓!" is the inverse of 𝑓, and 𝑅 is the residual reconstruction loss.   

SISR is an ill-posed inverse problem because f(∙) is not generally invertible, such 

that infinite data-consistent solutions exist to satisfy Eq. (1) for given any input LR data 

Y. A successful SISR system is capable of extracting general features between X and Y 

on a low-dimensional manifold to reconstruct  Xr with minimal loss R [62]. With the rapid 

development in deep learning-based image reconstruction, [34] were the first to propose 

using an artificial neural network to solve these different steps jointly. A deep learning 

SR model can achieve state-of-the-art performance by optimizing various components 

together via learning useful features from the training data. The following studies show 

that advanced network structures can push the performance further [56, 104].  
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Super-resolution with DL 

We used the multi-level Densely Connected Super-resolution Network 

(mDCSRN) from [96], a state-of-the-art model in MRI SR. To train an SR DL model, we 

need pairs of low-resolution and corresponding high-resolution MRIs. Therefore, we 

followed similar down-sampling processing as in [62]: 1) converted high-resolution 

images to k-space by 3D FFT; 2) truncated the outer part of k-space to keep the only ¼ 

of the lines in each phase-encoding direction (anterior-posterior and superior-inferior); 

3) transformed k-space data back to the image domain via 3D IFFT. This process 

closely mimics the real-world 16x-accelerated low-resolution scan on an MRI scanner. 

We fed the model with the low-resolution images during the training and 

compared the model output with the high-resolution reference. An objective function is 

defined by the absolute difference between the output and the reference image (L1 

loss) and is used for network optimization.  

 

Generative Adversarial Networks (GAN) 

Training an SR model merely with L1 loss causes blurring [56]. The adversarial loss 

from the GAN can help to generate more perceptual plausible SR. A conventional GAN 

[18] consists of two parts: a Generator (G) and a Discriminator (D). The two networks 

are trained in an adversarial fashion: The D is trained to distinguish the G’s generated 

images from the real image samples, while G is trained to create output as realistic as 

possible. It is essential to keep the balance between D and G during the training. Thus 

the more stable Wasserstein GAN [67] is adopted in [96]. However, Wasserstein GAN is 
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slow in training. We found that the vanilla GAN [55] works reasonably well with some 

tweaks in this work. Thus, mDCSRN with a vanilla GAN was used in this paper. 

 

DRAGAN 

Despite shared homologies between cerebral vasculature and coronary arteries, 

there are noticeable anatomical differences between these two domains. The most 

profound dissimilarity is those small tortuous vessels are commonly seen in cerebral 

vasculature but less frequently in coronary arteries. Thus, a direct combination may 

artificially add cerebrovascular features to coronary arterial reconstructions. To address 

this,  we are the first to borrow the domain-adversarial training [100] from domain 

adaptation [105] to make the GAN robust on multiple sources. As shown in Error! R

eference source not found., we added a new branch in the D network on top of a 

conventional D of the GAN. We name this branch as the Feature Discriminator (F). F 

predicts whether the image features produced by D is from domain A (brain MRA 

[BMRA]) or domain B (coronary MRA [CMRA]).  
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Figure 5.1 Network structures of conventional GAN (a) and the discriminator in the proposed DRAGAN (b). Both 
networks contain the same generator (mDCSRN), which consists of 8 DenseBlock (c) with 3x3x3 convolutional 
layers. The DRAGAN discriminator extends a feature discriminator (F) branch after the 2nd Conv-Stride block, 
which shares the same layer layout as the image discriminator (D). 
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We train D and F in a similar adversarial manner of training a traditional GAN: to 

train F to differentiate image features from BMRA or CMRA and train D to provide 

general image features indistinguishable from their sources. Meanwhile, D is also 

trained to separate the real samples and generate images from G and guide the G to 

output sharper SR. In this way, F acts as a regularization to keep D stable. It forces D to 

use more general features across domains. SR from DRAGAN is less likely to be 

dominated by visual features that only appear in one data source. More details are 

provided in the discussion section. 

 

Loss Function 

In this work, we minimize two losses for the Generator (G) as in the vanilla 

SRGAN [56]: intensity loss 𝑙𝑜𝑠𝑠M" and  adversarial loss of D 𝑙𝑜𝑠𝑠;[<_] : 

𝑙𝑜𝑠𝑠J = 𝑙𝑜𝑠𝑠M" + 𝜆]	𝑙𝑜𝑠𝑠;[<_],    (5.8) 

where 𝜆] a hyperparameter to control the effect of GAN, and we set to 0.1. 𝑙𝑜𝑠𝑠M" is the 

absolute difference between network output SR and referenced HR patches as: 

𝑙𝑜𝑠𝑠M" =
∑ ∑ ∑ OP*,,,-./ !P*,,,-0/ O1
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,    (5.9) 

where 𝐼R,S,TWV  is the ground-truth HR patch and  𝐼R,S,TUV  is the SR output. We use the 

adversarial loss from GAN’s discriminator (D) as: 

𝑙𝑜𝑠𝑠;[<_] = log	(1 − 𝐷JKL,Z(𝐼UV)),    (10.5) 

where 𝐷JKL,Z is the D’s output digit for the SR patches. We minimize the D’s loss as: 

𝑙𝑜𝑠𝑠Y = log𝐷JKL,Z(𝐼UV) 	+ log(1 − 𝐷JKL,Z(𝐼WV)) + λp	𝑙𝑜𝑠𝑠;[<_^,  (5.11) 

where λp is the domain adaptation parameter as in [106]. The 𝑙𝑜𝑠𝑠;[<_^ is the loss from 

Feature Discriminator F (coronary MRA is labelled as 0 and brain is labelled as 1): 
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𝑙𝑜𝑠𝑠;[<5 = − log𝐹^_;I,Z6(𝑀`aba:;bc) − 	log	(1 − 𝐹 _;I,Zd(𝑀eb;=:)),  (5.12) 

where 𝐹fgh,,Zd	is the F’s output digit from the D’s intermediate feature maps 𝑀`aba:;bc 

and 𝑀eb;=: produced from coronary and brain MRA input, respectively. Finally, we 

minimized the 𝑙𝑜𝑠𝑠f to train the F: 

𝑙𝑜𝑠𝑠f = log	𝐹 _;I,Zd(𝑀ijkjGhkS) + log	(1 − 𝐹 _;I,Zd(𝑀eb;=:))	  (5.13) 

 

Two-Stage DRAGAN 

We further extended the DRAGAN into a two-stage training scheme. In the first 

stage, the input low-resolution images pass through a well-trained non-GAN model to 

recover major structures. The intermediate images go through a second GAN-optimized 

super-resolution network to restore fine details as the final SR output. In this two-stage 

approach, we effectively double the network capacity without breaking the memory limit. 

We hypothesis that this two-stage DRAGAN will provide the best image quality. 

 

5.2.2 The DRAGAN Network 

Training Data 

To develop a deep learning model, we used two different sources of MRA: a 

small set of coronary MRA and a large set of brain MRA.  

With institutional review board approval and informed consent, we enrolled 61 

patients with suspected CAD who had new-onset or recurrent stable chest pain and 

were scheduled to undergo invasive coronary imaging. Contrast-enhanced coronary 

MRA were acquired within one week prior  to coronary catheterization, on a 3.0T MRI 

system (MAGNETOM Trio; Siemens Healthineers, Erlangen, Germany) with the 
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following imaging parameters: inversion recovery prepared spoiled gradient-echo 

sequence (IR-FLASH), slow contrast media injection at the dose of 0.20 mmol/kg of Gd-

DOTA (Dotarem; Guerbet Group, Villepinte, France) at rate of 0.20 mL/s; inversion time 

= 250 ms; spectral fat saturation; FoV = 218 mm ´ 350 mm ´ 72 mm; slab orientation = 

transverse; spatial resolution = 1.0 mm ´ 1.0 mm ´ 1.5 mm (interpolated to 1.0mm3 

isotropic); iPAT = ´2 (GRAPPA); bandwidth = 676Hz/pixel; respiratory navigator gated, 

window width = ±3mm; scan time = 5’55”±1’51”. 

To extend the training data size, we used the brain MRA (n=569) from the open-access 

IXI dataset (http://brain-development.org/ixi-dataset/), which is collected from healthy 

subjects via different vendors (Phillips 1.5T/3T system and GE 1.5T system) on three 

different hospitals in London, UK. Data were acquired at the native resolution of 0.5 mm 

´ 0.5 mm ´ 0.8 mm and interpolated into isotropic 0.5 mm3.  

We split the coronary and brain data into 49/6/6 and 455/57/57 for 

training/validation/evaluation. The validation data is for monitoring the training process, 

and the evaluation set is for choosing the hyperparameters of the DL model.  

 

Independent Evaluation Data 

To test the robustness and performance of our system, we further collected 40 

patients’ coronary MRA from Siemens scanners at a different hospital in a different 

region using the protocol as in [25]. Images were scanned in various resolutions 

(indicated in DICOM files): 0.50 to 1.32 mm in-plane and 0.65 to 0.85 mm through-

plane. They were interpolated into 0.8 mm3 and used for testing purposes solely. 
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5.2.3  Implementation 

We implemented our DL model using the Tensorflow package (v1.15, 

https://www.tensorflow.org/) in Python (v3.6). Network structure details are illustrated in 

Figure 5.1. We randomly cropped out 3D patches of low-resolution and high-resolution 

paired images as the model input and target during training. ADAM [74] optimizer was 

used to minimize the L1 loss for non-GAN experiments with a learning rate of 10-4. The 

batch size was 6, and the patch shape was 40 ´ 40 ´ 40. We stopped the training after 

800k iterations as no significant improvement was observed afterward. 

We initialized the generator with the above non-GAN model jointly trained on 

both brain and coronary MRA for GAN-related experiments. For the first 10k steps, we 

optimized the discriminator while the generator’s weights were frozen. After that, both D 

and G were trained alternatively for another 300k step. Additionally, for the DRAGAN 

network, F was also trained each time D was trained. During the initial 10k steps, the 

scale of adversarial loss λp from F linearly increased from 0 to 1. To stabilize the vanilla 

GAN training, we followed the suggestion from TTUR [107] to set different learning rates 

for G: 10-4, D: 10-5, and F:10-4, respectively. Patch shape was set to 64 x 80 x 80 for 

better contextual information. The batch size was limited to 1 due to memory 

constraints. 

 

5.2.4  Image Quality Evaluation Metrics 

After training, we applied the models on the 40-testing coronary MRAs for 

performance evaluation. The voxel-wise difference was computed between the model 
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output and high-resolution references in different similarity metrics, while the non-

referenced perceptual scores were also computed. 

 

Image Similarity Metrics 

To quantitively measure the voxel-wise intensity difference, we used three most-

used image similarity metrics in SR studies: Peak signal-to-noise ratio (PSNR) [108], 

structural similarity index measure (SSIM) [109], and normalized root mean square error 

(NRMSE). We computed these metrics on the most under-sampled (4 ´ 4) planes to 

represent the difference between different approaches best. 

 

Perceptual Scores 

As pointed out by [110], the voxel-wise accuracy does not truly represent the 

image quality perceived by human eyes. Therefore, perceptual quality is essential for 

diagnostic assessment. In this work, we picked two well-known non-referenced 

perceptual image metrics used by previous medical image studies [111, 112]: Blind / 

Referenceless Image Spatial Quality Evaluator (BRISQUE) [113], Naturalness Image 

Quality Evaluator (NIQE) [77]. We also calculated a newly proposed Perceptual Index 

[114] from an SR challenge(PIRM-2018: https://www.pirm2018.org/). 

 

5.2.5 Diagnostic Reading Criteria 

We assigned a single reading physician to perform a blinded diagnostic reading 

on the coronary MRA to evaluate the image diagnostic ability. We picked the high-

resolution, bicubic interpolation and the super-resolution images (generated by our two-
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stage DRAGAN). Blinding was accomplished by de-identification and mixing of the 

images. Stenosis grading was as follows: Coronary arteries comprising eight different 

segments were graded: LM; proximal LCX; proximal, mid, and distal LAD; and proximal, 

mid, and distal RCA. Each segment was graded on a 4-point scale for the presence of 

significant stenoses (>=50% diameter reduction) and confidence/readability. Significant 

stenosis was graded as 1: absent, 2: borderline towards absent, 3: borderline towards 

the present, and 4: present. Readability was graded as 1: poor (barely visible or noisy 

image), 2: moderate (visible but diagnostic confidence low), 3: good (adequately 

visualized and diagnostically good), 4: excellent (clearly depicted). LR and SR 

reconstructions were compared to HR image as the standard.  

 

5.3 RESULTS 

We investigated different variants of the super-resolution model. We first 

examined the performance of the 8-dense block version of mDCSRN on training on a 

single domain versus joint domains. Then we explored the different GANs on cross-

domain training. At last, we demonstrated the two-stage DRAGAN’s capability to 

recover 16x under-sampled data. 
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Table 5-1 Quantitative image quality comparison between the outputs of different methods. 

 Voxel-wise Difference Metrics Perceptual Quality Metrics 

 PSNR↗ SSIM↗ NRMSE↘ BRISQUE↘ NIQE↘ PI↘ 
Nearest Neighbor 25.92±1.13 0.7240±0.0447 0.2876±0.0285 - - - 

Bicubic Interpolation 26.90±1.24 0.7597±0.0451 0.2613±0.0297 45.32±0.50 7.05±0.21 7.20±0.13 
Brain Only mDCSRN 29.27±1.07 0.8249±0.0339 0.2051±0.0211 - - - 

Coronary Only mDCSRN 34.08±1.58 0.8458±0.0342 0.1798±0.0211 - - - 
Joint-Train mDCSRN 34.22±1.54 0.8468±0.0337 0.1765±0.0201 45.43±0.52 6.26±0.16 6.71±0.08 

 
Coronary only GAN 29.30±1.86 0.6631±0.0734 0.3152±0.0461 45.68±0.48 6.91±0.39 6.08±0.19 

Joint-Train GAN 28.74±2.51 0.6564±0.0976 0.3485±0.1013 45.75±0.45 6.16±0.37 5.67±0.19 
Single-Stage DRAGAN 30.40±2.07 0.7143±0.0077 0.2778±0.0459 45.57±0.51 5.19±0.30 5.28±0.18 

Two-Stage Joint-Train GAN 31.42±1.93 0.7435±0.0684 0.2468±0.0036 45.56±0.51 5.34±0.39 5.30±0.20 
Two-Stage DRAGAN 31.44±1.87 0.7418±0.0679 0.2456±0.0335 45.57±0.50 4.71±0.29 4.98±0.16 

Original Resolution - - - 45.59±0.48 5.56±0.66 5.42±0.34 
Three similarity metrics are used: peak signal-to-noise ratio (PSNR) [108], structural similarity index (SSIM) [109], and normalized mean-

squared error (NRMSE). Three image quality assessment (IQA) were computed, blind/reference less image spatial quality evaluator (BRISQUE) 
[109], naturalness image quality evaluator(NIQE) [77], and perceptual index (PI) [114]. ↗: The higher the better, ↘: The lower the better. 
 

Figure 5.2 An example coronary MRA from the test case from: (a) nearest neighbor up-sampling, (b) bicubic 
interpolation, (c) Joint-train mDCSRN, (d) mDCSRN-GAN trained on coronary data only, (e) Joint-train mDCSRN-
GAN, (f) single-stage DRAGAN, (g) two-stage DRAGAN, and (h) original-resolution reference. DRAGANs restores 
the aorta and pulmonary vessels most closely to the reference as pointed by the red arrows and have the least 
distortion in the coronary arteries as shown by the green arrows. Our proposed DRAGAN provides a sharp and 
accurate resolution-enhanced output. 
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5.3.1 Voxel-wise Differences 

Joint-Training 

To demonstrate the advantages of joint training a deep neural network with 

different domains’ data, we first trained three identical non-GAN optimized mDCSRNs 

on different datasets: brain MRA only, coronary MRA only, and joint brain and coronary 

MRA.  These three models were trained to recover the voxel intensity as accurately as 

possible. Thus, we evaluated them with voxel-value difference metrics. As shown in 

Table 5-2, training on both brain and coronary MRA yields a more accurate recovery. 

However, the SR from non-GAN models is overwhelmingly blurring and less plausible to 

human eyes. 

 

GAN results 

Compared with GAN that only trained on limited coronary data, the joint-train 

GAN gives us sharper images and is theoretically more robust to unseen patterns. 

However, the joint-training GAN also introduces new artifacts from the brain MRA, as 

shown in Figure 5.2. With domain-robust techniques, our two-stage DRAGAN makes 

the best use of both brain and coronary data and provides the best similarity numbers 

among all the GANs and best perceptual scores, as shown in Table 5-2. 

 

5.3.2 Perceptual and Visual Differences 

We illustrated a randomly selected example from different up-sampling methods in 

Figure 5.2, where we demonstrate the overall image quality of this slice and the zoom-

in area marked with squares in cyan and green. As pointed out by the red arrows, 

training merely on coronary MRA causes the GAN to generate spurious structures 
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absent in the proposed joint-trained two-stage DRAGAN. Without domain-robust 

learning, the result generated by the joint-train GAN suffers from the corruption of small 

vessel-like artifacts and distortion of the vessel walls, as highlighted by the green 

arrows. On the other hand, follows the red arrows, we can observe that the two-stage 

DRAGAN restores the shape and sharpness of the large vessels (aorta and pulmonary 

vessels) more closely to the original-resolution reference. 

 

5.3.3 Diagnostic Performance Differences 

The grading score comparison is shown in Figure 5.3. The DRAGAN output 

significantly increases the readability and is more diagnostically aligned with high-

resolution MRA reading. Three representative examples are shown in Figure 5.5. 

DRAGAN output greatly improves the readability and accuracy of stenosis grading.  

As shown in Table 5-2, the accuracy of the finding of high-grade (>=50%) stenosis from 

DRAGAN is 82% with a sensitivity of 78% and specificity of 80%, versus 75%, 73%, and 

70%, respectively, from low-resolution MRA. The Receiver operating characteristics 

(ROC) also indicates that our DRAGAN reading is much more closely aligned with high-

resolution MRA reading, as shown in Figure 5.4.   
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Figure 5.3 Confusion matrices between the reading from high-resolution (HR) MRA, low-resolution (LR), and super-
resolution (SR) DRAGAN outputs. (a) shows the stenosis grading versus the high-resolution MRA reading, and (b) 
shows the readability scores. The SR has less false-positive/negative than the LR and has better-aligned grading 
results and confidence scores than the HR. 

 

 

Figure 5.4 (a) Receiver operating characteristics (ROC) of the high-grade stenosis reading from the interpolated low-
res MRA, the DRAGAN super-res output, compared to the reading from the high-res MRA. 
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Table 5-2 STENOSIS READING PERFORMANCE 
 

LOW-RES DRAGAN 

SENSITIVITY 0.73 0.78 
SPECIFICITY 0.70 0.80 
F1-SCORE 0.71 0.80 

ACCURACY 0.75 0.82 
 

*Compared to high-res MRA reading as ground truth. 

 

 
 
Figure 5.5 Three representative cases to show the visual improvement for stenosis diagnosis. As shown in 1) a 37% 
stenosis in proximal Right Coronary Artery (pRCA) is present according to quantitative coronary angiography (QCA) 
reading; the original high-res MRA has the correct reading with very high confidence, while the low-res MRA gave an 
incorrect result in very low confidence; DRAGAN provides the same correct result and also can be depicted; 2) an 
80% stenosis in the mid-Left Anterior Descending coronary artery (mLAD) is present according to QCA; despite 
reading from all MRA correctly reported positive stenosis in mLAD, the interpolated low-res is very difficult to read 
while super-res is on par with original resolution image in readability; 3) a 95% stenosis in proximal Left Circumflex 
Coronary Artery (LCX) is present according to QCA; the high-res MRA has the correct positive reading with very high 
confidence; the interpolated image is unable to provide helpful information; DRAGAN provides the same correct 
result with a high confidence score. 

 
5.4 DISCUSSION 

5.4.1 Improvements on Image Quality and Diagnostic Performance by DRAGAN 
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In this work, we proposed the DRAGAN with cross-domain learning and domain-

adversarial training in the highly under-sampled coronary MRA for an SR task assessed 

by multiple quality metrics.  

On top of the most recent state-of-the-art SR model, the cross-domain joint-

training gives us the most accurate model in terms of voxel-wise difference. Moreover, 

the novel domain-adversarial training GAN improves our proposed DRAGAN by sharper 

and clearer output with the least voxel-value error, among other traditional GAN 

approaches. The clinical reading results also confirmed the superior performance in 

visual quality and anatomical accuracy. SR from DRAGAN highly improves the 

readability compared to the interpolation method, giving comparable results to those 

from the original-resolution MRAs, despite the latter requires 16x more data and scan. 

 

5.4.2 Training with a Small Dataset 

As SR is a well-known ill-posed inverse problem, it is important to carefully 

assess the faithfulness and accuracy of the recovered images. However, the MRI 

images inherently manifest a different array of image quality characteristics arising from 

scanning parameters and physical factors than photographic or optical imaging. 

Distortion, motion blurring and ghosting, noise, and other artifacts are very commonly 

found in clinical daily used MRI data. For the learning-based model, such changes in 

images are crucial since the image features used to reconstruct images are purely 

depends on the training data. Recent works [62, 96, 115] on super-resolution in MRI 

usually utilize very large data sets to lower the chance for catastrophic failure on unseen 

images. Due to the limited availability of diagnostic MRA datasets, this is not feasible in 
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our circumstances. It should also be noted that previous studies frequently train and 

evaluate their models on the same source of data; it is, therefore, difficult to judge the 

real-world performance of claimed SR approaches despite good results.  

In order to ensure the accurate real-world performance of our system, we 

collected two separate coronary MRA datasets at two sites for training and testing 

purposes. We designed our study to train on the dataset in slightly better quality and 

less internal variation and tested our model on a more challenging dataset in order to 

evaluate the real-world performance of DRAGAN. 

 

5.4.3 Domain Adaptation in Cross-Domain Training of a GAN 

 

Figure 5.6 T-SNE visualization of feature maps in the Discriminator (red: Mbrain from BMRA, cyan: Mcoronary from 
CMRA). Vanilla GAN has clear clusters between two sources. DRAGAN mixed them well. 

 
We leveraged cross-domain training to incorporate a much larger quantity of 

available brain data to address these complex real-world situations in the ill-posed 

super-resolution problem. In this way, our training data is increased by ~10x to allow the 

model to capture more varieties of vascular structures. Besides, coronary MRA is 
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known for its substandard image quality versus cerebrovascular imaging due to its 

challenges in dealing with motion. Therefore, including brain MRA in training benefits 

the model to generate sharper and cleaner images. Our results on the joint-train 

mDCSRN validate our hypothesis that more data yields better performance in terms of 

image similarity metrics with the same network and settings.  

Moreover, training on a small dataset is risky for a GAN since it is powerful 

enough to provide realistic-looking but spurious features. Therefore, it is essential to 

include more real-world data for a robust model. However, due to the unstable nature of 

adversarial training, combined cross-domain data is not ideal. Without manipulation, a 

GAN could use a domain-specific image feature to generate SRs. As seen in the joint-

rain GAN, spurious brain vessels were added to the coronary SR.  

Our proposed DRAGAN used a Feature Discriminator F to stabilize and 

regularize the DL model for robust image features across two domains to address these 

challenges. When D’s regularization loss from F was turned off, F could quickly identify 

the data sources from D’s intermediate feature maps with a >90% accuracy. In 

DRAGAN, when F is activated, the accuracy dropped to <70%. It means those image 

features in our DRAGAN are more general across domains so that the F failed to 

distinguish. Our results show that DRAGAN provides sharper SR with less distortion. 

Additional evidence to support the effectiveness of F is demonstrated in Figure 5.6. We 

used the T-SNE algorithm [116] to visualize the intermediate feature in D, which are 

also the input of the feature discriminator (𝑀eb;=: and 𝑀`aba:;bc). Without DRAGAN, a 

clear separation between two data domains can be observed. However, with DRAGAN, 

the features are mixed much better in the high dimensional space, indicating that 
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DRAGAN utilizes more general image features to reconstruct SR images, which 

provides more authentic images, as we can see in the previous results.  

 

Tradeoff Between Voxel-wise Error and Perceptual Quality 

 

 

Figure 5.7 Trade-off between perceptual quality and voxel-wise intensity difference. DRAGAN and joint-train non-
GAN mDCSRN gain the best trade-off among other approaches. 

 
It is well-known that the voxel-wise recovery accuracy does not generally align with 

perceptual quality [56, 110]. However, it is crucial to have high perceptual quality for 

successful diagnostic reading. Nevertheless, it is also critical not to introduce new 

artifacts or spurious structures. Since [110] proved it is mathematically impossible to 

achieve both high perceptual quality with minimal average distortion, careful balance in 

the perceptual quality and voxel-wise intensity difference is the key for an effective 

useful SR system. In our results, our two-stage DRAGAN achieved the best perceptual 

scores with the least intensity difference among all the other GAN-based approaches, 

as shown in Figure 5.7.  
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5.4.4 Clinical Implications 

In this work, the retrospective under-sampling of k-space in both phase-encoding 

directions contributes to a total of 16x overall acceleration. Assuming a typical 

acquisition of a coronary MRA acquires 28 lines of data per heartbeat, such an 

accelerated factor could result in a total scan time within a period of 18 heartbeats. It 

enables the opportunity for single breath-hold high-resolution MRA (10-18 secs). 

Furthermore, the shortened time would not only dramatically improve acquisition time 

but also reduces the scan complexity. More importantly, unlike other current 

acceleration methods, our method does not require specific sampling patterns or 

software support, making it easy to implement across different vendors and scanners. 

DRAGAN may also further improve existing MRA’s spatial resolution by training 

on data of ultra-high-resolution MRA and acquired from 7T or higher field by applying it 

to MRA acquired at clinical field strengths. Since the DRAGAN is designed to train on 

small datasets, such an approach will be well suited, as shown in the current work. 

 

5.4.5 Limitation 

We are aware of several limitations of this work. First, the system was built on 

real-value data, which may not be ideal for complex-valued MR data. However, because 

resolution reduction symmetrically down-samplings within k-space, we believe that the 

real-value recovery system should provide a reasonable approximation. Second, the 

undersampling in this work was simulated in a retrospective fashion, which is different 

from a shortened scan in practice. Such an approach allowed us to eliminate any 
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confounding factors such as inter-scan misregistration in the comparison. Nonetheless, 

further validation of our results in a prospective study is required. 

 

5.5 CONCLUSION AND FUTURE WORK 

This paper proposed a cross-domain training deep learning approach (DRAGAN) 

for coronary MRA super-resolution. We demonstrated its potential to recover spatial 

details in MRA with 16x undersampling, which improved the readability and diagnostic 

accuracy. Overall, DRAGAN established the feasibility of acquiring whole-heart 

coronary MRA within a single breath-hold, which would substantially increase the 

practicality and clinical feasibility of coronary MRA. Further validation is warranted on 

prospectively acquired coronary MRA images. 

 

5.5.1 ACKNOWLEDGMENT 

We authors thank Dr. Jian Wang from Peking Union Medical College for his 

assistance in the diagnostic reading and Chengxi Yan from Xuanwu Hospital to 

contribute to the data collection. 

 

 

  



88 
 

CHAPTER 6: Deep learning within a priori temporal feature spaces for large-scale 

dynamic MR image reconstruction: Application to 5-D cardiac MR Multitasking 

 
6.1 Introduction 

Dynamic imaging plays an important role in many clinical MRI exams, assessing 

tissue health by visualizing and/or measuring any of several dynamic processes within 

the body: cardiac motion, respiration, T1 or T2 relaxation, contrast agent dynamics, and 

more. However, dynamic MRI is a relatively slow imaging modality, necessitating 

acceleration methods that can reconstruct images from “incomplete” image data. 

Thanks to the demonstrated ability of multilayer neural networks to learn highly efficient 

image representations and to rapidly decode imaging data, deep learning has become a 

popular approach for reconstructing static images (or individual frames of dynamic 

images) from snapshots of incomplete imaging data. This time-independent approach to 

image reconstruction ignores relationships between different frames of the image 

sequence; as a result, dynamic deep learning methods have recently been introduced, 

sharing data across image sequences between 30 and 200 frames long [117-119]. 

A major unaddressed problem in dynamic deep learning MR image reconstruction is 

how to handle even longer image sequences—a challenge raised by two current trends 

in dynamic MRI. First, accelerated dynamic MRI techniques have pushed toward higher 

frame rates as a means of investigating dynamic processes with increased temporal 

resolution. Second, multi-dynamic/extra-dimensional MRI techniques [120-122] can now 

simultaneously image multiple dynamic processes at once by defining multiple “time 

dimensions” (i.e., time-varying independent variables), leading to exponential growth of 

frames per image sequence. These trends have led to massive problem sizes; for 
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example, [122] reports image sequences between 20,000 frames and 140,000 frames 

long. Dynamic deep learning MR image reconstruction has not yet been demonstrated 

for image sequences of this size, largely due to GPU memory limitations and overfitting 

risks that stem from the increased numbers of weights required to exploit global 

temporal relationships by connecting all frames (even indirectly). 

One memory-efficient approach for non–deep learning methods has been linear 

subspace modeling [123], a variant of low-rank imaging. There, rather than focusing on 

image sequences in the time-domain, images are modeled, reconstructed, and stored in 

a low-dimensional, subject-specific feature space. However, employing linear modeling 

alone is known to be less effective than combining this approach with sparse recovery 

inside the feature space [124, 125] (substantially slowing the reconstruction process) or 

replacing the linear subspace model with nonlinear manifold modeling [126] (discarding 

the memory benefits). These approaches all require slow iterative reconstruction, which 

compromises their practical application in the clinic, where reconstruction is expected to 

take seconds to minutes. This iterative reconstruction is especially slow for non-

Cartesian acquisitions, which otherwise have excellent properties for dynamic imaging. 

Here, we propose an approach which combines the memory efficiency of linear 

subspace modeling with the quality of nonlinear manifold modeling. Our approach uses 

deep learning to recover image coordinates/feature maps within linear subspaces rather 

than directly recovering image sequences, thereby allowing non-local temporal 

modeling across entire image sequences with many frames. Due to the strong 

connections between deep learning and nonlinear manifold modeling [127], we interpret 

this approach as using deep learning to recover feature maps which lie on a nonlinear 
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manifold within a subject-specific linear subspace. Although the feature space changes 

with each subject and is determined from concurrent subject-specific auxiliary data, the 

transform learned by the network is generalized and can be applied in any linear 

subspace of the same dimensionality. 

We evaluate this approach for 5-D cardiac MR Multitasking, a low-rank tensor 

approach with three time dimensions (cardiac phase, respiratory phase, and inversion 

time) and >40,000 frames per image sequence, enabling non-ECG, free-breathing, 

myocardial T1 mapping [128]. For this evaluation, we compare mDCN [96] and the 

state-of-the-art DenseUnet [129] as example network architectures, training on 153 

subjects. We further expanded the mDCN structure with dilated convolutional layers for 

a larger receptive field, which is proven to further improve the reconstruction 

performance. Our preliminary results show that our model can reduce image coordinate 

recovery time from 20 minutes for a single 2D slice into 0.39s, an >3000x speed 

improvement which puts online clinical deployment within reach. Both networks were 

capable of fast image reconstruction, but mDCN was faster, smaller, more accurate, 

and more precise than the more widely-used DenseUnet.   

 

6.2 Method 

6.2.1 Multitasking MRI 

Dynamic MRI produces a spatiotemporal image sequence 𝐼(𝐱, 𝐭), a function of 

spatial location (denoted by vector 𝐱 = [𝑥", 𝑥), 𝑥-]8 containing up to three spatial 

directions 𝑥2) and one or more time dimensions (denoted by vector 𝐭 = [𝑡", 𝑡), ⋯ , 𝑡l]8 

containing R time-varying independent variables 𝑡2). Here, we represent the discretized 
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image sequence as a matrix 𝐀 ∈ ℂm×* with elements 𝐴2# = 𝐼0𝐱2 , 𝐭#4, with M spatial 

locations (voxels), and N time points (frames). The matrix 𝐀 is spatially encoded by the 

MR scanner, producing a vector of encoded data 𝐝 = 𝐸(𝐀), where 𝐸(⋅) typically 

comprises partial spatial Fourier encoding as well as additional spatial encoding from 

receiver sensitivity patterns. 

The goal of image reconstruction is to recover the original image sequence 𝐀 from 

the measured data 𝐝, i.e., to find some operation 𝑓 such that 𝐀 = 𝑓(𝐝). Typically, it is 

not possible to sample 𝐝 at or above the spatiotemporal Nyquist rate, so the data are 

undersampled. This leads to an ill-posed inverse problem, such that a general 𝑓(⋅) =

𝐸!"(⋅) does not exist. However, due to strong relationships between different image 

frames of 𝐀, dynamic MR images lie on low-dimensional manifolds [123, 126]; 

reconstruction methods can exploit these temporal relationships to find an	𝑓 such that 

𝑓0𝐸(𝐀)4 ≈ 𝐀 for these images. 

 

6.2.2 Subspace formulation 

When the image sequence contains many frames,	𝐀 can be rather large, 

presenting substantial computational challenges for designing an f that produces 𝐀 by 

exploiting global temporal relationships across all image frames. One memory-efficient 

approach to recover 𝐀 while exploiting global temporal relationships has been to use 

linear subspace modeling: 𝐼(𝐱, 𝐭) = ∑ 𝑢ℓ(𝐱)𝜑ℓ(𝐭)6
ℓo" .  

This model implies that the matrix 𝐀 has a low-rank 𝐿 < min(𝑀,𝑁) and can be efficiently 

factored as 𝐀 = 𝐔𝚽, where 𝐔 ∈ ℂm×6 has elements 𝑈2ℓ = 𝑢ℓ(𝐱2) and 𝚽 ∈ ℂ6×* has 

elements 𝛷ℓ# = 𝜑ℓ0𝐭#4. In this formulation, the columns of the spatial factor 𝐔 are 
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feature maps containing the coordinates for 𝐼(𝐱, 𝐭)	within a “temporal feature space” 

spanned by �𝜑ℓ0𝐭#4�ℓo"
6 . Sampling can be designed to include high-speed auxiliary data 

as a subset of 𝐝 (sometimes called subspace training data or navigator data), from 

which the temporal feature space can be directly extracted via principal component 

analysis (PCA). This predetermines 𝚽 and updates the problem formulation to 

 

𝐝 = 𝐸(𝐔𝚽) = 𝐸𝚽(𝐔), 

 

where the new goal of image reconstruction is to find an 𝑓𝚽 such that 𝑓𝚽(𝐝) ≈ 𝐔. 

Linear subspace modeling alone is typically not enough to produce a high-quality 𝐀 

from a highly undersampled 𝐝, so this approach is often combined by sparse recovery 

methods such as compressed sensing to find a 𝐔 which itself has a sparse 

representation 𝛹(𝐔), e.g., by solving the nonlinear reconstruction problem 

 

 𝑓𝚽(𝐝) = argmin
𝐔
‖𝐝 − 𝐸𝚽(𝐔)‖)) + 𝜆 ‖𝛹(𝐔)‖". (1) 

 

In practice, (1) is solved U by “back projecting” 𝐝 onto the feature space as 𝐸𝚽∗ (𝐝) 

(where * denotes the adjoint) or a pre-conditioned 𝐸𝚽,q`∗ (𝐝) and performing nonlinear 

iterative reconstruction upon the result entirely within the feature space [125]. This 

process is very slow, especially for non-Cartesian sampling patterns, for which 𝐸𝚽(⋅) 

comprises several non-invertible, non-separable multidimensional non-uniform fast 

Fourier transforms (NUFFTs) instead of invertible, separable FFTs. 
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6.2.3 Deep learning formulation 

We aim to replace this slow, iterative process with a much faster deep learning 

network that exploits global temporal relationships while retaining the memory benefits 

of the linear subspace formulation. We constrain all processing of the network to occur 

within the L-dimensional temporal feature space (rather than the N-dimensional whole 

temporal space), by 1) back projecting 𝐝 onto the feature space as 𝐔7 = 𝐸𝚽,q`∗ (𝐝); then 

2) passing 𝐔7 through a deep network to apply a learned reconstruction operator 𝑔(⋅): 

 

Figure 6.1 The architecture of DenseBlock and mDCN Network (a) and DenseUnet (b). Both have the same 
DenseBlock (DB) (c) with four 3x3 CONV layers. Only 4 DBs are shown in (a), but we used 8 DBs in this work. 
Dilation rate in CONV layers within a DB can vary and are notated here as d1-4-8-1. DenseUnet has 4 resolution 
levels, and the dilation rate of all layers are 1. 
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 𝐔 = 𝑓𝚽(𝐝) 

 = 𝑔(𝐔7) = 𝑔0𝐸𝚽,q`∗ (𝐝)4. 

 

This approach is compatible with a wide range of network architectures for a wide range 

of dynamic imaging applications. The specific network structure and application we 

used to evaluate our approach in this study will be described in the next section. 

 

6.3 Experiments 

6.3.1 MR Multitasking Application, Training Data, and Preprocessing 

To demonstrate the feasibility of using deep learning as a surrogate model, we 

designed a series of experiments to replace the MR Multitasking spatial factor 

estimation process, i.e., iterative reconstruction by Equation (1). Multitasking for non-

ECG, free-breathing quantitative T1 mapping of the heart produces a 5-D image 𝐼(𝐱, 𝐭) 

with two spatial dimensions and three-time dimensions: 𝐭 = [𝑐, 𝑟, 𝜏]8, where c is the 

cardiac phase, r is the respiratory phase, and τ is inversion time. Thus, image frames 

are available for every combination of 344 T1-recovery time-points (τ), 20 cardiac 

phases (c), and six respiratory phases (r), totaling 344 x 20 x 6 = 41280 frames, 

equivalent to 23 minutes of video at 30 fps. 

In our experiments, we used non-Cartesian multichannel MRI, such that 𝐸𝚽(𝐔) =

Ω([𝐒𝐅Lr𝐔]𝚽), where 𝐅Lr is the NUFFT, 𝐒 applies coil sensitivity patterns, and Ω is the 

undersampling operator. We produced our network input according to 𝐔7 = 𝐸𝚽,q`∗ (𝐝) =

𝐒s𝐅LrA 𝐖Ω∗(𝐝)𝚽A, where Ω∗(⋅)𝚽A transforms the data into the temporal feature space, 

𝐅LrA 𝐖 regrids the non-Cartesian data by applying a density compensation function (the 
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diagonal matrix 𝐖) followed by the adjoint NUFFT 𝐅LrA  (a process similar to filtered 

backprojection), and where the pseudoinverse 𝐒s performs a complex coil combination. 

A total of 191 subjects’ worth of raw dynamic MRI data were collected via on-site 

Siemens 3T MRI scanners and split into 8:1:1 ratio as training, validation, and testing 

set. We used a rank of L=32 with an image matrix size of 160 x 160, so the network was 

tasked with recovering a spatial factor 𝐔 composed of 32 complex-valued 160 x 160 

feature maps. In order to handle complex numbers, the real and imaginary parts of 𝐔 

were concatenated into a set of 64 real-valued 160 x 160 feature maps.   

 

6.3.2 Training Parameters and Experiment Setting 

The models were implemented in Tensorflow on a workstation with Nvidia GTX 

1080TI GPU. Before feeding into the network, instance-wise normalization was done on 

both the input and label data by subtracting their mean and dividing by their standard 

deviation (std). We used Adam optimizer with a default learning rate of 1e-4 to minimize 

the L1 loss between the network output and the label data. Two network backbones 

were implemented and evaluated based on the mDCSRN [96] and the other based on 

the DenseUnet [129]. Both networks had the same densely connected block setting (4 

convolutional layers, 128 of growth rate, and ELU [68] nonlinear activation), whose 

details are shown in Figure 6.1. To evaluate the effects of regularization, we applied 

different L1 and L2 regularization on the weights to avoid overfitting. We then further 

investigated how the dilation rate affects the reconstruction quality. Models were trained 

for 300k steps for all the experiments, after which no further improvement was 
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observed. Finally, the validation loss was monitored, and the checkpoint with the best 

validation loss was used to test the model performance.  

  We used three different measurements to quantitatively analyze the results to 

compare reconstruction images between the deep learning network output and the 

reference conventional iterative reconstruction. First, the normalized root mean square 

error (NRMSE) was calculated on the spatial factors directly. Second, three image 

similarity metrics, NRMSE, PSNR, and SSIM, were measured across reconstructed 

image sequences for the whole cardiac cycle (20 frames) at the end-expiration (EE) 

respiratory phase, for inversion times corresponding to bright-blood and dark-blood 

contrast weighting (i.e., the two most clinically crucial qualitative image weightings). 

Third, we compared the accuracy and precision of T1 maps (i.e., the quantitative map 

produced by Multitasking) from both networks against the conventional reconstruction. 

Finally, the timing of the network runtime was also recorded. 

 

6.4 Results 

The quantitative results of NRMSE on the spatial factor and image similarity 

metrics on cardiac cycles from different networks and configurations are shown in Table 

6-1 and Table 6-2. Hyperparameter searching was only done on the validation set to 

avoid overfitting to the test set. mDCN with dilation 1-4-8-1 and a regularization scale of 

0.01 outperformed all other networks. In general, mDCN outperformed the more popular 

DenseUnet in both image quality and runtime speed. An example case of reconstructed 

MR images showing multiple contrasts and time dimensions is also shown in Figure 

6.2. 
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Bland-Altman plots of the T1 fitting results and sample T1 maps are given in 

Figure 6.3. The mDCN maps were more accurate (smaller bias) and more precise 

(tighter limits of agreement) than DenseUnet. Neither network showed a statistically 

significant bias (mDCN: p=0.98; DenseUnet: p=0.36). The mDCN results were also 

more highly correlated to conventional results (mDCN: R=0.95, DenseUnet R=0.90). 

 

  mDCN d1-4-8-1 DenseUnet 
L1/L2 Reg. Scale No-Reg 1e-3 1e-2 No-Reg 1e-3 1e-2 

Image Basis 
NRMSE 0.4460 (0.036) 0.4324 (0.036) 0.4302 (0.038) 0.4416 (0.035) 0.4440 (0.033) 0.4415 (0.034) 

Cardiac Cycle 
SSIM 

0.8329 (0.069) 
0.9164 (0.027) 

0.8524 (0.069) 
0.9392 (0.026) 

0.8519 (0.070) 
0.9398 (0.037) 

0.8450 (0.063) 
0.9292 (0.025) 

0.8252 (0.059) 
0.9033 (0.026) 

0.8368 (0.062) 
0.9128 (0.039) 

Cardiac Cycle 
PSNR 

29.44 (2.733) 
31.44 (3.052) 

30.51 (2.912) 
33.42 (3.081) 

30.70 (2.850) 
33.74 (2.989) 

29.97 (2.342) 
32.13 (2.243) 

29.16 (2.326) 
30.87 (2.385) 

29.70 (2.024) 
31.97 (2.021) 

Cardiac Cycle 
NRMSE 

0.1754 (0.057) 
0.1114 (0.044) 

0.1580 (0.056) 
0.0894 (0.035) 

0.1554 (0.061) 
0.0863 (0.037) 

0.1643 (0.052) 
0.1007 (0.030) 

0.1773 (0.048) 
0.1147 (0.028) 

0.1673 (0.050) 
0.1013 (0.025) 

Runtime per case 0.39 s 0.46s 

 

  Validation Set Test Set 
  mDCN DenseUnet mDCN DenseUnet 

 Dilation No Dilation d1241 d1481 No Dilation d1481 No Dilation 
Image Basis 

NRMSE  0.4402(0.042) 0.4350(0.041) 0.4302(0.038) 0.4415(0.034) 0.4450(0.055) 0.4493(0.052) 

Cardiac Cycle 
SSIM 

0.8474(0.065) 
0.9320(0.024) 

0.8472(0.071) 
0.9351(0.029) 

0.8519(0.070) 
0.9398(0.037) 

0.8368(0.062) 
0.9128(0.039) 

0.8619(0.070) 
0.9382(0.033) 

0.8381(0.079) 
0.9068(0.045) 

Cardiac Cycle 
PSNR 

29.54(2.576) 
31.20(3.382) 

30.07(3.126) 
32.49(3.705) 

30.70(2.850) 
33.74(2.989) 

29.70(2.024) 
31.97(2.021) 

30.07(3.836) 
32.07(4.300) 

29.20(3.374) 
31.27(4.298) 

Cardiac Cycle 
NRMSE 

0.1723(0.055) 
0.1161(0.047) 

0.1680(0.068) 
0.1050(0.057) 

0.1554(0.061) 
0.0863(0.037) 

0.1673(0.050) 
0.1013(0.025) 

0.1556(0.056) 
0.1052(0.053) 

0.1687(0.051) 
0.1127(0.043) 

 

Table 6-1 The similarity metrics compared to iterative reconstruction for different L1/L2 regularization scale on the 
validation set. For both networks, the 0.01 scale gave the best performance. 

Table 6-2 Comparison between different dilation rates of mDCN on validation set. mDCN d1-4-8-1 with the largest 
effective receptive field gave the best scores on both validation and test set. 
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Figure 6.2. Image samples from conventional iterative reconstruction and mDCN in two dynamic phases: 
Inversion time (τ), showing T1 recovery, and cardiac phase (c), showing cardiac motion. 
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6.5 Conclusion  

In this work, we have presented a fast, accurate approach to large-scale dynamic 

MRI reconstruction using a combination of low-rank and deep learning modeling. Our 

dilated mDCN provided similar-quality reconstructed images and T1 maps to 

conventional iterative methods while reducing the time by > 3000x. This achievement 

makes the online reconstruction feasible and more plausible for clinical application. 

 

 

 
  

Figure 6.3 T1 mapping results from conventional iterative reconstruction, mDCN, and DenseUnet. Bland-Altman 
analyses show that the mDCN are both more accurate and precise than DenseUnet. 
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CHAPTER 7: Fully Automated Multi-Organ Segmentation in Abdominal Magnetic 

Resonance Imaging with Deep Neural Networks 

7.1 INTRODUCTION 

Internal organs' location and structural information are essential in several clinical 

applications such as radiation therapy (RT), imaging-guided surgery, and lesion 

quantification [130]. Unfortunately, such information is obtained routinely by human 

annotations on medical images, which is labor-intensive, time-consuming, and prone to 

intra- and inter-observer inconsistency. These limitations have also hindered certain 

timing-sensitive applications such as adaptive abdominal RT. Automated multi-organ 

segmentation is a compelling solution but remains a critical challenge because of 

complicated internal structures and widely variable organ sizes [131].  

 

Early research on automated segmentation algorithms focused on mathematical 

modeling of the morphological information of organs. For instance, level-set [132], 

SNAKE [133], and graph cut [134] focus on attracting descriptors to organ boundaries, 

driven by intensity gradient and neighborhood structures. However, these models 

usually rely on the consistent appearance of edges and intensity patterns as well as 

specific scale tradeoffs, which limits their applicability to magnetic resonance (MR) 

datasets that commonly exhibit heterogeneous image quality. MR images are affected 

by variations in many factors, such as system models and manufacturers, sequence 

parameter settings, and field shimming conditions. Data-driven methods, such as atlas-

based approaches [135], were investigated as another solution. The major drawbacks 

of atlas-based methods are their heavy dependence on atlas quality and size, and the 



101 
 

consistency requirement between the target and atlas samples. Besides, the long 

processing time needed for performing multiple registrations poses the main hurdle for 

its practical use.  

 

Recently, learning-based approaches [130] that combine modeling and data-

driven methods became popular. Unlike previous methods with manually crafted 

morphological features, learning-based methods, specifically deep neural networks, 

learn the representative features directly from training data [2]. Its superior ability to 

model the complexity in multi-organ shape, context information, and the variety from 

inter-subject difference has been demonstrated on several benchmark datasets [58]. 

MR image-based segmentation tasks for the brain [7], heart [136], and breast [137] 

have been studied using deep learning (DL) and artificial intelligence techniques. 

However, there are very few studies focused on abdominal MR [138-141]. Despite 

substantial improvement over the years, the performance in automated abdominal MR 

segmentation still does not match up to the human performance, particularly in 

complex-structure organs such as the stomach and duodenum [140]. Most of the 

previous studies utilized 2D neural networks for organ segmentation were from generic 

computer vision. However, single-channel 2D models are insufficient to analyze 3D 

complex structures in volumetric medical images and motivates our investigation of a 

multi-slice setting. Another challenge for the application of DL in abdominal MR is 

overfitting, caused by the small data size – one reason that computed tomography (CT) 

based studies are more common and successful than MR counterparts. With sample 

size in the order of hundreds or less, increasing the network complexity does not lead to 
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performance gain. We conjecture that a carefully designed network structure with more 

effective use of the existing nodes such as skip connections [16] is likely to be more 

beneficial in expanding the representation power without risking overfitting. Finally, the 

small training size also necessitates improvement in the training procedures, utilizing 

data augmentation, and deeply supervised learning [142].   

 

In this work, we proposed a convolutional neural network (CNN) based fully 

automated MR image-based multi-organ segmentation technique, namely ALAMO 

(Automated deep Learning-based Abdominal Multi-Organ segmentation). A multi-slice 

2D neural network was developed to account for the correlative as well as 

complementary information between adjacent slices in the intrinsic 3D space while 

avoiding the heavy computation burden. We investigated multiple approaches to 

improve robustness and reduce overfitting risk, including network normalization, data 

augmentation, and deeply supervised learning. We also introduced a novel multi-view 

training and inference technique that is simple, fast, yet effective to remove outliers in 

the preliminary segmentation predictions.  

 

7.2 METHODS 

7.2.1 MR Data 

This work was built on a routinely used 3D abdominal MR sequence - T1-VIBE 

(Volumetric Interpolated Breath-hold Examination) [143].  Images were acquired from 

multiple 3-Tesla systems of the same manufacturer (Siemens Healthineers). A total of 

102 subjects with no significant lesion presence (no or <2cm) were retrospectively 
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enrolled in this study, with Institutional Review Board approval. We further split those 

cases into 66 for training, 16 for validation, and 20 for testing. Each T1-VIBE dataset 

consisted of 72 - 80 transversal slices with a spatial resolution of 1.1-1.3 mm in each 2D 

transversal slice and 2.0-4.0 mm in slice thickness. All 3D image sets were interpolated 

into 1.2 mm isotropic resolution. Two experienced radiologists independently labeled 10 

organs (liver, spleen, pancreas, left/right kidneys, stomach, duodenum, small intestine, 

spinal cord, and vertebral bodies) and then reached a consensus contour.  

 

7.2.2 Data Preprocessing and Augmentation 

Dataset standardization, a common practice to speed up DL model training and 

improve network performance [144], was performed. Specifically, the mean signal 

intensity of each 3D dataset was subtracted from each voxel. The resultant voxel signal 

intensity was then normalized by the standard deviation of signal intensities in each 3D 

dataset.  

 

During the training, 20 contiguous transversal slices in a matrix size of 256x160 

were randomly cropped from the whole 3D volume which was typically 320x288x180. 

Random up-down or left-right flipping was applied at a probability of 50% for data 

augmentation. We further investigated the effect of random projective deformation as 

extra steps for data augmentation. Specifically, the image was transformed by a 

projection matrix (rotation angle: -0.05 -- + 0.05 rad, shearing scale: -0.3 -- +0.3, 

projective scale: -0.003 -- + 0.003) at a probability of 50%.  

 

7.2.3 Deep Learning Models and Framework 
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To capture both high-resolution local textures and low-resolution context 

information, the ALAMO framework adopts the renowned U-net structure [13, 145]. The 

encoder of the network takes the input images on a full resolution scale and then 

gradually reduces the size of the feature maps to abstract the context information. The 

decoder of the network then takes in encoded features and provides the annotation 

prediction in a coarse-to-fine manner. At each resolution, a couple of convolutional 

layers are used in a block to process image features. In our work, the blocks were 

interchangeable between plainly stacked layers and densely-connected layers, 

corresponding to PlainUnet and DenseUnet, respectively. Studies [16, 129, 146] have 

shown that DenseNet is less prone to overfitting problems. Hence, DenseUnet was 

optimized and evaluated against PlainUnet in this work. In DenseUnet, the growth-rate k 

defines the number of feature maps in a single convolutional layer. In PlainUnet, the 

initial feature map number f is the number of filters in the first resolution level and 

doubles for each lower resolution [13]. The ALAMO structure is illustrated in Figure 7.1.  

 



105 
 

 
Figure 7.1. Network structure: (a) The U-net structure, the convolutional blocks are either the (b) Densely-Connected 
Block or (c) Plain Connected Block. The stem input module is added after the input. It contains a single 3x3 
convolutional layer with the filter number of f or 2k. The kernel size is 3x3. Normalization is applied before the 
Exponential Linear Units (ELU) activation. 2x2 average pooling is used in the Transition Down, and a transposed-
convolutional layer with 2x2 kernel and stride size of 2 is applied in the Transition Up. In the PlainUnet setting, the 
filter number starts at f=64 and doubles after pooling; in DenseUnet, the growth-rate k=48. A final layer with 1x1 
kernel and SoftMax activation output the predictions for 11 classes (background + 10 organs). At each resolution, we 
use the auxiliary prediction for deeply supervised training 

. 

To fully capture the 3D information in a 2D network, we introduced a multi-slice 

input with a multi-channel 2D network structure. The 20 contiguous slices obtained from 

the whole 3D volume serve as the network input. The first layer of the network is a 

multi-channel convolutional layer. The multi-slice mechanism enables us to feed 

information about the third dimension to the network even though the network is 2D 

operational. 

 

7.2.4 Network Normalization 

Network normalization is a widely used approach to help accelerate 

convergence, stabilize gradients, and alleviate overfitting to training data. Specific 

implementation options include batch normalization (BN) [140, 145-147] ,  Instance 
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normalization (IN) [148] and layer normalization (LN) [149]. However, a recent study 

shows that the batch size heavily affects the normalization performance [147]. Due to 

the memory limitation, we can only fit a single image per batch. We expect that 

normalization would have an incidental role in this specific scenario, with simple-sample 

driven statistics. For the sake of being comprehensive, we investigated the effect of 

using BN, using BN with the training model during testing [145], as well as IN and LN.    

 

7.2.5  Deeply Supervised Training 

One of the challenges in training a deep neural network is that the gradient tends to 

vanish in the backpropagation process. The skip connections in DenseUnet help to 

partially alleviate the problem in the same resolution level. Nevertheless, during the 

scaling process across different resolutions, it would be beneficial to direct gradients for 

optimizing the layers at a granular level. Deeply supervised training [142] is an 

approach to add auxiliary side predictions to down-sampled labels directly from the 

output of each resolution. Therefore, we added extra layers for low-resolution 

predictions in the decoder branches, as shown in Figure 7.1. As a result, the network is 

optimized to produce full-resolution segmentation output and multiple low-resolution 

outputs. During the testing phase, the model only computes the final full-resolution 

output. Therefore, the low-resolution auxiliary predictions would not add any 

computation cost in the inference phase.  

 

7.2.6  Multi-view Training, Inference, and Majority Voting 

Previous studies mostly used only a single-view 2D slice data [13, 150], which lacks 3D 

structure information. Recent studies [146] started making use of multi-view data to 
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leverage the extra information provided by multiple views. However, different 2D 

networks were trained on different views [139]. In our work, we trained the same model 

across different views, which forces the network to use the same weights to capture 

structures at different viewing-angles. We developed a multi-view training approach to 

train on different views, transversal, coronal, and sagittal planes, at a ratio of 4:1:1. 

Weight-sharing brings at least two benefits. First, compared to single-view training, 

training data is extended, so there will be less likely to be overfitting. Second, compared 

to multiple models for multi-view data, our single model requires fewer parameters and 

thus less memory. Each view provided a 3D segmentation prediction volume, and a 

simple majority voting strategy was applied to combine those three predictions into the 

final segmentation as shown in Figure 7.2. We used 3 GPUs in parallel for each 

subject. Thus, the inference time is determined by the slowest runtime among three 

views, which is just slightly longer than single-view inference.   

 

Figure 7.2 An example of the probability maps from three different view inferences. We fused three probability maps 
into one final segmentation result by the majority voting strategy. 

 

7.2.7 Evaluation Metrics 
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Four metrics were used to evaluate the segmentation accuracy against the 

ground truth (i.e., human annotation). We chose two to indicate the ratio of volume 

overlapping: Dice Similarity Coefficient (DSC) [83] and Jaccard Index [84], and the other 

two to indicate the surface distance: mean surface distance (MSD) and 95% Hausdorff 

distance (95HD) [151].  

 

7.2.8 Network Implementation 

We implemented the network from ground-up in Tensorflow (v1.15) [152] deep 

learning packages. In this study, we trained the network with ADAM [74] optimizer. Its 

learning rate is 1e-4, and a decay rate of 0.9 was applied after every 50k iterations. We 

closely monitored the learning process by tracking the training and validation losses. 

We observed that models were well converged at 1000k steps (roughly 700 epochs) 

and used those checkpoints for evaluation. We used a workstation equipped with 

multiple Nvidia GTX 2080 TI Graphis Process Units (GPUs) for both training and 

testing.  

 

7.3 RESULTS 

7.3.1 Optimization in the Network Size 

As shown in Table 7-1, when the network size increased, the runtime and 

parameter number increased in DenseUnet and PlainUnet. In general, the PlainUnets 

were outperformed by DenseUnet by a substantial margin, while the latter only used a 

fraction of the parameters thanks to its more efficient architecture. Furthermore, merely 

adding more parameters in PlainUnet did not significantly improve the performance. The 
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DenseUnet (k=48) provided the best results in a reasonable runtime. Therefore, we use 

it as the baseline in our later experiments.  

 

(a) 

 (b) 
DenseUnet 

 Liver Pancreas 
Right 

Kidney 
Left Kidney Stomach Duodenum 

Small 
Intestine 

Spinal 
Cord 

Vertebral 
Body 

Spleen Mean Param# Runtime 

k24 1.329±0.433 2.750±1.319 0.800±0.181 0.973±0.578 3.326±1.546 4.315±1.457 4.177±3.421 0.795±0.143 1.655±0.359 1.273±0.842 2.139±1.314 1.55M 13.179 

k32 1.266±0.233 3.006±1.805 1.398±0.999 1.379±0.972 2.481±1.603 4.249±2.043 4.871±3.331 1.350±1.049 1.026±0.148 1.578±1.117 2.260±1.292 2.74M 13.977 

k48 1.188±0.269 2.270±1.167 1.212±0.893 0.934±0.493 2.732±1.241 2.931±1.295 5.081±3.932 0.875±0.219 1.097±0.200 1.180±0.632 1.950±1.269 6.12M 18.052 

k64 1.218±0.367 3.324±2.849 0.738±0.165 0.743±0.205 2.367±0.976 4.275±1.832 4.604±3.441 0.738±0.110 1.461±1.523 1.433±0.978 2.090±1.405 10.83M 21.040 

PlainUnet 

f64 1.318±0.367 2.664±1.395 1.212±0.796 1.121±0.669 2.799±1.100 4.352±2.010 4.760±2.888 0.811±0.264 1.089±0.219 1.666±1.042 2.179±1.346 229M 15.903 

f80 1.459±0.376 2.603±1.201 1.069±0.584 1.332±0.962 3.070±1.225 3.708±1.607 5.161±3.245 0.977±0.184 1.257±0.271 2.041±1.487 2.268±1.300 358M 30.623 

f96 1.470±0.283 2.792±1.307 2.576±1.865 1.822±1.263 3.130±0.941 4.332±1.767 5.122±4.012 1.211±0.488 1.743±1.340 1.667±0.859 2.586±1.228 515M 38.859 

Table 7-1 (a) Dice Similarity Coefficient (DSC) and (b) Mean Surface Distance (MSD) between different network sizes 
of DenseUnet and PlainUnet on the test set. K is the growth rate of Densely Connected Block in DenseUnet, and f is 
the filter number of the first layer in PlainUnet. DenseUnet (k=32) runs faster than 100x larger PlainUnet(f=64) but still 
has moderately better performance, showing the advanced densely connections help in overall performance. 
DenseUnet (k=48) gains the best performance while still maintains a fast run time. 

 

7.3.2 The Effect of Different Normalization Methods 

DenseUnet 

 Liver Pancreas 
Right 

Kidney 
Left Kidney Stomach Duodenum 

Small 
Intestine 

Spinal 
Cord 

Vertebral 
Body 

Spleen Mean Param# Runtime 

k24 0.956±0.013 0.791±0.082 0.947±0.006 0.941±0.013 0.868±0.048 0.686±0.083 0.780±0.135 0.873±0.028 0.834±0.037 0.931±0.030 0.861±0.084 1.55M 13.179 

k32 0.955±0.011 0.772±0.107 0.939±0.012 0.941±0.011 0.871±0.052 0.696±0.093 0.789±0.105 0.884±0.019 0.887±0.018 0.936±0.021 0.867±0.083 2.74M 13.977 

k48 0.960±0.009 0.828±0.074 0.940±0.009 0.951±0.008 0.889±0.046 0.732±0.076 0.790±0.103 0.866±0.028 0.889±0.017 0.934±0.018 0.878±0.071 6.12M 18.052 

k64 0.959±0.012 0.799±0.086 0.952±0.008 0.950±0.009 0.889±0.046 0.708±0.091 0.796±0.107 0.886±0.024 0.882±0.026 0.929±0.025 0.875±0.079 10.83M 21.040 

PlainUnet 

f64 0.957±0.012 0.740±0.131 0.943±0.010 0.943±0.012 0.870±0.045 0.695±0.075 0.792±0.098 0.888±0.024 0.884±0.016 0.908±0.037 0.862±0.086 229M 15.903 

f80 0.953±0.013 0.774±0.106 0.945±0.007 0.943±0.013 0.851±0.055 0.711±0.072 0.765±0.106 0.853±0.028 0.875±0.025 0.901±0.043 0.857±0.080 358M 30.623 

f96 0.953±0.009 0.793±0.073 0.938±0.016 0.933±0.023 0.861±0.051 0.717±0.077 0.766±0.132 0.876±0.020 0.884±0.017 0.927±0.025 0.865±0.077 515M 38.859 
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We also examined the effect of different normalization methods, including a) no 

normalization, b) BN with the training mode in inference phase, c) BN with the testing 

mode in inference phase, d) LN, and e) IN. It turned out that no normalization provided 

the best results and fastest inference time, as shown in Table 7-2. 

 

(a) 

 Liver Pancreas Right Kidney Left Kidney Stomach Duodenum Small Intestine Spinal Cord Vertebral Body Spleen Mean Runtime 

NoNorm 0.961±0.008 0.860±0.042 0.954±0.006 0.952±0.009 0.907±0.024 0.766±0.066 0.839±0.085 0.898±0.021 0.886±0.015 0.944±0.013 0.897±0.059 8.307 

BN_TrainMode 0.960±0.009 0.828±0.074* 0.940±0.009* 0.951±0.008 0.889±0.046* 0.732±0.076* 0.790±0.103* 0.866±0.028* 0.889±0.017 0.934±0.018* 0.878±0.071* 18.052 

BN_TestMode 0.957±0.011* 0.801±0.105* 0.935±0.023* 0.923±0.040* 0.861±0.059* 0.626±0.117* 0.734±0.159* 0.857±0.042* 0.871±0.014* 0.883±0.096* 0.845±0.096* 9.703 

IN 0.960±0.009 0.826±0.068* 0.944±0.007* 0.948±0.010* 0.888±0.042* 0.726±0.078* 0.782±0.116* 0.851±0.039* 0.874±0.028 0.935±0.023* 0.874±0.074* 13.216 

LN 0.960±0.011 0.818±0.076* 0.950±0.007* 0.951±0.007 0.884±0.055* 0.704±0.112* 0.834±0.071 0.896±0.016 0.898±0.012* 0.940±0.013* 0.883±0.076* 13.503 

(b) 

 Liver Pancreas Right Kidney Left Kidney Stomach Duodenum Small Intestine Spinal Cord Vertebral Body Spleen Mean Runtime 

NoNorm 1.135±0.204 1.307±0.472 0.693±0.083 0.812±0.377 1.905±0.698 2.189±0.865 2.771±2.608 0.678±0.098 0.994±0.200 1.047±0.436 1.353±0.669 8.307 

BN_TrainMode 1.188±0.269 2.270±1.167* 1.212±0.893* 0.934±0.493 2.732±1.241* 2.931±1.295* 5.081±3.932* 0.875±0.219* 1.097±0.200 1.180±0.632 1.950±1.269* 18.052 

BN_TestMode 1.370±0.290* 2.265±1.153* 1.006±0.449* 1.058±0.572 3.420±2.691* 4.192±2.462* 3.890±2.526 0.933±0.254* 1.211±0.340* 2.129±2.216* 2.147±1.196* 9.703 

IN 1.211±0.263 2.946±1.734* 1.262±1.104* 1.003±0.586 2.808±1.612* 3.773±1.640* 5.743±4.552* 0.905±0.211* 1.656±1.208* 1.276±0.788 2.258±1.485* 13.216 

LN 1.179±0.282 1.726±0.841* 0.714±0.138 0.808±0.218 2.078±0.882 2.653±1.144* 3.476±3.081* 0.691±0.140 0.922±0.142 1.259±0.740 1.550±0.886* 13.503 

Table 7-2 (a) Dice Similarity Coefficient (DSC) and (b) Mean Surface Distance (MSD) between different normalization 
methods (No Normalization, Batch Normalization [BN] in Train/Test mode, Instance Normalization [IN], and Layer 
Normalization [LN]) in DenseUnet (k=48) on the test set. * indicates significant difference (p < 0.05) compared to no 
normalization network. Without normalization, the network not only runs fastest but also obtains the best 
performance. Also, it is worth noting that using the training mode of BN during inference obtains a large performance 
improvement over using the testing mode of BN. 

 

7.3.3 The Effect of Additional Training & Testing Techniques 

To further improve the performance, we also tested the effects of additional 

training and testing techniques. We used 1) further augmentation with projective 

deformation (PD), 2) deep-supervised training (DS), 3) multi-view training (MTT), and 4) 
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multi-view inference (MTI) with a majority voting in this experiment. The results are 

shown in Table 7-3. After incorporating all the above techniques, we observed a 

performance improvement over the baseline model. 

 

 (a) 
 Liver Pancreas 

Right 
Kidney 

Left Kidney Stomach Duodenum 
Small 

Intestine 
Spinal 
Cord 

Vertebral 
Body 

Spleen Mean Runtime 

Baseline 0.961±0.008 0.860±0.042 0.954±0.006 0.952±0.009 0.907±0.024 0.766±0.066 0.839±0.085 0.898±0.021 0.886±0.015 0.944±0.013 0.897±0.059 8.307 

+PD 0.962±0.008 0.864±0.034 0.953±0.007 0.952±0.007 0.913±0.027 0.775±0.055 0.846±0.091 0.898±0.024 0.895±0.016 0.944±0.011 0.900±0.056* 8.370 

+PD+DS 0.960±0.010 0.869±0.038* 0.953±0.007 0.952±0.008 0.916±0.019* 0.771±0.074 0.850±0.077* 0.897±0.022 0.893±0.014 0.945±0.013 0.901±0.056* 8.315 

+PD+DS 
+MTT 

0.961±0.011 0.870±0.042* 0.954±0.007 0.954±0.009* 0.913±0.022 0.782±0.069 0.860±0.063* 0.895±0.017 0.895±0.011* 0.945±0.014 0.903±0.053* 8.327 

+PD+DS 
+MTT+MTI 

0.963±0.010 0.880±0.035* 0.954±0.007 0.954±0.008* 0.923±0.020* 0.801±0.065* 0.870±0.060* 0.904±0.014 0.900±0.010* 0.946±0.013 0.909±0.048* 12.25 

(b) 
 Liver Pancreas 

Right 
Kidney 

Left Kidney Stomach Duodenum 
Small 

Intestine 
Spinal Cord 

Vertebral 
Body 

Spleen Mean Runtime 

Baseline 1.135±0.204 1.307±0.472 0.693±0.083 0.812±0.377 1.905±0.698 2.189±0.865 2.771±2.608 0.678±0.098 0.994±0.200 1.047±0.436 1.353±0.669 8.307 

+PD 1.117±0.248 1.215±0.303 0.685±0.118 0.693±0.137 1.736±0.590 2.128±0.759 2.593±2.942 0.663±0.102 0.938±0.196 1.063±0.645 1.283±0.627 8.370 

+PD+DS 1.194±0.296 1.169±0.368* 0.681±0.103 0.734±0.180 1.618±0.429* 2.262±1.007 2.744±2.860 0.667±0.088 0.948±0.119 1.221±0.869 1.324±0.661 8.315 

+PD+DS 
+MTT 

1.137±0.303 1.167±0.363 0.657±0.084 0.655±0.094 1.618±0.505 2.254±0.924 1.959±1.709 0.675±0.076 0.939±0.106 1.027±0.505 1.209±0.532* 8.327 

+PD+DS 
+MTT+MTI 

1.072±0.268 1.027±0.273* 0.655±0.087 0.645±0.090* 1.338±0.308* 1.831±0.873* 1.960±2.671 0.630±0.070* 0.892±0.098* 0.941±0.321 1.099±0.451* 12.25 

Table 7-3 (a) Dice Similarity Coefficient (DSC) and (b) Mean Surface Distance (MSD) of different training and 
testing settings: projective deformation (PD), deep-supervised training (DS), multi-view training (MTT), and multi-view 
inference (MTI) . * indicates significant difference (p < 0.05) compared to the baseline model: the non-normalized 
DenseUnet (k=48) network. 

 

7.3.4 The Effect of Multi-Slice Training 

Finally, we also investigated the results from the same DenseUnet structure with 

a different number of 2D slices as input to demonstrate the advantages of using multi-

slice data. As shown in Table 7-4, a multi-slice input was beneficial for the overall 

performance compared with the single-slice input. However, the 40-slice version 

network was outperformed by the 20-slice version, suggesting that our current network 

structure could not process well with too many slices. 
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(a)  
 Liver Pancreas Right Kidney Left Kidney Stomach Duodenum Small Intestine Spinal Cord Vertebral Body Spleen Mean 

Single Slice 0.963±0.012 0.871±0.038* 0.953±0.007 0.955±0.008 0.920±0.021 0.771±0.051* 0.870±0.066 0.902±0.017 0.898±0.014 0.941±0.019 0.904±0.055* 

20 Slices 0.963±0.010 0.880±0.035 0.954±0.007 0.954±0.008 0.923±0.020 0.801±0.065 0.870±0.060 0.904±0.014 0.900±0.010 0.946±0.013 0.909±0.048 

40 Slices 0.964±0.009 0.871±0.041* 0.953±0.008 0.955±0.008 0.921±0.021 0.788±0.074 0.873±0.062 0.904±0.018 0.899±0.011 0.943±0.022 0.907±0.051* 

(b) 
 Liver Pancreas Right Kidney Left Kidney Stomach Duodenum Small Intestine Spinal Cord Vertebral Body Spleen Mean 

Single Slice 1.073±0.343 1.140±0.415 0.685±0.091* 0.635±0.092* 1.403±0.310 1.948±0.902 2.140±2.506 0.637±0.081 0.903±0.117 1.926±3.119 1.249±0.547* 

20 Slices 1.072±0.268 1.027±0.273 0.655±0.087 0.645±0.090 1.338±0.308 1.831±0.873 1.960±2.671 0.630±0.070 0.892±0.098 0.941±0.321 1.099±0.451 

40 Slices 1.032±0.226* 1.099±0.338* 0.669±0.092* 0.641±0.085 1.390±0.300 1.935±0.915 1.840±2.472 0.636±0.088 0.917±0.117* 0.984±0.468 1.114±0.446 

Table 7-4 (a) Dice Similarity Coefficient (DSC) and (b) Mean Surface Distance (MSD) of a different number of 2D 
stacked slice as input to the 2D DenseUnet. * indicates significant difference (p < 0.05) compared to our selected 20-
slice setting. Multiple-slice input provided better performance than single slice input; however, adding more slices did 
not improve the results under the current network setting. 

 

7.3.5 The performance of the finalized ALAMO method 

Our finalized ALAMO method incorporated all the previous training & testing 

techniques in a non-normalized DenseUnet with 20-slice 2D data. The performance is 

summarized in Table 7-5. ALAMO system was able to achieve high-quality 

segmentation results on most of the organ with a DSC > 0.90, except for the duodenum 

(0.80) and the small intestine (0.87). A randomly selected test case is shown in Figure 

7.3. We also show the box plot of per organ performance compared with different 

methods in Figure 7.4. 

Table 7-5 Quantitative number of Dice Similarity Coefficient (DSC), Jaccard Index (Jacc), Mean Surface Distance 
(MSD), and 95 Hausdorff Distance (95HD) of our final ALAMO model on the test set (n=20). 

 
Liver Pancreas Right Kidney Left Kidney Stomach Duodenum Small Intestine Spinal Cord Vertebral Body Spleen Mean 

DSC 0.963±0.010 0.880±0.035 0.954±0.007 0.954±0.008 0.923±0.020 0.801±0.065 0.870±0.060 0.904±0.014 0.900±0.010 0.946±0.013 0.909±0.048 

Jacc 0.929±0.018 0.787±0.054 0.912±0.013 0.913±0.015 0.858±0.034 0.672±0.087 0.775±0.091 0.825±0.024 0.818±0.016 0.898±0.024 0.839±0.076 

MSD 1.072±0.268 1.027±0.273 0.655±0.087 0.645±0.090 1.338±0.308 1.831±0.873 1.960±2.671 0.630±0.070 0.892±0.098 0.941±0.321 1.099±0.451 

95HD 3.035±0.916 3.235±1.859 1.791±0.332 1.760±0.275 4.079±1.374 8.225±5.784 9.092±16.361 1.473±0.254 2.444±0.281 2.267±0.654 3.740±2.576 
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Figure 7.3 Segmentation results on a random test case with manual label, single-view (transversal) inference of 
DenseUnet, and multi-view inference with majority voting: liver(red), spleen(gray), pancreas(green), right 
kidney(blue), left kidney(yellow), stomach(cyan), duodenum(purple), small intestine(white), spinal cord (blue) and 
vertebral bodies (dark brown). The multi-view inference correctly segmented the small intestine that is missed in 
single-view inference, as shown by the blue arrow. Besides, it produced a more accurate boundary of the pancreas 
and duodenum, as shown by the white arrow. 

 

 

 

Figure 7.4 Per organ Dice similarity coefficient and mean surface distance box plot in test set (n=20) for 
PlainUnet(f=64), Single-View DenseUnet (k=48) and Multi-View Inference DenseUnet (k=48). 
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7.4 DISCUSSION 

In this work, we presented a deep learning-based system ALAMO for fully 

automated multi-organ segmentation on abdominal MR. ALAMO builds on 2D 

DenseUnet and introduced tailored design in data augmentation and training 

procedures, utilizing deep connection, auxiliary supervision, and multi-view. The results 

showed that our system might be a strong candidate to afford state-of-the-art 

performance. 

Given that medical imaging is intrinsically 3D, it is natural to consider a design 

with a 3D deep network as in [62, 96], associated with a much higher risk of overfitting 

and prohibitive demand in memory and computation time. Moreover, unlike computer 

vision tasks, the variations of the organ size and their relative geometric placement also 

make it necessary to have both high resolution and high spatial support in the network 

configuration. Even though it is possible to address such demand with a multi-resolution 

or hierarchical scheme, it introduces further complexity in the overall pipeline. We have 

demonstrated that a multi-slice-multi-scale 2D network provides a clinically viable 

alternative when carefully designed and optimized. 

We compared two popular networks, PlainUnet and DenseUnet, in this paper. 

We showed that DenseUnet used much fewer parameters and more accurate 

segmentation results, and slightly reduced computation time than PlainUnet. By adding 

multiple skip connections within the convolutional blocks, we force the network to reuse 

its weights, dramatically reducing the number of parameters for the same performance. 

Smaller network size makes training more manageable and makes the model less 
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prone to overfitting to the training data and more robust on unseen test data. This is 

critically important for MR-based DL applications due to typically limited data size.   

The results confirmed our earlier speculation that normalization has insignificant 

performance gain in the single-sample batch setup.  However, we want to point out that 

our observation does not exclude the possibility that a comprehensive optimization of 

the normalization scheme may still improve. Nevertheless, we feel the smaller 

computation burden and speed gain in our specific context are more valuable for time-

sensitive applications, and no-normalization would be the appropriate choice.  

We also showed that combining three different views could further boost up 

performance. Forcing the network to train on different 2D views and then fusing them 

can remove misclassified regions in single-view output. Especially for the small intestine 

and duodenum, which have irregular shapes and are difficult to distinguish from 

complicated backgrounds, the multi-view network has a better performance than the 

single-view network. Additionally, since we used the same network in multi-view data, 

the model has fewer parameters than those where multiple models are used 

simultaneously. The reduction in parameters is beneficial to ease the overfitting 

problem. 

Our last experiment also validated our assumption that by using multi-slice (both 

20-slice and 40-slice) input data, a 2D network can perform better than a single-slice 

input. However, the current network design, using 40- slice as input did not improve the 

final accuracy, and the 20-slice input appeared to be a good fit for the DenseUnet 

(k=48).  
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There are not many studies on the multi-organ segmentation in abdominal MR 

with deep learning. To the best of our knowledge, Fu et al. [140] recently demonstrated 

their results on a ViewRay MR dataset with a DSC of 0.953 in the liver, 0.931 in 

kidneys, 0.850 in the stomach, 0.866 in bowels, and 0.655 in the duodenum. Bobo et 

al.[141] showed the segmentation on whole-body T2-weighted MR, with a DSC of 0.913 

in the liver, 0.730 in left kidney, 0.780 in the right kidney, 0.556 in the stomach, and 

0.930 in the spleen. Our work demonstrated a better or similar DSC in those organs, 

especially in challenging organs such as the stomach and duodenum. Compared to 

multi-organ segmentation on CT images that have better signal to noise ratio and 

spatial resolution, our results are still very competitive. For example, Wang et al. [139] 

reported a DSC of 0.98 in the liver, 0.97 in the left kidney, 0.98 in the right kidney, 0.95 

in the stomach, and 0.97 in the spleen. Our numbers were very close to them even 

though their resolution (0.5 mm) is much higher than ours (1.2 mm). Our segmentation 

of organs like the duodenum (0.80) and small intestine (0.87) is even much better than 

their CT-base segmentation (0.75 in the duodenum and 0.80 in the small intestine). For 

the most studied single organ - pancreas, our DSC 0.88 is still on par with recent state-

of-the-art deep learning-based segmentation works [153-156]. 

There is still room to improve in our network, particularly for organs like the small 

intestine and duodenum. First, a 2D model might not capture all image features 

because some organs have highly complex shapes and inconsistent textures and 

boundary interfaces. A 3D network might have some advantages to segment them. 

However, limited by the computation resources, one must make the 3D network or the 

input 3D patch very small. Such limitation severely curbs 3D networks’ performance. In 
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the future, we might explore more computational efficient 3D networks to ease the 

hardware limitation. Second, in our current T1w water phase images, some boundaries 

between the organs are very difficult to distinguish even by experienced radiologists. 

Adding more contrast images such as T1-weighted fat phase and T2-weighted images 

might further improve the segmentation.  

 

7.5 CONCLUSION 

The proposed ALAMO framework allows for fully automated abdominal MR 

segmentation with high accuracy and low memory and computation time demands. 
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CHAPTER 8: CONCLUSIONS & FUTURE WORKS 

MRI continues to play an essential role in disease detection, diagnosis, and 

assessment. However, there are  challenges such as the slow scan time for high spatial 

resolution images, the extensive computation resource for reconstruction in 

continuously scanned MTMRI, inconsistent voxel value, and patterns with sub-optimal 

spatial resolution as segmentation all are the hurdles for MRI get a more popular clinical 

usage.  

As presented in this dissertation, split into three different projects, we showed 

that by developing novel deep learning architectures and fully utilized training 

techniques, we could improve the acquisition speed, reconstruction time, and 

segmentation accuracy. That indicates a promising future for the AI-powered MRI in 

technical feasibility. However, from laboratory experiments to real-world clinical usage, 

there are still considerable challenges that need to overcome.  

 

8.1 Summary 

8.1.1 MRI Super-Resolution 

For brain MRI, we successfully improved the spatial resolution by 4x with a state-

of-the-art architecture mDCSRN developed on a large brain MRI dataset with more than 

1000 subjects. Furthermore, with GAN usage, we significantly improve perceptual quality 

and visual sharpness compared with non-GAN methods. In addition, the mDCSRN shows 

it runs much faster, requires less memory, and achieves higher qualitative and 

quantitative results than other deep learning networks. 
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To overcome the small size of data for coronary MRA, we innovatively developed 

a domain adaptation technique (DRAGAN) to combine a much larger brain MRA. The 

results show that image quality has been improved, and generated artifacts are reduced. 

In addition, the cardiologist reading also shows that the SR output is helpful to diagnosis 

stenosis in coronary vessels.  

 

8.1.2 Multitasking MRI Reconstruction 

In the Multitasking MRI, we successfully reduce the reconstruction time from 20 

mins to 371 msec per slice by using a deep learning method to bypass the conventional 

iterative method. Furthermore, the results show that using the multi-level densely 

connected layer can achieve a faster and better reconstruction accuracy than a widely 

used densely connected U-net, making MTMRI one more step forward to routine clinical 

usage.  

 

8.1.3 Abdominal MRI Segmentation 

The ALAMO framework generated segmentation labels in good agreement with 

the manual results. Specifically, among the 10 OARs, 9 achieved high Dice Similarity 

Coefficients (DSCs) in the range of 0.87-0.96, except for the duodenum with a DSC of 

0.80. The inference completes within one minute for a 3D volume of 320x288x180. 

Overall, the ALAMO model matches the state-of-the-art performance. The proposed 

ALAMO framework allows for fully automated abdominal MR segmentation with high 

accuracy and low memory and computation time demands. 
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8.2 Challenges and Limitations 

Even though we have seen considerable success in proving technical feasibility 

and providing promising outcomes in the experimental settings, some substantial 

challenges and limitations hurdle the AI system to be fully deployed in the clinical setup. 

I summarize three representative limiting factors as follows: 

 

8.2.1 Challenging real-world data 

We took extra precautions for the data we used in our projects. For example, the 

development data were randomly split into training, validation, and evaluation sets. 

Furthermore, the test set was only used in the last stage of the experiment for 

performance measurement. We also implemented multiple data augmentation 

processes and early-stop with validation loss monitoring. In DRAGAN, we even used 

completely different data as the test set to represent model performance truthfully. 

However, we are still cautiously optimistic about real-world clinical usage performance 

through all the procedures above we had. One of the most significant reasons is that the 

real-world clinical MRI data are massively diverse.   

 For example, we can notice the contrast difference in the experimental 

prospective acquired low-resolution MRI in our brain MRI super-resolution project, even 

though we have tried our best to imitate the same protocol of the dataset we used. 

Since there are many factors involved in the MRI’s contrast, intensity, and range, a 

slight difference between the real-world data and the training data might cause severe 

performance degradation of the DL system. On the other hand, the disease usually 

happens uncommonly and only takes up a small portion of the general population. What 
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is worse, diseases may come with different representations and symptoms. Let alone 

that subjects may carry multiple symptoms during the scan and make the situation even 

more complicated. To train a reliable model that is not overfitting to some specific types 

and patterns of diseases with a limited amount of patient data is nearly impossible.  

One of the potential methods to fundamentally solve this problem is to 

incorporate as much data as possible. However, it raised several new challenges too. 

First, data are rare and expensive, particularly high-quality data. Second, it calls for 

multi-center, multi-region, and multi-country co-operation, which are logistic difficult. 

Third, the disease signal in a large patient cohort might be ignored by the model as 

noise unless a variety of pathologies are included in training. Finally, there may be 

concerns about the data privacy of such a large-scale study, although this can be 

addressed by anonymization at source. 

 

8.2.2 Lack of interpretability 

Another prominent limiting factor is that the AI models are running in a ‘black-box’ 

style. ‘Black-box’ is said to be practically acceptable for DL models implemented in 

consumer use cases. So, for example, we are not highly concerned about the 

mechanism running behind the applications of grouping faces for family members and 

friends, unlocking the iPhone with the front-facing camera, and recognizing buildings 

and landmarks in Google Maps.  

However, in medical imaging, the prediction explanation is sometimes more 

important than the result itself. For example, it would be tough to persuade a doctor or a 

patient to undergo the treatment recommended by a DL model that provides no other 



122 
 

information but only the outcome prediction. Therefore, some levels of the 

interpretability of the AI model will be necessary to fit into the clinical environment. 

 

8.2.3 Translation to clinical usage 

Another limiting factor is the integration into the current healthcare system. 

Performance and accuracy are not the only determining aspects to be considered. 

However, most of the current research focuses on technical innovation and 

advancement. I believe the missing puzzle of a clinical-friendly design will be critical for 

the AI model’s translation to clinical use. We need to consider how the DL model 

integrates into the current information system in the hospitals and how the doctor or 

patient interacts with it. A successful translation of an AI model should be capable of 

considerably reducing the time and workload from the doctors and providing additional 

meaningful disease insights for the patient. 

Among the above projects, we focus more on the model's efficiency other than a 

pure performance improvement over stacking more layers in the DL models. Because 

we believe the computation resource should be a constraint. Therefore, our model is 

deployable in a typical computer even without a powerful workstation with GPU 

onboard. In this way, our model can be easily translated into the hospital environment 

without additional configuration. 

 

8.3 Exploratory Experiments 

We have conducted several exploratory experiments to solve one or several 

above issues partially.  
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8.3.1 Synthesis training for segmentation 

The first approach we have tried is for the segmentation project. Then, to 

artificially increase the training data size, we explore the idea of using synthesis MRI. As 

a result, we borrowed a recently proposed method named SPADE from generic 

computer vision. 

 

 SPADE 

Park et al. [157] proposed a new GAN-based generative network to create 

images from an arbitrary segmentation mask. As shown in Figure 8.1, after training on 

internet high-resolution scenery images, the network generates photorealistic photos 

based on the segmentation mask of a given photo or drawn by a human being.  

One of the biggest challenges of synthesizing images from segmentation maps is 

that segmentation maps are sparser and carrying much less information than the image. 

For example, a large bulk of the pixels in Figure 8.1 are painted as cyan, representing 

the light sky. However, without knowing the spatial information, all the pixel input in the 

upper half of the image will be the same. Therefore, during training, the network will be 

volatile because the same light sky label can represent a large variant of pixel texture 

like sunlight and light clouds. 

Thus, the network must be aware of the spatial relationship at the pixel level. 

That is why spatial-adaptive SPADE is introduced. 
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Figure 8.1 SPADE creates high-resolution photorealistic scenery images based on the segmentation and controllable 
by the style-guided photo, image is sourced from [157]. 

 

 

Figure 8.2 The Batch Norm as it is widely used in DL models vs. SPADE, image is sourced from [157]. 

 
Compared with previous synthesis methods, SPADE provides more realistic-

looking images. SPADE is also less likely to have a catastrophic failure. The 

mechanism behind that is that SPADE can capture the spatial relationship from the 

semantic segmentation map. As shown in Figure 8.2, SPADE is derived from the most 

popular normalization layer, the batch normalization layer. They both applied an affine 

transform to the feature map. However, BN uses a set of parameters (γ and β) from the 



125 
 

distribution of feature maps, while the SPADE learned those parameters from the 

semantic segmentation input. Additionally, the γ and β in the SPADE are tensors with 

spatial dimensions multiplied and added element-wisely. That enables SPADE to be 

spatial-adaptive to the content in the images, provides a more stable output. 

 

Synthesis abdominal MRI with SPADE 

The same training set from the ALAMO segmentation project is used in this 

synthesis task. A total of 66 cases, 11000 slices where at least one organ is shown, are 

selected as the segmentation masks input. We implement the SPADE in a 2D manner, 

where a single slice of segmentation mask will be fed into the network.  As a limitation 

of the image input format of SPADE (PNG format), the abdominal MRI images are 

clipped within the range of 0 to 510, w.r.t, the max intensity of PNG is 255. Training 

lasts roughly a day on a single Nvidia GTX 1080 TI GPU. 

 

Result 

 

Figure 8.3 SPADE output on the training set 
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Figure 8.4 SPADE output on the testing set. The segmentation map is overlayed on top of the MRI images. 

Two Representative cases, one from the training set and the other from the 

testing set, are shown in Figure 8.3 and Figure 8.4. Again, the synthesis MRI shows a 

relatively close result to the actual MRI, as similar high-quality results shown in scenery 

images. More interestingly, when investigating the image carefully, the model draws the 

organs within the label boundary correctly and some specific contents that are not 

included into the labels. For example, the arms are not marked in the segmentation 

map, but the model draws them incredibly well in the training set while a bit of distortion 

in the testing set. Moreover, when looking inside the liver, we can find that some 

vessels and some small lesions are generated, which is surprising because they have 

nothing to do with the segmentation labels.  

 

Figure 8.5 A fail case when the input segmentation map is almost empty without enough labels. 
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However, as shown in Figure 8.5, the model failed to generate decent synthesis 

output when the input segmentation label is almost empty. Thus, this technique still has 

room to improve. 

 

Conclusion 

In conclusion, we show the feasibility of generating synthesis MRI from the 

segmentation map, a technically challenging task. Without any fine-tuning in the 

network structure and training settings, the new method SPADE can generate decent 

synthesis images. However, it fails when the segmentation masks are too small.  

If we can convert the SPADE into a 3D network, then it can make use of the 3rd-

dimensional information, the performance might be more stable and improved. 

Furthermore, when the synthesis image quality is close to the real MRI, increasing the 

data training size with those generated images is possible. 

 

8.3.2 Self-attention in super-resolution  

The second approach aims to make the DL model an explainable model. We 

applied a technique named self-attention mechanism in the super-resolution network. 

The details will be discussed in the following sessions. 

 

Attention mechanism and self-attention in image synthesis 

One of the most significant drawbacks of a CNN is that it is inefficient to use 

long-range information to understand global context due to its limited receptive field. In 

classification or segmentation tasks, pooling layers are common to reduce the feature 
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map size to gain sufficient global information. However, they are not popular in image 

synthesis because synthesis tasks require high-resolution details in the full-size feature 

map. The self-attention mechanism [158] is proposed to compensate for that.  

As shown in Figure 8.6, with the self-attention mechanism, the network learned 

to use distant but relative image portions to generate the region of interest pixels. For 

example, when generating the right eye of the beaver in the 1st row of Figure 8.6, the 

network also highlights the face and the left eye region where it weights the information 

more important than other locations. 

 

Figure 8.6 Self-Attention GAN’s result, sourced from [158]. When generating the image, the self-attention network 
looks for the corresponding image portion across the whole image instead of just the local region as in most CNN-
based networks.  

 

The actual self-attention module is shown in Figure 8.7. First, two feature 

spaces, f, and g, are generated from the feature map (x) and then computed for the 

attention map. Then, finally, the attention map is multiplied by a hidden feature map 

from x, and the self-attention weighted feature map (o) is achieved. In this way, the 

network uses significant important extended distant features via the location encoded 

attention map. As a side product, the attention map also acts as a spatial importance 
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heatmap. This heatmap discloses where it gathers the feature information to generate 

the current pixel/voxel. 

 

Figure 8.7 Self-attention module, image is sourced from [158], based on the input feature map, the attention map is 
computed to represent spatial relationships between different locations. In our work, the module is extended from 2D 
to 3D. 

 

Self-attention in brain MRI super-resolution 

In the brain super-resolution project, other than searching for an efficient network 

structure, we also investigate other options to boost the performance. For example, a 

self-attention mechanism is an attractive approach for the medical image super-

resolution task. It emphasizes the long-range information, which we think is beneficial 

for the model to understand the structure. Furthermore, since our 3D network is not 

easy to implement a deep enough network to have a big enough receptive field for the 

global contextual information, the self-attention mechanism that efficiently promotes 

distant information would be very helpful. Additionally, the attention map also gives us 

clues about where the network is looking. Therefore, self-attention can be used as a 

probe to disclose the black box to make the network more understandable for human 

beings. 
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In the experiment settings, based on the 4-block and 8-block mDCNSRN in our 

brain MRI project, we insert the self-attention module in the middle and the last part of 

the non-GAN generator network. Because the 3D self-attention module requires much 

larger memory footprint, we reduce the self-attention map’s size by 2x in each 

dimension. We follow the setting as in the SAGAN [158], where the learnable γ is 

initialized with 0 and k=8 of reducing the channel number.  

 

Results 

The results are shown in Figure 8.8 and Figure 8.9. In this example, the 

attention map shows that the network learned to highlight the edge of the lobe of the 

brain to generate a small vessel in that region. This partially explains that the network 

knows how to gather meaningful information from relative area. 

 
Figure 8.8 A representative showcase of self-attention map. 1st row is the location attention map where high values 
are considered by the network that is significantly vital to generate SR output at the given location, marked by red 
circles in the 2nd row (Original HR image overlay). In this case, the network is gathering image features around the 
edges. 
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Figure 8.9 A second example with a different location but with the same patch. 

 
mDCSRN b4u4 

  PSNR SSIM NRMSE Time(s) 

Original 36.19 (0.96) 0.9442 (0.006) 0.0898 (0.003) 12.06 

SA - mid 36.34 (0.90) 0.9421 (0.006) 0.0885 (0.0038) 15.22 

SA - last 36.22 (0.95) 0.9440 (0.006) 0.0896 (0.0038) 15.42 

mDCSRN b8u4 

Original 36.35 (0.98) 0.9470 (0.0057) 0.0882 (0.0042) 26.50 

SA - mid 36.61 (0.96) 0.9470 (0.006) 0.0857 (0.0038)  31.46 

SA - last 36.60 (0.96) 0.9473 (0.006) 0.0858 (0.0038) 35.14 

Table 8-1 Quantitative results of Self-Attention mDCSRN on the evaluation set, compared with original mDCSRN. We 
notice a slight performance improvement but at the cost of longer runtime and high memory usage.  
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Qualitative analysis is shown in Table 8-1. We did not notice significant 

performance improvement over the cost of longer runtime and more memory usage 

compared with the original mDCSRN without the self-attention modules. However, there 

are multiple ways to optimize the self-attention modules. For example, the position of 

the module might not be ideal. We might see better performance when the module is 

inserted at the front of the network instead of the mid-latter part.  

 

Conclusion 

The self-attention mechanism provides visualization of a deep neural network 

such as mDCSRN used in super-resolution to show the long dependency of the feature 

maps in use. Even though the current self-attention is not improving the final 

performance as expected, it still maintains high accuracy and output image quality as 

the original one while providing an informative attention map. Therefore, self-attention is 

a worth trying method to explore its potentials further. 

 

8.4 Future Works 

With all the DL projects described in this thesis, we have shown the technical 

feasibility of improving MRI. However, there is still work to be done before these 

technical advancements have a large-scale impact. 

 

8.4.1 Translation to clinical applications 

One of the most significant missing pieces in the current projects is deploying 

and evaluating the prospective collected clinical MRI data model. First, the deployment 
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of the current models has not yet been accomplished at this time point. The integration 

of TensorFlow into the reconstruction server is in progress but not fully ready for usage 

yet. Thus, minor adjustment of the codebase and model is needed. Second, the 

evaluation of real-world clinical data is not fully finished. As shown in Chapter 4, though 

some of the primary data in brain MRI super-resolution indicates that the training on 

simulated data can recover prospective down-sampled images in a pilot experiment, a 

more systematic and more extensive scale experiment is due to conduct. Finally, 

beyond evaluation on the real-world down-sampled data, we might want to train or fine-

tune the models on clinical data as well. The biggest challenges are that the low-

resolution and high-resolution images are not fully aligned in super-resolution projects 

because they are acquired in two separate scans. Registration would help to alleviate 

the spatial misalignment to some degree. However, we need some techniques to make 

the network less sensitive to the spatial mismatch if we need to eliminate the effect from 

misalignment entirely. 

 

8.4.2 Towards explainable model 

As the DL models provide more and more promising results, the performance will 

gradually reach a plateau. Very soon, the performance difference between models 

would not be as significant as they are today. Therefore, to better understand the 

working system behind the models and gain trust from doctors and patients, DL model 

development will need to focus more on interpretability. An explainable model provides 

insights when the DL prediction is correct and provides insight into the limitations of 
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each DL model. The importance of explainability will become critical when high-

performance networks like GANs can provide completely fake but realistic-looking data. 

There are some techniques to show the interpretability of the network. As 

mentioned above, the attention map [158] is an excellent way to visualize the image 

synthesis network. On the other side, class activation mapping (CAM) [159] for 

classification networks highlights the region where the decision is made.  

Additionally, we can explore the uncertainty in the DL model to know when and 

where we can have high confidence for the predictive results. For example, Gal et al. 

[160] found that the dropout, a technique to turn off neurons randomly, can be regarded 

as a Bayesian approximation. Thus, the dropout can be used to turn a deterministic 

neural network into a distribution-wise Bayesian neural network. Therefore, the 

uncertainty of a DL model can be obtained. Recently, Huang et al. [161] show that we 

can efficiently achieve an uncertainty map in the video segmentation task. With the 

uncertainty map on hand, doctors would have a better idea of where and when to trust 

the model before making critical decisions. 

 

8.4.3 Federated Learning for a large-scale study on clinical data 

Conventionally, to train a DL model, all the data must be centralized to a hub 

before the training starts. However, when the collaborators are across the countries or 

even continents, such centralization is very difficult. Additionally, hospitals would not be 

willing to let the data flow outside of their own data center for security reasons. 

Therefore, federated learning [162], which enables the model training distributed on 
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multiple sites collaboratively, becomes an ideal solution for AI with big data in 

healthcare. 

The core concept of federated learning can be described as each site or node in 

the system will train on their data and machines. After each step, nodes will send their 

model parameters to the coordinator. The coordinator will then aggregate the weights 

into a better model. Finally, the better model can be sent to the node and start the next 

iteration. Of course, the actual scheme of federated learning has been well researched, 

such as federated averaging [162], dynamic averaging [162] and model compression for 

efficient communication [163], etc. 

In this way, no one outside the hospital can see the patient data, but the 

aggregated model takes the benefits of all the data. Therefore, unprecedented large-

scale studies may be more achievable with federated learning. 
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