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Abstract 
As an indispensable imaging modality, magnetic resonance imaging is a non-

invasive and radiation-free procedure that could provide high soft-tissue contrast of the 

patients’ body. However, its time-consuming acquisition process shadows its medical 

application in the clinic. It not only increases the risk of generating motion artifacts but 

also leads to a high cost of MR scanning procedure. Based on both problems, we aim to 

reduce the MRI acquisition time by undersampling the k-space data while eliminating the 

aliasing artifacts caused by the undersampling process on the reconstructed images. This 

dissertation is a feasibility study to investigate how to accelerate the MRI acquisition 

process while preserving the image quality based on the deep learning methods. The 

study is unfolded by completing two tasks. The first task is to compare two fast MRI 

algorithms – the iterative reconstruction methods and deep learning methods – using the 

25% Cartesian undersampling scheme to evaluate which one could better eliminate the 

aliasing artifacts on the reconstructed images. The second task aims to compare the 

Cartesian undersampling schemes against the golden-angle radial undersampling 

schemes with the undersampling ratios of one quarter, one-sixth, and one-eighth to 

investigate which schemes could better accelerate the MRI acquisition process. 
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As demonstrated by the comparison results of task one, the deep learning methods 

(DC-CNN) algorithm outperformed the iteration reconstruction (IR-TGV) algorithm for 

image reconstruction in terms of the image quality and computational efficiency. In task 

two, the comparison results indicated that the golden-angle radial undersampling 

schemes outperformed Cartesian undersampling schemes in terms of accelerating the 

MRI scanning process.  

For further investigation, we still endeavor to develop a deep learning model that 

could better accelerate the MRI acquisition with the Cartesian undersampling schemes. 

Besides, such an evaluation could be expanded to more anatomic sites, MRI sequences, 

and 3D MRI reconstructions. 

  



 

 

 

vi 

Contents 

Abstract ...................................................................................................................................... iv 

List of Tables .............................................................................................................................. xi 

List of Figures .......................................................................................................................... xiii 

Acknowledgments ................................................................................................................... xv 

1. Introduction ............................................................................................................................ 1 

1.1 MRI Acquisition time and Image Quality .................................................................... 1 

1.2 Fast MRI Imaging Scanning Technology ...................................................................... 4 

1.2.1 Fast MRI Algorithms ............................................................................................... 4 

1.2.2 The Undersampling Schemes ................................................................................. 7 

1.2.2.1 Radial Sampling Methods ................................................................................ 7 

1.2.2.2 Cartesian Sampling Methods ........................................................................... 8 

1.2.2.3 Nyquist-Shannon Sampling Theorem ........................................................... 10 

1.3	Deep Learning ............................................................................................................... 11 

1.3.1 Overfitting Problems ............................................................................................. 11 

1.3.2 Neural Network Layers ......................................................................................... 13 

1.3.2.1 Convolutional Layers ...................................................................................... 13 



 

 

 

vii 

1.3.2.2 Residual Block ................................................................................................. 14 

1.3.2.3 Data Consistency Layer .................................................................................. 15 

1.3.3 Activation Function ............................................................................................... 16 

1.3.4 Computation Ability of Graphic Processing Unit ............................................... 18 

1.4 Project Objective ........................................................................................................... 19 

2. Materials and Methods .........................................................................................................21 

2.1 Data Preprocessing ....................................................................................................... 21 

2.1.1 Raw Data Collection .............................................................................................. 21 

2.1.1.1 Training Data ................................................................................................... 21 

2.1.1.2 Evaluation Data ............................................................................................... 22 

2.1.2 Data Rescale ........................................................................................................... 23 

2.1.3 Data Augmentation ............................................................................................... 25 

2.2 Data Undersampling .................................................................................................... 25 

2.2.1 Generation of Undersampling Schemes ............................................................... 26 

2.2.1.1 Cartesian Undersampling Schemes ............................................................... 26 

2.2.1.2 Golden-angle Radial Undersampling Schemes ............................................ 27 

2.2.2 Data Undersampling Workflow ........................................................................... 30 

2.3 Reconstruction Performance Analysis ........................................................................ 30 



 

 

 

viii 

2.3.1 Image Quality ......................................................................................................... 30 

2.3.2 Computational Efficiency ...................................................................................... 32 

3. Task 1: Comparison of Fast MRI Algorithms ......................................................................33 

3.1 Methodology ................................................................................................................. 33 

3.1.1 The Cartesian Undersampling Scheme ................................................................ 33 

3.1.2 Iterative Reconstruction with total generalizd variation (IR-TGV).................... 34 

3.1.2.1 IR-TGV Algorithms ......................................................................................... 34 

3.1.2.2 Evaluation ........................................................................................................ 35 

3.1.3 A Deep Cascade of Neural Network (DC-CNN) ................................................ 35 

3.1.3.1 Neural Network Architecture ........................................................................ 35 

3.1.3.2 Training Reconstruction Models .................................................................... 39 

3.1.3.3 Evaluation ........................................................................................................ 40 

3.2 Results and Analysis .................................................................................................... 40 

3.2.1 Optimization Convergence and Model Training ................................................ 40 

3.2.2 Qualitative and Quantitative Analysis ................................................................. 43 

3.2.2.1 Qualitative Analysis............................................................................................ 43 

3.2.2.2 Quantitative Analysis ..................................................................................... 45 

3.2.3 Computational Efficiency ...................................................................................... 47 



 

 

 

ix 

3.2.4 The stability of the results ..................................................................................... 50 

4. Task 2: Comparison of Undersampling Schemes ...............................................................53 

4.1 Methodology ................................................................................................................. 53 

4.1.1 The Undersampling Schemes ............................................................................... 53 

4.1.2 Reconstruction by DC-CNN Algorithm ............................................................... 55 

4.1.3 Stability of the DC-CNN Architecture ................................................................. 55 

4.2 Results ........................................................................................................................... 55 

4.2.1 Image Quality Analysis ......................................................................................... 55 

4.2.1.1 Qualitative and Qualitative Analysis ............................................................ 55 

In the following analysis, we did two comparisons. The first comparison 

compared the TRE and MSSIM analysis of reconstructed images using 25% 

Cartesian against 16.7% radial schemes. The comparison 2 evaluated the TRE and 

MSSIM analysis of reconstructed images using 16.7% Cartesian against the 12.5% 

radial undersampling scheme. From tables of two comparisons, the relative TRE 

difference is higher than the 6% variance. .............................................................. 64 

4.2.1.2 Comparison of 16.7% radial against 25% Cartesian sampling................... 65 

4.2.1.3 Comparison of  16.7% Cartesian and 12.5% radial undersampling scheme

 .................................................................................................................................... 67 



 

 

 

x 

4.2.3 Stability of the DC-CNN Architecture ............................................................... 68 

4.3 Conclusion .................................................................................................................. 69 

5. Conclusion .............................................................................................................................71 

Bibliography ..............................................................................................................................73	

	



 

 

 

xi 

List of Tables 
Table 1: Nonlinear activation functions for artificial neurons. ........................................... 17	

Table 2: The training dataset collected from TCIA for the deep learning method. ........... 22	

Table 3: The evaluation data of T1-weighted and T2-weighted MR images. .................... 23	

Table 4: The number of sampled echoes for 256-by-256 MR images. ................................ 26	

Table 5: The number of sampled echoes for 128-by-128 MR images. ................................ 26	

Table 6: Sampling ratios of applied Cartesian and golden-angle radial undersampling 
schemes. .................................................................................................................................. 27	

Table 7: Quantitative analysis of the reconstructed images using Iterative Reconstruction 
with TGV penalty (IR-TGV) and Deep Learning Methods (DC-CNN). ............................ 45	

Table 8: Brain, Cervical and Prostate: Computational Efficiency of Reconstruction using 
IR-TGV and DC-CNN Algorithms. ...................................................................................... 48	

Table 9: T1- and T2-weighted Breast: Computational Efficiency of Reconstruction using 
IR-TGV and DC-CNN Algorithm. ........................................................................................ 48	

Table 10: Computational Efficiency for IR-TGV and DC-CNN on CPU cards.................. 49	

Table 11: The TRE and MSSIM analysis of five repeated training using DC-CNN 
architecture for T1- and T2-weighted brain images. ........................................................... 51	

Table 12: Relative TRE and MSSIM difference between reconstructed images using the 
IR-TGV algorithm and DC-CNN algorithm. ....................................................................... 52	

Table 13: Quantitative Analysis of all slices of reconstructed images by DC-CNN using 
25%, 16.7% and 12.5% Cartesian and radial undersampling schemes. .............................. 62	

Table 14: TRE and MSSIM of reconstructed images and its relative difference for 25% 
Cartesian against 16.7% radial undersampling scheme. ..................................................... 65	



 

 

 

xii 

Table 15: Comparison 2: TRE and MSSIM values of reconstructed images and its relative 
difference for 16.7% Cartesian against 12.5% radial undersampling scheme. .................. 68	

Table 16: Mean TRE and MSSIM values and its variance of reconstructed images using 
five different trained DC-CNN models. ............................................................................... 69	

 



 

 

 

xiii 

List of Figures 
Figure 1: Procedure of parallel MRI scanning........................................................................ 5	

Figure 2:Phase-encoding direction of brain axial, breast sagittal, cervical axial, and 
prostate axial view, the blue arrow represents the phase-encoding direction. ................... 9	

Figure 3: Aliasing artifacts on reconstructed images using undersampled k-space data. 
(a): the reconstructed images using full k-space data ......................................................... 10	

Figure 4: One Residual Block. ............................................................................................... 14	

Figure 5: The workflow of data rescaling into 256-by-256 cervical matrix size................. 24	

Figure 6: Data augmentation strategies for each slice of the training data. ....................... 25	

Figure 7: (a): golden-angle radial undersampling scheme sampled k-space every 111.25˚; 
(b) example of 5 sampled echoes using golden-angle radial sampling.............................. 28	

Figure 8: The 25%, 16.7%, and 12.5% 256-by-256 golden-angle radial undersampling 
schemes. .................................................................................................................................. 28	

Figure 9: Process of undersampling k-space from the rescaled k-space data using 
Cartesian and golden-angle radial undersampling schemes. ............................................. 29	

Figure 10: The 25% Cartesian undersampling schemes for 256-by-256 matrix and 128-by-
128 matrix. .............................................................................................................................. 33	

Figure 11: A deep cascade of neural network architecture, which consisted of 
convolutional neural networks (CNN) and one data consistency layer. ........................... 36	

Figure 12: Neural Network Architecture of Subnetworks .................................................. 37	

Figure 13: Workflow of the data consistency layer. ............................................................. 38	

Figure 14: Quantitative Analysis of Reconstructed MR Images with Iteration number 10 
to 30. ........................................................................................................................................ 41	



 

 

 

xiv 

Figure 15: Training loss, validation loss, and testing loss of ten trained models of DC-
CNN. ....................................................................................................................................... 42	

Figure 16: Illustration of T1- and T2-weighted brain, T2-weighted prostate, T1- and T2-
weighted breast, and T2-weighted cervical MR images. .................................................... 44	

Figure 17: Average TRE and MSSIM values of reconstructed images using IR-TGV and 
DC-CNN algorithms with a 25% Cartesian undersampling scheme. ................................ 46	

Figure 18: The 25%, 16.7% and 12.5% Cartesian and golden-angle radial undersampling 
schemes with 256-by-256 square matrix size. ...................................................................... 54	

Figure 19: The 25%, 16.7% and 12.5% Cartesian and golden-angle radial undersampling 
schemes with 128-by-128 square matrix size. ...................................................................... 54	

Figure 20: The reconstructed T1-weighted brain MR images using DC-CNN. ................. 56	

Figure 21: The reconstructed T2-weighted brain MR images using DC-CNN. ................. 57	

Figure 22: The reconstructed T2-weighted cervical MR images using DC-CNN. ............ 58	

Figure 23: The reconstructed T2-weighted prostate MR images using DC-CNN. ............ 59	

Figure 24: The reconstructed T1-weighted breast MR images using DC-CNN. ............... 60	

Figure 25: The reconstructed T2-weighted breast MR images using DC-CNN. ............... 61	

Figure 26: Reference images and its reconstructed images using a 12.5% Cartesian 
undersampling scheme. ......................................................................................................... 63	

Figure 30: Comparison of reconstructed images using 25% (16.7%) Cartesian and  16.7% 
(12.5%) radial undersampling schemes. ............................................................................... 67	

 
  



 

 

 

xv 

Acknowledgments 
Thanks to my supervisor, Professor Zheng Jim Chang. You always respond 

quickly, provide study resources and inspirations generously, and encourage me to keep 

on a resource when I met difficulties.  

Thanks to my committee members for their suggestions on improving the thesis 

projects. Thanks to Dr. James Bowsher for his instructions on my thesis work as well as 

being my sponsor to support my study at the Medical Physics graduate program. You 

always treat students with sincere understanding and patience. Thanks to Dr. Ying 

Chiang Huang for his education and help through my studies at DKU. Two years ago, 

your introduction to the Medical Physics program brings me here today. Thanks to Dr. 

Chunhao Wang for his previous suggestions on my study track and reviewing my paper. 

Thanks to my lab colleagues. Thanks to Zhuoran Jiang who instructed me on data 

collection and preprocessing strategies. Thanks to Haonan xiao for his knowledge of deep 

learning methods. Thanks to my dear classmates, MP class of 2020, for their help on my 

study and life throughout my graduate years. 

Last but not least, I appreciated the MP program faculties and DKU community 

who provided me an international and professional study platform and helped along with 

my study at Duke Kunshan University and Duke University. 

 



 

 

 

1 

1. Introductions  
Magnetic Resonance Imaging (MRI) is a non-invasive and radiation-free imaging 

modality that could provide better soft-tissue contrast and widely-used to scan brain, 

breast, prostate, cervical, and pulmonary nodes, for whom the soft-tissue contrast is the 

concern. By manipulating the main magnetic field, gradient magnetic coils, and 

radiofrequency coils, an MRI scanner could generate anatomic and physiological images 

with high soft-tissue contrast, which distinguished it from computed tomography (CT) 

and ultrasound.  

However, the long acquisition time became its crucial drawback that shadowed its 

medical application in the clinic. Such a drawback not only increased the scanning cost 

since fewer patients could be scanned per day but also introduced the motion artifacts to 

the reconstructed images due to irregular respiration patterns and patients’ unconscious 

movements. Based on the above two reasons, the fast MRI techniques were called to 

accelerate the MRI acquisition process but to provide a compelling image quality. 

1.1 MRI Acquisition time and Image Quality  

The difficulty of achieving fast MRI techniques relies on how to balance the MRI 

acquisition time and the reconstructed image quality. 

MRI acquisition took three steps. There are generating echoes by manipulating the 

magnetism, sampling echoes to fill up the k-space domain, and reconstructing complete 
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MRI images by inverse Fourier transform. Each step takes time but the MRI acquisition 

time often depends on the first two steps – how fast to generate echoes and how fast to fill 

up the k-space by sampling echoes. The time spent on those two steps also varies with the 

applied MRI protocols, image resolutions, whether using the contrast agent, and the 

respiration control system, but it is often proportionate to the phase-encoding steps, which 

is also marked as the number of echoes. For example, a 1.5-T Philips Ingenia scanner could 

take about 20 minutes for knee, 26.34 minutes for foot or ankle, about 15 minutes for the 

cervical spine, and 20 minutes for brain images.[2] If the contrast agents were used or the 

number of scanning slices increased, the total acquisition time will increase. Besides, the 

MRI acquisition time might last longer if triggering devices are used to alleviate the 

position fluctuation due to respiratory motion and heartbeats. Even though we only 

considered the pure scanning time without any contrast and accessory devices, MR 

scanning often takes about 20~40 minutes, which is much longer than CT scanning. 

The long acquisition time is of necessity to achieve optimal image quality because 

the spatial resolution and signal-to-noise (SNR) ratio are associated with acquisition time, 

even though it takes much longer than other image modalities. 

The spatial resolution is defined as the image quality of MR images after inverse 

Fourier transform of the acquired k-space data and formulates as below referred to the 

article [1]:  
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𝐹𝑊𝐻𝑀% =
1

𝑁% ∙ ∆𝑢
	

𝐹𝑊𝐻𝑀- =
1

𝑁- ∙ ∆𝑣
	

where 𝑁% , 𝑁-  are defined as the number of frequency-encoding and phase-encoding 

samples;	∆𝑢 and ∆𝑣 represents the sampled frequency interval. Based on the equation, the 

spatial resolution is proportional to the number of sampled echoes and frequency 

sampling intervals. Therefore, full-sampling could assure high-quality MR images, but it 

also took a long time in return inevitably.  

The long acquisition still has one benefit to increase the high signal-to-noise (SNR) 

ratio. The SNR ratio is proportional to the square root of the total acquisition time, as 

indicated in the following equation [1]: 

𝑆𝑁𝑅 =
𝛾𝑏3

√4𝜋𝑘8
∙
2𝜋𝑣:𝑃<=𝜌

𝑟:3=𝐿𝜍8
∙ 𝑉C ∙ 𝑠𝑖𝑛𝛼 ∙ =𝑇I	

where the 𝑇I represents the total acquisition time.  

Therefore, no matter from the perspective of achieving optimal spatial resolution 

or achieving a higher SNR ratio, it an optimal solution to maintain a longer MRI 

acquisition time. 
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1.2 Fast MRI Imaging Scanning Technology 

1.2.1 Fast MRI Algorithms 

As discussed in the above section, the MRI acquisition time is often dependent on 

how fast to generate echoes and how fast to fill up the k-space domain. To reduce the MRI 

acquisition time on each step, there are two primary categories of fast MRI algorithms: 

one is to improve the efficiency of manipulating the spin dynamics with magnetism and 

the other category aims to undersample echoes while reconstructing a complete MR 

images.  

The former category contains developed fast MRI sequences, such as Flash Spin-

echo (FSE) pulse sequence [3], RARE imaging [4], and Fast Spoiled Gradient Echo (FSPGR) 

[5]. Those commercial fast MRI sequences contribute to accelerating the absolute 

acquisition time of generating each echo. For this category of fast MRI technique, recent 

studies seem to have achieved its maximum efficiency to generate echoes due to the 

limitation of current technologies and allowance of human maximum field gradients. [6]  

The second category of fast MRI technique aims to reduce the time spent on filling 

up the k-space domain. In this step, the acquisition time is often dependent on the number 

of sampled echoes. The more number of echoes the scanner sampled, the longer time the 

acquisition process required. The simple solution is to undersample the echoes in k-space 

while reconstructing a complete MR image, such as parallel MRI [7] and compressed 

sensing method [8].   
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Figure 1: Procedure of parallel MRI scanning.  

Nowadays, the parallel MRI (pMRI) is widely used in clinical settings. The concept 

is the following: multi-coils mounts in separate receiver systems and each coil samples a 

portion of the field of view (FOV) simultaneously; the received MR signals from all coils 

will be combined to reconstruct a complete MR image. Figure 1 [7] illustrates the 

procedure to scan a fully-sampled MRI image by a two-coils MRI scanner, as figure 1 (a). 

Within its sensitivity, each coil will ideally receive only half of FOV, as figure 1 (b) and 

Figure 1 (C). After data acquisition, the computer system will construct two halves of FOV 

together to reconstruct a complete MRI image as figure 1  (d)-(e).  

To achieve pMRI technique, MRI scanners require the collaboration of the software 

such as Autocalibrating Reconstruction for Cartesian Imaging (ARC), Sensitive encoding 

for fast RMI (SENSE) [1], Simultaneous Acquisition of Spatial Harmonics (SMASH) [2], 

GeneRalized Autocalibrating Partial Parallel Acquisition (GRAPPA) [3], Iterative Self-
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Consistent Parallel Imaging Reconstruction (SPIRiT) [4], and skipped phase encoding and 

edge deghosting with array coil enhancement (SPEED-ACE) [5].  

The compressed sensing method [8] is another type of fast MRI technique. This 

method proposes to reduce the MRI scanning time by undersampling the k-space data 

and reconstructing a complete MR image using non-standard reconstruction algorithms. 

The algorithms describe the reconstruction problem as a convex optimization function 

with regularizations and search for an optimal solution. Donoho et al [14] sparsely 

sampled k-space data and reconstructed the MRI iteratively with the L1-norm penalty. 

Weizman [15] sampled k-space data randomly with variable probability density profile 

and reconstructed MR images using data consistency constraints. An iterative image 

reconstruction method [16], which adopted a total generalized variation (TGV) penalty, 

demonstrated the estimation of the Pharmacokinetic parameters using a 25% Cartesian 

undersampling scheme. For the abovementioned traditional iterative reconstruction 

algorithms, they have fewer optimized parameters and each parameter has clear 

mathematical definitions. Limited to contemporary technology, iterative reconstruction 

algorithms could be only performed on the computer processing unit (CPU) and would 

be challenged by emerging deep learning methods.  

In contrast to the traditional iterative reconstruction algorithms, deep learning 

methods learn the parameterized kernels itself to best fit the reference images. Those 

resulted kernels are usually hard to be explained by exact mathematical meanings. 
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Although the parameterization process is different, both two reconstruction methods 

could converge to an optimal result by several epochs (for deep learning algorithm) or 

iterations (for traditional iterative reconstruction algorithm).  

A review [17] of the MRI reconstruction by deep learning methods for accelerated 

MRI summarized numerous applied neural network architectures. Convolutional layers 

[18], residual blocks [19] [20], and data consistency layers [21] [22] are there common-used 

neural network layers in deep learning methods to improve the learning accuracy. With 

the development, variant neural network architecture appeared such as the cascade of 

identical subnetworks [21] [23] and generator adversarial network (GAN) architecture 

[24]. Later, transfer learning [25] methods were applied to alleviate the influence of a small 

amount of training data.  

1.2.2 The Undersampling Schemes 

Undersampling is a crucial step in achieving fast MRI techniques. It determines 

what will be put into the later fast MRI algorithms. In the following sections, we will 

consider two applicable clinic sampling methods that are measured in the number of 

echoes, or phase-encoding steps. Their sampling ratio is defined as the ratio of the number 

of sampled echoes to the number of fully-sampled echoes. 

1.2.2.1 Radial Sampling Methods 

Radial sampling methods [27] are the earliest clinical k-space sampling strategy 

which would sparsely sample the echoes from successively changeable angles across the 
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central k-space region. Although it is radial sampling, we need to morph the acquired 

polar-coordinate k-space data to Cartesian-coordinate k-space data for computer storage. 

Morphing data is much more than an intricate and troublesome work, which limits the 

widespread of radial undersampling strategies in the clinic. Even though so, the radial 

sampling methods gradually show their advantages on the quality of reconstructed 

images compared against the Cartesian sampling methods during practice.  

Radial sampling methods have two advantages. Firstly, they are less sensitive to 

movements because they have no consistent frequency-encoding and phase-encoding 

directions across the subjects. Therefore, the motion artifacts would not propagate in one 

single direction but across the whole image domain. Besides, radial sampling methods 

could redundantly sample the central k-space in each view, which could be used later for 

artifacts correction after acquisition [28]. The commercial radial undersampling methods 

used in MRI scanning contain GE’s PROPELLER (Periodically Rotated Overlapping 

Parallel Lines with Enhanced Reconstruction) [29] , Simens’ BLADE [30], Philips’ 

MultiVane [31], and radial GRAPPA (generalized autocalibrating partially parallel 

acquisition) method [6].  

1.2.2.2 Cartesian Sampling Methods 

Given the inconvenience of morphing polar-coordinate k-space data to the 

Cartesian-coordinate k-space data, the Cartesian sampling methods are proposed to 

replace the radial sampling methods to sample k-space data.  The Cartesian sampling 
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methods are defined to sample a fixed number of echoes, but the specific Cartesian 

undersampling schemes varied by manufacturers, such as uniform random sampling 

(uRS), Poisson-Disk Sampling (PDS) [32], variable-density Poisson-Disk Sampling (vPDS) 

[33], and variable density Cartesian sampling [34].  

Although the specific undersampling schemes varied, all of them are designed to 

fully sample along the frequency-encoding direction and only sparsely sample along the 

phase-encoding direction in the Fourier space. Thus, the operators should clarify the 

phase-encoding direction for each FOV of the anatomic site and the schemes should be 

performed at each site accordingly.  

 

Figure 2:Phase-encoding direction of brain axial, breast sagittal, cervical axial, and 
prostate axial view, the blue arrow represents the phase-encoding direction. 

As illustrated in figure 2, the phase-encoding direction of the brain axial view and 

breast sagittal view is the horizontal direction of the illustrated images in figure 2, while 

the phase-encoding direction of the axial cervical view and axial prostate view is the 

vertical direction in the illustrated images.  
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1.2.2.3 Nyquist-Shannon Sampling Theorem  

Nyquist-Shannon sampling theorem tells operators how to sample sufficient data 

from a continuous-time signal of finite bandwidth. It is described as “If a function x(t) 

contains no frequencies higher than B hertz, it is completely determined by giving its 

ordinates at a series of points spaced 1/(2B) seconds apart.” (1933, Nyquist and Shannon) 

If so, the sampling frequency for the MR images should be greater than twice the highest 

MR frequency to assure sufficient MR data. However, the undersampling k-space violates 

the Nyquist-Shannon sampling theorem, causing the aliasing artifacts as illustrated in 

figure 3.  

 

Figure 3: Aliasing artifacts on reconstructed images using undersampled k-
space data. (a): the reconstructed images using full k-space data 

The aliasing artifacts will propagate in the undersampling direction in the image 

planar. The aliasing artifacts have different illustrations in Cartesian and radial 

undersampling schemes. Figure 3 (b) represents the aliasing artifacts generated by a 25% 
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Cartesian undersampling scheme, while figure 3 (c) represents the aliasing artifacts 

generated by a 25% golden-angle radial undersampling scheme.  

1.3 Deep Learning  

Deep learning is one of the techniques to achieve machine learning, which allows 

machines to perform identical tasks with new data after learning how to perform the same 

task with a large amount of training dataset [35]. Its incredible efficiency is fueled by the 

powerful computational ability of graphics processing unit (GPU), the neural network 

architectures, and the availability of big data.  

Deep learning has demonstrated excellent performance in processing image tasks, 

such as image classification [36], image segmentation [37], document recognition and 

detection [38], and image reconstruction [39]. Based on previous achievements in multiple 

image-related tasks, deep learning methods were believed to benefit tasks in the medical 

field, such as generating synthetic computed tomography (CT) [40], cone-beam computed 

tomography (CBCT) correction [41] and tumor contouring [42] as well as the fast MRI 

reconstruction problem [43]. 

1.3.1 Overfitting Problems 

Overfitting problems describe the phenomenon that the trained model could best 

predict the results on the training data, but it cannot demonstrate a comparable result on 

the testing data. This indicates that the trained models lost their generalization and has 
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the tendency to complicate the solutions. To overcome this problem, we could both 

increase the data amount and diversity, and simplify the model architecture. In deep 

learning, the data augmentation, regularization, dropout, and batch normalization are 

usually used to resolve this problem. 

For deep learning tasks in the medical physic field, the major problem is that 

researchers cannot collect enough diverse medical image data. The available public 

medical data are either of a small amount or have similar patterns. To expand the data 

amount as well as the data diversity, data augmentation strategies were commonly-used 

such as image translation, flipping, scaling, and cropping, adding noise. 

Apart from dealing with the training dataset, decreasing the complexity of the 

models could also tackle the overfitting problems. Such strategies contain regularization, 

dropout, and batch normalization. The methods of the above three strategies are to either 

sparse or minimize the kernel parameters.  L1-norm and L2-norm regularization of the 

parameters might sparse the number of the non-zero parameter or minimize the value of 

the parameters. Also, the dropout technique could drop some trained parameters 

randomly at a selected dropout rate, which resulted in decreasing the complexity of the 

models’ parameters. Similarly, bath normalization layers help to rescale the input data to 

a uniform range in each layer and accelerate the convergence process. 
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1.3.2 Neural Network Layers  

Neural networks are complicated and delicate universal function approximator in 

artificial intelligence and are entitled to approximate any known functions with numbered 

neurons.  The network layers are the functional units that constituted the neural network 

architecture in the deep learning algorithms. The chosen neural network layers and 

architecture designing would determine the final learning performance of the built neural 

networks. In this section, three kinds of neural network layers were intensively used to 

achieve fast MRI techniques. 

1.3.2.1 Convolutional Layers 

The convolutional layer burdens the main learning function on the neural network 

architecture. It is widely used in all the deep learning architecture including image 

classification, image recognition, image segmentation, and image reconstruction. The 

convolutional layer is the fundamental computation in neural networks. It focused on 

extracting features from the input images and learned image patterns from the reference 

images. With the depth of the convolutional layers, the learned features turn from the 

general pattern down to the fine textures. 

Although it is named as the convolutional layer, this layer used the cross-

correlation calculation instead of convolution calculation. The only difference between 

them is that cross-correlation does not flip the kernel before the element-wise 
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multiplication. The equation for cross-correlation between the image intensity 	𝐼  and 

kernel 𝐾 is described as following: 

S(𝑖, 𝑗) = (𝐼 ∗ 𝐾)(𝑖, 𝑗) =RR𝐼(𝑖 +𝑚, 𝑗 + 𝑛) ∙ 𝐾(𝑚, 𝑛)
UV

 

where 𝐾(𝑚, 𝑛)  represents the kernel parameters and 𝑆(𝑖, 𝑗)  represents the convolved 

results. 

1.3.2.2 Residual Block 

 

Figure 4: One Residual Block. 

One assumption for deep learning methods is that the learning performance of the 

neural network architecture will increase if the neural network goes deeper. With the 

improvement of the GPU memory, it is possible to build deeper neural network 

architectures to achieve better learning accuracy. However, experiments demonstrated a 

counter-intuitive result than what we expected before. The learning performance of the 

neural networks saturated or even degraded with the increasing depth of neural networks 
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due to gradient vanishing problems. To solve this problem, the residual blocks were first 

developed and applied. [44] 

Although there is still controversy about the interpretation of why residual blocks 

works, the residual blocks could bridge skip connections between shallower layers to 

deeper layers and feed the previous information to deeper training. Figure 4 

demonstrated the concept of the skip connection which bridged between the initial layers 

and latter network layers. Later, its variants came out and also be used in achieving 

Compressed-sensing based accelerated MRI techniques. [45] 

1.3.2.3 Data Consistency Layer 

The data consistency layer [46, 21] is one unique neural layer appeared in the fast 

MRI algorithms. In contrast to the convolutional layers and residual layers that work in 

the image domain to extract features and to learn from the reference image, the data 

consistency layers aim to preserve that the accuracy of the learning models.  

After the convolutional neural networks, the reconstructed MR image went 

through the data consistency layers. In these layers, the reconstructed images firstly 

Fourier transformed back into reconstructed k-space data in the frequency domain. Then 

the reconstructed k-space data were divided into sampled regions and non-sampled 

regions by the undersampling schemes. If the reconstructed k-space data belong to the 

sampled region, this layer will use the acquired k-space data to displace the reconstructed 
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k-space data by neural networks. If not, this layer will keep the reconstructed k-space data 

unchanged. The data consistency layer works as the following equation: 

𝑥XYZ[(𝑘) = \𝑥X[UU
(𝑘)																					𝑖𝑓		𝑘 ∉ Ω

𝑥X`(𝑘)																									𝑖𝑓		𝑘 ∈ Ω
 

where 𝛺 represents the vector field in sampled k-space data; 𝑥X[UU  represents the Fourier 

transform of the reconstructed image by neural networks; 𝑥X`represents the scanned k-

space data. 

1.3.3 Activation Function 

Each neural network layer dose linear element-wise calculation from the shallow 

layers to the deeper layers independently during the propagation process. Without non-

linear processing, these linear calculations could be replaced by one single layer. Look at 

the following example. 𝑋:  represents the input image data. 𝑊d  and 𝑏d  represent the 

parameters in the 𝑖th layer. After going through three neural network layers, the results 

of 𝐺 could be calculated as the following: 

𝐺 = 𝑊8 ∙ (𝑊3 ∙ (𝑊f ∙ 𝑋: + 𝑏f) + 𝑏3) + 𝑏8 

= 𝑊f ∙ 𝑊3 ∙ 𝑊8 ∙ 𝑋: +𝑊3 ∙ 𝑊8 ∙ 𝑏f +𝑊8 ∙ 𝑏3 + 𝑏8	 

If we use 𝐶f = 𝑊f ∙ 𝑊3 ∙ 𝑊8  and 	𝑐f = 𝑊3 ∙ 𝑊8 ∙ 𝑏f +𝑊8 ∙ 𝑏3 + 𝑏8 , the linear calculation 

results could be further simplified as:  

𝐺 = 𝐶f ∙ 𝑋 + 𝑐f 
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No matter how may neural layers, the linear calculation in each layer could not increase 

the depth of the neural network. This is the intuitive reason why the activation functions 

are used between neural layers.  

Activation functions are a type of nonlinear calculation. In deep learning methods, 

there are several choices for activation functions. 

Table 1: Nonlinear activation functions for artificial neurons. 

No table of figures entries found. Equation 

Sigmoid(x) 𝜑(𝑥) =
1

1+𝑒k%
 

Softmax(x) 𝜑(𝑥)l =
𝑒%m

∑ 𝑒%op
qrf

 

Tanh(x) 𝜑(𝑥) =
𝑒3% − 1
𝑒3% + 1

 

ReLu(x) 𝜑(𝑥) = t0, 𝑥 < 0
𝑥, 𝑥 > 0	 

Leaky ReLu(x) 𝜑(𝑥) = t 𝛼 ∙ 𝑥, 𝑥 < 0
𝑥, 𝑥 > 0	 

eLu(x) 𝜑(𝑥) = t𝑥,											𝑥 > 0
𝑒% − 1, 𝑥 < 0 

Softplus(x) 𝜑(𝑥) = log	(1 + 𝑒%) 

 

 The choices of the activation functions depend on the input data and how much 

they could alleviate the gradient vanishing. The nonlinear activation functions are built-

in each deep learning toolbox. Taking Lasagne as an example, its available nonlinear 

activation functions were documented in the official website and demonstrated in table 1 

[47].  
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1.3.4 Computation Ability of the Graphic Processing Unit  

The usage of the graphic processing unit (GPU) revolutes the computational 

efficiency of deep learning methods. It accelerate the computational efficiency of the deep 

learning process. To train the neural networks, the GPU needs to have sufficient memory 

to accomplish one forward and backward propagation of the training data during the 

training process. In reality, however, the most common cause is that GPU memory is 

limited and operators need to manage the training approaches with the limited GPU 

memory.  

The GPU memory for a deep learning training process depends on the training 

data size and the neural network complexity. For deep learning methods, the larger the 

training data size, the more accurate of the training results. Reducing the training data 

size will degrade the training accuracy. Also, the neural networks are designed to improve 

the deep learning performance. Modifying the built neural networks is not practical. 

Based on this dilemma, there are two solutions to reduce the computation memory while 

preserving the training data size and neural network complexity. 

The first training skill is the minibatch training. This strategy trained only a batch 

of input data, not all of them, during each forward and backward propagation. After all 

the batches of data going through the neural network, an epoch finished. When all the 

epochs finished, one training process was completed. With a minibatch training strategy, 
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the GPU card only needs to process a small fraction of the input dataset, thus decreasing 

the usage of GPU memory urgently. 

Another training skill is to rescale the training data to a smaller size in the 

frequency domain. This strategy is customized to minimize the size of MR image data 

since rescaling MR image data in frequency space will not influence the image content.  

1.4 Project Objective 

This is a feasibility study of investigating how to accelerate the MRI acquisition 

process by undersampling the k-space data while preserving a optimal image quality. 

Through this investigation, we have two tasks.  

The first task is to compare two fast MRI algorithms in terms of its ability to 

eliminate the aliasing artifacts from the reconstructed images using undersampled k-

space data. In task one, one quarter-sampled Cartesian undersampling scheme will be 

used to mimic the undersampling process. We will compare the iterative reconstruction 

algorithm against the deep learning algorithm and study which one could demonstrate 

better reconstruction performance in terms of image quality and computational efficiency.  

The second task will be based on the fast MRI algorithm that shows better image 

quality and computation efficiency in task one. In the second task, we will further 

investigate which undersampling schemes could be better to reduce the MRI acquisition 

process in terms of acceleration factors. The Cartesian and golden-angle radial 
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undersampling schemes with acceleration factors of one-quarter, one-sixth, and one-

eighth will be used to simulate the undersampling process.  

Both in tasks one and two, the resulted images will be evaluated by pixel value 

difference map qualitatively and quantitatively evaluated by total relative error (TRE) and 

mean structure similarity (MSSIM) compared to the reference images. The computational 

efficiency of the fast MRI algorithms will be counted by time. 
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2. Materials and Methods 
In this study, all the data were collected from the public online archive – The 

Cancer Imaging Archive (TICA). [47] The collected data were reconstructed images by 

inverse Fourier transfer using full k-space data that scanned from real patients, but the 

patient information was removed. Since the collected data were reconstructed from the 

full k-space data with various slice size, image preprocessing was required to first rescale 

to the same slice size, and then to gain the undersampled k-space data using the specific 

quarter-sampled  Cartesian undersampling scheme.  

2.1 Data Preprocessing 

Data preprocessing aims to prepare the training and evaluation data. It consists of 

three steps: raw data collection, data rescale, and data augmentation. 

2.1.1 Raw Data Collection 

The MR image data were collected from the Cancer Imaging Archive (TICA) [47]. 

Four anatomic sites – brain, cervical, prostate, and breast – were included for training and 

evaluation data. 

2.1.1.1 Training Data 

Only T2-weighted MR sequences were included in the training data, as tabulated 

in table 2.  
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Table 2: The training dataset collected from TCIA for the deep learning method. 

Anatomic 
Sites 

MRI 
Sequence 

Slice Size Scanning View Training Dataset 

Brain 

T2-weighted 

256×256 Axial 460 slices / 10 subjects 
Breast 144×144 Sagittal 460 slices / 26 subjects 

Cervical 576×576 Axial 322 slices / 30 subjects 
Prostate 384×384 Axial 602 slices / 52 subjects 

 

The 460 slices of T2-weighted brain axial data [48]were pre-operative MR images 

performed on ten subjects with Low-Grade Gliomas (LGG), and each subject has 46 slices 

of T2-weighted brain images with 256-by-256 size in the axial view.   

The 460 slices of T2-weighted sagittal breast data [49] were acquired with a single-

shot spin-echo (SE) echo-planar imaging (EPI) sequence in the sagittal view with the 

matrix size 144-by-144 from 50 subjects. 

The 322 slices of T2-weighted cervical axial data [50] included 322 slices of 576-by-

576 MR images with a 3mm spatial resolution from 30 specimens. 

The 602 slices of 384-by-384 T2-weighted prostate axial data [51] were acquired 

using a turbo spin-echo sequence and has a resolution of around 0.5 mm in the axial plane 

and a slice thickness of 3.6 mm. 

2.1.1.2 Evaluation Data 

Evaluation data were collected from the same data collection as training data but 

added T1-weighted brain and breast MR image data. All the evaluation data were not 

included in the training dataset and will be used to evaluate the comparison results on 
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task one and task two. The detailed information of evaluation data were tabulated in table 

3. 

Table 3: The evaluation data of T1-weighted and T2-weighted MR images. 

Anatomic 
Sites 

MRI 
Sequence 

Slice Size Scanning View Training Dataset 

Brain 
T1 256×256 

Axial 
80 slices / 11 subjects 

T2 256×256 185 slices / 10 subjects 

Breast 
T1 144×144 

Sagittal 
108 slices / 18 subjects 

T2 192×192 72 slices / 12 subjects 
Cervical T2 576×576 Axial 74 slices / 9 subjects 
Prostate T2 384×384 Axial 77 slices / 11 subjects 

 

The 80 slices of T1-weighted brain axial data [48] were pre-operative MR images 

performed on ten subjects with Low-Grade Gliomas (LGG), and the acquisition matrix 

was 256-by-256 over a square axial view.   

The 108 slices of T1-weighted sagittal breast data [49] were acquired with an RF-

spoiled 3D gradient-echo multi-flip angle approach and the acquisition matrix was 192-

by-192 over a sagittal square field of view with the slice thickness of 5 mm. 

2.1.2 Data Rescale 

There are three reasons to rescale the collected MR image data. First, we want to 

unify the applied undersampling schemes as much as possible. For different image size, 

we need to generate different undersampling schemes for each of image data size, which 

might introduce experiment bias. Secondly, we want to reduce the computation memory 

for the training process. The smaller the image data are, the less the computation memory 



 

 

 

24 

is required. However, we want to preserve sufficient k-space data to acquire a good 

quality of the MR images. Therefore, we decided to rescale the brain, cervical and prostate 

MR image data into 256-by-256 matrix size, and rescale the breast MR image data into 128-

by-128 matrix size. 

Figure 5 illustrated the workflow to rescale MR data into a 256-by-256 matrix size. 

According to the rescale workflow, the collected MR images will be firstly Fourier 

transformed into k-space data in the frequency domain, then cropping the central 256-by-

256 square field, which will inverse Fourier transformed back into image domain as a 256-

by-256 MR image.  

 

 

 

 

Figure 5: The workflow of data rescaling into 256-by-256 cervical matrix size. 
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2.1.3 Data Augmentation 

Data augmentation was only performed to increase the diversity and number of 

training data. It generalizes the reconstruction performance of the trained models and 

avoid the overfitting problem as we discussed before. Seven augmentation strategies were 

adopted to expand the original dataset by a factor of 8, as illustrated in figure 6.  

 

Figure 6: Data augmentation strategies for each slice of the training data.  

Figure 6 (a) is the original image. Rotating the original image at 90 degrees, we 

acquire the figure 6 (b) image. Based on those two images, we vertically flipped, 

horizontally flipped, and diagonally flipped to expand the image size by a factor of eight. 

2.2 Data Undersampling 

In this project, the Cartesian and golden-angle radial undersampling schemes with 

undersampling ratios of quarter, one-sixth, and one-eighth were applied to acquire the 
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undersampled k-space data retrospectively. The undersampling ratios are defined as the 

number of sampled echoes to the number of fully-sampled echoes.  

2.2.1 Generation of Undersampling Schemes 

The undersampling mask size should be consistent with the MR image data size. 

For the identical undersampling ratios, the sampled echoes were different for 256-by-256 

image data and 128-by-128 image data. Taking the quarter-sampled Cartesian sampling, 

the Cartesian undersampling scheme has 64 sampled echoes for 256-by-256 image data 

while it will have 32 sampled echoes for 128-by-128 image data. The detailed number of 

sampled phase-encoding steps were tabulated in table 4 and table 5. 

Table 4: The number of sampled echoes for 256-by-256 MR images. 

Undersampling ratios Quarter One-sixth One-eighth 
The number of sampled 

echoes 64 43 32 

 

Table 5: The number of sampled echoes for 128-by-128 MR images. 

Undersampling ratios Quarter One-sixth One-eighth 
The number of sampled 

echoes 
32 21 16 

 

2.2.1.1 Cartesian Undersampling Schemes 

The Cartesian undersampling strategy will sample the central k-space and the rest 

of the peripheral k-space randomly. For example, the 25% Cartesian undersampling 

scheme will sparsely sample 15% in the central k-space and randomly sample 10% in the 
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rest of peripheral k-space. The sampling ratios in the center and peripheral k-space for the 

25% Cartesian undersampling scheme were based on the previous study [16]. For the 

undersampling ratios of one-sixth and one-eighth, the Cartesian undersampling schemes 

will sparsely sample 10% of the central k-space and randomly sampled 6.7% and 2.5% in 

the rest of peripheral k-space respectively, as stated in table 6. 

Table 6: Sampling ratios of applied Cartesian and golden-angle radial undersampling 
schemes. 

Total Undersampling 
ratio 

Cartesian 
Golden-angle 

Radial Central  
k-space 

Peripheral 
k-space 

Quarter (25%) 15% 10% 25% 
One-sixth (16.7%) 10% 6.7% 16.7% 

One-eighth (12.5%) 10% 2.5% 12.5% 
 

2.2.1.2 Golden-angle Radial Undersampling Schemes 

Golden-angle radial undersampling schemes [52] is a specific radial sampling 

strategy, which sampled echoes every 111.25˚ angle continuously across the central k-

space, whose angle was defined as 𝜋 ∙ f{√|
3

 as illustrated in figure 7. The golden-angle 

strategy facilitates the fast MRI scanning in terms of its scanning and rotating speed,  
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Figure 7: (a): golden-angle radial undersampling scheme sampled k-space every 
111.25˚; (b) example of 5 sampled echoes using golden-angle radial sampling. 

To mimic quarter, one-sixth, and one-eighth undersampling, each 256-by-256 

golden-angle radial undersampling schemes would continuously sample 64, 43, and 32 

phase-encoding steps every 111.25˚ for 256-by-256 MR image data, as illustrated in figure 

8. For golden-angle radial sampling, the central k-space would be redundantly be 

sampled all over the views by the masks, and such redundancy could be used for motion 

correction as we discussed before.  

 

Figure 8: The 25%, 16.7%, and 12.5% 256-by-256 golden-angle radial undersampling 
schemes.  
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Figure 9: Process of undersampling k-space from the rescaled k-space data using Cartesian 
and golden-angle radial undersampling schemes. 



 

 

 

30 

2.2.2 Data Undersampling Workflow 

The undersampling was performed after image preprocessing and before the data 

training. It was accomplished by multiplying the binary undersampling masks to the 

fully-sampled k-space data. As illustrated in figure 9, the augmented rescaled data were 

Fourier transformed into k-space first and times with the undersampling masks to derive 

the undersampled k-space data, which will be inverse Fourier transformed back into the 

image domain as input training data. The later task one and task two will be compared 

based on the undersampled k-space data. 

2.3 Reconstruction Performance Analysis 

In this study, the reference images are the reconstructed image using full k-space 

data. The reconstructed images using undersampled k-space data by fast MRI algorithms 

will be compared against the reference images to evaluate the image quality and 

computational efficiency.  

2.3.1 Image Quality 

The reconstructed images will be qualitatively analyzed by pixel value difference 

maps, which illustrate the element-wise pixel error between reconstructed images using 

undersampled k-space data and reference images.  

For quantitative analysis, two evaluation metrics – total relative error (TRE) and 

mean structure similarity (MSSIM) [53] – will be used. 
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The TRE quantified the relative pixel value difference between reconstructed 

images and reference images pixel by pixel, as calculated by: 

𝑇𝑅𝐸~𝑀�,𝑀�� =
1

𝑚 ∙ 𝑛
R R

��𝑀�(𝑖, 𝑗) −𝑀:(𝑖, 𝑗)��
3

𝑀�(𝑖, 𝑗)

Ukf

:

Vkf

�
 

where 𝑀:(𝑥, 𝑦) represents the modulus of reconstructed images by the neural network,  

𝑀�(𝑥, 𝑦)  represents the modulus of fully-sampled MRI. It ranges between [0,1]. The 

smaller the TRE value, the smaller the difference between the two images, and the better 

the image quality will be.  

The MSSIM quantified the brightness, contrast, and structural similarity between 

the reference images and reconstructed images within an 11-by-11 window. The mean of 

the SSIM matrix was adopted to quantify the reconstruction performance, which is 

formulated as below: 

𝑀𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
1
𝑀
R

(2 ∙ 𝜇�: ∙ 𝜇�� + 𝐶f)(2 ∙ 𝜎���� + 𝐶3)
(𝜇�3 : + 𝜇��

3 + 𝐶f)(𝜎��
3 + 𝜎��

3 + 𝐶3)

�

lr:

 

where 𝐶3 = 0.0001	𝑎𝑛𝑑	𝐶f = 0.0001 . 𝑀:(𝑥, 𝑦)  represents the modulus of reconstructed 

images by the neural network,  𝑀�(𝑥, 𝑦) represents the modulus of fully-sampled MRI;  

𝑢��, 𝑢�� represents the mean value of 𝑀: and 𝑀� ; 𝜎��, 𝜎�� represents the standard 

deviation of 𝑀:and 𝑀�. 𝜎����represents the cross-covariance of 𝑀:and 𝑀�. The MSSIM 
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ranges between [0,1]. The higher the MSSIM value, the more similar between two 

reconstructed images, the better the image quality will be. 

2.3.2 Computational Efficiency 

     The computational efficiency counts the computation time for each slice of 

undersampled k-space data to reconstruct an MR image without aliasing artifacts. Here 

we will count the total time to reconstruct all the evaluation data and calculate the average 

time to reconstruct one slice of MR image. 
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3. Task 1: Comparison of Fast MRI Algorithms 
3.1 Methodology  

A 25% Cartesian undersampling scheme was used to mimic an accelerated MR 

scanning by a factor of 4.  During the reconstruction process, one used TGV-based 

iterative reconstruction methods and the other used a deep cascade of neural networks. 

The image quality of “reconstructed images using undersampled k-space data” will be 

evaluated using pixel value difference maps, TRE value,  and MSSIM value. 

3.1.1 The Cartesian Undersampling Scheme  

The 25% Cartesian undersampling schemes sparsely sampled 15% in the central 

k-space and randomly sampled 10% in the rest of the peripheral region, as demonstrated 

in figure 10. 

 

Figure 10: The 25% Cartesian undersampling schemes for 256-by-256 matrix 
and 128-by-128 matrix.  
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3.1.2 Iterative Reconstruction with total generalized variation (IR-TGV) 

Iterative reconstruction methods do not need a training process. It will be used 

for evaluation methods directly on the computational processing unit (CPU). 

3.1.2.1 IR-TGV Algorithms 

Iterative reconstruction algorithm took the fast MRI reconstruction as a convex 

optimization function to minimize the difference between the reconstructed k-space data 

and undersampled k-space data, while taking the total generalized variation (TGV) as a 

penalty term to preserve the edge information as well as the image smooth, as formulated 

below [16]: 

𝑎𝑟𝑔𝑚𝑖𝑛`�|𝐹(𝜇) − 𝑘|�3
3
+ 2𝑇𝐺𝑉3(𝑢) 

where u represents the reconstructed image, F(u) represents its Fourier transform, and k 

represents the undersampled k-space data.  

The TGV penalty term was organized as equation [16]: 

TGV3(𝑢) = min
�
�� |∇𝑢 − 𝑣|𝑑𝑥 + 2�

1
2 |∇𝑣 + ∇𝑣

�|𝑑𝑥
��

� 

where the minimization is taken over all the vector fields in 𝛺, and 𝑣 is a test function in 

the same order as the first-order derivatives of the reconstructed images 𝛥𝑢.  
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3.1.2.2 Evaluation 

From previous results [16], the IR-TGV algorithm will converge at the 6th iteration 

in brain MR images for 25% Cartesian undersampling schemes. Also, considering the 

computation cost by the IR-TGV algorithm, we decided to run it for 10 iterations to derive 

the reconstructed images using undersampled k-space data. The reconstruction 

algorithms, image preprocessing, and image analysis were carried by MATLAB using the 

Intel Core i7-8550U CPU. 

3.1.3 A Deep Cascade of Neural Network (DC-CNN) 

The deep learning reconstruction algorithms consisted of training and evaluation 

processes on the graphic processing unit (GPU). 

3.1.3.1 Neural Network Architecture 

 The DC-CNN [17] architecture consisted of five identical subnetworks. Each 

subnetwork consisted of one convolutional neural network (CNN) and one data 

consistency layer, as illustrated in figure 12. 
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Figure 11: A deep cascade of neural network architecture, which consisted of 
convolutional neural networks (CNN) and one data consistency layer.  

During the training process, the undersampling schemes, undersampled k-space 

data, and reference images were required as three inputs. The training process started 

with the undersampled k-space data, which will be firstly Fourier transformed into 

reconstructed images with aliasing artifacts. The reconstructed images went through five 

subnetworks to derive reconstructed image by neural networks, which will be compared 

against reference images by the loss function 𝑙(𝜃): 

𝑙(𝜃) = R ‖𝑥¡ − 𝑥[UU‖33
(%¢,%£¤¤)∈<

 

where 𝑥¡ represents the reference image data, 𝑥[UU  represents the reconstructed images 

by neural networks. 
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In each subnetwork, it consisted of one convolutional neural network (CNN) and 

one data consistency layer. The convolutional network (CNN) consisted of 5 

convolutional layers, a merged layer, a residual layer, and a data consistency layer, as 

illustrated in figure 13. It aimed to remove the aliasing artifacts of the reconstructed 

images by learning from the reference images in the image domain. The neural kernel is 

a 3-by-3 matrix and used one stride step.  

 

Figure 12: Neural Network Architecture of Subnetworks 

In the frequency domain, the data consistency layer preserved the data fidelity of 

the reconstructed k-space data by CNN, as illustrated in figure 14.  
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Figure 13: Workflow of the data consistency layer. 

In this layer, the reconstructed images by the neural network were the first Fourier 

transformed into reconstructed k-space data, where the undersampling schemes would 

identify the positions of the sampled echoes and non-sampled echoes. For the k-space data 

in the sampled positions, the data consistency layer would directly replace the 

reconstructed k-space data, while for the k-space data in the non-sampled positions, the 

data consistency layer would keep the reconstructed k-space data unchanged. The data 

consistency layer works as below equation [17]: 

𝑥XYZ[(𝑘) = \𝑥X[UU
(𝑘)																					𝑖𝑓		𝑘 ∉ Ω

𝑥X`(𝑘)																									𝑖𝑓		𝑘 ∈ Ω
 

where 𝛺 represents the vector field in sampled k-space data; 𝑥X[UU  represents the Fourier 

transform of the reconstructed image by neural networks; 𝑥X`represents the scanned k-

space data.  
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3.1.3.2 Training Reconstruction Models 

The training process needs three pieces of input information – undersampled k-

space data, 25% Cartesian undersampling scheme, and training dataset of T2-weighted 

MR images. The training dataset was divided into three subgroups – 94% training data, 

3% validation data, and 3% testing data. The neural networks were primarily trained by 

the training data, fined-tuned by validation data, and tested by 3% testing data. The 

testing data is used to testing the performance of trained models, which is different from 

the data used in the evaluation process. 

The deep learning networks were initially developed to train the real type of data. 

However, the MR image data were complex type data and training complex type data by 

neural networks, as usual, would lose data precision. To solve this problem, the complex 

data will separate into two different real type matrixes. One matrix contained the real 

component of the complex type MR data and the other matrix contained the imaginary 

component of the complex type MR data. During the training process, the two separate 

matrixes would be trained together but in two different channels. 

T2-weighted MR images were used to train the reconstruction models. Each 

anatomic site will be trained separately with a batch size of five for ten epochs. The neural 

networks were trained using Theano backend with lasagna. All the imaging processing 

and model training were carried out on the GeForce GTX 1080 GPU and Intel Core i7-

8550U CPU. 
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3.1.3.3 Evaluation  

T1-weighted axial brain and sagittal breast, T2-weighted axial brain, sagittal breast, 

axial prostate, and axial cervical MR data were first undersampled using the 25% 

undersampling scheme and then reconstructed using the trained reconstruction models 

with the least validation loss. The 25% Cartesian undersampling scheme used in the 

evaluation is identical to the one used in the training process. The whole process was 

carried on GeForce GTX 1080 GPU. 

3.2 Results and Analysis 

The fast MRI performance using two different methods was compared against 

each other by the difference map, TRE, and MSSIM value. 

3.2.1 Optimization Convergence and Model Training  

We choose to compare the reconstruction algorithms at the 10th iteration. The 

iteration number 10 is not only chosen to balance the image quality and computation costs 

of the IR-TGV algorithm, but also considering the validation loss of the DC-CNN training 

process. In this part, we wonder whether the IR-TGV and DC-CNN algorithms tended to 

converge and reached an optimal points after 10 iterations. 

For the IR-TGV algorithm, we chose one slice of T2-weighted brain and breast MR 

image as testing images. Then we run the algorithms from 10 to 30 iterations to derive the 

reconstructed images and quantitatively analyzed the results by TRE and MSSIM values, 

as illustrated in figure 14. 
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Figure 14: Quantitative Analysis of Reconstructed MR Images with Iteration number 
10 to 30. 

 For the breast MR image, the TRE and MSSIM values have reached an optimal 

result from the 9th iteration number. However, for the brain MR image, the MSSIM value 

has reached the optimal results but the TRE value seemed to continuously improve the 

image quality with the increase of the iteration numbers at the 9th iteration. When we 

analyzed the image quality by TRE and MSSIM values, we will use MSSIM values as the 

key factor to determine the final results if the TRE and MSSIM results conflicted. Therefore, 
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in this comparison, we considered the IR-TGV algorithm has reached the optimal results 

at the 9th iteration number. 

For the DC-CNN algorithm, we run it for 10 epochs. Figure 15 demonstrated the 

plot of training loss, validation loss, and testing loss of each trained model from 1st to the 

last. All the loss tended to converge at the 9th epoch and our reconstructed images using 

undersampled k-space data are reconstructed using the trained model from the 10th epoch. 

 

Figure 15: Training loss, validation loss, and testing loss of ten trained models of DC-
CNN. 
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3.2.2 Qualitative and Quantitative Analysis 

3.2.2.1 Qualitative Analysis 

By qualitative analysis, we selected one slice of the testing data to illustrate its 

reference images, reconstructed images, and their difference maps, as illustrated in figure 

16. Each block illustrated a set of comparison results of one anatomic site. The single MR 

image listed in the first row demonstrated the reference MR image reconstructed using 

full k-space data (a), while the second row listed the reconstructed MR images using DC-

CNN (b) and IR-TGV (c) algorithm separately. The last row of each block illustrated the 

difference maps using the DC-CNN algorithm (d) or IR-TGV algorithm (e), where the 

bright pixels represented high difference intensity between two images while dark pixels 

represented low difference intensity.  

We divided all the anatomic data into two subgroups for evaluation: one subgroup 

contains the T1- and T2-weighted brain, T2-weighted cervical, and prostate MR data, the 

other subgroup contains T1- and T2-weighted breast MR data. 

For the former group of data, the reconstructed images using DC-CNN algorithms 

demonstrated a smaller difference than that using the IR-TGV algorithm and the 

visualized reconstructed images using the DC-CNN algorithm is more clear than that 

using IR-TGV algorithm, which indicated that DC-CNN outperformed the other in terms 

of the qualitative analysis.  
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Figure 16: Illustration of T1- and T2-weighted brain, T2-weighted prostate, T1- and 
T2-weighted breast, and T2-weighted cervical MR images.  

However, in the breast MR data, the comparison results are hard to be determined 

by comparing the pixel value difference maps. We need to check the quantitative analysis 

for further comparison. 
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3.2.2.2 Quantitative Analysis 

The reconstructed MR images using undersampled k-space data using two 

different fast MRI algorithms were compared against the reference images, as quantified 

by total relative error (TRE) and mean structure similarity (MSSIM), as tabulated in table 

7. It demonstrated the average TRE and MSSIM values and their standard deviation of all 

the evaluation data during once reconstruction. 

Table 7: Quantitative analysis of the reconstructed images using Iterative 
Reconstruction with TGV penalty (IR-TGV) and Deep Learning Methods (DC-CNN). 

Quantitative 
Metric 

Methods 
T1-weighted 
Axial Brain 

T2-weighted 
Axial Brain  

T2-weighted 
Axial Cervical 

TRE 
IR-TGV 0.160±0.041 0.164±0.044 0.119±0.017 

DC-CNN 0.077±0.018 0.083±0.023 0.082±0.012 

MSSIM 
IR-TGV 0.41±0.05 0.48±0.05 0.63±0.03 

DC-CNN 0.60±0.03 0.61±0.05 0.75±0.02 
Quantitative 

Metric 
Methods 

T1-weighted 
Sagittal Breast 

T2-weighted 
Sagittal Breast 

T2-weighted 
Axial Prostate 

TRE 
IR-TGV 0.354±0.252 0.319±0.219 0.149±0.009 

DC-CNN 0.193±0.044 0.116±0.024 0.090±0.008 

MSSIM 
IR-TGV 0.27±0.16 0.31±0.15 0.63±0.02 

DC-CNN 0.40±0.04 0.54±0.06 0.78±0.02 
 

Figure 17 demonstrated the average TRE and MSSIM values of reconstructed 

images using two different fast MRI algorithms. The blue points represented the average 

TRE or MSSIM values of reconstructed images using the IR-TGV algorithm, and the 
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orange points represented average TRE and MSSIM values of reconstructed images using 

the DC-CNN algorithm. The vertical axis represented the values of analysis results which 

range from 0 to 1, and the horizontal axis from one to six represented the T1-weighted 

brain, T2-weighted brain, T1-weighted breast, T2-weighted breast, T2-weighted cervical, 

and T2-weighted prostate anatomic data. 

 

Figure 17: Average TRE and MSSIM values of reconstructed images using IR-TGV 
and DC-CNN algorithms with a 25% Cartesian undersampling scheme. 
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In figure 17, we noticed that the average TRE value for each anatomic site using 

the DC-CNN algorithm is smaller than that of using the IR-TGV algorithm, while the 

average MSSIM value for each anatomic site using the DC-CNN algorithm is larger than 

that of using the IR-TGV algorithm.  By quantitative comparison of reconstructed images 

using two algorithms, the DC-CNN algorithm outperformed than IR-TGV algorithm in 

terms of image quality. 

When comparing the standard deviation of reconstructed images using two fast 

MRI algorithms, the standard deviation of TRE and MSSIM values of reconstructed 

images using the IR-TGV algorithm is larger than that using DC-CNN algorithms. 

Although evaluating the same evaluation data, IR-TGV demonstrated higher variations 

than the DC-CNN algorithm, which might indicate that the reconstruction performance 

using the IR-TGV algorithm variant on different slices. 

As indicated in the results, the DC-CNN algorithms outperformed the IR-TGV 

algorithms in terms of image quality and the variance of the results.  

3.2.3 Computational Efficiency 

The DC-CNN algorithm was carried out on GeForce GTX 1080 GPU, while the IR-

TGV algorithm was performed on Intel Core i7-8550U CPU with the multi-threaded 

operation. There is a noticeable difference in the computational efficiency of two 

reconstruction algorithms, as indicated in table 8 and table 9. 



 

 

 

48 

Table 8: Brain, Cervical, and Prostate: Computational Efficiency of Reconstruction 
using IR-TGV and DC-CNN Algorithms. 

Fast	MRI	Algorithms	 IR-TGV DC-CNN 

Performing	Devices	 Intel	Core	i7-8550U	CPU	 GeForce	GTX	1080	GPU	

Training	 N/A	 2~3	hours/	site	

Reconstruct		

T1-weighted	
brain	 56.7	seconds/slice	

0.1s/slice	

T2-weighted	
brain	 57.5	seconds/slice	

T2-weighted	
cervical	 36.3	seconds/slice	

T2-weighted	
prostate	 41.0	seconds/slice	

	

 Although the IR-TGV algorithm did not require training time, the reconstruction 

time for each anatomic data with multi-threaded operation varied within 36 ~ 57 seconds 

for the T1-weighted brain, T2-weighted brain, cervical, and prostate MR data. On the 

contrary, the reconstruction time for each anatomic data using the DC-CNN algorithm 

only took about 0.1 seconds per slice, even though it took about 2~3 hours for training.  

Table 9: T1- and T2-weighted Breast: Computational Efficiency of Reconstruction 
using IR-TGV and DC-CNN Algorithm. 

Methods	 IR-TGV DC-CNN 

Performing	Devices	 Intel	Core	i7-8550U	CPU	 GeForce	GTX	1080	GPU	

Training	 N/A	 0.6~1	hours/	site	

Reconstruct	

T1-weighted	
breast	 3.787	seconds/slice	

0.025s/slice	
T2-weighted	

breast	
4.097	seconds/slice	
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Similarly, the T1- and T2-weighted breast MR data took around 4 seconds to 

reconstruct when using the IR-TGV algorithm, while the DC-CNN algorithm took about 

0.025 seconds to reconstruct per slice. Given the training process could be done before the 

medical application, work time for reconstructing each slice of undersampled k-space 

data is our concern. The DC-CNN algorithm accelerated the reconstruction process with 

acceleration factors of 360~570 than the IR-TGV algorithm in terms of computational 

efficiency. 

The above comparison has a bias that two reconstruction algorithms run on the 

different performing devices and the IR-TGV algorithm used multi-threaded operation. If 

we run both DC-CNN and IR-TGV algorithms on Intel Core i7-8550U CPU without 

multi-threaded operation, the computational efficiency was tabulated in table 10. 

Table 10: Computational Efficiency for IR-TGV and DC-CNN on CPU cards 

Methods	 IR-TGV DC-CNN 

Performing	Devices	 Intel	Core	i7-8550U	CPU	

Reconstruction	
Brain	 2.62	minutes	/	slice	 6.2	seconds/slice	

Breast	 20	seconds	/	slice	 1.5	seconds/slice	

 

  In table 10, although run the DC-CNN algorithm for reconstruction on CPU, it still 

took less time than the IR-TGV algorithm to reconstruct one slice of MR image. For 256-

by-256 MR images, the DC-CNN algorithm took about 6.2 seconds per slice. On the 

contrary, the IR-TGV algorithm took about 2.62 minutes to reconstruct one 256-by-256 MR 
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slice. Similarly, it took about 20 seconds per slice for the IR-TGV algorithm but it took 

about 1.5 seconds per slice for the DC-CNN algorithm. Even though we run two fast MRI 

algorithms on the same computation conditions, the DC-CNN algorithm still took less 

time than the IR-TGV algorithm. 

3.2.4 The stability of the results 

Although the reconstruction results demonstrated that the DC-CNN algorithm 

outperformed the IR-TGV for a fast MRI technique in this comparison, we need to verify 

if the comparison results are consistent. To do this, we need to evaluate the variance of 

TRE and MSSIM values of reconstructed images using undersampled k-space data in 

several different reconstructions. 

For the IR-TGV algorithm, the TRE and MSSIM analysis are identical within the 

third digits after the decimal points among different running times. I repeated to run the 

IR-TGV algorithm for three times, the calculated TRE and MSSIM values are identical 

within the third digit after the decimal. 

For the DC-CNN algorithm, table 11 listed the reconstruction results using the DC-

CNN algorithm with a 25% Cartesian undersampling scheme for T1- and T2-weighted 

brain MR data for five separate training and evaluation. As demonstrated in the table, the 

TRE and MSSIM variation is around 1.225% and 0.455% for T1-weighted brain MR data, 

and 1.199% and 0.351% for T2-weighted brain MR data separately. Such variation could 

only distort the TRE and MSSIM analysis mildly at the third digit after the decimal points. 
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Table 11: The TRE and MSSIM analysis of five repeated training using DC-CNN 
architecture for T1- and T2-weighted brain images. 

T1-
weighted  

Test 1 Test 2 Test 3 Test 4 Test 5 Mean S.D. 

TRE 0.089 0.090 0.088 0.088 0.087 0.089 
0.001 

1.225% 

MSSIM 0.550 0.545 0.549 0.552 0.551 0.550 
0.003 

0.455% 
T2-

weighted  
Test 1 Test 2 Test 3 Test 4 Test 5 Mean S.D. 

TRE 0.102 0.103 0.101 0.102 0.100 0.101 
0.001 

1.199% 

MSSIM 0.585 0.581 0.585 0.586 0.586 0.585 
0.002 

0.351% 
 

 However, when comparing the relative difference of average TRE and MSSIM 

values between reconstructed images using IR-GTV algorithm and DC-CNN algorithm, 

as tabulated in table 12, the values are much larger than the variance of using DC-CNN 

algorithms, which verified that the DC-CNN algorithms outperformed the IR-TGV 

algorithm no matter even though the reconstructed results using DC-CNN algorithms 

will vary in different pieces of training. 
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Table 12: Relative TRE and MSSIM difference between reconstructed images using 
the IR-TGV algorithm and DC-CNN algorithm. 

Evaluation Data 
T1-weighted brain T2-weighted brain T2-weighted cervical 

Mean 
value  

Relative 
difference 

Mean 
value  

Relative 
difference 

Mean 
value  

Relative 
difference 

TRE 
IR-TGV 0.160 

-107.8% 
0.164 

-97.6% 
0.119 

-45.1% 
DC-CNN 0.077 0.083 0.082 

MSSIM 
IR-TGV 0.410 

31.7% 
0.480 

21.3% 
0.630 

16.0% 
DC-CNN 0.600 0.610 0.750 

Evaluation Data 
T1-weighted breast T2-weighted breast T2-weighted prostate 

Mean 
value  

Relative 
difference 

Mean 
value  

Relative 
difference 

Mean 
value  

Relative 
difference 

TRE 
IR-TGV 0.354 

-83.4% 
0.319 

-175.0% 
0.149 

-65.6% 
DC-CNN 0.193 0.116 0.090 

MSSIM 
IR-TGV 0.270 

32.5% 
0.310 

42.6% 
0.630 

19.2% 
DC-CNN 0.400 0.540 0.780 

 

In conclusion, within 10 iterations, the DC-CNN algorithm outperformed the IR-

TGV algorithm to reconstruct 25% undersampled k-space data in terms of image quality 

and computational efficiency.  
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4. Task 2: Comparison of Undersampling Schemes 
Task two was based on the DC-CNN algorithm.  We compared two 

undersampling schemes – Cartesian undersampling schemes and golden-angle radial 

undersampling schemes – to see which one could better accelerate the MR acquisition 

process.  

4.1 Methodology  

The Cartesian undersampling schemes and golden-angle radial undersampling 

schemes with undersampling ratios of a quarter, one-sixth, and one-eighth were used to 

mimic the accelerated MRI scanning. The quality of the reconstructed images was 

quantitatively analyzed against the reference images by TRE and SSIM evaluation. 

4.1.1 The Undersampling Schemes 

The sampling strategies of the Cartesian and golden-angle radial undersampling 

schemes were tabulated in table 6. The illustration of the 25%, 16.7%, and 12.5% 256-by-

256 Cartesian and golden-angle radial undersampling schemes were illustrated in Figure 

18, and 25%, 16.7%, and 12.5% 128-by-128 Cartesian and golden-angle radial 

undersampling schemes were illustrated in figure 19, where white areas represent the 

sampled echoes and dark columns represent the non-sampled echoes.  
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Figure 18: The 25%, 16.7% and 12.5% Cartesian and golden-angle radial 
undersampling schemes with 256-by-256 square matrix size. 

 

Figure 19: The 25%, 16.7% and 12.5% Cartesian and golden-angle radial 
undersampling schemes with 128-by-128 square matrix size. 
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4.1.2 Reconstruction by DC-CNN Algorithm 

The DC-CNN algorithm was used to reconstruct the undersampled k-space data. 

Its training and evaluation methods were identical to the task 1. However, each anatomic 

site and each undersampling ratio was trained for 10 epochs separately; therefore, there 

are twelve trained reconstruction models for four anatomic sites and three undersampling 

ratios.  All the image processing and training procedures were carried on the GeForce 

GTX 1080 GPU card and Intel Core i7-8550U CPU card. 

4.1.3 Stability of the DC-CNN Architecture 

To test the variation of the trained models, I repeated to train the DC-CNN with 

to reconstruct quarter-sampled T2-weighted brain MR data for five times.  The five trained 

models were evaluated on T1- and T2-weighted brain MR images and investigate how 

much TRE and MSSIM variance will be among five different reconstructed images. 

4.2 Results 

4.2.1 Image Quality Analysis 

4.2.1.1 Qualitative and Qualitative Analysis 

The reconstructed T1- and T2-weighted brain axial, breast sagittal, and T2-

weighted prostate and cervical axial MR images by DC-CNN using 25%, 16.7% and 12.5% 

Cartesian and golden-angle radial undersampling schemes were illustrated in figure 20～

25. The average TRE, MSSIM and its standard deviation calculated from all slices of the 

reconstructed evaluation data were tabulated in table 12. 
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Figure 20: The reconstructed T1-weighted brain MR images using DC-CNN.  
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Figure 21: The reconstructed T2-weighted brain MR images using DC-CNN.  
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Figure 22: The reconstructed T2-weighted cervical MR images using DC-CNN.  
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Figure 23: The reconstructed T2-weighted prostate MR images using DC-CNN. 



 

 

 

60 

  

Figure 24: The reconstructed T1-weighted breast MR images using DC-CNN.  
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Figure 25: The reconstructed T2-weighted breast MR images using DC-CNN.  

. 
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Table 13: Quantitative Analysis of all slices of reconstructed images by DC-CNN 
using 25%, 16.7% and 12.5% Cartesian and radial undersampling schemes. 
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Firstly, check the image quality of the reconstructed images using quarter, one-sixth, and 

one-eighth Cartesian and golden-angle radial undersampling schemes. Figure 26 

illustrated the reconstructed images using a one-eighth Cartesian undersampling scheme 

and its reference images for brain, breast, cervical, and prostate MR data. For the one-

eighth sampled schemes, the one used Cartesian undersampling is blurred, which 

indicated the DC-CNN algorithm failed to reconstruct the undersampled k-space data. In 

contrast, the one used the radial undersampling still preserved a good image quality. This 

finding implied the fact that the Cartesian undersampling schemes are not suitable for 

reconstruction work at high undersampling up to one-eighth undersampling. 

 

Figure 26: Reference images and its reconstructed images using a 12.5% Cartesian 
undersampling scheme. 

By comparing different undersampling ratios with the same sampling methods, it 

is obvious to found that the one used radial undersampling schemes displayed less pixel 

value different than that using Cartesian undersampling schemes for all the anatomic sites, 

which has been better supported by the quantitative analysis TRE and MSSIM. As 
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indicated in table 13, for each evaluation data using the same undersampling ratios, the 

average TRE (MSSIM) values using golden-angle radial undersampling schemes are 

smaller (larger) than that using Cartesian undersampling schemes. This comparison 

results indicated that the golden-angle radial undersampling schemes outperformed the 

Cartesian undersampling schemes on the image quality of T1- or T2-weighted brain, 

breast, cervical, and prostate MR data with the same undersampling ratios.  

Besides, by comparing the difference maps, we noticed that the reconstructed 

images using one-sixth and one-eighth radial undersampling schemes even have less 

difference than that using quarter and one-sixth Cartesian undersampling schemes for 

brain, cervical and prostate. If these results are also supported by the quantitative analysis 

for all the anatomic sites, we could use one-sixth and one-eighth radial undersampling 

schemes to replace the quarter and one-sixth Cartesian undersampling schemes during 

the acquisition process while preserving a comparable image quality, but accelerate the 

acquisition process.  

In the following analysis, we did two comparisons. The first comparison compared 

the TRE and MSSIM analysis of reconstructed images using 25% Cartesian against 16.7% 

radial schemes. The comparison 2 evaluated the TRE and MSSIM analysis of 

reconstructed images using 16.7% Cartesian against the 12.5% radial undersampling 
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scheme. From tables of two comparisons, the relative TRE difference is higher than the 6% 

variance. 

4.2.1.2 Comparison of 16.7% radial against 25% Cartesian sampling 

 In comparison, as stated in table 14, the reconstructed images using 1/6 radial has 

smaller TRE and larger MSSIM values than that using 1/4 Cartesian undersampling 

schemes, which supported the previous results. For the brain, cervical and prostate MR 

image data, however, the reconstructed images using 1/6 radial has smaller TRE and 

smaller MSSIM values than that using 1/4 Cartesian undersampling schemes. For the 

MSSIM values, there is 0.03 MSSIM difference for brain MR images and 0.01 MSSIM 

difference for prostate and cervical MR images. 

Table 14: TRE and MSSIM of reconstructed images and its relative difference for 25% 
Cartesian against 16.7% radial undersampling scheme. 

  

Figure 30 illustrated the reconstructed brain, cervical and prostate MR images 

using 1/4 Cartesian and 1/6 radial undersampling schemes, and their difference maps 

Evaluation Data TRE MSSIM 

Comparison 1 
25% 

Cartesian 
16.7% 
radial 

Relative 
difference 

25% 
Cartesian 

16.7% 
radial 

Relative 
difference 

Brain 
T1-weighted 0.077 0.053 -31.17% 0.65 0.62 -0.03 
T2-weighted 0.088 0.061 -30.68% 0.64 0.61 -0.03 

Breast 
T1-weighted 0.195 0.149 -6.06% 0.39 0.42 0.03 
T2-weighted 0.116 0.077 -24.05% 0.53 0.58 0.05 

Cervical T2-weighted 0.082 0.075 -8.54% 0.75 0.74 -0.01 
Prostate T2-weighted 0.090 0.078 -13.33% 0.78 0.77 -0.01 
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compared to the reference images reconstructed from full k-space data. By comparing two 

different reconstructed images, it is hard to detect the difference between reconstructed 

images using two undersampling schemes for brain, cervical, and prostate MR data by 

human eyes. Based on this reason, the reconstructed brain, cervical, and prostate images 

using 1/4 Cartesian and 1/6  golden-angle radial undersampling schemes are comparable 

from the respective of visualization. 
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Figure 27: Comparison of reconstructed images using 25% (16.7%) Cartesian and  
16.7% (12.5%) radial undersampling schemes. 

 

4.2.1.3 Comparison of  16.7% Cartesian and 12.5% radial undersampling scheme 

In comparison two as stated in table 15, the reconstructed images using 1/8 radial 

has smaller TRE and larger MSSIM values than that using 1/6 Cartesian undersampling 

schemes for all the anatomic sites, which supported the previous results. 
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Table 15: Comparison 2: TRE and MSSIM values of reconstructed images and its 
relative difference for 16.7% Cartesian against 12.5% radial undersampling scheme. 

 

Therefore, the difference between the reconstructed brain, cervical, and prostate 

MR data using 16.7% radial and 25% Cartesian undersampling schemes was as low as 

noise level. The reconstruction performance for 26.7% radial and was comparable to that 

of using a 25% Cartesian undersampling scheme in terms of MSSIM analysis. 

4.2.3 Stability of the DC-CNN Architecture 

By analyzing the stability of the comparison results, I repeated to train T2-

weighted brain MR data using a 25% Cartesian undersampling scheme to derive five 

different trained models and reconstructed T1- and T2-weighted brain MR data using five 

different trained models. For each trained model, we evaluated the reconstructed T1- and 

T2-weighted brain MR data using TRE and MSSIM values first, and then calculated the 

mean and standard deviation (S.D.) of those five TRE and MSSIM analysis from five 

different pieces of training, as table 16. 

Evaluation Data TRE MSSIM 

Comparison 2 
16.7% 

Cartesian 
12.5% 
radial 

Relative 
difference 

16.7% 
Cartesian 

12.5% 
radial 

Relative 
difference 

Brain 
T1-weighted 0.116 0.068 -41.38% 0.53 0.57 0.04 
T2-weighted 0.126 0.075 -40.48% 0.53 0.56 0.03 

Breast 
T1-weighted 0.227 0.178 -15.67% 0.32 0.36 0.04 
T2-weighted 0.165 0.117 -39.17% 0.43 0.49 0.06 

Cervical T2-weighted 0.114 0.091 -20.18% 0.63 0.67 0.04 
Prostate T2-weighted 0.124 0.095 -23.39% 0.68 0.71 0.03 
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Table 16: Mean TRE and MSSIM values and its variance of reconstructed images 
using five different trained DC-CNN models. 

Evaluation Data 
TRE MSSIM 

Mean S.D. Mean S.D. 

Brain T1 

4-fold 
Cartesian 

0.089 
0.001 

0.55 
0.003 

1.23% 0.45% 

6-fold golden-
angle radial 

0.052 
0.0004 

0.53 
0.002 

0.74% 0.37% 

Brain T2 

4-fold 
Cartesian 

0.101 
0.001 

0.59 
0.002 

1.20% 0.35% 
6-fold golden-

angle radial 
0.061 

0.0002 
0.56 

0.002 
0.36% 0.42% 

 

The standard deviation of the evaluation data in five pieces of training 

demonstrated around 0.001 (1.20%) variance in TRE values and around 0.002~0.003 

(0.35%~0.45%) variance in MSSIM for 25% Cartesian undersampling schemes, and 

demonstrated 0.0002~0.0004 (0.36%~0.74%) variance in TRE values and 0.002 

(0.37%~0.42%) difference in MSSIM values, which is much smaller than the relative 

differences that stated in table 14 and table 15. This comparison verified that the variance 

between different training using the DC-CNN algorithm will not influence the 

comparison results that draw from this project. 

4.3 Conclusion  

Based on the evaluation of T1- and T2-weighted brain, breast, T2-weighted 

cervical, and prostate MR data, the results recommended to use 16.7% (12.5%) golden-
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angle radial undersampling schemes to substitute the 25% (16.7%) Cartesian 

undersampling schemes for accelerating the MRI scanning process, while a comparable 

image quality could be preserved. If so, the MRI scanning time could be reduced from 1/4 

T_scan to 1/6 T_scan (T_scan represented the full k-space scanning time). 
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5. Conclusion 
From task one to take two, we aimed to develop a strategy to improve the MRI 

scanning speed based on deep learning while achieving comparable image quality of 

reconstructed images as compared against the reference images reconstructed from fully 

sampled k-space data.     

In this study of task 1, the comparison results have demonstrated that DC-CNN 

outperformed the IR-TGV algorithm to eliminate the aliasing artifacts when using the 25% 

undersampling scheme. In the study of task 2, we conclude that golden-angle radial 

undersampling schemes outperformed the Cartesian undersampling schemes to 

accelerate the MRI acquisition process on the DC-CNN algorithm.  More specifically, we 

could use 16.7% (12.5%) golden-angle radial undersampling to replace the 25% (16.7%) 

Cartesian undersampling scheme during the acquisition process while preserving the 

comparable image quality, but to reduce the scanning time from 1/4 (or 1/6) to 1/6 (or 1/8). 

In further work, we could improve the results of breast MR image data.  A new 

collection of 256-by-256 breast MR image data in axial view should be evaluated on task 

1 and task to eliminate experiment bias. Also, we still devote to develop a new deep 

learning model for fast MRI algorithms with Cartesian undersampling schemes. 

Such evaluation could be expanded to more anatomic sites such as spinal cord, 

live and lung, and MRI sequences such as diffusion-weighted imaging (DWI) and 

diffusion tensor imaging (DTI). Our research was based on the 2D image reconstruction. 
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We could also do MR reconstruction on the 3D level by skipped-sampling along the slice 

direction. 
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