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Abstract 

Effective image reconstructions from undersampled data have enabled 

acceleration of Magnetic Resonance Imaging (MRI) data acquisitions. Among 

them, the k-space reconstruction method such as Generalized Autocalibrating 

Partially Parallel Acquisition (GRAPPA) has been an active area of research. The 

k-space reconstruction of non-Cartesian sampling requires Region-specific 

Interpolation Kernels (RIKs) due to irregular undersampling patterns, while other 

types of kernels such as angularly independent/readout dependent were found to 

provide degraded reconstructions. The conventional strategy for calculating RIKs 

needs additional calibration scans, thereby increasing total scan time.  

The main contribution of this thesis is to obtain RIKs without additional calibration 

data. The proposed method, Self-calibrated Interpolation of Non-Cartesian data 

with GRAPPA (SING), generates autocalibrating signal (ACS) for calibrations of 

different RIKs with distinct geometry patterns. A local signal-to-noise (SNR) 

regularization is proposed to solve linear calibration systems via regularized least-

squares. The proposed regularization motivated by the inherent regularization 

effect of noise in through time (TT)-GRAPPA, enables a balance between the 

contributions of signal and noise in the estimation of the RIKs.  

The SING method is validated using simulation and in vivo data, which include 2D 

cine, 3D whole-heart coronary, and dynamic contrast enhanced MRI prostate data. 

SING is also compared to reconstruction methods including gridding, TT-GRAPPA, 

conjugate gradient (CG)-SENSE, and compressed sensing (CS). The 
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experimental results show that SING has similar reconstruction performance with 

TT-GRAPPA without using additional calibration scans. SING enables improved 

reconstructions compared to gridding, CG-SENSE, and CS. 
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Chapter 1  

Introduction 

1.1. Background  

Magnetic Resonance Imaging (MRI) uses the nuclear magnetic resonance (NMR) 

phenomena to enable noninvasive imaging. The gradient field, introduced by 

Lauterbur1, encodes the spatial origin of the radio-frequency energy that are 

generated from the nuclei of the imaging object, thereby allowing for multi-

dimensional imaging by NMR physics. MRI provides images with high contrast in 

soft tissues, as well as detailed image structures, functions, and metabolism of the 

organs of interest. The multi-dimensional spatial encoding can be understood by 

introducing the notion of k-space that describes MR sampling as Fourier encoding 

in two-dimensional/three-dimensional (2D/3D) spaces. The k-space sampling can 

be performed in Cartesian or non-Cartesian trajectories. The Cartesian sampling 

consists of regularly spaced points throughout the k-space, while the non-

Cartesian sampling include irregularly spaced points that follow certain non-

Cartesian trajectories. The k-space sampling is required to satisfy the Nyquist 

criterion to obtain an image without aliasing artifacts. The violation of the Nyquist 

criterion causes image artifacts in reconstruction.   

MRI is an inherently slow imaging modality, as it acquires 2D or 3D k-space data 

through a sequence of 1D free induction decay signals, thereby limiting its use 
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especially for high-resolution or dynamic imaging. Many investigators have 

developed various acceleration techniques that enable reduction of the amount of 

acquired data without degradation of image quality. These acceleration 

approaches can exploit data redundancy in MRI acquisitions. For example, 

multiple receiver coils, which provide more useful data, have been widely used in 

parallel imaging techniques. Furthermore, the method for the simultaneous 

acquisition of spatial harmonics (SMASH2) was proposed and later extended to 

the methods including Generalized Autocalibrating Partially Parallel Acquisition 

(GRAPPA) by Griswold3 and k-t space methods4-6. The sensitivity encoding 

(SENSE) technique7 showed that spatial diversity from coil sensitivity maps have 

additional information that can be used to accelerate acquisitions. The data 

redundancy was further investigated in image or some transform domains, which 

is described with the concept of sparsity, for the first demonstration of compressed 

sensing (CS)8, 9. 

 

1.2. Non-Cartesian sampling  

Non-Cartesian trajectories can have benefits which includes efficient coverage of 

k-space, fewer coherent artifacts from undersampling10, motion robustness11, 12, 

motion correction13, self-navigation14, 15, ultra-short TE acquisitions16, spectrally 

selective imaging17, and chemical shift imaging18. The non-Cartesian manner of k-

space sampling includes different trajectories with different properties and 

implications for image reconstruction. Many non-Cartesian trajectories have been 
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explored, including but not limited to radial1, 11, spiral19, 20, rosette, 

BLADE/PROPELLER13, and stochastic trajectories21. The combination with 

parallel imaging has played an important role in reducing scan times in MRI. Many 

acceleration imaging strategies, such as non-Cartesian parallel imaging, have 

been investigated to reconstruct image from non-Cartesian undersampling.  

 

1.3. Reconstruction of non-Cartesian data  

Non-Cartesian parallel imaging methods can mitigate aliasing artifacts in image 

reconstruction by using additional spatial encoding information from sensitivities of 

multi-coil phased arrays. The non-Cartesian parallel imaging approaches include 

Conjugate Gradient SENSE (CG-SENSE22), non-Cartesian GRAPPA23-28, 

iTerative Self-Consistent Parallel Imaging Reconstruction (SPIRiT29), Partially 

Parallel Imaging with Localized Sensitivities (PILS30), parallel imaging for arbitrary 

trajectories using k-space sparse matrices (kSPA31), Parallel MRI with Adaptive 

Radius in k-Space (PARS32), parallel reconstruction Based On Successive 

Convolution Operators (BOSCO33), and Compressed Sensing (CS9, 34). The 

reconstruction of non-Cartesian data is performed in the image domain using 

methods including CS, CG-SENSE, SPIRiT or PILS, or in k-space with non-

Cartesian GRAPPA, kSPA, PARS, or BOSCO. Reconstruction can be computed 

in a direct manner (non-Cartesian GRAPPA, PILS, kSPA, PARS or BOSCO), or in 

an iterative approach (CS, CG-SENSE and SPIRiT). The results of these 

algorithms can be a reconstructed image (CS, CG-SENSE, SPIRiT, and PILS), a 
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Cartesian k-space (SPIRiT, kSPA, and PARS), or a non-Cartesian k-space (non-

Cartesian GRAPPA).     

While there are many effective reconstruction approaches, as can be seen above, 

three representative methods are CG-SENSE, CS, and non-Cartesian GRAPPA. 

CG-SENSE works in the image domain using an iterative algorithm and requires 

coil sensitivity information. CS is a regularized version of CG-SENSE and the 

typical sparsity promoting regularization includes Total Variation9 and Wavelet 

transform35. Non-Cartesian GRAPPA techniques reconstruct missing k-space data 

points using a direct reconstruction approach and require additional calibration 

data.  

CG-SENSE/CS have been used in many different imaging acceleration 

applications, demonstrating they are robust and easily applied to different types of 

data. These methods do not require modifications on the sampling trajectories. 

The input to the reconstruction algorithm is an image reconstruction from 

accelerated data with arbitrary sampling trajectories. In addition, the output of the 

reconstruction is a reconstructed image. While CG-SENSE/CS is a commonly 

used parallel imaging reconstruction method, it has limitations. One challenge is 

the need for coil sensitivity maps, and accurate coil maps can be difficult to obtain, 

resulting in potential residual aliasing artifacts. Another limitation of CG-SENSE is 

that the stopping criteria for the iterative reconstruction is empirically defined by 

the user. If too few iterations are performed, the image reconstruction exhibits 

residual aliasing artifacts. If too many iterations are performed, the reconstructed 

image show visually noticeable noise amplification. One way to tackle this 
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limitation could be to output the image after each iteration and identify the “best” 

reconstruction based on an image quality metric or the user’s empirical judgement. 

Additionally, the selection of regularization parameter for CS/CG-SENSE is often 

empirical, and choosing a too small or too large parameter can lead to image 

quality degradation.       

Non-Cartesian GRAPPA methods have beneficial properties. They are not 

iterative, removing the need for determining stopping criteria. In addition, the noise 

amplification effect of multiple coils (which is defined as g-factor7) for non-

Cartesian GRAPPA are generally lower than Cartesian GRAPPA36. Through-time 

GRAPPA (TT-GRAPPA) enabled improvement in reconstruction of non-Cartesian 

data using Region-specific Interpolation Kernels (RIKs) and has been applied to 

radial and spiral trajectories. It has been implemented for real-time reconstruction 

using GPUs and distributed programming37.   

For GRAPPA, the interpolation kernels are first calibrated and then applied to 

undersampled data to reconstruct an image. For non-Cartesian GRAPPA, the 

sampling pattens are distinct throughout k-space. The calibrations of different 

kernels with different sampling patterns are typically performed using additional 

multiple calibration scans. One challenge of such calibration strategy is the 

increase of total scan time, thereby limiting its use especially in 3D static imaging. 

In addition, this poses challenges to k-space reconstruction of non-Cartesian 

undersampled data when calibration data are not available.  
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1.4. Contributions 

SING (Self-calibrated Interpolation of Non-cartesian data with GRAPPA) was 

proposed to self-calibrate interpolation kernels for k-space reconstruction of non-

Cartesian undersampled data. The AutoCalibrating Signal (ACS) were generated 

from linear interpolation of undersampled data in a central k-space region. 

Subsequently, ACS data were linearly interpolated to generate repeated non-

Cartesian sampling patterns with the region-variant undersampling geometry. 

These patterns construct an overdetermined linear system with the GRAPPA 

source and target formulation. Solving for the system via locally regularized least-

squares can obtain a region-specific interpolation kernel (RIK) which has distinct 

undersampling geometry and kernel weights over k-space. The local regularization 

was proposed to adapt signal contributions from noisy k-space points in the 

neighboring region. 

The major contributions of SING include: 

1) self-calibrated k-space reconstruction for non-Cartesian trajectories   

2) improved reconstruction quality that matches state-of-art k-space 

reconstruction for non-Cartesian data  

3) identified the regularization effect of additional calibration data on linear 

calibration system  

4) adapted the signal contributions of self-calibrated kernels in noisy 

calibrations for improved reconstruction        
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1.5. Outline 

The efficacy of SING was demonstrated on various non-Cartesian datasets 

including simulated and in vivo 2D cine imaging, 3D whole-heart coronary imaging, 

and 3D dynamic contrast enhanced (DCE) prostate imaging. In chapter 2, the 

background of cine imaging and DCE imaging are presented, as well as the 

challenges which the subsequent chapters aim to address. Chapter 3 focuses on 

2D radial cine imaging and demonstrated the efficacy of 2D-SING along with the 

comparison with TT-GRAPPA. Extending 2D-SING to 3D-SING for 3D radial 

(kooshball) trajectories is the main topic in chapter 4. SING’s applicability on 3D 

stack-of-stars trajectories is presented in chapter 5, focusing on 3D DCE prostate 

imaging. Chapter 6 provides the conclusions and the potential future work. 
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Chapter 2 

Background 

2.1. Cardiac MRI  

2.1.1 Introduction  

Cardiac MRI (CMR) is a medical imaging technology enabling non-invasive 

evaluation of functions and structures of the cardiovascular system. It is derived 

from the same principles of MRI but with specific modifications for the use in the 

cardiovascular system. The modifications include the use of electrocardiographic 

(ECG) gating and rapid imaging techniques or sequences. The key functional 

features of the cardiovascular system can be assessed combining these 

techniques into protocols. Using CMR provides definitive and relevant information 

with superior diagnostic capability without exposing to ionizing radiation. Using 

other non-invasive imaging techniques, including coronary CT scan, x-rays etc., 

rather than CMR can introduce such radiation exposure which may increase the 

risk of cancer and damage cells.  

Gradient-recalled echo (GRE) imaging can be used in CMR since it can give T1 or 

T2 weighted images that imaging fibrosis and edema and black blood imaging of 

vascular morphology. However, morphological imaging with GRE is limited by the 

contrast between blood and muscle in long axis views. 
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In the early 2000s, the use of steady-state free precession (SSFP)38 led to 

advances in the strength and linearity of imaging gradients. Balanced gradients 

and very short repetition time (TR) and echo time (TE) are used to achieve high 

signal reflecting the ratio of T2 to (T1+T2) in the steady state, thereby providing 

high contrast between blood and muscle as the ratio is much higher in blood than 

muscle. A retrospectively gated SSFP acquisition of a short axis or long axis slice 

can routinely be performed in a breath-hold of less than 10 s duration with 

negligible inflow artifacts. This technique has been primarily used in CMR at both 

1.5T and 3T, while at 3T effective shimming and transmission of the excitation 

pulse are required to avoid off-resonance effects. The safety concerns are higher 

at higher field strength because energy disposition can heat the tissue. Therefore, 

the flip angle at 3T is reduced relative to 1.5T39. At higher field strengths (e.g., 7T 

or 9.4T) GRE is preferred to SSFP.   

 

2.1.2 CMR techniques 

Cine imaging 

Cardiac cine imaging is the primary technique that characterizes regional and 

global contractile function of the heart and blood flow through vessels. It is of 

fundamental importance for clinical and research applications of CMR. When 

setting up a cine study, certain trade-offs that come into play when optimizing 

spatial and temporal resolution are SNR, scan time, breath-hold capability, and 

image quality.  
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The pulse sequence which has become the predominant cine imaging is balanced 

steady state free precession (bSSFP) due to its high SNR, fast imaging speed, 

reduced flow dependency, and high blood to myocardium contrast.  

Modern CMR scanner hardware can typically achieve repetition time (TR) between 

RF excitations of 3-8 ms. The number of k-space lines necessary for reasonable 

spatial resolution of the human heart is 120-180. Even with TR of 3 ms and only 

120 k-space lines, total imaging time is 360 ms. This corresponds to approximately 

three images per second. Such temporal resolution is too slow for the examination 

of cardiac contraction. The most common approach to address the limitation is 

segmented k-space data acquisition40. The image data are acquired over several 

consecutive cardiac cycles, and then combined during image reconstruction to 

produce a composite movie loop depicting a single cardiac cycle. In practice the 

CMR data are normally acquired while the subject holds the breath in order to 

eliminate respiratory motion. Total acquisition time for a single movie loop is 

typically 8-12 s. Breath hold image acquisitions result in move loops comprised of 

16-24 frames across the entire cardiac cycle.  

The parallel imaging techniques, such as GRAPPA and SENSE, provide 

advantages of reduction of patient breath hold durations. Multiple radiofrequency 

receiver coils, which contain differing spatial information, are placed around the 

subject’s thoracic cavity. By incorporating this information during the image 

reconstruction process, some k-space data can be reconstructed without acquiring 

them. The parallel imaging techniques represent a major advance for cine cardiac 

imaging with sacrifice of loss of signal-to-noise ratio.  



 

11 
 

 

Black-Blood CMR 

CMR is often used to provide detailed information on structures including 

myocardium, pericardium, pulmonary veins, and emanating great vessels. When 

blood travels throughout the heart and blood vessels, its signal may obscure the 

evaluation of these structures depending on the clinical questions that are being 

addressed. Black blood imaging techniques aim to suppress the signal from blood, 

thereby improving delineation of cardiovascular anatomy. Fast spin echo-based 

sequences are in routine use to reduce blood flowing into the imaging plane. Such 

techniques have limitations that may lead to inadequate image quality or image 

artifacts. Recent advances have overcome some of these limitations. For example, 

cardiac motion may result in signal loss, and may be overcome by optimizing the 

cardiac phases during which the image data are acquired. Black blood imaging 

methods is an important tool in the CMR armamentarium, particularly with 

increasing prevalence of implantable devices for various cardiovascular diseases. 

For the bright blood imaging, devices such as intravascular stents and implantable 

loop recorders could generate noticeable susceptibility artifact which obscures the 

visualization of the anatomy of interest. Using black blood imaging can significantly 

reduce this artifact. The image acquisition is segmented and collected over several 

cardiac cycles.  

Superior image quality depends on the selection of appropriate imaging 

parameters on a patient-by-patient basis, which is a matter of expected findings, 

heart rate, and the ability to hold his/her breath during the image acquisition. An 
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appropriate set of imaging parameters is dependent on the clinician’s experience. 

Approaches to automate parameter selection have been introduced by the 

equipment manufacturers in order to improve image quality in routine clinical black-

blood MRI scans41-44.  

 

Tissue characterization (T1, T2, T2* Techniques) 

Non-invasive characterization of tissue has been the unique domain of MRI when 

compared to other imaging modalities. Such techniques typically use one or more 

MR-based relaxation parameters and the corresponding image contrast or 

weighting. With or without administration of contrast agent, CMR provides detailed 

myocardial tissue characterization. The workhorse technique for myocardial 

characterization has been late gadolinium enhancement (LGE); LGE is routinely 

performed as an integral part of nearly every CMR exam. While originally 

developed to characterize infarct scar, LGE has become an important technique 

to delineate other features of myocardial diseases. LGE usually provides robust 

myocardial characterization, but has two major limitations. First, it requires 

administration of gadolinium-based contrast, which may not be suitable for 

individuals with allergy to such agents or patients with advanced kidney disease. 

Second, it may be insensitive to more diffusely diseased myocardium. To 

overcome these limitations, and characterize other myocardial features, imaging 

techniques that capture intrinsic contrast in T1, T2, and other MR-based relaxation 

parameters are often incorporated into the CMR examination. The approaches, 
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also known as tissue mapping techniques, enable further advance MR-based 

myocardial characterization.  

The basic CMR clinical scan usually includes cine function, myocardial perfusion 

under rest and/or stress and, last but not least, tissue viability imaging. In most 

clinical cases, images are interpreted based on image contrast. However, research 

has shown that there are advantages to collecting quantitative data rather than 

relying on image contrast45. For instance, quantitative techniques have the 

advantage of providing absolute values for quantifying abnormalities. This is useful 

especially in diseases where the entire heart is affected, and diagnosis cannot rely 

on localized tissue contrast46. In tissue mapping, every pixel of the image contains 

the value of a tissue relaxation parameter, such as T1, T2, or T2*. 

The collection of T1-weighted images either with or without contrast agents can 

produce clinically useful images, while it becomes more complicated in the 

presence of cardiac and respiratory motion. The most commonly used T1-

weighted imaging sequence is T1-weighted so as to depict normal myocardium 

dark and infarcted myocardium bright. The contrast between normal and infarcted 

myocardium is based on the premise that 20 min after intravenous administration 

the contrast agent distributes not only in the extracellular but also in the 

intracellular space in acutely infarcted myocardium.  

Tissue characterization methods are developing rapidly. It makes MRI different 

from other imaging techniques and is likely one that will benefit future clinical 

applications.  
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Perfusion  

Myocardial perfusion is an important measurement in the diagnosis of coronary 

artery disease. MRI has recently emerged as a method with many advantages. 

Compared to single proton emission computed tomography (SPECT), MRI has 

much higher resolution, requires no radiation dose, and has the potential for more 

quantitative measurements. However, MR perfusion measurement can be 

complex. There are a variety of choices to consider when designing a MR 

perfusion experiment. However, there is no consensus MRI perfusion 

implementation that is best for all situations, and selecting the ideal parameters for 

a given scan needs a careful understanding of the pros and cons of each 

component of an MRI perfusion experiment.  

The choice of pulse sequence is a key determinant of image contrast, spatial and 

temporal resolution, coverage, and degree of artifacts. These characteristics are 

usually at odds with one another. For example, gain in contrast may come at the 

expense of resolution or coverage. Selecting the optimal sequence requires 

weighing these competing gains and losses against each other. In meeting these 

requirements, perfusion imaging has a critical constraint that is absent in much of 

CMR. The segmented acquisition (as is used in cine and LGE imaging) is limited 

or impossible because characterizing the bolus passage requires the acquisition 

of a full image everyone to two heart beats. In order to achieve full heart coverage, 

three short axis images typically must be acquired within the time course of a single 

heartbeat. This limits perfusion imaging to very time-efficient pulse sequences that 
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reduce the time to acquire an image to ~100 ms. Currently, the majority of CMR 

perfusion scans are acquired using saturation recovery (SR) preparation. Critically, 

SR pulses have no heart rate dependence since it sets Mz to zero regardless of 

the prior Mz. In addition, more slices can be acquired allowing for greater spatial 

coverage because the readout is faster. The magnetization preparation pulse can 

be combined with different types of image readout. The most common types are 

ultra-fast gradient echo47 (e.g. TurboFLASH, fast GRE, and Turbo Field Echo), 

gradient echo with echo planar readout48 (GRE-EPI), or steady state free 

precession49 (SSFP). Despite of much debate, there is no clear consensus for 

which sequence is optimal for CMR perfusion and is usually determined based on 

the preference of the physician.  

Due to the need for very fast image acquisition, cardiac perfusion sequences are 

almost run with an acceleration technique including parallel imaging (e.g. SMASH2, 

SENSE7, and GRAPPA3). In most centers, a wider adoption of multi-coil arrays 

supports the use of parallel imaging techniques50. Practically, the acceleration 

provided by these methods is limited to two to three-fold due to increasing SNR 

penalties with higher acceleration rates51. Prior-knowledge driven methods such 

as k-t Broad Linear Speed up Technique (BLAST) and k-t SENSE4 and Highly 

Constrained Back-Projection Reconstruction (HYPR52) allow higher acceleration 

with relatively preserved SNR53, 54. In addition, compressed sensing emerges as a 

promising method to accelerate myocardial perfusion CMR55. The speed up in the 

data acquisition enables the increased spatial resolution or increased cardiac 

coverage.  
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Stress Testing  

Stress imaging has become a major CMR application in which practice guidelines 

recommend its use in various clinical scenarios. The indications of stress CMR 

include imaging of patients with suspected coronary artery disease (CAD) and 

patients with heart failure and cardiomyopathy. The commonly used stress method 

in CMR is vasodilator stress combined with dynamic first pass contrast enhanced 

perfusion imaging, while inotropic and physiological stress which detect either 

perfusion or wall motion abnormalities are also suitable. When performing stress 

CMR, additional safety considerations are considered due to the potential of 

inducing cardiac arrhythmias or causing ischemia. The challenges in designing 

pulse sequence relate to the fast heart rates encountered and the need in dynamic 

first pass perfusion to capture image data with high spatial and temporal resolution. 

The current trends include developing higher spatial resolution and three-

dimensional methods for myocardial perfusion CMR.   

Images are acquired in multiple planes (typically at least three short axis and two 

orthogonal long axis planes) at each stress level. The stress CMR methods used 

for stress wall motion imaging are similar to those used in standard cine imaging. 

The retrospectively gated balanced steady state free precession (bSSFP) cine 

pulse sequences are normally used. Adjustments to the standard pulse sequence 

may be made to allow for higher heart rates and reduced breath-hold capacity 

during stress testing. The objective of pulse sequence design is to achieve a breath 

hold duration of 4-6 s, temporal resolution of >25 phases/cardiac cycle and in-
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plane spatial resolution of 1.5-2×1.5-2 mm with a slice thickness of 8-10 mm56. To 

achieve these requirements, the adjustments that are often made include: 

• Use of parallel imaging (allowing acquiring fewer k-space lines and thereby 

reducing acquisition time)     

• Reduced temporal resolution (more k-space lines can be acquired in each 

cardiac phase)  

• Reduced spatial resolution (smaller image base matrix is used at similar 

field of view, resulting in fewer required k-space lines) 

Many other adjustments can be made and with a combination of these, real time 

cine acquisition and monitoring can be achieved57.  

On current scanners, bSSFP sequences are typically used to provide high SNR, 

while enabling a good contrast between the blood and the myocardium without 

suffering from flow related artifacts. The elevated SNR for bSSFP allows the use 

of parallel imaging with higher acceleration rates, resulting in high speed and high 

contrast acquisitions and a significant reduction of breathing artifacts, particularly 

if the images are acquired in the end-expiratory phase. These properties make 

bSSFP cine imaging particularly useful during stress testing. However, bSSFP 

sequences are very sensitive to off-resonance artifacts in high field strength and 

with rapid blood flow. For example, image artifacts can be noticeable in 

descending aorta with the four-chamber view. Modifying the phase encoding 

direction and more accurate shimming can significantly reduce the occurrence 

and extent of these artifacts.  
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Late Gadolinium Enhancement  

Late Gadolinium Enhancement CMR (LGE-CMR) has become the gold standard 

tool for a wide range of myocardial abnormalities, most commonly infarct scar but 

also fibrosis of nonischemic disease and inflammatory and other infiltrative 

materials. LGE image acquisition occurs at a set delay (10-15 min) following the 

intravenous injection of gadolinium-based contrast media, in order to capture a 

‘snapshot’ of the extravascular-extracellular distribution of contrast.   

The penetration of the LGE imaging technique into mainstream imaging protocols 

is primarily improvement and innovation in MR hardware (gradient performance, 

RF coil sensitivity) and pulse sequence design. The pulse sequences used in 

scanners today provide sufficient contrast-to-noise ratio (CNR) and spatial 

resolution to resolve not only subendocardial infarcts, but post-ablation scars in 

the left atrium. In the 1980s the initial LGE studies consisted of inversion-prepared 

spin-echo and fast (“turbo”) spin-echo sequences58-60. Although the sequences 

provided the T1-weighting needed for delineating areas of gadolinium 

accumulation, the acquisition times were long, thereby making breath-hold 

impractical or impossible. Images were degraded by respiratory artifacts. In the 

mid-to-late 1900s most of spin-echo sequences had been replaced by faster 

gradient-echo varieties. Saturation-61 or inversion-62 preparation provided the T1-

weighting, along with short TR and shallow flip angle readouts. The gradient-echo 

techniques offered several advantages, because they were sufficiently rapid 

acquisition within a reasonable breath-hold and could be repeated comfortably to 
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follow the temporal evolution of contrast accumulation. The single-shot saturation-

prepared fast gradient-echo sequence was, in fact, used for both perfusion and 

LGE imaging. They could be acquired either with or without a breath-hold, 

depending on the post-processing performed in the quantitative analysis. 

LGE imaging has evolved to an essential component of most clinical CMR 

examinations. The pulse sequence and implementation may differ depending on 

availability and indication, firm understanding of the principles underpinning LGE 

will assist in offering important diagnostic information relevant for patient care.   

 

Flow imaging  

MRI technique enables the quantitative measure of blood velocity and the 

determination of blood flow63 and Phase-Contrast Magnetic Resonance (PCMR) 

is the most commonly used approach to quantify blood flow. Other MRI-based 

methods for quantification of velocity flow include blood labelling, but they are not 

often used64.   

The majority of implementations of PCMR need a rapid, low flip angle, gradient 

echo sequence. The sequence employs a short TR and a short TE to minimize se-

phasing in the presence of complicated flow and to increase temporal resolution 

when cardiac gating is used65. Lower flip angle reduces radiofrequency energy 

deposition and keeps TE as short as possible. In order to reduce acquisition time, 

segmented acquisitions are often employed to acquire several k-space 

lines/projections for each cardiac phase. The larger the number of k-space 
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lines/projections that are acquired per cardiac phase, the shorter the overall 

acquisition time. The penalty for shortened overall acquisition time is reduction of 

temporal resolution. Variations on the pulse sequence include echo-planar 

techniques66, spiral readouts strategies67, and SSFP68.    

CMR is routinely used in a variety of cardiovascular abnormalities to quantitatively 

measure blood velocity and determine flow. PCMR is the most commonly used 

technique. Clinical applications include valvular heart disease, congenital heart 

disease, vascular disease and myocardial disease.   

  

2.2. Dynamic Contrast Enhanced imaging (DCE) 

2.2.1 Introduction 

MRI has enabled the diagnosis, grading and classification of tumors and has 

become essential to the adequate clinical management of many tumor types. The 

ability of MRI to demonstrate tumor morphology and the relationships of malignant 

lesions to neighboring structures provides essential clinical information. MRI has 

innate advantages in these applications enabling clear delineation of normal 

anatomical structures and organs, as well as clear identification of pathological 

change. The development of small molecular weight paramagnetic contrast agents 

has had a major impact on the application of MRI in oncology. Many tumors exhibit 
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distinctive enhancement patterns which may provide useful diagnostic or staging 

information.    

 

2.2.2 Pulse Sequences  

Typical clinical MRI scanners can offer a variety of pulse sequences which are 

suitable for DCE imaging. The selection of pulse sequence is determined by the 

comprise between imaging time, spatial resolution, anatomical coverage, 

sensitivity to artifacts, SNR, and degree of contrast weighting. T1-weighted DCE-

MRI is most commonly acquired using gradient echo-based sequences. The 

typical gradient echo sequences include GRASS, FISP or FFE69, T2-weighted 

sequences called T2-FFE or PSIF70, T1-weighted sequences (spoiled GRASS, T1 

FFE or FLASH)71 and the methods which applied balanced gradients (FIESTA, 

balanced FFE, or True FISP)72. Balanced gradient echo sequences have high 

sensitivity to T2 effect, and this is undesirable as the signal decreases once 

contrast agent arrives at the tissue. Many dynamic studies have therefore used 

spiled gradient echo sequences that are more sensitive to T1 effect and therefore 

show signal increases. The main problem with these techniques is low SNR which 

can be compensated to some extent by the use of 3D acquisitions. The transient 

gradient echo sequences combine a contrast preparation pulse with a sequence 

for image readout, allowing control over the contrast sensitivity. T1 sensitive 

versions of transient gradient echo techniques have been used extensively in 

DCE-MRI.    
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2.2.3 Analysis  

A large range of techniques have been applied to analyze the signal enhancement 

curves observed in DCE-MRI. They range from simple visual inspection to 

complicated quantification with pharmacokinetic models. These analysis methods 

are based on measurements from user-defined region of interest. While this 

simplifies the use, the disadvantages include variability and potential intra observer 

errors. It may lead to incapable identification or quantification of significant 

heterogeneity within tumor microvascular within the region of interest.  

The optimal analysis of DCE-MRI data would be designed to identify specific 

quantitative physiological parameters which describe the tissue microvasculature 

which is being observed. The distribution of contrast material is governed by 

regional blood flow, blood volume, vessel shape and size, endothelial permeability 

and the size of extracellular extravascular space. Many groups have described 

approaches which derive these parameters from the changes in signal intensity 

that occur during contrast passage73-78. The type of analysis method requires the 

application of a quantitative mathematical model describing the pharmacokinetics 

of contrast agent. In order to apply pharmacokinetic models of contrast distribution 

to image data, the signal changes observed in the dynamic acquisition is used to 

calculate quantitative parametric images of contrast concentration at each time 

point. The relationship between signal intensity and contrast concentration may be 

non-linear, which adds additional complication and often requires the 



 

23 
 

measurement of the pre-contrast T1 values at each voxel. Then a parametric 

image of T1 corresponding to the dynamic time course is generated. Using these 

quantitative T1 images along with the observed signal change, each of the 

dynamic series images can be transformed to a parametric image of contrast 

concentration. These contrast concentration time course curves for individual 

voxels are then used as the substrate for pharmacokinetic models.  

A variety of pharmacokinetic models have been applied to analyze DCE-MRI data. 

Most of models use curve fitting methods to estimate the parameters. Although 

more complicated models can describe all of the physiological features, the 

instabilities in the analysis and the increasing estimation errors of the parameters 

may be observed. This has led to the development of simplified models that 

combine the effects of several parameters into one in order to reduce the number 

of variables used in curve fitting. Most studies73-78 focus on the calculation of the 

contrast transfer coefficient Ktrans. A simpler model estimates only two 

parameters79, which are the size of extravascular-extracellular space (𝜈𝑒) and Ktrans. 

The coefficient Ktrans is affected by flow, endothelial permeability, endothelial 

surface area product and by the proportional blood volume of the voxel. High 

values of Ktrans are seen where there is high flow, high permeability, high capillary 

surface area or a large proportional of intravascular contrast within the voxel. While 

the measurement is highly non-specific, it is reproducible and provides a 

quantitative measurement of microvascular structure and function, resulting in a 

wide use in many studies.  
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DCE-MRI involves the acquisition of images before, during, and after the injection 

of a contrast agent. In order to perform quantitative modeling on the resulting signal 

intensity time course, data must be acquired rapidly, leading to compromises in 

spatial resolution, SNR, and field of view. One strategy that may allow gains in 

temporal or spatial resolution or SNR of images is compressed sensing (CS).   

2.3. Acceleration methods  

2.3.1. Dynamic acquisitions 

Dynamic imaging benefits from both high temporal and high spatial resolution as 

well as high SNR; high temporal resolution is needed for quantitative analysis, and 

high spatial resolution aids clinical reading. However, the requirement of high SNR 

images limits simultaneous high temporal and high spatial resolution when using 

conventional data acquisition strategies. The acceleration of dynamic imaging is a 

common approach used to balance the trade-off between spatial and temporal 

resolution. The data is undersampled in the k-space. Parallel imaging, including 

SENSitivity Encoding (SENSE)7, 51 and GRAPPA3, are the common acceleration 

techniques.  

For the applications in CMR, the accelerated imaging is essential in order to 

capture the rapid motion of the heart and blood. The acceleration rates of up to 6 

or 7 using a 32-channel receiver coil have been shown80, 81, but higher acceleration 

in 2D imaging is generally not possible because of the SNR loss due to the 

geometry factor. Higher acceleration factors have been demonstrated in 3D by 
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accelerating in both the phase and partition encoding directions82. The standard 

parallel imaging methods require a low-resolution calibration dataset to determine 

either the coil sensitivity map needed for SENSE or the interpolation weights 

needed for GRAPPA. In dynamic imaging, this requirement can be avoided by 

interleaved undersampling in TSENSE or TGRAPPA83, 84. The methods, such as 

UNFOLD or k-t BLAST4 (Broad-use Linear Acquisition Speed-up Technique), take 

advantage of the spatiotemporal correlations inherent in cardiac movement to offer 

data reduction, but are plagued by temporal blurring. K-t SENSE or k-t GRAPPA4, 

85, 86 provided improved accelerations.  

Several early DCE-MRI acceleration studies include keyhole87, k-t Focal 

Underdetermined System Solver (FOCUSS88), k-t BLAST and k-t SENSE4. In the 

keyhole imaging, a subset of low-frequency data around center of k-space is 

collected, while high spatial frequency data is acquired less frequently. As such, 

the data acquisition time on average is reduced. The low-frequency data are then 

combined with the high-frequency data to generate a composite full resolution 

image that captures dynamic changes. This keyhole technique has been widely 

employed in clinical MRI89. However, these methods suffer the limitations including 

low SNR and aliasing artifacts at high acceleration rates.  

Compressed sensing (CS) is a suitable reconstruction technique in dynamic MRI, 

as the temporal correlations provide data sparsity in addition to spatial sparsity. 

The feasibility of CS framework was assessed for accelerated dynamic MRI with 

computer simulation, in vivo fully-sampled cardiac data and Fourier velocity 

encoded imaging90. For the acceleration of perfusion CMR, a joint sparsity of 
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multicoil images in spatial and temporal directions can be exploited to combine CS 

and parallel imaging to accelerate CMR perfusion55. Other advanced CS technique 

include the use of sparsity regularization on localized information in both spatial 

and temporal dimension90, 91. For the applications in cine imaging, CS 

reconstruction and parallel imaging techniques including GRAPPA are applicable 

to evaluate left ventricular function and volumes with high accuracy24, 26, 92, 93.    

CS has also been applied to DCE-MRI to provide improved reconstruction 

performance compared to earlier methods, serving as a potential tool for cancer 

MRI94. Other CS studies include k-t SPARSE95, k-t Sparse and Low Rank96 (SLR) 

and Golden-angle RAdial Sparse Parallel MRI97 (iGRASP). As a variant approach, 

a difference operator applied to temporal frames was shown to enhance the spatial 

signal sparsity for CS reconstruction98.  

 

2.3.2. Static acquisitions 

The static or anatomic imaging in MRI enables non-invasive diagnosis among 

patients with suspected coronary arteries disease, prostate cancer (evaluation, 

detection and staging), etc. Coronary artery MRI has evolved as a non-invasive 

diagnosis alternative to catheter based x-ray angiography among patients with 

suspected anomalous coronary artery disease and coronary artery aneurysms99. 

Although coronary multi-detector computed tomography (MDCT) provides superior 

isotropic spatial resolution and rapid imaging, coronary MRI is advantageous to 

MDCT in several respects, including the absence of ionizing radiation which 



 

27 
 

facilitates follow-up scanning and smaller artifacts related epicardial calcium. With 

these advantages offered by coronary MRI along with its diagnostic accuracy, it is 

recommended as appropriate in patients who are suspected of anomalous 

coronary artery disease by both the American College of Cardiology and American 

Heart Association100, 101.  

The early approaches to coronary MRI are based on 2D breath-hold  

electrocardiogram (ECG) triggered segmented sequences102. Over the past two 

decades, 3D free-breathing approaches have replaced 2D acquisitions due to 

greater anatomical coverage and higher signal level. Targeted103-106 or whole-

heart107-121 coverage of the coronary anatomy is possible in 3D coronary MRI. Both 

GRE and SSFP have been used for targeted 3D coronary MRI122, 123. For while-

heart coronary MRI, SSFP appears to be the sequence of choice because of its 

higher blood-myocardium contrast and superior inflow properties124.  

The clinical acceptance of coronary MRI remains challenging due to coronary 

artery motion, long scan times, limited spatial resolution, suboptimal SNR and 

blood-myocardium contrast-to-noise ratio (CNR). To overcome some of these 

limitations, the approaches including non-Cartesian sampling, accelerated imaging, 

and higher field strength have been developed.  

Non-Cartesian trajectories provide efficient k-space traversals and less visually 

significant artifacts than Cartesian. The suitable non-Cartesian acquisition include 

spiral20 and radial. For radial trajectories, data in healthy subjects appear 

promising35, 122, 125 and may be beneficial for coronary wall imaging126, 127.     
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Parallel imaging techniques such as SENSE7, 51 or GRAPPA3 are the most 

commonly utilized clinical acceleration methods for coronary MRI108, 128-130. The 

resultant acceleration rates of up to twofold when using 16-coil array and up to 

fourfold when using 32-coil array have been accomplished116, 131.  

CS method has emerged as an alternative acceleration strategy which exploits the 

sparsity of image in transform domain8, 9. CS also needs incoherent undersampling 

pattern which can be achieved by random undersampling in k-space with 3D 

Cartesian acquisition. For high-resolution coronary MRI, an advanced CS shown 

improved reconstruction with reduced blurring compared to conventional CS132, 

and was utilized in contrast-enhanced whole-heart coronary MRI133. As for highly-

accelerated sub-millimeter resolution whole-heart coronary MRI, CS outperforms 

parallel imaging at acceleration rate of 6 in a head-to-head comparison134. CS can 

also be combined with non-Cartesian imaging, such as spiral135 or 3D radial35, to 

enable whole heart acquisitions.      
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Chapter 3  

2D Self-calibrated Interpolation of 

Non-cartesian data with GRAPPA 

(SING) 

3.1. Background  

3.1.1. Region-specific Interpolation Kernels (RIKs) 

K-space reconstruction of 2D non-Cartesian undersampled data has been 

demonstrated using non-Cartesian GRAPPA10, 136-143. In non‐Cartesian 

undersampling, each local region of undersampled k‐space has a distinct sampling 

pattern with varying distribution of acquired k‐space points, thereby requiring 

region-specific interpolation kernels. The RIKs proposed by TT-GRAPPA have 

enabled promising non-Cartesian reconstruction for non-Cartesian dynamic 

imaging in clinical studies26, 142, 144-147. The TT‐GRAPPA method calibrates each 

RIK by using additional non-Cartesian calibration scans from which sufficient 

numbers of repeated sampling patterns for each RIK with the distinct geometry are 

obtained. However, RIKs are challenging to be calibrated when additional 

calibration scans are not available.    
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Recently, self‐calibrated non‐Cartesian GRAPPA methods have been proposed to 

obtain RIKs without the need of calibration scans. Our early study demonstrated a 

self-calibration strategy, namely Adaptive Interpolation functions for Multichannel 

MR system (AIM), using spatially smooth functions such as coil sensitivity maps or 

cosine functions148. The multiplication between composite multicoil images and the 

smooth functions in image space corresponds to the interpolation of composite 

data for the generation of ACS data. The schematic is illustrated in Figure 1. Each 

RIK is calibrated using ACS data in the local k-space region which it applies to for 

the reconstruction. While this approach has shown promising reconstructions, the 

recons improvement could be made using ACS data with higher SNR. In the AIM 

method, RIK for undersampling region far from k-space center is calibrated using 

ACS data with low SNR. To calibrate RIKs with higher SNR calibration data, our 

newer SING method is proposed to utilize ACS data around center of k-space. 
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Figure 1: The schematic of AIM method. The multiplication of the sensitivity-

combined composite image 𝐼𝑐𝑜𝑚𝑝 and the spatially smooth weighting functions 𝑊𝑛 

can generate ACS data which is interpolated from the composite data 𝐷𝑐𝑜𝑚𝑝. The 

calibration of each RIK is performed using its neighboring ACS data.  

 

Alternatively, Luo et al.149 has shown that each RIK can be calculated from a 

Cartesian ACS region, which is either acquired or reconstructed from a non‐

Cartesian data set by applying selected linear phase modulations in image space 

and then transforming to k‐space through fast Fourier transform to obtain repeated 

non‐Cartesian sampling patterns necessary for calibration of each RIK. The 

performance of the self‐calibrated RIK in the work by Luo et al was found to match 

the reconstruction quality of CG‐SENSE.  

In this chapter, 2D-SING is introduced to obtain an overdetermined calibration 

system and a different estimation for each RIK. A local k-space regularization for 

the calibration of RIKs, extended from inherent regularization effect in TT-GRAPPA, 

is proposed to match the reconstruction quality of TT-GRAPPA.  

 

3.2. Method  

3.2.1 Generate ACS data  

The flowchart of 2D-SING is illustrated in Figure 2.  
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Figure 2: The schematic of SING forming a linear calibration system for a RIK. The 

ACS data on Cartesian grid is generated from the acquired dynamic data (A)-(B). 

The ACS data is then interpolated to synthesize RIK sampling patterns which form 

a linear calibration system. The calibration of a different RIK is performed by 

repeating the steps (C)-(E).      

 

Dynamic non‐Cartesian measurements in each channel are combined, 

independently of other channels, into a composite data set with lower temporal 

resolution as shown in Figure 1A. The composite non‐Cartesian measurements in 

each channel are resampled, independently of other channels, with density 

compensation, convolution with a Kaiser‐Bessel function150 of width 𝐿 = ∆𝑘 (∆𝑘 is 

Nyquist sampling interval in k‐space), and resampled on Cartesian points. The 

region with the resampled Cartesian points from Nyquist sampled non‐Cartesian 

data, shown as a circular region in Figure 1B, is referred to as the ACS region.  

To extract one calibration equation, the target and source points are synthesized 

by convolving the resampled Cartesian points with a Kaiser‐Bessel function with 
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width 𝐿 = ∆𝑘 and then resampling at the locations that match the sampling pattern 

with a distinct shape for a RIK. The same sampling pattern is shifted vertically and 

horizontally relative to the first sampling pattern by a distance 𝛽 ≥ 𝐿 over the ACS 

region until all of the gridded Cartesian points are used to extract additional 

calibration equations, as illustrated in Figure 1D. Using all extracted equations, a 

linear overdetermined system with the GRAPPA source and target formulation for 

calculating a RIK can be established and be solved to determine the signal 

correlations for GRAPPA interpolations in the local k‐space region corresponding 

to a RIK, as specified in Figure 1E. The synthesis of target and source points is 

repeated to calibrate other RIKs until all local k‐space regions with missing points 

are interpolated. If 𝛽 is smaller than 𝐿, the Kaiser‐Bessel convolution results in 

correlations among adjacent patterns and negatively affects the conditioning of the 

calibration system.  

Each RIK is the least‐squares solution of a linear calibration system 

 

 𝑎𝑟𝑔min
𝐱

‖𝐛 − 𝐀 ∙ 𝐱‖2
2, (1) 

 

where 𝐛 is an M×1 vector of target points, 𝐀 is an M×N matrix of source points, 

and 𝐱 is an N×1 vector of the coefficients in the RIK.  

 

3.2.2. Local k-space regularization  
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Noise amplification in the estimation of a RIK via least-squares, which is 

determined by the conditioning of the linear system, can lead to noise‐like errors 

in the image reconstruction. Tikhonov regularization has been used to mitigate 

noise amplification in kernel calibrations151, but it often results in blurring artifacts 

in image reconstruction152. Furthermore, tuning a single regularization parameter 

for each RIK using the discrepancy principle or the L‐curve method. requires 

multiple calculations of a matrix inversion, and as the parameter tuning is repeated 

for different RIK, such a tuning process requires significant computations.  

To develop a strategy with improved sharpness in image reconstruction that is 

comparable to TT‐GRAPPA, we investigate the effect of SNR in calibration data 

on k‐space reconstruction. Several studies have demonstrated that lower SNR 

ACS data can be advantageous for GRAPPA reconstruction153, 154. Furthermore, 

it was shown that adding noise onto the source matrix (matrix 𝐀 in Equation 1) for 

determining interpolation kernels has the same effect as Tikhonov regularization155. 

For the RIK calibrations in TT‐GRAPPA, where local k‐space is used for calibrating 

each RIK, the variable SNR in k‐space as such implicitly regularizes each RIK in 

TT‐GRAPPA differently.  

Motivated by the regularization effect from noise inherent to TT‐GRAPPA, we 

propose a local k‐space regularization by using local SNR level in k‐space. The 

definition of local signal level is the l2 norm of acquired k‐space points across all 

channels in the local region where a RIK is applied for k‐space interpolation. By 

proposing the use of local k‐space SNR level for regularization, the 

computationally intense parameter tuning with discrepancy principle or L‐curve 
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can be eliminated. The proposed regularization adds noise to the calibration 

system of each RIK, matching the SNR effect of through‐time calibration data on 

RIK calibrations in TT‐GRAPPA. Before adding noise, the system is as specified 

in Equation 1. After adding noise, similar to what is done implicitly in TT‐GRAPPA, 

the system is represented as 

 

 min
𝐱

‖(𝐛 + ∆𝐛) − (𝐀 + ∆𝐀) ∙ 𝐱‖2
2. (2) 

 

We propose to determine the variance of ∆𝐛 and ∆𝐀 to match the SNR between 

the synthesized ACS points and the measured k‐space points in the local region 

of k‐space 

corresponding to each calibrated RIK. For the source and target points of a 𝑚th 

sampling pattern in the ACS, the variance of ∆𝐛 and ∆𝐀 is calculated with the SNR 

of these points to the undersampled signals in the local region corresponding to 

each RIK, scaled by the standard deviation of the thermal noise 𝜎 as 

 

 𝑤𝑚 = 𝜎 ∙
𝑎𝑚

𝑢
, (3) 

 

where 𝑎𝑚 is the SNR level of source points of the 𝑚th pattern in the ACS (𝑚th row 

in matrix 𝐀 in Equation 1), calculated with the l2 norm of these points across all 
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channels, and 𝑢 at the SNR level in the local region of acquired k‐space where 

applying each calibrated RIK for k‐space interpolation is sought, calculated as the 

l2 norm of neighboring acquired signals across all channels. Thus, ∆𝐛 and ∆𝐀 are 

generated as 

 ∆𝐛 = 𝐖 ∙ 𝛘  

(4)  ∆𝐀 = 𝐖 ∙ 𝚾, 

where the entries of 𝛘 and 𝚾 are drawn from a standard normal distribution, and 𝐖 

is an M×M diagonal weighting matrix with the diagonal entry 𝑤𝑚 as specified in 

Equation 3.  

The coefficients of each RIK are obtained by solving Equation 2 via least squares 

and then used to recover the missing data points in the local region of 

undersampled k‐space corresponding to each RIK. The reconstructed fully 

sampled multichannel non‐Cartesian data are transformed to image space via 

gridding reconstruction channel‐by‐channel, and a reconstructed image is 

obtained with the root sum of square channel combination.  

 

3.2.3. Numerical simulations  

The MRXCAT156 cardiac numerical phantom was used for the simulations. Thirty 

synthetic coil sensitivity profiles were simulated from an in vivo cine imaging data 

set and added to the MRXCAT simulation. For each cardiac phase, a multichannel 

radially fully sampled k‐space with 216 radial projections was generated using 
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inverse gridding on the individual coil sensitivity weighted phantom image under 

simulated breath‐hold. Complex white Gaussian noise was added to yield an SNR 

of 40 calculated over the image object. An angularly uniform radial pattern was 

used to undersample the k‐space in each cardiac phase, and the bit‐reversed 

ordering was used as the interleaved undersampling ordering throughout cardiac 

phases to suppress simulated motion effects. Twenty free‐breathing fully sampled 

noisy radial k‐space data sets, added with the noise of the same distribution in the 

numerical undersampled data specified previously, were generated using the 

cardiac phantom images under simulated free‐breathing provided by the MRXCAT 

simulated data sets for TT‐GRAPPA calibration purposes. 

 

3.2.4. In vivo imaging 

The imaging protocols were approved by the local institutional review board, and 

the written informed consent was obtained from all subjects before each scan of 

this HIPAA-compliant study. Cine cardiac MRI was acquired at 3 T (Siemens 

Prisma) on 2 healthy subjects using a 30‐channel body array with a gradient‐echo 

sequence using the following imaging parameters: TE/TR/α = 2.3 ms/3.9 ms/12°, 

bandwidth = 440 Hz/pixel, in‐plane resolution = 2 × 2 mm2, and FOV = 300 × 300 

mm2. The readout sampling rate was 2 times the acquisition bandwidth, and the 

number of total sampled readouts in each radial projection was 288. The fully 

sampled radial data set in each cardiac phase contained 216 radial projections 

using a linear view order in a single breath‐hold acquisition. During each cardiac 
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phase of a heartbeat, 9 radial projections were acquired in a linear order to yield a 

temporal resolution of 35 ms for the fully sampled cardiac images. Data were 

retrospectively undersampled in a uniform angular pattern for each cardiac phase 

with bit‐reversed ordering for interleaved undersampling to suppress motion effect 

throughout cardiac phases, and the undersampled data were used for 

reconstruction. For TT‐GRAPPA calibrations, additional 20 free‐breathing fully‐

sampled acquisitions were obtained shortly after the breath‐hold acquisition.  

 

3.2.5. Effect of inclusion of central ACS region on calibration 

The effect of using the central ACS, which yields residuals of high magnitudes in 

the calibration system due to high signal variations157 on SING, was investigated 

by performing 2 SING calibrations that included and excluded these central ACS 

points and then reconstructing 2 sets of images using 2 sets of RIK corresponding 

to these 2 calibrations. The central ACS region was defined as a circular region 

with a radius of 𝛾 ∙ ∆𝑘 , and different values of 𝛾  of 2, 4, 8, 12, and 16 were 

evaluated. The proposed local k‐space regularization was used on all SING 

calibrations. 

 

3.2.6. Effect of regularization on SING calibration  

The regularization effect on RIK was evaluated by performing SING calibration 

with no regularization, Tikhonov regularization, and the proposed signal‐based 
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regularization. Tikhonov regularization parameters were chosen in a readout‐

dependent manner based on the decay rate of Fourier coefficients along the 

readout dimension. For each RIK, the Tikhonov parameter was chosen as 

 𝜎 ∙ (
rmiss

rACS
)

q

, (5) 

 

where  𝜎 is the standard deviation of thermal noise, q is a positive scalar and 

empirically optimized to q=2 after visually inspecting reconstructed images for q 

values from 1 to 3, rmiss denotes the readout coordinate of the missing data points 

reconstructed using the RIK, and rACS denotes the averaged readout coordinate of 

sampling patterns in the ACS region.  

 

3.2.7. Reconstruction evaluation  

CG-SENSE22, TT-GRAPPA, and SING methods were compared in numerical 

simulations and in vivo imaging. Two acceleration rates R of 6 and 12 were 

included. The CG‐SENSE method was implemented with Tikhonov regularization, 

in which the regularization parameter was empirically set to 𝜆= 0.1 for both R = 6 

and R = 12 after visually inspecting the reconstructed images for 𝜆 values from 

0.001 to 1. The stopping criterion was implemented to minimize the relative l2 norm 

difference between two subsequent iteration images to less than 1%. The coil 

sensitivities were calculated from gridding reconstructed fully sampled coil images 

using ESPIRiT158. In TT‐GRAPPA, each RIK with size 2 × 5 (angle × readout) was 
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estimated using the local through‐time acquired calibration data points in the 

neighboring region spanning ±4 readouts samples, spanning 2∆𝑘 (∆𝑘: Nyquist 

sampling interval) in the readout dimension, and ±4 projections similar to the 

original proposed approach. The size of this neighboring region was empirically 

validated after testing TT‐GRAPPA reconstructed images corresponding to 

different sizes with ±𝑖 × ±𝑗 (readouts × projections) for 𝑖, 𝑗=2,4,6,8. In SING, the 

gridded Cartesian points (gridded with oversampling ratio of 2 from fully sampled 

non‐Cartesian acquisitions) in the central region of size 60∆𝑘 × 60∆𝑘 and 72∆𝑘 × 

72 ∆𝑘  are used for R = 6 and R = 12, respectively, to obtain an 8‐times 

overdetermined linear system for calculation of the RIKs. For k‐space 

reconstruction, each RIK was used to reconstruct 2 samples angularly positioned 

between the 2 acquired projections, and 4 samples radially, as used in TT‐

GRAPPA. Specifically for the data used, the corresponding number of RIKs is 

180*288/8 = 6,480 at R = 6 and 198*288/8 = 7,128 at R = 12 (R being the 

acceleration rate), respectively, where 180 and 198 denote the number of missing 

radial projections at R = 6 and 

R = 12, respectively. For each reconstructed image, both the difference image and 

the normalized RMS error were computed with respect to the gridding 

reconstruction of the fully sampled acquisition (the reference image). G‐factor 

maps were calculated using the pseudo‐replica method159 with 5000 iterations for 

CG-SENSE, TT-GRAPPA, and SING.  
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3.3. Results 

3.3.1. Effect of inclusion of central ACS region on calibration 

Figure 3 shows 2 sets of reconstructed images corresponding to 2 SING 

calibrations that included and excluded the central ACS region in the numerical 

simulation and an in vivo data set.  

 

Figure 3: Reconstructed images from SING that include and exclude central ACS 

data points in numerical simulations (top half) and a cine data set (bottom half) at 

R = 6 and R = 12. The difference image corresponding to each reconstructed 

image is shown on the right side of the reconstructed images in the same row. 
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The radius γ of the excluded central circular ACS region was empirically set to 𝛾= 

4 after validating the reconstructed images corresponding to different values of 𝛾 

of 2, 4, 8, 12, 16. With the inclusion of these central ACS data points in SING 

calibration, the reconstructed images showed blurring and streaking artifacts at R 

= 6 and R = 12. By excluding these central ACS data in SING calibration, the 

reconstructed images demonstrated no visually noticeable blurring or streaking 

artifacts. For the rest of the SING reconstructions, the central ACS points were 

excluded from the calibration of each RIK. 

 

3.3.2. Effect of regularization on calibration 

Figures 4 and 5 demonstrate the effect of the regularized SING calibration on 

image reconstructions in numerical simulations and cine imaging, respectively. 

The signal‐based regularization offered visually improved noise performance over 

the unregularized calibration at R of 6 and 12. At R=6, the signal‐based and 

Tikhonov regularization provided visually similar image sharpness and noise 

performance. At R = 12, the signal‐based regularization offered visually sharper 

images over Tikhonov regularization. 
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Figure 4: The SING reconstructed images in numerical simulations using 

unregularized (top row), Tikhonov regularized (middle row), and local k‐space 

regularized (bottom row) RIK calibrations at R of 6 and 12. The difference image 

corresponding to each reconstructed image is shown at the right side of the 

reconstructed images in the same row, together with the normalized RMS error 

(NRMSE) value in the bottom‐right side of each difference image. 
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Figure 5: The SING reconstructed images in cine imaging using unregularized (top 

row), Tikhonov regularized (middle row), and local k‐space regularized (bottom 

row) RIK calibrations at R of 6 and 12. The difference image corresponding to each 

reconstructed image is shown at the right side of the reconstructed images in the 

same row, together with the NRMSE value in the bottom‐right side of each 

difference image. 

 

3.3.3. Reconstruction of undersampled acquisitions  

Figure 6 shows the results of the numerical simulations with the reconstructions 

using CG‐SENSE, TT‐GRAPPA, and SING at R = 6 and R = 12. For R = 6, no 

visual difference was observed between the TT‐GRAPPA and SING reconstructed 

images, while blurring artifacts were observed in the CG‐SENSE image. For R = 
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12, TT‐GRAPPA and SING images were visually similar, whereas the CG‐SENSE 

image showed more blurring and undersampling artifacts. 

 

Figure 6: Image reconstructions of radially undersampled data using Tikhonov 

regularized conjugate‐gradient SENSE (CG‐SENSE; top row), through‐time 

GRAPPA (TT‐GRAPPA; middle row), and SING (bottom row) at R of 6 and 12. 

The difference image corresponding to each reconstructed image is shown at the 

right side of the reconstructed images in the same row, together with the NRMSE 

value in the bottom‐right side of each difference image. 

 

Figure 7 shows the reconstruction results from a cine data set using CG‐SENSE, 

TT‐GRAPPA, and SING at R of 6 and 12. There was no visual difference among 
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TT‐GRAPPA, SING, and the reference image at R = 6, whereas CG‐SENSE 

resulted in streaking artifacts. At R = 12, there were no visually noticeable blurred 

or streaking artifacts in TT‐GRAPPA and SING images, whereas CG‐SENSE 

yielded to blurred and streaking artifacts. For the other cine data set in which 

similar results were obtained, normalized RMS error values at R of 6 and 12 were 

8.9% and15.3% for CG‐SENSE, 8.2% and 10.5% for TT‐GRAPPA, and 8.5% and 

10.9% for SING.  

 

Figure 7: Image reconstructions of the accelerated data in a cine data set using 

CG‐SENSE (top row), TT‐GRAPPA (middle row), and SING (bottom row) at R = 6 

and R = 12. The difference image corresponding to each reconstructed image is 

shown at the right side of the reconstructed images in the same row, together with 

the NRMSE value in the bottom‐right side of each difference image. 
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Figure 8 depicts the temporal intensity profile across the indicated line for CG‐

SENSE, TT‐GRAPPA, and SING. The profiles showed no temporal blurring at R = 

6 for TT‐GRAPPA and SING, consistent with the absence of any temporal 

constraints during reconstruction. For CG‐SENSE, the profile at R = 6 showed the 

undersampling artifacts. For R = 12, noise amplifications were observed in the 

profiles of TT‐GRAPPA and SING, whereas the profile of CG‐SENSE showed 

more undersampling artifacts. 
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Figure 8: Temporal intensity profiles from 20 cardiac frames across 70 voxels 

indicated by the yellow line using CG‐SENSE (top row), TT‐GRAPPA (middle row), 

and SING (bottom row) at R = 6 and R = 12. 

 

Figure 9 shows g‐factor maps of CG‐SENSE, TT‐GRAPPA, and SING at R = 6 

and R = 12. For R = 6 and R = 12, TT‐GRAPPA and SING offered similar g‐factor 

over the heart, whereas CG‐SENSE yielded higher g‐factor than either method. 

The g‐factor maps of TT‐GRAPPA and SING were in agreement with the 

reconstructed images shown in Figure 6, in which either method resulted in similar 

noisy appearances and normalized RMS error values at R of 6 and 12.  
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Figure 9: The g‐factor maps for CG‐SENSE, TT‐GRAPPA, and SING 

reconstructions in the central dashed region at R = 6 and R = 12. The average g‐

factor value in the same region of each reconstruction was calculated and shown 

in the bottom‐right side of each corresponding g‐factor map. 

 

3.4. Discussion 

SING enables successful reconstruction of accelerated non-Cartesian acquisitions 

using self-calibrated RIKs for shortened total imaging time. The reconstruction 

quality has been shown to be similar to TT-GRAPPA. When using SING, it is 

sufficient to have a central Nyquist‐sampled k‐space region to subsequently 

determine RIKs for undersampled regions of k‐space, where calibration data have 

not been obtained—similar to how Cartesian GRAPPA is typically used with 

variable density sampling—and benefits dynamic and volumetric imaging. The 

SING technique requires an additional resampling relative to TT‐GRAPPA, but 

both the gridding and the resampling to the patterns for each RIK can be performed 

efficiently, with the same computational complexity as TT‐GRAPPA. While the 

convolution‐based resampling of ACS data ignores the effect of convolution 

function, such effect introduces consistent intensity across channels and thus does 

not have effect on the determination of interpolation kernels.  

The exclusion of ACS data at k‐space center was found to improve SING 

reconstructions and was one way to match the quality of the TT‐GRAPPA 
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reconstruction. Previous work on Cartesian GRAPPA160, 161 found that “outliers,” 

which have large residuals in a linear calibration system, were from ACS signals 

at the central k‐space region, and the exclusion of central ACS data could improve 

GRAPPA reconstructions. For SING, the k‐space signal intensity is scaled in the 

proposed regularization approach such that it should be matched in an l2 sense. 

The l2 estimate is a patch measure, and there can still be large variations of the 

calibration signal in a patch. 

Apart from the self‐calibration aspect of SING, the proposed local k‐space 

regularization, which adapts to local signal information of the neighboring k‐space 

undersampled data points in the local region of each RIK, is also an important 

component for improved reconstruction quality. This regularization outperforms 

Tikhonov regularization with improved sharpness in image reconstruction. By 

using local SNR levels, the regularization parameters corresponding to each RIK 

are directly calculated with a scalar division and a scalar multiplication to eliminate 

alternative computationally intense parameter tuning processes for each RIK. As 

discussed earlier, such ideas are inherent to TT‐GRAPPA, in which the local SNR 

for the calibration data is the same as the local SNR for the dynamic series. In 

SING, similar regularization can be maintained for different dynamics, and across 

different relaxations. The k‐space shifting from Luo et al149 applies equivalent 

weighting on the signal and noise portion in the measured ACS data, offering an 

equivalent form of unregularized SING RIK calibration, which was shown to suffer 

from noise amplification at R = 6 and R = 12.   
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3D imaging has advantages, such as wider spatial coverage, over 2D imaging. 

There has been various studies on extending 2D k-space reconstruction to 3D data, 

including TT-GRAPPA144, 162 and Arunachalam et al163, expanding its applicability 

to 3D imaging studies. In 3D k-space, one extra dimension, relative to 2D, is 

hypothesized to provide additional signal information. 2D-SING can be a potential 

candidacy for 3D k-space reconstructions of complicated trajectories including 

kooshball164, thanks to its flexibility on arbitrary kernel geometries. In addition, the 

primary benefit of SING is that its self-calibration strategy can address the 

challenges of obtaining RIKs with TT-GRAPPA, where lengthy scanning of ACS 

data is required. The details of extension of 2D-SING to 3D k-space will be 

provided in the next chapter.  
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Chapter 4  

3D-SING 

4.1. Introduction 

The reconstructions of accelerated 3D radial (kooshball) trajectories include image 

based and k-space based methods. CS is a commonly used image-based 

reconstruction which combines inherent k-space sampling and sparsity of image 

in an appropriate transform domain to reconstruct image form the accelerated 

acquisitions. As an alternative k-space reconstruction, radial GRAPPA first 

extended GRAPPA to non-Cartesian imaging and proposed angular-

invariant/readout-variant interpolation kernels to reconstruct undersampled radial 

data23. The region-specific interpolation kernels (RIKs), later proposed in through-

time radial GRAPPA (TT-GRAPPA24), significantly improved the reconstruction 

quality of radial undersampling, but necessitated additional calibration scans. As a 

result, obtaining RIKs for 3D TT-GRAPPA is challenging due to the long calibration 

scanning, thereby limiting in general the use of k-space methods for 3D non-

Cartesian imaging. Our early method AIM proposed to generate ACS data without 

additional calibration scans to self-calibrate RIKs with potential scalability to 3D 

data. Later, Luo et al149 has demonstrated self-calibrated a non-Cartesian 2D/3D 

GRAPPA method by calibrating different RIKs on a central Cartesian ACS region 

without additional calibration data,  and the reconstruction quality was shown to be 
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similar to Conjugate Gradient SENSE (CG-SENSE) on stack-of-stars and 2D radial 

datasets.  

This chapter introduces 3D-SING for kooshball imaging to address the challenges 

of calibrating RIKs when additional ACS data is not available, as well as to improve 

reconstruction quality. The 3D-SING reconstruction is evaluated on 3D coronary 

MRI and compared to gridding, CG-SENSE, and CS reconstruction methods.    

 

4.2. Method 

4.2.1. Self-calibration of 3D RIKs for kooshball acquisitions 

3D-SING interpolation using a RIK in a local k-space region for multi-channel 

acquisitions is represented as: 

 

s𝑗(𝐤) = ∑ ∑ w(𝑖, 𝑗, 𝐤, ∆𝐤) ⋅ s𝑖(𝐤 + Δ𝐤 ),

∆𝐤∈Ω

𝑁𝑐

𝑖=1

 

 

(6) 

where s𝑗(𝐤) represents a missing point at the k-space coordinate denoted by the 

vector 𝐤 in 𝑗th channel (𝑗=1,2,..𝑁𝑐, and 𝑁𝑐 is the number of channels), s𝑖(𝐤 + Δ𝐤) 

denotes a neighboring acquired point in 𝑖th channel at the k-space coordinate 

represented by the displacement vector Δ𝐤 with respect to the missing location 𝐤. 

The set Ω  includes the displacement vectors, with respect to the missing 

coordinate 𝐤 for surrounding acquired points. The RIK, w(𝑖, 𝑗, 𝐤, ∆𝐤)  is unique for 

the location of 𝐤 and ∆𝐤 ∈ Ω. 
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3D-SING’s flow chart of the self-calibration of RIKs is illustrated in Figure 10.  

 

Figure 10: The SING schematic of calibrating a RIK using the undersampled radial 

data (A). The ACS data on Cartesian grid is generated from the interpolation of the 

undersampled radial data (B). Repeated sampling patterns with a distinct RIK 

geometry are synthesized from the interpolation of the ACS data (D). Those 

patterns form a linear calibration system which is then solved via regularized least-

squares to obtain the coefficients of the RIK. The calibration of different RIK is 

performed by repeating (C)-(E).    

 

The acquired k-space that is used for calibration is linearly interpolated to a 3D 

Cartesian grid whose central part, a Nyquist rate sampled ACS region, is then used 

to calibrate different RIKs. The patterns of acquired and missing locations, which 

are denoted by 𝐤 + Δ𝐤 and 𝐤 for ∆𝐤 ∈ Ω respectively, are generated repeatedly in 

the ACS region via linear interpolation of the ACS data and used to calibrate the 

RIK. The estimated RIK is convolved with the surrounding undersampled data to 
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interpolate missing measurements in the region of undersampled k-space. 

Different RIKs are obtained for distinct patterns until the missing k-space is 

reconstructed. 

The ACS data (Figure 10B) are computationally generated via linear interpolation 

of the undersampled kooshball data (Figure 9A) in each coil. For a RIK, its 

geometry (Figure 10C) is determined by the k-space coordinates of the missing 

point (referred to as target point) and its neighboring sampled points (referred to 

as source points). Once the RIK geometry is specified, the shift-invariance property 

of convolution is utilized to generate the repeated patterns of the RIK (Figure 10D) 

via convolving the ACS data Ai(𝐤) and the Kaiser-Bessel kernel. These repeated 

patterns establish an overdetermined linear system with GRAPPA source and 

target formulation for calculating the RIK. The overdetermined level of the system 

can be characterized by the ratio 𝑣 of the number of the synthesized repeated 

patterns 𝑁𝑝 and the number of coefficients of the RIK 𝑁𝑅𝐼𝐾 = 𝑁𝑐 ⋅ |Ω|, that is 𝑣 =

𝑁𝑝

𝑁𝑅𝐼𝐾
, where |Ω| is the cardinality of Ω. For the kooshball acquisitions (the total 

number of projections is denoted by 𝑁𝑝𝑟𝑜𝑗) all repeated patterns inside the Nyquist 

radius, 𝑟𝑁𝑦𝑞 = √𝑁𝑝𝑟𝑜𝑗 2𝜋⁄ , and not inside a central sphere with radius 4∆𝑘 are used. 

Each of the repeated patterns is shifted relative to one another along three 

directions of the k-space by 2∆k, corresponding to the width of Kaiser-Bessel 

resampling window. The linear system is solved via regularized least-squares 

where regularization matrices are added to the calibration system to match the 

SNR of the ACS data and the undersampled data. Similar to our previous 2D-

SING165, the RIK coefficients are obtained from 
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 min
𝐰

‖(𝐛 + ∆𝐛) − (𝐆 + ∆𝐆) ∙ 𝐰‖2
2, (7) 

where 𝐛 is a vector of target points of size 𝑀×1, 𝐆 is a matrix of source points of 

size 𝑀×𝑁𝑅𝐼𝐾, 𝐰 is a vector with size 𝑁𝑅𝐼𝐾×1, and the regularization terms ∆𝐛 and 

∆𝐆  are complex valued noise matrices with matched dimensions. The 

regularization matrices ∆𝐛  and ∆𝐆 are calculated as ∆𝐛 = 𝐃 ∙ 𝛘  and ∆𝐆 = 𝐃 ∙ 𝚾, 

respectively, where 𝐃 is a diagonal matrix with d𝑚 the 𝑚th diagonal entry and the 

elements of 𝛘 and 𝚾 complex valued standard normal distributed. The  𝑚th entry 

in 𝐃  is calculated as d𝑚 = 𝜎 ∙ a𝑚 𝑢⁄ , where 𝜎  is the standard deviation of the 

thermal noise, a𝑚 is the l2 norm of the 𝑚th row of the matrix 𝐆, and 𝑢 is the l2 norm 

of the undersampled points where the RIK is applied. 

A missing k-space point is reconstructed using Eq. (6) with the calculated RIK. The 

calibration and application of other RIKs are repeated until all missing samples are 

reconstructed. The reconstructed k-space data is then transformed to image space 

via gridding to obtain reconstructed image of each channel. Each coil image is 

weighted by the conjugate of the coil map and summed across the coil dimension 

to obtain the final reconstructed image166, 167. 

 

4.2.2. Implementation details of 3D RIKs 

𝑁𝑅𝐼𝐾 = 𝑁𝑐 ⋅ |Ω| determines the size of a RIK, where|Ω| = n𝑣×n𝑟 for the kooshball 

acquisition with n𝑣 and n𝑟 denoting the source projections and the points along 

projections used. The latter are selected as the ±
n𝑟−1

2
 readout samples of the 
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source projections. For the kooshball acquisition, the kernel size of each RIK 4×5 

(n𝑣 × n𝑟) is used. 

Locally shift-invariant RIKs along the readout direction, due to similar sampling 

patterns in the neighborhood of each missing k-space point, enables the reduction 

of the number of different RIKs needed for the full k-space reconstruction. In this 

paper, similar to TT-GRAPPA and to improve computational efficiency, a single 

RIK is used as a shift-invariant interpolation kernel for the interpolations of 8 

neighboring readout samples (±2Δ𝐤) on the same projection.  

 

4.2.3. Whole-heart coronary MRI datasets 

3D whole-heart coronary MRI data were acquired at Lausanne University Hospital, 

Lausanne, Switzerland. All participants provided written informed consent and the 

study was approved by the local institutional review board. Nine participants were 

scanned on a 1.5T clinical scanner (MAGNETOM Aera, Siemens Healthcare, 

Erlangen, Germany). The acquisition protocol was a prototype 3D radial ECG 

triggered T2-prepared, fat-saturated, navigator-gated bSSFP imaging sequence 

with TR/TE=3.0/1.56ms, flip angle=115°, voxel size=(1.15mm)3, base matrix=3843, 

FOV=(440mm)3, with 2-fold readout oversampling. 12320 radial projections (sub-

Nyquist rate of 5) were acquired in 385 heartbeats with the spiral phyllotaxis 

pattern168 using an imaging window of 96ms per heartbeat or equivalently 32 

projections per interleaf. A diaphragmatic respiratory navigator was used for gating 
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the respiratory motion with a 5mm gating window169. The number of coil elements 

used for signal reception were 26, 30, 20 and 30 for the nine subjects respectively. 

 

4.2.4. Reconstruction experiments  

3D kooshball coronary MRI data were retrospectively uniformly undersampled 

between interleaves for four acceleration rates (R) of 3, 4, 5, 6. The evaluated 

reconstruction methods include 3D-SING, gridding, CG-SENSE, and CS. 

The implementation of gridding reconstruction followed Jackson et al169. The 

channel combination was implemented as the summation of coil images weighted 

by the conjugate of the coil map across the coil dimension to compute the final 

gridding image166, 167. The CG-SENSE reconstruction was implemented as in 

Pruessmann et al22 for iteratively solving the optimization problem min
𝐱

‖𝐲 − 𝐄𝐱‖2
2 

using conjugate gradient with preconditioner. The stopping criterion was 

implemented to minimize the relative l2 norm difference between two subsequent 

iteration images to less than 1%. The final image was empirically selected after the 

visual inspections on the last ten images.  

The CS reconstruction used the objective function  

 min
𝐱

‖𝐲 − 𝐄𝐱‖2
2 + 𝜆Ψ(𝐱), (8) 

where 𝐲 denotes the undersampled data in all channels, 𝐄 is the SENSE encoding 

matrix, 𝐱 is the reconstructed image, and Ψ is the 3D spatial Total Variation (TV)9. 

This was solved using alternating direction method of multipliers (ADMM)96. The 
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TV parameter 𝜆 was empirically set to 1/50 of the maximum absolute value of the 

gridding reconstruction of the undersampled data, and the penalty parameter in 

the ADMM procedure was set to 0.596. The details of the empirical selection of 

these two CS parameters are provided in the Appendix A. The stopping criterion 

using the relative l2 norm difference between two subsequent iteration images was 

set to be smaller than 0.01.  

  

4.2.5. Image analysis 

Quantitative image assessments of the retrospectively undersampled acquisitions 

are performed using the Normalized Root Mean Square Error (NRMSE) and 

Structural Similarity index170 (SSIM) with respect to the reference image, defined 

as the gridding reconstruction of all available measurements. The NRMSE and 

SSIM are computed over a three-dimensional volume-of-interest that covers the 

whole heart. 

Additionally, automated reference-free image quality assessment was performed 

with a recently reported deep convolutional neural network for image quality 

assessment (IQ-DCNN)171. The IQ-DCNN was already trained to mimic human 

expert visual assessment of 3D radial whole-heart coronary MR images. The 

different methods and acceleration rates were anonymized and randomized for the 

blinded assessment of reconstructions quality. For each reconstruction and 

acceleration rate, the IQ-DCNN provided an image quality score in the continuous 

range 0 (nondiagnostic) to 4 (excellent diagnostic value).  
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4.3. Results 

Figure 11 shows the cropped axial slices from a 3D coronary MRI dataset 

reconstructed using gridding, CG-SENSE, CS and 3D-SING reconstructions 

across the retrospective acceleration rates of 3, 4, 5, and 6. The gridding 

reconstruction of all measurements is used as the reference image. The gridding 

reconstructions at higher acceleration rates suffer from streaking artifacts due to 

excessive undersampling, which lead to degradation of image quality as the 

acceleration rate is increased. CG-SENSE has visible noise amplification, which 

appears stronger as the rate increases. For CS, the noise amplification across all 

acceleration rates is less prominent than CG-SENSE, but blurring artifacts are 

observed relative to gridding and CG-SENSE. Compared with CS, 3D-SING has 

lower visible blurring across all rates. Additionally, 3D-SING has less visible noise 

amplification than CG-SENSE, and less pronounced undersampling artifacts than 

gridding at all rates. The visual degradation of image quality for higher acceleration 

rates with respect to the reference image is noticeable across all methods, though 

it is less severe for 3D-SING. 
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Figure 11: The cropped axial slices from a 3D coronary MRI dataset reconstructed 

with gridding, CG-SENSE, CS, and 3D-SING at retrospective rates of 3, 4, 5, and 

6. The reference image, gridding reconstruction of all projections, is shown in the 

left column for the gridded FOV of (440mm)3 from the data acquired with a nominal 

(220mm)3  FOV. The cropped region has a FOV of 80×103mm2. LAD=Left Anterior 

Descending artery. 

 

Figure 12 shows the reformatted coronal images using the SoapBubble172 tool, 

from a different subject, reconstructed with gridding, CG-SENSE, CS, and 3D-

SING. For gridding, the RCA and LCX are visible at rates 3, 4 and 5, but with 

artifacts. At rate 6, a shorter LCX is observed in gridding. For CG-SENSE, the RCA 

and LCX are also visible at rates of 3, 4, and 5, but degraded relative to the 
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reference due to noise amplification. At rate 6, a shorter LCX is seen in CG-SENSE. 

Likewise, for CS, the RCA and LCX are visible at all rates, but has blurring artifacts. 

3D-SING provides improved visualization of the RCA and LCX across all rates. 

 

Figure 12: The reformatted coronal images in the cropped region, of a 3D coronary 

MRI dataset from a different subject, reconstructed with Gridding, CG-SENSE, CS 

and 3D-SING at retrospective rates 3, 4, 5, and 6. The reference, which is the 
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reformatted gridding reconstruction of all the acquired projections, is shown in the 

left column. RCA= right coronary artery, LCX= left circumflex. 

 

The NRMSE and SSIM values across all subjects are shown in Figure 13. 

Compared to other methods, 3D-SING has consistently the lowest mean value of 

NRMSE and the highest mean value of SSIM across the rates of 3, 4, 5, and 6. At 

rate 3, CG-SENSE and CS have similar quantitative quality evaluated with NRMSE 

and SSIM, while 3D-SING has improved quantitative performance.  

 

Figure 13: The NRMSE and SSIM, from nine subjects, are shown as 

mean±standard deviation for each of the reconstruction methods at four different 

accelerations. 

 

Figure 14 shows the image quality assessment (IQA) scores across all subjects 

computed using the reference-free deep learning method for different methods at 

the four acceleration rates. 3D-SING has consistently highest mean value of IQA 
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score compared to other methods at all rates, while they are all lower than the 

mean score of the reference image. At rate 3, CG-SENSE and CS have similar 

mean values of IQA scores, while 3D-SING has higher mean score than the two 

methods. For rates larger than 3, the spread in score between CG-SENSE and CS 

increases with CS performing better, in parallel the spread in scores between 3D-

SING and CS increase with 3D-SING performing better, and 3D-SING for R=6 

being similar to CS with R=3 for the IQA score. 

 

Figure 14: The imaging quality assessment scores, shown as mean±standard 

deviation, are calculated from nine subjects using a reference-free deep learning 

method for different methods at rates 3, 4, 5, and 6. The score of the reference 

image is included. 

 

4.4. Discussion  

Chapter 3 introduced 3D-SING, a non-iterative non-Cartesian parallel imaging 

technique, for 3D k-space reconstruction and demonstrated its efficacy on 
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kooshball coronary MRI. RIKs of 3D-SING were self-calibrated form 

undersampled data without additional acquisitions of multiple calibration scans, 

thereby reducing total imaging time. The use of the self-calibrated RIKs in 3D-

SING enables successful reconstructions of accelerated kooshball acquisitions, 

as evidenced by both its quantitative and qualitative evaluations with respect to 

gridding, CG-SENSE, and CS. 

The RIKs in TT-GRAPPA, calculated from multiple calibration acquisitions, have 

been shown to provide superior reconstruction quality compared with CG-SENSE 

in 2D radial imaging. The reconstruction quality of TT-GRAPPA was matched by 

2D-SING using adaptive regularization for the calibration of each RIK. The 

regularization in 3D-SING, by adding ∆𝐛 and 𝐆 in Equation (7), generates a RIK 

which enables simultaneous balance between the contributions of the spatially-

variant signal and the spatially-invariant noise in the k-space interpolation. No 

tuning of parameter is required in the regularization of 3D-SING. The regularization 

matrices are additive to the measurements, thereby leading to minimal effect on 

the computation time for calculating the RIKs. 

The Nyquist sampled ACS data, which is used for the estimation of sensitivity 

profiles in CG-SENSE and CS and the calibration of RIKs in 3D-SING, is reduced 

as the acceleration rate R is increased. A separate fully sampled low-resolution 

acquisition enables the estimation of the sensitivity profiles for CG-SENSE and CS, 

and similarly can enable the calibration of RIKs on 2D/3D non-Cartesian imaging. 

Using a separate acquisition to increase feasible acceleration rates with 3D-SING 

warrants further investigation.  
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Vessel sharpness is a referenceless quality measure for coronary MRI132-134, 173-

179. However, not all reconstruction methods enable clear visualization of the 

coronary arteries at high acceleration rates due to noise and other artifacts, 

especially in the middle and distal regions. Thus, it is difficult to track the vessels 

with the sharpness measurement algorithm. Instead, we used an AI-based IQA 

algorithm to evaluate different reconstruction methods. This method previously 

demonstrated utility in quality comparisons between images at different iterations 

in a CS algorithm. It offers a relative ranking between the performances of different 

reconstruction methods, which was consistent with the visibility of artifacts. 

The continuous resampling of ACS data in SING enables the estimation of arbitrary 

shape of kernel geometry, leading to potential feasibility of k-space based 

interpolation for the sophisticated three-dimensional sampling trajectories such as 

3D shells180, 3D cones181, spherical stack of spirals182, and 3D distributed spirals183, 

which warrant further investigation. In addition, 3D-SING could be applied to free-

breathing motion-corrected whole-heart MRA. A recently developed SIMBA 

technique184, which aims to find a motion-consistent subset, could be combined 

with 3D-SING to reconstruct a full motion-resolved k-space.   

2D dynamic cine imaging and 3D anatomical coronary whole-heart imaging have 

been investigated for the applicability of the 2D-/3D-SING method. While the k-

space reconstructions for 3D imaging has been shown on perfusion144 and 

angiography142 studies, its applicability on DCE prostate imaging has not been 

demonstrated yet. The next chapter will show the efficacy of 3D-SING on DCE 

prostate imaging. 
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Chapter 5  

Dynamic Contrast Enhanced (DCE)-

MRI imaging 

5.1. Introduction 

The k-space reconstruction methods (GRAPPA) for non-Cartesian data are suited 

for various MRI imaging applications24, 26-28. Cardiac MRI is a primary application 

that SING is evaluated with in chapter 3 and 4. In this chapter, SING is assessed 

using DCE-MRI data.    

T1-weighted dynamic contrast enhanced (DCE)-MRI is a valuable and still evolving 

technique for mapping of the spatial distribution of body vascular parameters such 

as perfusion, permeability, and blood volume186, 187. Series of T1-weighted images 

are acquired before, during, and after a bolus injection of a gadolinium-based 

contrast agent (CA). The changes in the CA concentration are derived from the 

changes in the signal intensity and then regressed to quantify pharmacokinetic 

parameters79, 188. DCE-MRI has been used for quantitative assessment of brain 

tumors73, 189, 190, multiple sclerosis lesions191, Alzheimer’s disease192, and other 

neurological disorders with blood-brain barrier disruption. DCE-MRI is also utilized 

in clinical oncologic imaging for the assessment of breast193 and prostate cancer194.  
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While its usefulness has been demonstrated, the conventional clinical DCE-MRI is 

limited by low spatial/temporal resolution and insufficient spatial coverage. Low 

temporal resolution also results in poor reproducibility of pharmacokinetic 

parameters195, 196. A typical clinical DCE scanning provides 2-30s temporal 

resolution for the detection of signal intensity changes which result from contrast 

agent perfusion186. As a result, the in-plane voxel dimensions usually exceed 

1mm2 and the thickness of slice is often greater than 5 mm thick. Such spatial 

resolution is often inadequate to cover the known pathology.   

CS theory has inspired a wide array of new data acquisition and constrained 

reconstruction strategies that aim to reconstruct images from sparsely 

undersampled data8. As mentioned earlier in the thesis, CS is well suited for 

dynamic imaging, in which redundancy of information can be exploited in the 

temporal dimension, using dictionary learning197, 198 or high-pass filtering88, 90. The 

combination of parallel imaging and CS has been shown to greatly accelerate the 

data acquisition, while achieving significantly higher spatiotemporal resolution and 

large spatial coverage with only slight image quality penalties29, 97, 158. Several 

groups have also utilized undersampling and constrained reconstruction methods 

to accelerate contrast-enhanced magnetic resonance angiography (MRA). CE-

MRA is particularly amendable to this reconstruction strategy because subtraction 

angiograms are sparse in the image domain. High spatiotemporal resolution and 

broad coverage are achieved by exploiting high image contrast and a high degree 

of image domain sparsity. Barger et al.199 used undersampled 3D projection 

reconstruction trajectories and a view-sharing scheme to achieve isotropic 



 

69 
 

resolution and 4s temporal resolution. Haider et al.200 used a Cartesian radial 

hybrid technique in combination with 2D SENSE, partial Fourier, and view-sharing 

to achieve 1-2 mm isotropic resolution and subsecond temporal resolution.   

The k-space based reconstruction, alternative to CS, can also accelerate scans in 

dynamic imaging. A fully-sampled separate ACS dataset is required to estimate 

interpolation kernels for reconstruction. When a time-interleave sampling scheme, 

adjacent time frames can be merged to build a fully-sampled ACS dataset, while 

eliminating the need for separate ACS data. Breuer et al.84 proposed TGRAPPA 

method to calibrate the kernel weights using only the acquired data in dynamic 

cardiac imaging with time interleaved sampling. Arunachalam et al.163 extended 

the time-interleave sampling scheme to radial trajectories for radial GRAPPA 

reconstruction. The angular-invariant/readout-variant interpolation kernels were 

used. Seiberlich et al.24 later demonstrated that RIKs outperform such kernels in 

reconstruction quality. In a subsequent study142, the authors suggested the use of 

RIKs on 3D MR angiography. However, additional ACS data is required to calibrate 

RIKs, thereby limiting its applications when separate acquisitions of ACS data are 

not available.   

The self-calibration approach for the calibration of RIKs can be exploited to 

address the challenge of k-space reconstruction when additional ACS data are not 

acquired. Luo et al.149 has shown their use on reconstruction of 3D stack-of-stars 

trajectories for static imaging application. The reconstruction using self-calibrated 

RIKs on stack-of-stars trajectories for DCE imaging, which to our knowledge has 

not been demonstrated, is the main topic in this chapter.  
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5.2. Methods 

5.2.1. Self-calibration of RIKs on stack-of-stars sampling 

The self-calibration of RIKs in SING used Cartesian ACS data to calibrate each 

RIK, whose flowchart was illustrated in Figure 15.  

   

Figure 15: The flowchart of resampling repeated RIK patterns.   

 

First, the dynamic data, whose sampling patterns were interleaved stack-of-stars 

trajectories through time, were combined into a single fully-sampled 3D composite 

volumetric dataset. Subsequently, the Kaiser-Bessel convolution was performed 

on the composite dataset and resampled on a Cartesian grid to generate 3D ACS 

data. The ACS region, which was empirically to be three central kz planes, is then 
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used to calibrate RIKs. The Cartesian points in the ACS region were convolved 

with a Kaiser-Bessel window with width ∆𝑘  (∆𝑘 : Nyquist interval) to resample 

repeated patterns of each RIK. These RIK patterns build a linear overdetermined 

system and solving the system via regularized least-squares obtains the kernel 

weights of the RIK.  

To regularize the calibration of RIKs for stack-of-stars sampling, noise matrices 

are added to both target vector and source matrix in the linear system, similar to 

the RIK calibrations for 2D and 3D radial imaging. The added noise matrices 

enabled matched SNR between ACS data and undersampled data.    

 

5.2.2. Implementation details of RIKs on stack-of-stars sampling 

One important RIK feature, which determines the quality of reconstruction, is its 

size. The kernel size is 𝑛𝑣 × 𝑛𝑟, where 𝑛𝑣 and 𝑛𝑟 represent the number of source 

projections and readouts near each missing point. The 𝑛𝑣 source projections are 

selected as the nearest ones to each missing spoke, and the 𝑛𝑟 source readouts 

are selected as ±(𝑛𝑟 − 1) 2⁄  readout samples relative to each missing readout. For 

the reconstruction of stack-of-stars data, the kernel size of each RIK 4×5 (n𝑣 × n𝑟) 

is used. 

Similar sampling patterns in the neighborhood of each missing k-space point lead 

to local shift-invariance of RIKs along the readout direction, thereby enabling the 

reduction of the number of different RIKs for full k-space reconstruction. A single 

RIK is used as a shift-invariant kernel along the readout direction in order to 
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improve computation efficiency. In the DCE study, one RIK is utilized for the 

reconstructions of 8 adjacent readout samples across ±2∆𝑘 on the same missing 

spoke. 

 

5.2.3. DCE prostate datasets 

DCE imaging was performed on a Siemens 7T Magnetome scanner equipped with 

a 16-channel flexible body transceiver array coil using a custom UTE sequence. 

The prostate of a human subject was the target for this DCE study. The temporal 

resolution is 6s, and the contrast delivered was 0.2 mmol/kg gadobutrol at a rate 

of 2ml/s. The imaging parameters were: FOV 300×300×96mm3, spatial resolution 

1×1×3mm3, TE/TR=0.42/3ms, scan time 5 minutes. A 2D Halton sequence was 

mapped onto the surface of a cylindrical k-space by 𝑘𝑥𝑦(𝑡) = 𝑘𝑥(𝑡) + 𝑖𝑘𝑦(𝑡) =

𝛾 ∫ 𝐺𝑟𝑎𝑑(𝑡)𝑒𝑖2𝜋𝛼𝑑𝑡  and 𝑘𝑧(𝑡) = 𝑘𝑧
𝑚𝑎𝑥(2𝛽 − 1) . The in-plane k-space coordinates 

and the phase-encoding slices are represented by 𝑘𝑥𝑦(𝑡) and 𝑘𝑧(𝑡), respectively. 

The resultant 3D k-space trajectories are illustrated in Figure 16. Each set of 2048 

spokes, acquired during a period 6s of standard temporal resolution, corresponds 

to an effective acceleration rate of R=15.  
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Figure 16: The stack-of-stars sampling with a 2D Halton sequence.   

 

5.2.4. Reconstruction experiments 

A fully sampled composite dataset was generated by combining all 51 time frames. 

It was then gridded to a Cartesian ACS dataset, from which different RIKs were 

calibrated using the central three kz planes. SING reconstruction was compared to 

CS reconstruction which was implemented with the spatial and the temporal total 

variation constraints201, unregularized CG-SENSE22 and gridding reconstruction. 

 

5.3. Results  

Figure 17 shows the two selected zoomed regions from the central slice of gridding, 

CG-SENSE, CS and SING reconstructions at the selected time frame in the wash-

out phase. This time frame has 2048 spokes (R=15) which were acquired with 

standard 6s temporal resolution. The gridding reconstruction of 30720 spokes 

(R=1) acquired nearest to the selected time frame is used as the reference image. 
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Gridding image (R=15) shows streaking and blurring artifacts. CG-SENSE image 

has visually noticeable noise amplification at R=15. CS reconstruction is slightly 

blurred (red arrows) at R=15, while SING shows improved delineation of the 

tissues in the prostate with moderate noise amplification. For CS reconstruction 

the use of total variation (TV) in the spatial domain may reduce spatial noise while 

sacrificing spatial resolution. The TV regularization parameter was empirically 

selected, and the optimization of parameter may lead to improved sharpness in 

the CS reconstruction.  

 

Figure 17: A selected zoomed regions (yellow box) from the central slice of 

gridding, CG-SENSE (un-regularized), CS and SING reconstructions of 2048 
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spokes (R=15) acquired during the wash-out phase. The reference image (top-left) 

is gridding reconstruction of 30720 spokes (R=1).  

 

5.4. Discussion 

SING enables the k-space reconstruction of different parts of k-space using 

different interpolation kernels which has shown superior reconstruction than 

alternative kernels including angular-independent/readout-dependent kernels. The 

primary advantage of SING is that it eliminates the need for separate calibration 

scans, while preserving the reconstruction quality. In addition, SING enables the 

reconstruction of high-quality dynamic images without exploiting temporal 

constraints which require empirical determination of parameter (inappropriate 

selection of parameter can lead to temporal artifacts in reconstructed images of 

dynamic series). The SNR regularized calibration of RIKs stabilizes the signal 

contributions for the data reconstruction in the presence of noise. The 

reconstructions of signals with varying SNR at different k-space regions can be 

adapted, while also eliminating the need for selecting different regularization 

parameters.  
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 Chapter 6  

Conclusion 

6.1. Thesis Summary 

The main objective of this research was to address the challenges of calibrating 

RIKs and the scalability issues which are mainly due to lengthy scanning times. To 

address these issues, we developed a non-Cartesian k-space reconstruction 

method, referred to as SING, using self-calibrated RIKs for accelerated 2D and 3D 

non-Cartesian acquisitions. The results on 2D/3D non-Cartesian 

dynamic/anatomical imaging were provided in Chapters 3-5. 

In Chapter 3, 2D-SING was developed for accelerated 2D radial imaging, while 

aiming for similar reconstruction quality of TT-GRAPPA without the use of 

additional ACS data. The proposed local k-space regularization, which explicitly 

adds noise regularization, enabled successful reconstruction. This noise 

regularization was applied to emulate the inherent regularization effect of 

additional acquired ACS data in TT-GRAPPA. In the simulated and the 

experimental 2D cine datasets, SING has demonstrated reconstruction 

performance similar to TT-GRAPPA and superior to CG-SENSE.  

In Chapter 4, 2D-SING was extended to 3D-SING for the reconstruction of 

accelerated 3D radial (kooshball) imaging to address the challenge of applying TT-
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GRAPPA which is due to lengthy calibration scanning. The 3D extension involved 

direct scaling of local k-space regularization. Using whole-heart coronary MRI 

datasets, the results demonstrated the reconstruction efficacy of 3D-SING. When 

compared with CS, 3D-SING showed fewer visually blurring artifacts. In the 

comparisons with gridding and CG-SENSE, 3D-SING showed fewer streaking 

artifacts and noise amplifications.    

 

6.2. Limitations and future work 

One limitation of SING is that as the acceleration rate increases, the amount of 

ACS data decreases. The Nyquist radius, which determines the ACS region, is 

smaller as the acceleration is increased, leading to smaller set of ACS data and 

degrading reconstruction quality. One possible solution to this issue is to acquire 

separate ACS data, and thus the amount of calibration is not reduced as the 

acceleration rate increases. Furthermore, the number of subjects for testing the 

method in the thesis is not large enough. In a typical clinical study, the method 

efficacy should be investigated using sufficient number of testing subjects with 

distinct profiles, such as age, and physical conditions.    

A potential investigation in future work can be performed on the SING efficacy 

when Cartesian ACS data is acquired rather than interpolated from undersampled 

data. The acquisition of ACS data avoids the use of Kaiser-Bessel convolution, 

thereby reducing errors in the interpolation of ACS data and a potential 

improvement of SING reconstruction. Moreover, while missing data points on non-
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Cartesian grid were reconstructed and then gridded to Cartesian grid in current 

SING reconstruction, missing data points on Cartesian grid can be directly 

reconstructed and the gridding reconstruction can be avoided. By avoiding the 

gridding reconstruction, the use of density correction function that generates 

reconstruction errors can be removed, thereby potentially improving quality of 

image reconstructions.  
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Appendix A 

Tuning CS parameters 

For the whole-heart coronary MRI experiment in Chapter 4, the CS reconstruction 

was implemented using ADMM, requiring tuning of two parameters. One is the 

parameter for TV regularization in the proximal operation, which is denoted by 𝜆 in 

Eq. 8. The other parameter is a penalty parameter for data fidelity, which is denoted 

by 𝛽. After the visual inspection of different CS images corresponding to different 

choices of these two parameters, along with the corresponding NRMSE and SSIM 

quantitative metrics with respect the reference, the appropriate selection of 𝜆 and 

𝛽 are empirically picked. This appendix shows various CS reconstructions that 

correspond to different choices of parameters 𝜆 and 𝛽. The goal is to verify the 

appropriateness of the selected parameters. The inspected ranges of 𝜆 and 𝛽 are 

0.001 ∙ ‖𝐄∗𝐲‖∞ ≤ 𝜆 ≤ 0.5 ∙ ‖𝐄∗𝐲‖∞ and 0.01 ≤ 𝛽 ≤ 2. 𝐄∗𝐲 is implemented with the 

gridding image of the undersampled data. For each CS reconstruction, the NRMSE 

and SSIM are calculated with respect to the reference image over the volume of 

the whole heart.     
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Figure A.1: The 16 CS reconstructions at R=3 corresponding to 16 total 

combinations of four different 𝜆 and four different 𝛽.  
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Figure A.2: The 16 CS reconstructions at R=4 corresponding to 16 total 

combinations of four different λ and four different β. 
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Figure A.3: The 16 CS reconstructions at R=5 corresponding to 16 total 

combinations of four different λ and four different β. 
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Figure A.4: The 16 CS reconstructions at R=6 corresponding to 16 total 

combinations of four different λ and four different β. 

 

The ranges 0.05 ∙ ‖𝐄∗𝐲‖∞ ≤ 𝜆 ≤ 0.5 ∙ ‖𝐄∗𝐲‖∞, for 𝛽 = 0.1, and 0.01 ∙ ‖𝐄∗𝐲‖∞ ≤ 𝜆 ≤

0.1 ∙ ‖𝐄∗𝐲‖∞, for 𝛽 = 0.5 are found to produce CS reconstructions that are visually 

and quantitatively (evaluated using NRMSE and SSIM) better among all images 

reconstructed with different parameters within the inspected ranges. This finding 

is consistent across each of the four rates R={3,4,5,6}. Low 𝜆 values produce noisy 

images with artifacts, while high 𝜆 values produce blurred images. The same trend 

is also observed when varying the value of 𝛽. The CS reconstruction parameters 
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are empirically selected as 𝜆 = 0.02 ∙ ‖𝐄∗𝐲‖∞ and 𝛽 = 0.5, since they are within the 

range that produces reasonable reconstructions. 

 


