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Mitchell Anthony Cooper, Ph. D.  

Cornell University 2015 

 

Magnetic Resonance Imaging (MRI) is unique in its ability to image human tissue 

with varying contrasts and to probe the physical properties of the tissue. In addition, 

MRI signal is often redundant (or sparse) in nature, especially over time with short 

update intervals. The goal of this thesis was to better understand and utilize 

T1relaxation time mapping schemes in the heart to ultimately image infiltrative 

disease. A second aim was to improve upon state of the art methods for high frame 

rate liver imaging by utilizing local (patch) based constraints.  
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CHAPTER 1 

1 Introduction 

Magnetic Resonance Imaging (MRI) has been advancing clinical diagnostics since 

Paul Lauterbur first produced an MRI image in the early 1970’s.  From its advent MRI 

has been favored as a modality that can not only provide images of the body but also 

specific information about tissue characteristics. Even before MRI was introduced to 

provide spatially localized images, NMR was used to characterize materials and 

tissues. One technique was Look-Locker imaging developed in 1970 by David Look 

and Donald Locker. This technique utilized a train of RF pulses to measure a 

specimen’s T1 relaxation time in a fast manner. A similar technique was then 

proposed for MRI in 1992, by Deichmann and Haase to measure in vivo T1 time in 

static tissue. Since then, multiple techniques have been introduced to characterize T1 

and T2 using various pulse sequences and focused on a multitude of anatomies. In 

2004, Modified Look Locker Imaging (MOLLI) was introduced by Messroghli to 

allow for cardiac T1 mapping within one breath hold. This quantitative method has 

been clinically relevant as of late because standard cardiac MRI methods such as 

delayed enhancement are not effective at characterizing diffuse disease in which there 

is no local normal control for visual comparison. 

 

Another overarching theme of MRI has been accelerated MRI imaging. This is evident 

from the early days of MRI when echo planar imaging was first implemented to allow 

for fast scans. As the field developed, and hardware as well as computing capabilities 

improved, parallel imaging using information from multiple RF receiver coils has 
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allowed for under sampled image reconstruction to reduce scanning time. Early 

algorithms such as Generalized Series, Keyhole, SMASH and later SENSE and 

GRAPPA helped to guide the field and are key to fast clinical scans used today. With 

the advent of compressed sensing a new wave of under-sampled MRI reconstruction 

has begun opening the door for increasingly fast MRI scans allowing for previously 

overlooked dynamics to now be imaged and analyzed. 

 

1.1 Summary of Contributions to the Field 

This work is aimed to provide fast and quantitative cardiac MRI imaging that can be 

used to characterize diffuse cardiac disease such as amyloid deposition. A second aim 

is to improve upon current high temporal resolution MRI techniques by incorporating 

local imaging constraints based on dictionary learning to allow for high SNR high 

temporal resolution liver MRI imaging.  The contributions will be discussed in depth 

in this thesis: 

1) Flip angle profile correction in Look-Locker based Steady State Free 

Precession T1 mapping. 

2) Error Analysis in Modified Look Locker T1 mapping. 

3) T1 Mapping of cardiac amyloid deposition 

4) Accelerated cardiac imaging 

5) High SNR high temporal frame rate liver imaging 
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CHAPTER 2 

2 MRI Principles 

2.1 MRI Signal Generation 

Signal (S) in magnetic resonance imaging is formed when hydrogen protons within the 

body are placed in a static magnetic field (B0).  The MRI signal equation is shown 

below (1): 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! !! , !! = ! !(!,!)!!!!!(!!!!!!!)!!"!#                     [2.1] 

This is the Fourier Transform of the proton density (ρ)  in the imaging sample.  

To localize the MRI signal, linear magnetic field or phase encoding gradients (G) are 

played out. The locations in k-space are denoted in Eq. [2.1] as !! or   !!for the two-

dimensional case (1) and can be expanded as: 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!,! = ! !!,! ! !"!
!                                          [2.2]  

Therefore, the path that the signal traverses in k-space is dependent on the gradient in 

the x and y directions and the amount of time it is played out. Where γ is the 

gyromagnetic ratio. The gradient waveforms can be played out separate or in unison to 

create an endless amount of k-space trajectories. Typical trajectories include: 

Cartesian, radial and spiral. 

2.2 Tissue Relaxation Times 

Since each tissue has a varying proton density, each has a unique proton weighting in 

the MRI image. In MRI, each set of protons is excited by an RF pulse from the B0 

direction into the transverse plane. This deviation excitation is used to produce the 
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MRI signal. In addition, as the spins are excited, they begin to move back to their 

equilibrium state. This phenomena is known as relaxation. Due to their composition 

each tissue will have unique relaxation times that will allow for further probing of 

tissue contrast. There are two relaxation times that are discussed in this thesis. They 

are T1, which is the relaxation time relating to the spins returning entirely to the 

longitudinal plane and T2, which is related to the spin-spin interactions of the protons 

in the transverse plane (1).  

2.3 Pulse Sequence 

After excitation and gradient encodings, the signal can be read out. These steps can be 

put together in a pulse sequence. An example of the SSFP pulse sequence is shown 

below in Figure 2.1.  

Figure 2.1: A Steady State Free Precession (SSFP) pulse sequence diagram.. 
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2.4 Phased Array Coils 

Originally, MRI signals were acquired with one RF receiver coil. As coil technology 

and data storage/processing capabilities have improved, it is now standard to have 

multiple RF receiver coils. Multiple coils provide many benefits. One obvious benefit 

is increased SNR due to the multiple samples of the signal from the same physical 

location. The multiple receiver coils modify Eq. 2.1 by multiplying the proton density 

(ρ) by the coil sensitivity of each RF receiver. The multiple coil images are then 

combined using the sum of squares of the individual coil images. 

2.5 Parallel Imaging and Undersampled Image Reconstruction 

Another benefit of multiple coil images is the redundant information sampled. With 

each coil sampling a portion of the same anatomy, only the coil sensitivity profiles in 

the image are different. Therefore there is a lot of redundant information obtained. 

This opens the door for under-sampled k-space imaging for reducing scan time. Under 

the Nyquist sampling theorem, sampling k-space at half the normal rate would induce 

aliasing in your reconstructed image (see Figure 2.2). 

 

 

 

 

 

 

Figure 2.2: (Left) An image in which every other line was sampled in k-space, resulting in aliasing by 
half of the field of view in image space. (Right) A fully sampled image. 
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However, due to the redundancy in coil data, it is possible to use information about the 

coils and training data to undo this aliasing and obtain an image similar to the true data 

in half the time.  This concept is called parallel imaging reconstruction. 

 

Various parallel imaging schemes have been developed and some are implemented on 

clinical scanners. While a survey is beyond the scope of this thesis, the author 

recommends the following paper for more information: 

• Deshmane A, Gulani V, Griswold MA, Seiberlich N. Parallel MR imaging. J 

Magn Reson Imaging 2012;36(1):55-72. 

 

In addition to parallel imaging strategies, constrained optimization problems such as 

compressed sensing and dictionary learning have proven to be successful at accurately 

reconstructing under-sampled data as well. While there are hundreds of 

implementations of these types of methods, a few landmark papers are below: 

• Lustig M, Pauly J. SPIRiT: Iterative Self-consistent Parallel Imaging 

Reconstruction From Arbitrary k-Space. Magnetic Resonance in Medicine 

2010;64(2):457-471. 

• Ravishankar S, Bresler Y. MR image reconstruction from highly undersampled 

k-space data by dictionary learning. IEEE Trans Med Imaging 

2011;30(5):1028-1041. 
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• Lustig M, Donoho D, Pauly JM. Sparse MRI: The application of compressed 

sensing for rapid MR imaging. Magn Reson Med 2007;58(6):1182-1195. 

• Uecker M, Zhang S, Frahm J. Nonlinear inverse reconstruction for real-time 

MRI of the human heart using undersampled radial FLASH. Magn Reson Med 

2010;63(6):1456-1462. 
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CHAPTER 3 

3 FLIP ANGLE PROFILE CORRECTION IN 

LOOK-LOCKER T1 MAPPING1 

3.1 Abstract 

Fast methods using balanced steady-state free precession (SSFP) have been developed 

to reduce the scan time of T1 and T2 mapping. However, flip angle (FA) profiles 

created by the short RF pulses used in SSFP deviate substantially from the ideal 

rectangular profile, causing T1 and T2 mapping errors. The purpose of this study was 

to develop a FA profile correction for T1 and T2 mapping with Look-Locker 2D 

inversion recovery SSFP and to validate this method using 2D spin echo as a reference 

standard. Phantom studies showed consistent improvement in T1 and T2 accuracy 

using profile correction at multiple FAs. Over six human calves, profile correction 

provided muscle T1 estimates with mean error ranging from excellent (-0.6%) at 

TR/FA = 18 ms/60° to acceptable (6.8%) at TR/FA = 4.9 ms/30°, while muscle T2 

estimates were less accurate with mean errors of 31.2% and 47.9%, respectively. 

3.2 Introduction 

Inversion recovery spin echo (IR-SE) is an accurate method for T1 mapping but is 

limited in clinical application due to its prohibitively long acquisition time. To 

overcome this limitation, a number of fast T1 mapping methods using gradient echo 

(GRE) sequences have been proposed. These methods follow the transient 

                                                
1 Published as: Cooper MA, Nguyen TD, Spincemaille P, Prince MR, Weinsaft JW, et al. (2012) Flip angle profile correction for 
T(1) and T(2) quantification with look-locker inversion recovery 2D steady-state free precession imaging. Magn Reson Med 68: 
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magnetization after an inversion or saturation pulse, such as the Look-Locker method 

(LL) (1-4), or utilize the steady-state magnetization, such as the driven equilibrium 

single pulse observation of T1 (DESPOT1) method (5), or they are a combination of 

both (6,7). 2D inversion recovery balanced SSFP (IR-SSFP) is a promising approach 

due to the higher SNR efficiency of SSFP when compared to spoiled GRE (8) and can 

provide T2 estimations in addition to T1 (7). IR-SSFP has been used to perform fast 

T1 mapping in skeletal muscle (9). 

 

There are a number of inherent challenges in these fast T1 mapping methods. Short 

radiofrequency (RF) excitation pulses are often used to reduce the repetition time 

(TR), especially for time-sensitive applications such as breath-hold myocardial T1 

mapping (4,10-12). It is well known that the flip angle (FA) profile of a short slice-

selective RF pulse can deviate substantially from the ideal rectangular profile. Because 

MR signal depends on the FA, the non-ideal FA profile introduces a bias in the 

estimated relaxation times when not properly accounted for in the signal fitting. This 

problem has been addressed for T1 mapping using dual FA 2D spoiled GRE imaging 

(13). In addition, FA profile correction has been investigated for T1 mapping using 3D 

spoiled GRE LL imaging (14,15). However, this method is specific to 3D imaging and 

assumes that the signal of a voxel is generated by a single FA determined by the 

position of that voxel along the slice direction. FA profile correction has not been 

investigated for 2D IR-SSFP, where a range of different FAs contribute to the signal 

of each voxel. Therefore, the purpose of this study was to develop and validate a 
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signal fitting algorithm that takes into account the non-ideal FA profile for 2D LL IR-

SSFP T1 and T2 mapping. 

3.3 Methods 

3.3.1 Effective FA Profile 

Given a shaped RF pulse with magnitude B1(t) and phase ϕ(t) in the rotating frame 

and a constant slice-select gradient Gz(t) = G, the resultant magnetization along the 

slice direction M(z) can be calculated by using the hard pulse approximation (16,17) 

as follows: 

  
(z))()()()(ψ(z) iii
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0zxzz MRRRRM !!
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#
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=
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where M(z) = [Mx My Mz]T represents the magnetization vector, N is the number of 

discretizing hard pulses, Δt is the interval between hard pulses, Rx and Rz denote the 

rotation matrices around x and z axis, respectively, and M0(z) = [0 0 1]T is the initial 

equilibrium magnetization. Note that off-resonance and relaxation effects are ignored 

in Eq.3.1 (this simplification is justified when the RF pulse width is short as in this 

study). The transverse magnetization Mxy(z) at the end of the excitation and the 

corresponding effective FA profile α(z) are then given by: 

1/22
y

2
xxy )M(M(z)M +=  

                 (z))arcsin(Mα(z) xy=            [3.2] 
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As an example, Fig.3.1 shows a Hamming filtered half-sinc RF pulse (17) with a 60° 

nominal FA and its effective FA profile. 

 

 

Figure 3.1: RF profile of a half-sinc excitation pulse (apodized with a Hamming window) with a 60° 

nominal FA (left) and corresponding effective FA profile calculated using Bloch simulation (right). The 

dashed line shows the ideal rectangular FA profile over the slice thickness used in our imaging 

experiments (8 mm). 

 

3.3.2 Look-Locker IR-SSFP T1 and T2 mapping with FA profile correction 

This study implemented a 2D IR-SSFP sequence for LL T1 mapping. One LL period 

of this sequence consists of a non-selective hard inversion pulse and spoiler gradients, 

followed by 6 Kaiser-Bessel-ramped RF pulses prior to uninterrupted SSFP readout, 

and concluded by a sufficiently long time delay to allow the excited magnetization to 

return to equilibrium before the next period. The Kaiser-Bessel ramp provided a short 

and effective magnetization preparation for subsequent SSFP readout (18,19). A short 

hard pulse was used for longitudinal magnetization inversion instead of a long 

adiabatic pulse as it is difficult to quantify the inversion efficiency of an adiabatic 

pulse for short T2 tissues such as muscle (20). Given T1, T2, M0 and pertinent 
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sequence parameters (including the shapes of the imaging RF pulses), Bloch 

simulation can be used to follow the evolution of the magnetization over the course of 

the experiment and to calculate the transverse SSFP signal S (10,21) as follows 

(ignoring off-resonance effects):  

  ∫ +−=

z

ss
n

ss0021 (z)]dzS(z)(z))S(z)[(S)M,T,TS(n, λ
     

[3.3] 

where 

                 2
E4E)E(E(z))cos()E(z))(Ecos(

λ(z) 21
2

21
2

21 +−+−
=

αα

,      
[3.4] 

and the steady state transverse magnetization is given by 

                              2121

12
0ss EE(z))cos(E(E1

(z)))sin(E(1E
M(z)S

−−−

−
=

)α
α

 
[3.5] 

Here n is the index of the SSFP readouts, S0(z) is the transverse signal at time TE in 

the first readout that follows the inversion pulse, spoiler gradients and the 6 Kaiser-

Bessel ramp-up preparation, E1 = exp(-TR/T1), E2 = exp(-TR/T2), M0 is a scaling factor 

(which includes the proton density and receiver sensitivity), α(z) is the flip angle at 

position z along the slice direction, and λ denotes the relaxation rate of the SSFP 

signal evolution (10,21).
 
Note that Eq. 3.3 is similar to Eq.6 in (21) or approach 2 in 

(10) (with a more generalized S0(z) due to the use of a 6 Kaiser-Bessel ramp in this 

work), where the length of the SSFP readout is assumed to be long enough to allow 

the transverse magnetization to reach steady state, and the time delay between the end 

of the SSFP readout and the start of the next inversion pulse is long enough to allow a 

full relaxation of the longitudinal magnetization. Both of these conditions were met in 
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our study. Eq. 3.4 is the same as Eq. 5 in (21) except for the factor of 2 in the 

denominator, which was missing in (21). For TR << T1, T2, the formula for λ can be 

simplified as in Refs (10) and (21) (this simplification was not used in this study). It is 

important to note the dependency of S0(z), Sss(z) and λ(z) on the position z along the 

slice direction. Given the measured noisy SSFP data, denoted by S*(n), T1, T2 and M0 

can be obtained by minimizing the sum of squared differences between the measured 

and expected signals: 

  
∑ −=

n

2
021021 ))M,T,TS(n,(n)*(Smin argM,T,T

  
[3.6] 

3.4 Imaging Experiments 

All experiments were performed at 1.5T (GE HDxt 15.0). For phantom imaging, four 

water tubes were doped with manganese chloride (MnCl2) at 0.4, 0.2, 0.1, and 0.04 

mM concentrations. For the volunteer study, the calf muscles of six healthy volunteers 

(4 male, 2 female, mean age of 26 years ± 3 [standard deviation (SD)]) were scanned. 

The study was approved by the local IRB and informed consent was obtained from all 

subjects prior to imaging. 

 

IR-SSFP imaging parameters were as follows: TR = 5-5.4 ms (phantoms)/4.9 

(humans); TE = TR/2 (symmetric full echo); nominal FA = 30°, 60°, 90° (phantoms) 

/30°, 60° (humans); FOV = 25 cm (phantoms)/26-30 cm (humans), partial phase FOV 

factor = 0.5, matrix = 256x128, slice thickness = 8 mm, readout bandwidth = ±62.5 

kHz. To investigate the magnetization transfer (MT) effect of TR and FA on the SSFP 

signal of skeletal muscle tissue as suggested previously (22), subjects were also 
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scanned with a long TR of 18 ms and FA of 30° and 60°. In addition, one volunteer 

was scanned using a FA of 90°. An 8-channel cardiac phased-array receive coil was 

used for all experiments. A Hamming filtered half-sinc pulse (17), which is the 

standard RF excitation pulse for the product 2D SSFP sequence on our system, was 

used in all experiments. Each scan consisted of multiple LL periods, and the length of 

each period is the time between consecutive inversion pulses and consisted of 1) an 

SSFP readout following the inversion pulse consisting of either 1024 SSFP TRs when 

using TR ~5 ms or 512 TRs when using TR = 18 ms to allow the transverse 

magnetization to reach steady state, and 2) a time delay between the end of the SSFP 

readout and the next inversion pulse (about 9 sec for phantoms and 5-6 sec for human 

imaging) to allow a full relaxation of the longitudinal magnetization. For 128 phase 

encodes and 0.5 partial phase FOV, 16 LL periods were required to complete the scan. 

The length of one LL period was 14 sec for phantoms and 10/15 sec (TR = 4.9/18 ms) 

for humans, with corresponding scan times of 3.7 min and 2.7/4 min, respectively. For 

comparison, standard 2D single-echo IR-SE and SE imaging with matching FOV and 

spatial resolution were performed to obtain the reference standard T1 and T2 values, 

respectively. B1 maps were also obtained in humans using the double FA method (23) 

for nominal FA error correction in LL data fitting. 

3.5 Data Analysis 

A look-up table method was used to correct for signal bias due to Rayleigh noise in 

sum-of-squares magnitude images obtained with a multiple receiver coil (Fig. 2 in Ref 

(24)). This correction is particularly important for data points near the zero-crossing 
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where the signal amplitudes are low. The negative polarity of the data points before 

zero-crossing was then restored by using the method proposed in (25) . B1 correction 

was performed before fitting for T1 to account for imperfections in the inversion and 

imaging flip angle. In human subjects, an ROI was selected in the soleus muscle with 

uniform signal intensity and free of image artifacts. Signals were averaged over a 3x3 

neighborhood before fitting to reduce noise effects. Bloch simulation was used to 

calculated the flip angle profile obtained directly from the scanner, which was a 

Hamming windowed half-sinc pulse. LL data fitting without FA profile correction was 

also implemented by assuming a rectangular FA profile in Eqs. 3.3-3.5. In addition, 

voxel-wise T1 and T2 maps were obtained from all subjects. Processing was 

performed in MATLAB (Mathworks, Natick, MA) using a Dell PowerEdge R910 

computer with 32 cores. The Nelder-Mead unconstrained non-linear solver was used 

for fitting and a non-linear least-squares fitting was used to obtain the reference T1 

and T2 values from the spin echo data. Relative fitting residual, defined as 

||Signalmeasured-Signalfitted||2/||Signalmeasured||2×100, was calculated to measure the quality of 

the fit. Relative T1 and T2 errors were defined as ||T1IR-SSFP-T1IR-SE||2/||T1IR-SE||2×100 

and ||T2IR-SSFP-T2SE||2/||T2SE||2×100. A two-tailed paired sample t-test was used to assess 

the differences in T1 and T2 values obtained with IR-SSFP and reference methods. A 

P value of less than 0.05 was considered statistically significant.   
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3.6 Results 

T1/T2 values of the four MnCl2 phantoms obtained with reference standard SE 

methods were 304/30, 589/67, 919/121, 1532/275 ms. Figure 2a shows the relative T1 

and T2 errors in the phantoms obtained with 2D LL IR-SSFP with and without FA 

profile correction, demonstrating consistently improved accuracy with the profile 

correction method for both T1 and T2, as well as increasingly larger T1 errors at 

higher FAs when profile correction was not used. Overall T1 errors were less than 

5.8% when fitting with profile correction for FA range of 30°-90°, while T1 error 

could be as high as 22.7% when fitting without profile correction. Fitting with profile 

correction provided relative T2 error magnitudes in the range of 2.7-32.3%, while 

fitting without profile correction yielded much larger T2 error ranging from 91.1% to 

177.9%. The differences in T1 and T2 errors obtained with and without profile 

correction were statistically significant for all FAs (P<0.005). Fitting residuals 

obtained without profile correction for FA of 60° and 90° were significantly higher 

than those obtained with profile correction, indicating poorer fits between the 

measured data and the signal model when FA profile is ignored (Fig. 3.2b).  
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Figure. 3.2: A): Relative T1 and T2 errors obtained with Look-Locker 2D IR-SSFP with (solid line) and 

without (dashed line) FA profile correction at 30°, 60°, and 90° "nominal FAs on four MnCl2 phantoms. 

Reference T1 and T2 values were obtained with reference standard SE methods. B) Comparison of 

relative fitting residuals averaged over all four phantoms obtained with and without profile correction. 

Brackets indicate statistical significance (p"<"0.05). Note the increasingly larger fitting residuals 

obtained without profile correction as FA becomes larger than 60°, indicating that the assumption of 

constant FA profile becomes less adequate for this FA regime. 
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Figure 3.3 shows the effects of FA and TR on T1 error and fitting residual obtained in 

the calf muscle of one subject with FA profile correction. Note the small error and 

good fits obtained with a long TR of 18 ms or a small FA of 30°; however, unlike the 

trend observed in water phantoms (Fig. 3.2), shortening TR to 4.9 ms and employing a 

FA larger than 60° lead to much larger errors and poorer fits. 

 

 

Figure 3.3: Relative T1 error (left) and fitting residuals (right) obtained with FA profile correction in 

the calf muscle of one volunteer with a short TR of 4.9 ms (dashed line) and a long TR of 18 ms TR 

(solid line) at different FAs. Note the increasingly larger errors and worse fits at shorter TR or higher 

FA, most likely due to larger MT effect in the muscle tissue in this regime (see Discussion section). 

 

Table 3.1 summarizes T1 and T2 values obtained with Look-Locker 2D IR-SSFP and 

reference standard SE methods in human calves (N=6) using ROI analysis. FA profile 

correction at 60° with an 18 ms TR provided excellent T1 estimates (-0.6 ± 1.8% 

error) and T2 estimates with moderate accuracy (-31.2 ± 5.0% or -9.5 ± 1.2 ms error), 

representing a 94% and 80% improvement in accuracy for T1 and T2, respectively, 

when compared with results obtained without profile correction. Profile correction at 

30° with a short 4.9 ms TR yielded less accurate results with a relative error of 6.8 ± 
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2.2% for T1 and -47.9 ± 2.3% for T2. Interestingly, fitting without profile correction at 

this FA and TR provided more accurate T1 (4.8 ± 2.1% error) and T2 (25.8 ± 4.1% 

error) estimates. Figure 3.4 shows voxel-wise T1 and T2 maps generated by the 

proposed fitting method with profile correction. Average fitting time was 23 msec per 

voxel. 

 

 

Table 3.1: T1 and T2 (mean ± standard deviation) values of human calf muscle obtained with Look-

Locker 2D IR-SSFP based methods with and without FA profile correction using ROI analysis (N=6). 

Two combinations of short TR/low FA and long TR/high FA were chosen for SSFP to minimize 

potentially confounding MT effect in muscle. Also shown are values obtained with reference standard 

SE based T1 and T2 mapping methods. 

 

SE-based 

reference 

standard 

IR-SSFP 

FA=30° TR=4.9 ms 

IR-SSFP 

FA=60° TR=18 ms 

Profile No Profile Profile No Profile 

T1 985 ± 6 1052 ± 16 1033 ± 15 979 ± 20 874 ± 19 

P  <.001 .002 .44 <.001 

T2 31 ± 2 16  ± 1 39  ± 3 21 ± 2 78 ± 5 

P  <.001 <.001 <.001 <.001 
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Figure 3.4: Example of T1 and T2 maps obtained with reference standard SE methods (top row) and 

with Look-Locker IR-SSFP and FA profile correction in the calf of one volunteer using TR/FA=18 

ms/60° (middle row) and 4.9 ms/30° (bottom row). T1 maps were very similar between the reference 

standard and IR-SSFP at 18 ms/60° except in the areas affected by blood flow (red arrows). The T1 

map obtained with 4.9 ms/30° appears more noisy. T2 maps are generally less accurate than T1 maps. 

3.7 Discussion 

Our preliminary phantom and human results demonstrate that FA profile correction 

can greatly reduce errors in T1 and T2 mapping using the Look-Locker 2D IR-SSFP 

sequence. The improvement in both T1/T2 accuracy and fitting agreement is most 
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obvious on water phantoms covering a wide range of T1/T2 values. In human calf 

muscles, the proposed method provided T1 estimates with accuracy ranging from 

excellent (-0.6% error) to acceptable (6.8% error) depending on the combination of 

TR and FA, while the T2 estimates were generally less accurate. While the effect of a 

non-ideal FA profile on T1 mapping has been studied in the context of spoiled GRE 

imaging (13), the method developed here confirms the importance of FA profile 

correction for Look-Locker 2D SSFP based T1 mapping with a shaped RF pulse, 

which is often ignored (4,10). 

 

In this study, we observed increased T1 errors and larger fitting residuals in the calf 

muscle when a short TR of 4.9 ms was used in combination with a FA higher than 60° 

(Fig. 3.3). However, this trend was not present in water phantoms (Fig. 3.2). This 

discrepancy between phantom and in vivo results suggests the presence of on-

resonance MT effect in muscles described previously by Bieri and Scheffler (22). 

Specifically, unlike the free water in phantoms, skeletal muscle tissue can be modeled 

with a binary spin-bath model with energy exchange between the two spin 

compartments. This exchange is a function of sequence TR and FA and leads to signal 

deviating from that derived from the Bloch equation for a single compartment. For our 

T1/T2 mapping application, employing a lower FA lessens this effect, but also reduces 

the dynamic range of the transient signal curve, making T1/T2 quantification more 

sensitive to noise. Using a longer TR also helps mitigate the MT effect, allowing for 

higher FAs to be used (Fig. 3.3) for improved robustness against noise, but at the cost 

of increased SSFP off-resonance artifacts. The long TR/high FA and short TR/low FA 
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acquisitions demonstrated the effects of MT and FA profile. We should note that the 

IR-SSFP experiment with TR =18 ms was performed purely to validate our hypothesis 

regarding the MT effect. Off-resonance effects were minimized by performing a 

volume shim targeting the small imaging volume and accordingly only minor banding 

artifacts were observed in one leg which was excluded from ROI analysis. For general 

T1 mapping, however, the use of a low FA to mitigate the MT effect is recommended.  

 

As MT tends to suppress SSFP signal, the non-ideal FA profile tends to increase the 

SSFP signal, and these opposite effects may accidently cancel each other out, resulting 

in good T1/T2 estimate even if both effects are ignored in the signal model. Our fairly 

accurate in vivo T1 results obtained without profile correction using a 4.9 ms TR and 

30° FA demonstrate this phenomenon. Accordingly, care should be exercised when 

changing these sequence parameters to avoid errors or when applied to different 

tissues. We should note that while the MT effect has been shown to have a detrimental 

effect on spoiled GRE based T1 quantification (26), previous works on IR-SSFP based 

T1 mapping often utilized a high FA (e.g., 50°) and ignored this effect in their signal 

models (4,7,10). A method has been proposed (27) for a multi-component relaxometry 

method which accounts for MT effect in the SSFP signal model. However, this 

method requires multiple FAs (up to 15), potentially leading to long scanning times. 

Other authors have used small FAs (10° in (28) and 35° in (29)) for IR-SSFP based T1 

mapping, but did not consider the MT effect. Finally, we should note that shortened 

tissue T1 will reduce the MT effect (22), thereby increasing the need for FA profile 

correction in post-contrast T1 mapping. 
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Although both T1 and T2 mapping can be obtained simultaneously with our method, 

T2 accuracy was found to be limited. For in vivo imaging with a 30° nominal FA, the 

relaxation is primarily dominated by T1 effect and becomes less dependent on FA 

profile (see Fig.2 in Ref 17). As T2 mapping is sensitive to off-resonance effects in 

IR-SSFP (7), the limited T2 accuracy may also be explained by the omission of B0 

correction in the signal fitting algorithm. Despite these challenges, improved T2 

accuracy was obtained with FA profile correction in this work. 

 

T1 quantification using Look-Locker 2D IR-SSFP has been investigated previously. 

Our work follows the approach in (10), in which a Bloch equation based SSFP signal 

fitting algorithm was implemented for post-contrast myocardial T1 mapping. Here, we 

introduced FA profile correction and provided an in vivo comparison with reference 

standard T1 and T2 mapping methods. A  three-parameter mono-exponential curve 

fitting was proposed in (4) to obtain an apparent relaxation rate T1* which is then 

corrected using a formula originally proposed in (3) for IR spoiled GRE (FLASH) 

acquisition. The applicability of this correction to IR-SSFP has not been elucidated. 

The average T1 value of skeletal muscle obtained in normal volunteers reported in (4) 

was 780 ms, which corresponds to a 22% underestimation compared to other 

relaxometry studies (30,31). A SSFP-based correction formula for T1 was introduced 

in (7) which was derived from prior work on SSFP transient signal behavior in (21). 

This method only applies to an IR-SSFP acquisition prepared with a half-alpha RF 

pulse. In our study, we found that a half-alpha preparation led to severe ghosting 
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artifacts and accordingly decided to use a 6 Kaiser-Bessel ramp preparation which has 

been shown to be more robust against off-resonance effects (18,19). 

 

The proposed fitting algorithm requires SSFP signal integration over the FA profile 

(Eq. 3.3) at each iteration step and accordingly the computational demand is higher 

than previous methods (13,32). Parker et al proposed a fast look-up table technique for 

T1 mapping using dual FA 2D spoiled GRE imaging, but this approach becomes non-

trivial when multiple parameters (T1, T2, M0) need to be estimated such as in IR-

SSFP. We have explored several venues to reduce the fitting time. First, the number of 

points required for discretizing the FA profile was optimized and as few as 11 points 

along the profile was found to provide accurate results. Since the FA profile is 

symmetric for the RF pulse used in this study, signal computation only needs to be 

carried out for half of the profile. Second, as the fitting of multiple voxels is highly 

parallelizable, a multi-core version of our algorithm was implemented, achieving an 

average fitting time of 23 msec per voxel. Further optimization and implementation of 

the fitting algorithm using a general-purpose programming language such as C may 

offer further reduction in fitting time. 

 

This study has several limitations. The effects of B0 inhomogeneity, which may not be 

ignored at higher field strengths or in other organs such as the heart, were not 

considered. However, B0 maps can be acquired and incorporated into the Bloch 

equation based signal fitting algorithm. Additionally, while B1 mapping can improve 

T1 and T2 accuracy against FA error of the inversion and imaging RF pulses (e.g., due 
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to imperfect prescan), this method requires extra scan time. Also, we only investigated 

the half-sinc pulse, which is the standard RF excitation pulse for the product 2D SSFP 

sequence on our scanner. The effect of other RF pulses can be calculated similarly 

using the hard pulse approximation approach.  

 

In conclusion, FA profile correction significantly improves T1 and T2 quantification 

with 2D LL IR-SSFP relaxometry and the MT effect in skeletal muscle tissues needs 

to be considered during pulse sequence design and/or signal fitting for accurate results. 
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CHAPTER 4 

4 ERROR ANALYSIS IN MOLLI CARDIAC T1 MAPPING2 

4.1 Abstract 

T1 mapping is a promising quantitative tool for assessing diffuse cardiomyopathies. 

The purpose of this study is to quantify in vivo accuracy of the Modified Look-Locker 

Inversion Recovery (MOLLI) cardiac T1 mapping sequence against the spin echo gold 

standard, which has not been done previously. T1 accuracy of MOLLI was determined 

by comparing with the gold standard inversion recovery spin echo sequence in the calf 

muscle, and with a rapid inversion recovery fast spin echo sequence in the heart. T1 

values were obtained with both conventional MOLLI fitting and MOLLI fitting with 

inversion efficiency correction. In the calf (n=6), conventional MOLLI fitting 

produced inconsistent T1 values with error ranging from 8.0% at 90° to 17.3% at 30°. 

Modified MOLLI fitting with inversion efficiency correction improved error to under 

7.4% at all flip angles. In the heart (n=5), modified MOLLI fitting with inversion 

correction reduced T1 error to 5.5% from 14.0% by conventional MOLLI fitting. This 

study shows that conventional MOLLI fitting can lead to significant in vivo T1 errors 

when not accounting for the lower adiabatic inversion efficiency often experienced in 

vivo. 

  

                                                
2 Accepted for publication: Cooper MA, Nguyen TD, Spincemaille P, Prince MR, Weinsaft JW, Wang Y. (2014) How Accurate is 
MOLLI T1 Mapping In Vivo? Validation by Spin Echo Methods. PLOS One. 
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4.2 Introduction 

T1 mapping is a tissue characterization technique that uses measurements of the T1 

relaxation time in the heart to quantify disease. Recently, T1 mapping has applied to a 

broad range of applications including lipid or iron deposition in the myocardium, 

pathological changes due to edema (1). In addition, T1 mapping shows promise for 

assessing cardiac amyloidosis (2-4) and cardiomyopathies that result in diffuse 

myocardial fibrosis (5-9). The MOLLI (Modified Look Locker Inversion Recovery) 

sequence (10) is a fast 2D inversion recovery (IR) balanced steady-state free 

precession (bSSFP) based T1 mapping method for cardiac imaging that is increasingly 

being used to probe differences between healthy and diseased states in the 

myocardium. While the accuracy of MOLLI has been studied extensively using 

computer simulations and water phantoms (10-13), a direct comparison of MOLLI 

with the gold standard IR spin echo (IR-SE) method has not yet been performed in 

vivo, where tissues may behave differently from water phantoms. This work aims to 

quantify MOLLI accuracy in vivo by comparing with the accurate but time-consuming 

gold standard IR-SE sequence in the calf muscle and with a rapid IR fast spin echo 

(IR-FSE) sequence in the heart of healthy volunteers. In addition, we quantified the 

effect of correcting for imperfect inversion efficiency (13-15) on the T1 accuracy of 

MOLLI. 
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4.3 Material and Methods 

4.3.1 T1 Fitting Approaches for MOLLI Data  

The MOLLI sequence consists of inversion pulses followed by mixed periods of 

bSSFP readout and free relaxation and therefore has a fairly complex signal evolution 

(Fig.4.1). To overcome this problem, previous T1 mapping studies using MOLLI 

typically approximated this signal curve using a mono-exponential fit to extract an 

apparent T1 relaxation time (T1*) and subsequently corrected it to yield an improved 

T1 estimate (10):   

T1 ≈ T1
* (B/A - 1)     [4.1] 

where T1
* (the apparent T1 relaxation), A and B are obtained by a three-parameter 

exponential fit of the MOLLI data (after restoring signal polarity and rearranging data 

according to their inversion times). While simple, this correction was originally 

derived for T1 mapping with IR spoiled gradient echo (SPGR) Look-Locker imaging 

with continuous readouts (13,16) and therefore is not directly applicable to IR-bSSFP 

modified Look-Locker imaging with mixed readout and free relaxation periods. As a 

result, the correction in Eq. 4.1 is known to deliver accurate T1 estimates only for 

certain T1/T2 values and flip angles (11-13). 

 



 

36 

 

 

Figure 4.1: A) Simulated behavior of the longitudinal magnetization during MOLLI 

acquisition (T1 = 1000 ms, T2 = 30 ms, readout flip angle = 30°, echo train length = 

64, heart rate = 60 bpm). Note the complex pattern of the underlying magnetization 

evolution due to mixed periods of bSSFP readout and free relaxation. MOLLI data are 

sampled at 11 inversion times marked in red. B) Conventional MOLLI fitting 

approximates the rearranged MOLLI data with a mono-exponential function to derive 

an apparent T1, which is then corrected according to Eq. 4.1. 

 

In addition to not fully accounting for complex MOLLI signal evolution (Fig. 4.1) , 

Eq. 4.1 assumes perfect inversion efficiency (i.e., 100% of the longitudinal 

magnetization is inverted by the inversion pulse) (13-15). Typically, long adiabatic 

inversion pulses (e.g., the hyperbolic secant pulse is approximately 8 ms on our 

system) are favored over short hard inversion pulses to provide uniform inversion in 

the presence of B0 and B1 field inhomogeneities in vivo (10,17). These adiabatic pulses 

can introduce non-negligible T2 induced signal loss in tissues with shorter T2 

relaxation times such as muscle and myocardium. It is possible to account for this 
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error when the inversion efficiency is known. Reference (15) derived the following 

equation from Eq.4.1 to include inversion efficiency: 

T1 ≈ T1
* (B/A - 1)/δ      [4.2] 

where δ is the measured inversion efficiency. However, to our knowledge this has 

only been tested in phantoms (15) and has yet to be demonstrated in vivo. In this 

work, the inversion efficiency was obtained as a by-product of the T1 fitting of the 

gold-standard IR-SE data and used in the fitting of MOLLI data. 

4.3.2 Imaging Experiments 

All experiments were performed on a 1.5T GE HDxt MRI scanner (GE Healthcare, 

Waukesha, WI) using an 8-channel receiver coil (GE Healthcare Coils, Aurora, OH). 

The study was approved by the Weill Cornell Institutional Review Board and all 

healthy volunteers provided written informed consent prior to imaging.  Due to the 

length of the MRI study in the calf, healthy volunteers were enrolled in two separate 

groups for the calf and cardiac imaging experiments (one volunteer participated in 

both experiments). A 2D IR-SSFP MOLLI sequence was implemented following the 

method described in (10). An 8.12 ms hyperbolic secant adiabatic inversion pulse and 

a 0.5 ms apodized half-sinc SSFP excitation pulse were used for all experiments. 

 

MOLLI data was acquired in the calf muscle of 6 volunteers (5 men, 1 woman, mean 

age 30 ± 6 years). Calf muscle was chosen for in vivo validation since its MR 

relaxation properties (T1/T2 ∼1000/30 ms) are similar to that of myocardium (T1/T2 

∼1100/50 ms). Imaging the calf muscle also eliminates the confounding effects of 
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motion and heart rate variability on the T1 accuracy of MOLLI (18,19), as well as 

enables the acquisition of the time-consuming gold standard IR-SE data, which is 

impractical in the heart. Typical MOLLI imaging parameters were as follows: TR = 

4.1 ms, TE = 1.2 ms (asymmetric echo), matrix = 256x128 (interpolated to 256x256), 

FOV = 26-30 cm, partial FOV factor = 0.5, 11 inversion times (TI) = 100, 200, 350, 

100+RR, 200+RR, 350+RR, 100+2RR, 200+2RR, 350+2RR, 350+3RR, 350+4RR 

(RR = cardiac interval). A 3 sec free relaxation period was introduced between 

subsequent modified Look-Locker experiments similar to that used in the original 

MOLLI sequence (10). A 6 Kaiser-Bessel RF ramp (20) was used to prepare 

magnetization prior to SSFP data acquisition. MOLLI data were acquired with 30°, 

60° and 90° readout flip angles. 2D IR-SE reference data was acquired with the 

following imaging parameters: TR = 6 sec, TE = 10 ms, matrix = 256x128 

(interpolated to 256x256), partial FOV factor = 0.5, TI = 20, 300, 1000 ms and ∞, scan 

time = 26 min. Synthetic gating incorporated in the scanner software was used to 

avoid variations in the cardiac R-R interval (BPM = 80). 

 

Cardiac MOLLI data were acquired in 5 healthy volunteers (5 men, mean age 36 ± 11 

years) with peripheral gating and imaging parameters similar to that reported in 

(11,21): TR = 3.3 ms, TE = 0.9 ms (asymmetric echo), flip angle = 30°,  FOV = 35-36 

cm,  partial FOV factor = 0.75, parallel imaging (ASSET) factor R = 2, 11 TIs, 3 

heartbeat pause between subsequent modified Look-Locker experiments, scan time = 

17 heartbeats. Since the gold standard IR-SE sequence is too time-consuming for 

cardiac applications, a rapid cardiac gated single-shot IR-FSE sequence with variable 
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refocusing flip angles was implemented to obtain reference myocardial T1 within one 

breath-hold (22). The typical IR-FSE imaging parameters were as follows: TR = 5 RR, 

minimum TE = 4 ms, echo train length = 48, matrix = 256x128, partial FOV factor = 

0.75, TI = 20, 300, 1000 ms and ∞, ASSET factor R = 2, scan time = 16 heartbeats. 

Before use as a reference in the heart, the accuracy of the IR-FSE sequence was 

verified against the gold standard IR-SE in the calf muscle. 

4.3.3 Data Analysis 

All data were processed using Matlab R2009a (The Mathworks, Natick, MA) on a 

Dell XPS 8100 desktop computer. The polarity of the sampled data was restored using 

the method proposed in (23). IR-SE data were fit using a three-parameter exponential 

signal equation A – Bexp(-TI/T1) to obtain the reference T1 and inversion efficiency (δ 

= B/A-1). MOLLI data were fit using both conventional MOLLI fitting (Eq. 4.1) and 

MOLLI fitting corrected with known inversion efficiency (Eq. 4.2). Eq. 4.2 used the 

inversion efficiency g obtained from IR-SE acquisition. 

 

In the calf, signals were averaged within a 3x3 region of interest (ROI) placed in the 

right soleus muscle of each volunteer prior to data fitting. There were no repeated 

measurements in the left and right calf muscles of the volunteers.  For cardiac 

imaging, pixel-wise fitting was performed for an ROI placed in the left ventricular 

septum wall. IR-FSE data were processed using a three-parameter exponential fit to 

obtain the reference T1.  
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Ideally one needs to perform mapping of inversion efficiency in the heart in order to 

accurately correct for myocardial T1 obtained by MOLLI. Because this by itself is a 

difficult problem (e.g., due to respiratory and cardiac motion), a partial solution is 

offered by mapping the inversion efficiency in the calf muscle and then adjusting this 

value for the heart muscle based on the theoretical difference predicted by Bloch 

simulation while accounting for expected values of T1 and T2 in the myocardium (see 

Results section).While this approach is not viable clinically, it allows for the 

demonstration of the improved T1 accuracy that can be obtained in the heart with 

inversion efficiency correction. 

 

Relative T1 error 100
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,1,1 ×
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IRSEMOLLI
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2
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S
SS −

x100 were calculated, and statistical significance of the difference between the mean 

measured T1 and the mean T1 from IR-SE/FSE (gold standard) was determined using a 

one-way analysis of variance (ANOVA) test followed by the Tukey-Kramer method 

(multcompare function in Matlab 2014). A P-value of less than 0.05 was considered 

statistically significant. 

4.4 Results 

In the calf muscle (n=6), conventional MOLLI fitting (Eq. 4.1) produced fairly 

inaccurate and inconsistent T1 values as the readout flip angle was varied, with 

average T1 error reaching as high as 17.3% at 30° (Fig. 4.2a/Table 4.1). Interestingly, 

T1 error by conventional MOLLI fitting was lower at higher flip angles (reducing to 
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8.0% at 90°) although the relative fitting residual increased markedly (Fig. 4.2b), from 

3.7% at 30° (indicating a reasonable fit of the 3-parameter exponential model) to 

11.8% at 90° (indicating a rather poor fit as shown in Fig. 4.2b/c). Using MOLLI 

fitting accounting for the inversion efficiency (Eq. 4.2), error was improved to be less 

than 7.4% at all flip angles. 
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Figure 4.2: A) T1 errors obtained at 30°, 60° and 90° readout flip angle in the calf muscle (n=6) for 

conventional MOLLI fitting (Eq. 4.1) and MOLLI fitting with inversion correction (Eq. 4.2). 

 B). Relative fitting residuals for the three parameter fit used in Eqs. 4.1 and 4.2. Note the increasing 

residuals with the three parameter fitting (used by Eqs. 4.1 and 4.2) at higher flip angles. C) Measured 

signal and curves fit with the 3-parameter MOLLI fit in the calf muscle of one volunteer at 30°, 60° and 

90°. Notice the increasing discrepancy between the fit and measured data at higher flip angle, 

confirmed by the increase in fitting residual in (B). 
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Figure 4.3 shows an example of T1 maps obtained in the calf muscle at 30°. The 

average inversion efficiency g obtained from IR-SE and used in MOLLI data fitting 

was 85.7 ± 1.6%. The average fitting time per pixel was 0.03 s for three-parameter 

MOLLI fitting, assuming that the polarity of the signal curve had already been 

restored. 

 

 

 

Figure 4.3. Example of T1 maps (in ms) obtained with IR-SE, conventional MOLLI fitting and MOLLI 

fitting with inversion correction in the calf muscle at 30° flip angle. 

 

In the calf muscle, the gold standard IR-SE and rapid IR-FSE acquisitions were found 

to provided similar T1 values (1.3 ± 0.7% relative error; p=1). However, the inversion 

efficiency measured by IR-FSE (81.9 ± 2.0%) underestimated that obtained by IR-SE 

(85.7 ± 1.6%) p=0.002. To determine the in vivo inversion efficiency in the 

myocardium required for MOLLI data fitting, the theoretical inversion efficiency was 

simulated using T1/T2 of healthy soleus muscle (985/31 ms) (24) and myocardium 

(1088/52 ms) (22,25)  and the shape of the adiabatic pulse used in the imaging 
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experiment. Since simulation may not perfectly predict the in vivo inversion efficiency 

(15), the ratio of the simulated inversion efficiencies was then used to scale the 

average inversion efficiency obtained from the  calf muscle (85.7%), yielding an 

inversion efficiency estimate of 88% for fitting of the cardiac data. B1 and B0 effects 

were not considered when estimating the inversion efficiency since the hyperbolic 

secant adiabatic inversion pulse is expected to be robust against B1 and B0 

inhomogeneity encountered in vivo at 1.5 T. For T1 and T2 similar to that of the calf 

and the myocardium, the inversion efficiency is expected to vary by only a few 

percent with ± 25% variation in RF amplitude and ± 150 Hz off-resonance range as 

shown in figure 4 of (15). 
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Table 4.1. Comparison of T1 values obtained in the calf muscle (n=6) and myocardium (n=5) of 

healthy volunteers using conventional MOLLI fitting (Eq.4.1) and MOLLI fitting with inversion 

correction (Eq.4.2) at various flip angles (FA). P values are given for comparison with the gold 

standard IR-SE method (calf) or IR-FSE method (myocardium). 

  

Calf Muscle (n=6) 
   FA = 30°  FA = 60°  FA = 90° 

 IR-SE IR-FSE MOLLI MOLLI 
w. Inv  

MOLLI MOLLI 
w. Inv 

MOLLI MOLLI w. INV 

T1 (ms) 986 ± 32 987 ± 42 815 ± 40 952 ± 38 871 ± 36 1016 ±27 907 ± 35 1058 ± 27 

Inv. Eff. 85.7  ± 1.6% 81.9 ± 2.0%  N/A 

p N/A 1 <0.001 0.69 <0.001 0.79 0.007 0.02 

Fitting residual 3.7 ± 0.6% 8.5 ± 0.3% 11.8 ± 0.36% 

Myocardium (n=5) 
  FA = 30° 

 IR-FSE MOLLI MOLLI w. Inv  

T1 (ms) 1092 ± 64 937 ± 60 1065 ± 68 

Inv. Eff. 88% (sim. from calf and Bloch) N/A 

p N/A 0.006 0.78 

Fitting residual 5.3% ± 1.8% 
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In the heart (n=5), MOLLI with inversion correction (T1 = 1065 ± 68 ms; p = 0.78) 

reduced T1 error compared to conventional MOLLI fitting (T1 = 937 ± 60 ms; p = 

.006) when compared to the reference T1 values provided by IR-FSE (T1 = 1092 ± 64 

ms). Overall, the relative T1 error was 14.0 ± 6.6% for conventional MOLLI fitting, 

and 5.5 ± 5.1% for MOLLI with inversion efficiency correction, closely following the 

trend observed in the calf experiments. A comparison of short-axis myocardial T1 

maps obtained with the two MOLLI data fitting methods is shown in Fig. 4.4. The 

average heart rate was 52.8 ± 9.6 bpm (range 40-63 bpm). 

 

 

 

Figure 4.4. Example of myocardial T1 maps (in ms) obtained with IR-FSE, conventional MOLLI fitting 

and MOLLI fitting with inversion correction at a 30° flip angle. The IR-FSE image was taken in a 

separate breath-hold than the MOLLI and therefore it is at a slightly different position. Blood has been 

segmented out to minimize distraction due to the blood T1: IR-FSE spoils the blood signal and is not 

able to fit for blood T1, however MOLLI is able to fit for T1 in the blood. 
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4.5 Discussion 

Our in vivo data showed that conventional MOLLI (Eq. 4.1) provided fairly inaccurate 

and inconsistent in vivo T1 values in muscle tissues when compared with the standard 

spin echo based methods. As indicated by our results, a major source of T1 error 

comes from reduced adiabatic inversion efficiency due to shorter T2 of muscle tissues 

(T1/T2 ratio ~30). The correction for apparent T1 used in the conventional MOLLI 

fitting was originally derived for SPGR Look-Locker imaging assuming 100% 

inversion efficiency and therefore may not be adequate for describing a more 

complicated bSSFP signal evolution in MOLLI (Fig. 4.1), especially at reduced 

inversion efficiency. Limitations of the model are shown in Fig. 4.2 when imaging at 

higher flip angles causes larger fitting residuals. When accounting for the inversion 

efficiency in conventional MOLLI fitting (Eq.4. 2), T1 error was greatly reduced. The 

current work shows that conventional fitting after inversion efficiency correction (Eq. 

4.2) is valid, even though, strictly speaking, it only applies to spoiled gradient echo 

based Look-Locker acquisitions (13,16). This finding agrees well with recent results 

obtained with an SPGR based MOLLI sequence at 7T (14) and serves to confirm that 

a source of error with traditional MOLLI T1 mapping is the inversion efficiency, 

which can be improved upon when using Eq. 4.2 if the inversion efficiency is 

measured. Further in vivo studies may be warranted to quantify T1 error in MOLLI as 

a function of inversion efficiency in different tissues.  

 

The conventional MOLLI fitting method (Eq.4.1) has been validated in water 

phantoms doped with various contrast agents (10-12,18) by comparing with the gold 
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standard IR-SE method. However, water phantoms are different from in vivo tissue in 

biochemical composition and underlying biophysical process (e.g., exchange among 

water compartments), resulting in different relaxation and MRI signal behavior. In 

vivo validation of MOLLI has not been performed so far most likely due to the 

excessive IR-SE acquisition time. In this work, we used the calf muscle as a tissue 

model for the myocardium, thus enabling for the first time a direct in vivo comparison 

of MOLLI with IR-SE. For cardiac T1 mapping, a more rapid IR-FSE sequence was 

developed to enable cardiac T1 mapping in a single breath-hold (22). While 

conventional MOLLI fitting of phantom data traditionally shows good to excellent T1 

accuracy (10-12,18), we found larger in vivo T1 errors (above 10%) in both the calf 

muscle and the myocardium which could be reduced to less than 7.4% when 

accounting for inversion efficiency as in Eq.  4.2. This observation suggests that in 

vivo validation should be considered following the initial phantom validation when 

assessing the performance of T1 mapping for in vivo imaging. 

 

Our in vivo T1 results obtained with the conventional MOLLI fitting (Eq. 4.1) are 

similar to that reported in previous studies (761 ms in the skeletal muscle (10) and  

962-998 ms in the myocardium (10,18,21)). Interestingly, we observed increasing T1 

values at higher readout flip angles in the calf muscle, a trend opposite to that reported 

previously in the myocardium (11). To better understand this phenomenon, we have 

performed Bloch simulation for T1/T2 of the calf muscle and the heart and observed 

that the trend highly depends on tissue T2 and other timing parameters such as heart 

rate. In addition, conventional MOLLI analysis (Eq. 4.1) does not explicitly take into 
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account the flip angle, since it was originally derived for SPGR imaging, and as a 

result can provide a flip angle dependent bias specific to tissue T1/T2. This bias may 

explain the increase in T1 error after inversion efficiency correction, especially at 

higher flip angles of 60° and 90°. This is additional evidence that the conventional 

MOLLI data fitting may not work well for different tissues or when imaging 

conditions are changed. 

 

The above findings are significant for two reasons. First, inversion efficiency 

correction can significantly reduce T1 error in MOLLI to within 7.4%, thereby 

improving the reliability of this technique for diagnostic purposes. Second, the 

improved consistency of T1 estimates at different flip angles and T1/T2 values after 

applying correction (Eq. 4.2) to MOLLI analysis may benefit multi-site multi-vendor 

T1 mapping studies by reducing discrepancies due to different hardware and software 

implementations. 

 

This work has several limitations.  The effect of inversion efficiency on T1 fitting post 

contrast, which is important for clinical application, was not investigated. This was 

because myocardial T1 can vary significantly post contrast depending on factors such 

as cardiac output and bolus timing, making accurate comparisons between the 

reference IR-FSE sequence and the MOLLI sequence in multiple subjects challenging. 

The long echo train of the IR-FSE sequence may also result in errors due to blurring in 

tissue with short T1. The trade-off between scan time reduction by prolonging the echo 

train (which is relevant for breath-hold cardiac imaging) and the associated image 
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blurring in such situations is an important question and will be investigated in our 

future work. In addition, post-contrast myocardial T2 is difficult to measure for the 

same reason, making the estimation of inversion efficiency non-trivial. In this work, in 

vivo inversion efficiency was obtained as a by-product of IR-SE data fitting, which is 

not a practical method due to long IR-SE acquisition time and the lack of experimental 

mapping of in vivo inversion efficiency in the heart further limited the work.  

 

A fitting method that can improve MOLLI T1 estimates in vivo using Eq. 4.2 would 

require the knowledge of imaging and tissue parameters (e.g., inversion efficiency), 

which may not be readily available. For the sake of analysis, in this paper, inversion 

efficiency obtained in the calf was scaled by Bloch simulation to obtain a theoretical 

inversion efficiency in the heart. The authors acknowledge that it is not clinically 

viable to perform an IR-SE scan of the calf in order to correct for the imperfect 

inversion efficiency in a subsequent MOLLI scan of the heart. The main contribution 

of this was to identify inversion efficiency as a major source of T1 error in MOLLI 

using a SE based method as a reference standard in vivo, which has not been done 

previously. Mapping inversion efficiency, however, is a non-trivial problem 

particularly in the in vivo setting, and this is an important limitation of the MOLLI 

approach. We believe that IR-FSE is a better approach in patients with lower heart rate 

(to reduce the motion sensitivity of the FSE readout) and when blood T1 is not 

needed. Another potential solution could be to fit for the inversion efficiency, however 

this requires the use of an SPGR readout with reduced SNR efficiency a four 

parameter fit that is more sensitive to noise (14). A shorter adiabatic pulse could also 
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be used to improve the inversion efficiency, although this is often limited by the 

maximum allowable RF transmit power (15).  

 

Other potential factors limiting MOLLI accuracy in vivo, but not studied here, were 

reviewed in (13) and may include, but are not limited to deviation from the nominal 

flip angle profile (24,26), heart rate variability (18,27,28), magnetization transfer (MT) 

effect (26,29-31), motion (19), and B0 inhomogeneity (13,32). Recent works have 

proposed acquiring MT sensitive data (e.g., by varying RF pulse length) and including 

MT effect in the signal model (26,29,30) for accurate T1 fitting; however, the utility of 

this approach for cardiac T1 mapping using MOLLI remains to be investigated.  A 

potential solution for these imperfections could be to develop a IR-FSE based T1 

mapping sequence (22) which is more robust against imperfect inversion efficiency 

and field inhomogeneities than the bSSFP based MOLLI sequence.   

 

In conclusion, the conventional correction (Eq. 4.1) of apparent T1 in MOLLI can lead 

to significant in vivo T1 errors partly due to lower adiabatic inversion efficiency in 

muscle tissues. T1 errors can be reduced significantly by using a modified version of 

the conventional MOLLI correction accounting for inversion efficiency (Eq. 4.2), 

when the inversion efficiency is known.  
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CHAPTER 5 

5 T1 MAPPING OF CARDIAC AMYLOID 

5.1 Introduction 

Cardiac amyloidosis is a non-ischemic cardiomyopathy in which insoluble proteins 

accumulate in the extracellular space of the myocardium, resulting in heart failure and 

death. The current gold standard for the diagnosis of cardiac amyloid is 

endomyocardial biopsy, an invasive procedure not well suited for screening purposes 

or serial assessment. Myocardial T1 mapping after the administration of gadolinium 

(Gd) contrast, which distributes within the myocardial extracellular space, has 

emerged as a noninvasive tool to detect and potentially quantify severity of cardiac 

amyloid (1-3). However, optimal imaging time points for maximizing post-contrast T1 

differences between healthy and amyloid affected myocardium have not been 

established. The purpose of this study was to identify optimal T1 mapping time for 

amyloid diagnosis by performing numerical simulation of a tracer kinetic model as 

well as by measuring myocardial T1 at serial time points in healthy and amyloid 

positive patients. 

5.2 Methods 

Numerical simulation of the myocardial Gd concentration time curve was performed 

using a tracer kinetic model proposed by Henrik et al (4). The arterial input function 

was simulated using the local density random walk (LDRW) model with input 

parameters reported previously (5).  Normal and diseased ECV was assumed to be 

0.26 and 0.5 (3).  
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The cardiac MRI protocol (1.5 T) included 2 components – CINE imaging (SSFP) for 

cardiac structure/function, and T1 mapping for myocardial tissue characterization. T1 

mapping was performed in two groups: 1 “amyloid +” subjects, defined by biopsy-

proven systemic amyloid with associated remodeling suggestive of cardiac 

involvement (left ventricular [LV] hypertrophy and/or atrial dilation); 2 normative 

controls without risk factors for amyloid or cardiovascular disease. 13 subjects (6 

amyloid +, 7 controls) were studied; all amyloid affected subjects had biopsy-

confirmed systemic disease with associated remodeling suggestive of cardiac 

involvement. T1 mapping was d using a conventional modified Look-Locker 

inversion recovery (MOLLI) sequence (flip angle = 30°; matrix 256x128; parallel 

imaging reduction factor = 1.5; linear view ordering; 6 Kaiser-Bessel ramp 

preparation; 17 heart beat acquisition), with T1 calculated using an established 

formula (T1 = T1* (B/A-1), where T1*, A, and B were obtained via three-parameter 

exponential fit). [Gd] was determined using 1/T1,POST = 1/T1,PRE + R*[Gd] where 

the T1 relaxivity R = 4.3/sec/mM (4). To evaluate time-dependent differences in 

myocardial T1, MOLLI was acquired at sequential time points: pre-contrast (for 

concentration determination) and 3, 5, 10, 14, 20 minutes following intravenous 

administration of Gd (0.2 mmol/kg). T1 ROI analysis was performed for all subjects in 

the septal wall of the LV.  
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5.3Results 

Simulation predicted a peak difference in myocardial [Gd] between healthy and 

amyloid myocardium at approximately 1.5 min post contrast (Fig.5.1).   

 
 
Figure 5.1: Simulation of the difference in myocardial [Gd] between healthy and amyloid myocardium. 
 

 

Table 5.1 summarizes the functional cardiac measurements between the two imaging 

groups. Amyloid subjects had higher LV mass, lower myocardial contraction fraction 

and stroke volume, and larger left atrial area than controls, but similar LV end-

diastolic volume, and LVEF.  
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  Amyloid 
(n=6) 

Healthy 
(n=7) 

P value 

LV mass [gm] 185 ± 47 107 ± 42 <0.01 
Contraction fraction 0.32 ± 0.07 0.85 ± 0.22 <0.001 
Left atrial area [cm2] 24 ± 6 18 ± 4 0.05 

LV end-diastolic volume [ml] 111 ± 31 137 ± 41 0.24 
LV stroke volume [ml] 62 ± 14 90 ± 28 0.05 

LV ejection fraction [%] 57 ± 10 66 ± 4 0.1 
 
Table  5.1: Functional cardiac parameters for healthy controls and amyloid subjects. 
 

MOLLI was successfully acquired in all subjects at each time point: T1 differed 

significantly (all p≤0.05) between amyloid and control groups at all times (Fig. 5.2).   

 

However, concentration difference decreased following gadolinium administration 

(Fig. 5.3): T1 concentration differences between patients and controls were maximal at 

3 minutes post-contrast with progressive decrements thereafter.  Results in vivo were 
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comparable to the model shown in Fig. 5.1. Figure 5.4 shows T1 maps a different time 

points post contrast for one healthy control and one amyloid patient. 

 

 

 
 
Figure 5.3: Mean concentrations for ROI analysis in healthy and amyloid cohorts. 

 

Figure 5.4: T1 maps for a healthy control and amyloid patient post contrast. 
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5.4 Discussion 

MOLLI-quantified myocardial T1 yields maximal difference between amyloid-

affected subjects and normative controls within 3 minutes following gadolinium 

administration. Current findings support use of early post-contrast MOLLI T1 

mapping for identification of cardiac amyloid.   
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CHAPTER 6 

6 ACCELERATED CARDIAC IMAGING 

6.1 Introduction 

Spatial and temporal prior information has been increasingly explored for accelerating 

time resolved imaging. Previously, kt-GRAPPA and other methods (1-3) exploit 

temporal redundancy, but are restricted to strict Cartesian sampling or calibration 

kernels with specific patterns. kt-SPARSE, kt-FOCUSS and kt-SPIRiT (4-6) allow for 

arbitrary sampling while constraining temporal sparsity in an L1 sense, which may not 

always be optimal if the signal is not highly compressible. Here we propose PROST 

(Parallel Reconstruction Observing Self consistency and Temporal smoothness) which 

is implemented by extending the SPIRiT self-consistency kernel to the time domain 

enforcing temporal smoothness in k-t space while allowing arbitrary view ordering as 

in the original SPIRiT formulation (7). 

6.2 Theory 

PROST is based on the assumption that each temporal phase has small changes with 

respect to its neighbors (temporal smoothness). To incorporate temporal smoothness, a 

spatial and temporal kernel (figure 6.1) is calibrated from training data that is acquired 

at each time point. Principal components analysis (PCA) is incorporated into PROST 

to further express the information redundancy in the temporal dimension thereby 

reducing the number of unknowns (8,9). PROST can be formulated as a least squares 

minimization: 
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 argmin!| DBx− y |! + !λ| G− I Bx |! [6.1] 

Where y is the sampled data in k-space and all time and Bx is the reconstructed k-

space data over all time. G is the grappa kernel, which extends over the k-space, the 

coil as well as the time dimension (figure 6.1). D is a projection onto the acquired k-

space lines, B is the temporal basis derived from a principal components analysis of 

the fully acquired center of k-space and x are the unknown spatial weights of the k-

space data in the B basis. The conjugate gradient algorithm was used to solve the 

minimization problem. 

 

 

 

 

Figure 6.1: The standard SPIRiT kernel and the spatio-temporal SPIRiT kernel used in PROST. The red 

sphere is fit using neighbors (grey) in k-space (SPIRiT) and both k-space and time (PROST). For 

simplicity, the coil dimension is not shown. 
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6.3 Methods 

Optimization was carried out on a retrospectively under-sampled CINE scan by 

varying the number of training lines, number of principal components and kernel 

sizes. After optimization, a pulse sequence was developed to implement a truly under-

sampled data acquisition with semi-random Cartesian golden ratio view ordering. 8 

healthy volunteers were scanned at 1.5 T. CINE imaging was carried out at 1x under-

sampling and 6x (true) under-sampling including 6 training lines for PCA and kernel 

calibration. Scan parameters were: 256x192 matrix. .75 PFOV, 1 NEX, 8 views per 

segment (VPS) and 12-14 slices (6 mm thick; 4 mm gap). 

 

Scan times varied based on heart rates. The 6x under-sampled scan required 3-4 

breath-holds for whole heart coverage compared to 12-14 breath-holds (depending on 

the number of slices) for fully sampled reference scans. MATLAB (Mathworks, 

Natick MA) was used for reconstruction. Ejection fraction was determined by an 

experienced reader. 

6.4 Results 

Optimal parameters were as follows: [3x3x3] kernel size, 10 principal components and 

6 training lines. These parameters were used for comparison of PROST, PROST 

without PCA and SPIRiT using temporal updates as in (7) on a retrospectively under-

sampled dataset (figure 5.2). Volunteer data from a fully sampled scan as well as data 

from a scan under-sampled at a true reduction factor of 6 is shown in figure 3. Ejection 

fraction for the fully sampled dataset was 64.2 ± 4.0 % (mean ± std. dev) and the 
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under-sampled data gave an ejection fraction of 65.2 ± 3.3 %. These values were not 

statistically different (p = 0.11). 

 

 

 

Figure 6.2: Comparison of PROST, PROST without PCA and SPIRiT in one healthy volunteer.  
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Figure 6.3: CINE images reconstructed with fully sampled and truly 6x under-sampled data in one 

volunteer. The time-course of an intensity profile (top left image) is shown. 
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6.5 Discussion 

PROST is a SPIRiT based method that imposes temporal smoothness while allowing 

for arbitrary view orders. As shown in figure 6.2, PROST improves error performance 

compared to regular SPIRiT. During optimization, PCA improved convergence from 

31 iterations (PROST w/o PCA) to 24. PCA only improved error in diastole where 

temporal changes are slower and easily compressible. In volunteers, reconstruction 

error was reduced with higher temporal resolution (8 VPS or less), due to the inherent 

assumptions in PROST about temporal smoothness. When used for CINE imaging, 

PROST gives similar ejection fraction values when compared to fully sampled data. 

Extensions include adding additional regularization such as L1 (4-6) and utilizing 

spiral/radial trajectories (3,7). PROST can be used to significantly improve temporal 

resolution while keeping (or reducing) the total scan time. 
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CHAPTER 7 

7 HIGH SNR HIGH TEMPORAL FRAME RATE LIVER IMAGING3 

7.1 Abstract 

High spatial-temporal four-dimensional imaging with large volume coverage is 

necessary to accurately capture and characterize liver lesions. Traditionally, parallel 

imaging and adapted sampling are used towards this goal, but they typically result in a 

loss of signal to noise. Furthermore, residual under-sampling artifacts can be 

temporally varying and complicate the quantitative analysis of contrast enhancement 

curves needed for pharmacokinetic modeling. We propose to overcome these 

problems using a novel patch-based regularization approach called Patch-based 

Reconstruction Of Under-sampled Data (PROUD). PROUD produces high frame rate 

image reconstructions by exploiting the strong similarities in spatial patches between 

successive time frames to overcome the severe k-space under-sampling. To validate 

PROUD, a numerical liver perfusion phantom was developed to characterize CNR 

performance compared to a previously proposed method, TRACER.  A second 

numerical phantom was constructed to evaluate the temporal footprint and lag of 

PROUD and TRACER reconstructions. Finally, PROUD and TRACER were 

evaluated in a cohort of five liver donors. In the CNR phantom, PROUD, compared to 

TRACER, improved peak CNR by 3.66 times while maintaining or improving 

temporal fidelity. In vivo, PROUD demonstrated an average increase in CNR of 60% 

compared to TRACER. The results presented in this work demonstrate the feasibility 

                                                
3 Under revision: Cooper MA, Nguyen TD, Xu B, Prince MR, Elad M, Wang Y, Spincemaille P. (2014) Patch Based 
Reconstruction of Undersampled Data (PROUD) for High SNR and High Frame Rate Contrast Enhanced Liver Imaging. Magn 
Reson Med. 
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of using a combination of patch based image constraints with temporal regularization 

to provide high SNR, high temporal frame rate and spatial resolution four dimensional 

imaging. 

7.2 Introduction 

The ability to reliably capture the arterial phase in contrast enhanced imaging is 

crucial for the detection and characterization of liver lesions. Multiple phase imaging 

within a breath-hold has shown promise towards achieving this goal (1-3). To retain 

both high spatial and temporal resolution, parallel imaging techniques with adapted 

sampling schemes have been used, both with Cartesian (4-8) and radial (9-12) 

trajectories. The success of these techniques lies in the particular balance chosen 

between undersampling artifacts, signal to noise ratio (SNR), volume coverage, spatial 

resolution and temporal fidelity. TRACER (13), a nonlinear parallel imaging 

reconstruction (14) of golden ratio ordered variable density spiral acquisition, allows 

the reconstruction of volume covering the whole liver with a sub-second frame rate. 

The high temporal frame rate (equal to the time to acquire a single spiral leaf for all 

slice encodings) was achieved by assuming small changes of image content between 

frames, an assumption which is increasingly satisfied as the frame rate increases. Both 

in simulations and phantom experiments, a high agreement between the reconstructed 

and the true contrast enhancement curves was observed. However, the reconstructed 

images are susceptible to noise in the rapid spiral acquisition; the measured temporal 

footprint of each frame was found to be larger than the apparent frame rate; and 
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residual undersampling artifacts resulted in flickering artifacts visible when viewed in 

cine mode.  

 

We propose to overcome these problems using a novel patch-based regularization 

approach called Patch-based Reconstruction Of Under-sampled Data (PROUD). 

Recently, patch-based image reconstruction methods using dictionary learning have 

shown promise in reconstructing both static and dynamic under-sampled MRI data 

(15-23) by exploiting local structure and similarity to a known dictionary. PROUD 

improves TRACER image quality by exploiting similarities in spatial patches (24-26) 

between temporal frames that are relatively close (~250ms).  Through phantom and in 

vivo studies, it is shown that PROUD is able to maintain the high spatial and temporal 

frame rate obtained with TRACER while allowing for increased SNR, reduction of 

temporal footprint, and reduced undersampling artifacts. 

7.3 Theory 

The regularization used in PROUD is based on the observation that the local structure 

of the image is largely preserved between successive frame rates in high frame rate 

dynamic imaging. In previous approaches (13,14), differences between successive 

frames were constrained on a global, image based level. To constrain differences on a 

local level, we use image patches. Patch based image regularization has proven very 

successful in image processing algorithms such as denoising (24). 
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In this work, each !×! patch !!,!! around pixel !, ! !of the unknown image ! is 

assumed to be a linear combination of a small number of !×! patches taken from a 

dictionary of patches !!,!! specific to the pixel !, ! .  This dictionary is constructed 

by taking !×! patches from an !×! neighborhood around the pixel !, !  selected by 

!!,!  from a set ! of a known reference images that are assumed to represent the local 

structure of the unknown image ! well. Therefore, the following minimization 

problem was solved in order to obtain a solution !!∗ for each time ! = 1,… ,!:                  

!!∗ = argmin!!,!!!!!,!,! !!!"!! − !! !
! + ! !!,!!! − !!,!,!!!,!!! !

!
!,! !!such!that!! !!,!,! ! = 1!!!!!!!!![7.1] 

where !! is the sampled k-space data for all coils, ! is the total number of time frames, 

! is the operator that multiplies the image !! with each of the coil sensitivities 

!! !!!,…,!!, !! is the number of coils,  ! is the spatial Fourier transform, !! is the 

projection of k-space unto the spiral leaf acquired at time !. The !! norm constraint on 

the vector !!,!,! ensures that only one basis of patches from the dictionary !!,!!! is 

selected. This reflects the constraint that an image patch is expected to move only 

slightly between time frames and can change in scale as well. The latter will be the 

case for contrast enhanced imaging. A general depiction of Eq. [7.1] for one time 

frame is shown in Fig. 7.1. 



 

79 

  

Fi
gu

re
 7

.1
: A

 d
ia

gr
am

 o
f t

he
 P

RO
U

D
 re

co
ns

tru
ct

io
n 

al
go

ri
th

m
 fo

r o
ne

 te
m

po
ra

l f
ra

m
e.

 P
at

ch
 si

ze
 is

 5
x5

 w
ith

 a
 n

ei
gh

bo
rh

oo
d 

si
ze

 o
f 7

x7
. 

 



 

80 

!! was constructed from multiple reference images: the previously reconstructed 

image !!!!∗
 and a composite image reconstructed from all acquired data, which in 

dynamic imaging is fully sampled or even oversampled.. In vivo, to further improve 

robustness to through plane motion, !!  included images derived from !!"#$%! 

neighboring slices reconstructed from all acquired data as well. As in TRACER (13), 

an initial guess !! for the first frame was reconstructed from the first fully sampled set 

of data. The coil sensitivities !! !!!,…,!! are derived by dividing low resolution coil 

images by their root sum of squares. These low resolution coil images were obtained 

from all acquired data in the dynamic acquisition, which typically is long enough to 

provide a highly oversampled, high SNR reconstruction. The determination of the 

regularization parameter ! is described below. 

 

For high temporal resolution imaging, a new frame is reconstructed for each newly 

acquired set of k-space data (13), which is assumed to be acquired in a small time 

interval in order to satisfy the assumption of smooth temporal changes. With PROUD 

(and TRACER), a single spiral leaf (collected for all slice encodings in the case of 3D 

imaging) is used to update each temporal frame, typically at a rate of ~250 ms. The 

angle between two successive spiral leaves is based on the golden ratio (13,27,28).  

 

In a second step, temporal smoothness was enforced to overcome the temporally 

varying residual undersampling artifacts in the reconstructed images. This 
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regularization provides smooth time courses for contrast enhancement curves 

simplifying post-processing. This was done by solving:  

!!!!,…,!∗ = argmin
!!,!!!!!,!,!
!!!,…,!

! !!!"!! − !! !
!!

!!! + ! !!,!!! − !!,!,!!!,!!! !
!

!,!
!
!!!

+! !! − !!!! + !!!! 2 !!!!!! !
!!!!!![7.2] 

such!that! !!,!,! ! = 1!for!all!! = 1,… ,!, 

Eqs. [7.1] and [7.2] are solved by extending the method used in (25) to the multi-

channel non-Cartesian case. A detailed derivation is shown in Appendix B.  The solver 

algorithm iterates between solving for !!,!,! and solving for !!. Since spiral data was 

acquired in this study, non-uniform fast Fourier transforms were performed using 

NUFFT (29,30).  The dictionary !! for each frame !! was constructed in the same 

way as for Eq [7.1]. 

 

The patch and temporal regularization parameters, ! and !, were determined 

automatically by the solver. To find !, we estimated a solution for !!∗ by excluding the 

regularization term from Eq [7.1]: 

                      !!!!!!!!!!!!!!!!!!!!!∗ = argmin
!!

!!!"!! − !! !
!                                    [7.3] 

Because of the severe undersampling by !!, which projects onto a single leaf, this was 

iteratively solved by using !! as the initial guess and halting the iterations when the 

image update between iterations no longer decreased, similar to the stopping criterium 

used in TRACER (13).  Next, a vector !!,!,!∗  was found by solving (see Appendix B): 
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!!,!,!∗ = argmin
!!,!,!

!!,!!!∗ !!− !!,!,!!!,!!! !
!

!,! !such!that! !!,!,! ! = 1     [7.4] 

Using the discrepancy principle (31), the regularization parameter ! was then chosen 

such that the two terms in Eq. [7.1] were equal for the values of  !!∗ and !!,!,!∗  obtained 

in Eqs. 7.3 and 7.4, respectively. The value of ! was then kept constant for all 

remaining time frames. After Eq. [7.1] was solved for all time frames, the 

regularization parameter ! was obtained by demanding that the first term (data term) 

equaled the third term (temporal term) in Eq. [7.2] when !!∗ and !!,!,!∗  ! = 1,… ,!  

were set to the solutions of Eq. [7.1]. 

Appendix A outlines the PROUD reconstruction algorithm in detail.  

7.4 Methods  

7.4.1 Optimization of reconstruction parameters 

To characterize the PROUD algorithm, a numerical phantom simulating dynamic liver 

perfusion was created (Fig. 7.2a) similar to the phantom in (13). The noiseless 

phantom !!!"# ! = 1,… ,! !was multiplied by simulated coil sensitivity maps, and 

sampled with a spiral trajectory. For each time frame, a cutoff of !!"#$%% = 10!! with 

a maximum of 100 iterations was used. Five temporal iterations were used in solving 

Eq. [7.2].The patch size was determined by solving Eq. [7.1] for a range of sizes: 

square patches of size ! = 3, 6, 7, 9, 11!and 13 pixels were tested. The root mean 

square error !"#$, defined as: 
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 !"#$ = !! − !!!"# !
!! ! [7.5] 

 was calculated to determine the optimal patch size. The background of the phantom 

was excluded from the norm in Eq. [7.5]. The neighborhood size was then set 

! = ! + 2 to reduce the increase in computation time while still allowing small local 

translational motions of image patches between successive time frames. 

 

Figure 7.2: A) A numerical phantom simulating liver perfusion. B) The phantom in A, with noise added. 

C) Temporal footprint phantom with inner diameter = 0.25*FOV. 

 

7.4.2 Numerical phantom SNR 

Thirty sets of randomly generated Gaussian noise was added to the numerical phantom 

described above (Fig. 7.2b). A fully sampled first frame was assumed. The phantoms 

were then reconstructed using PROUD with the reconstruction parameters obtained 

above and using the TRACER algorithm (13) for comparison.  A contrast-to-noise 

ratio !"# was computed as: 
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 !"#! = !!"#!"#$!!– !!"#!"#!"#!!"#$   [7.6] 

where !"#!"#$!!!and !"#!"#$%&!!"#$   are the signal-to-noise ratios within a region of 

interest (ROI) in the respective anatomies.  Pixel-wise !"# was computed at each 

time-point by taking the mean of each pixel in an ROI over the 30 reconstructions 

divided by the standard deviation of each pixel. The mean of the pixel-wise !"# 

values was then taken over the ROI. 

7.4.3 Numerical phantom temporal footprint 

Temporal phantoms were developed (Fig. 7.2c) to characterize the temporal response 

of the PROUD algorithm compared to TRACER. Each phantom consists of a central 

disk with diameter (DIA) equal to 0.125, 0.1875, 0.25, 0.3125, 0.375, 0.4375, 0.5, 

0.5625, 0.625, 0.6875, 0.75, 0.8125, 0.875, 0.9375, 1 times the FOV superimposed 

onto a larger disk with diameter equal to the FOV. The contrast in the central disk was 

changing over time, such that the enhancement curve was Gaussian. The temporal 

footprint (TF), used to characterize the length of the enhancement curves, was defined 

as the full width-half maximum (FWHM) of the Gaussian curves: !"# = 2 2!"2!. 

The TF of the curves was varied between 0.5, 1, 2, 5, 7, 10, 15 and 20 seconds. This 

resulted in 120 unique numerical phantoms. These noiseless phantoms were multiplied 

by simulated coil sensitivity maps and sampled along a spiral trajectory.  A fully 

sampled first frame was assumed and the phantom was reconstructed with PROUD 

and TRACER for comparison. For PROUD, the phantoms were reconstructed both 

with Eq. 1 and 2 to allow for analysis of the effects of temporal regularization. The 
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phantoms allowed for the estimation of the temporal footprint and lag. The 

reconstructed curve was temporally shifted and compressed to maximize its cross-

correlation with respect to the true simulated curve. The measured temporal footprint 

(TFMEAS) of the reconstructed curve was taken as the true temporal footprint divided 

by the obtained compression factor. The measured temporal lag was defined as the 

obtained temporal shift (in sec). Differences in the amplitude of the measured curve 

compared to the true curve were not taken into account.  

7.4.4 In vivo liver MRI experiments 

In vivo data were acquired using a golden angle 3D dynamic multi-phase spiral LAVA 

sequence using a stack of variable density spiral trajectory (1,13). Five candidate liver 

donors imaged with this acquisition were selected retrospectively in accordance with 

an institutionally approved IRB protocol. The acquisition acquired data continuously 

for 60 sec, while the patients were given repeated breath-hold instructions. Since 

breathing motion was present, additional high SNR images created from all sampled 

data at 3 slices above and below the reconstructed slice were added to the dictionary 

Dt. 

CNR was computed in vivo as: 

                      !!!!!!!!!!!!!!!!!!!!"#! = ! !!"#$!!– !!!"#$%&!!"#$ !!"#$%                              [7.7] 

 where !!"#$! and !!"#$%&!!"#! is the mean signal in a ROI in the aorta and portal vein, 

respectively, and !!"#$% the signal standard deviation in an ROI of homogenous liver 

tissue near both the aorta and portal vein ROIs. This is computed for each time frame 

and is a surrogate measure for how well the arterial phase is visualized (13). 
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All PROUD and TRACER reconstructions were done either on a Dell Studio XPS 

8100 (Intel i7 2.8 GHz processor, 16 GB RAM, Windows 7, Matlab R2011b) or a Dell 

PowerEdge R910 Server (64 cores, 64 GB RAM, Red Hat Linux, Matlab R2009a). 

Statistical significance (! < 0.05) was determined by using a paired two-tailed 

student’s t-test in Microsoft Excel 2013. 

7.5 Results 

7.5.1 Parameter selection 

Optimal patch size was determined to be 7x7 pixels as it resulted in the smallest 

RMSE (Figure 6.3) and neighborhood size was then set to be 9x9 pixels. 

 

 

Figure 7.3: Root Mean Squared Error (RMSE) vs. patch size. 7x7 pixels was chosen to be the optimal 

patch size.  
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7.5.2 Phantom SNR test 

Both algorithms provided similar contrast enhancement curves (Fig 7.4A). However, 

PROUD provided almost 3.66x higher peak !"# compared to TRACER (Fig. 7.4B). 

The dip in the PROUD !"# was due to increased undersampling artifacts associated 

with rapid signal changes, such as the enhancing aorta and portal vein. 

Figure 7.4: A) Average signal intensity of various regions of interest in the numerical phantom with 

noise standard deviation = 0.003. B) CNR averaged over 30 noisy phantoms of PROUD compared to 

TRACER. The dip in CNR of the PROUD curve is due increased reconstruction errors at the edges of 

the aorta and portal vein, which increase the standard deviation in the ROIS near the edges. 

 

7.5.3 Phantom temporal footprint 

Fig. 7.5 shows the results from the testing of the temporal response of PROUD 

compared to TRACER. For larger objects (>50% FOV) and longer temporal footprint 

(> 5 sec), the curves reconstructed with TRACER and PROUD had measured 

temporal footprints that were very close to those of the reference curves and temporal 

lags below 0.5 seconds.  



 

88 

For all methods, temporal lag decreased for larger objects and increased for larger 

temporal footprint. Overall TRACER had a higher temporal lag than PROUD.  In 

addition, there was a larger discrepancy between TRACER and PROUD for smaller 

objects (FOV 12.5%-43.8%).  For larger objects (FOV = 81.3% and greater) with very 

short temporal events (0.5 - 1 sec temporal footprint), PROUD had a longer temporal 

lag than TRACER. 

 

 

Figure 7.5: A) Temporal (Temp.) lag and B) measured temporal footprint (TFMEAS) values determined 

using cross-correlations of the reconstructions from TRACER and PROUD compared to the true 

phantom curves with varying diameter (DIA) and temporal footprint (TF). PROUD No. Temp. Constr. 

is after solving Eq. [7.1] and PROUD Temp. Constr. is after solving Eq. [7.2]. 
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The measured temporal footprint for TRACER and PROUD were similar for objects 

of size 37.5% of the FOV and greater. The PROUD reconstruction using temporal 

regularization (Eq. [7.2]) had a slightly larger measured temporal footprint compared 

to the PROUD reconstruction without (Eq. [7.1]). In addition, for fast temporal events 

(~ 5 sec temporal footprint and less), there was some discrepancy in the methods. In 

general, for smaller objects TRACER had an increased measured temporal footprint. 

However, from objects sized equal or greater than 50% of the FOV, the temporal 

regularization of Eq. [7.2] made the measured temporal footprint larger than both 

TRACER and PROUD without the temporal regularization, with the largest difference 

around 1 sec. Finally for the three smallest objects (FOV = 12.5 – 25%), the measured 

TRACER temporal footprint is smaller than the true temporal footprint, when the 

latter exceeds 2 to 3 sec. 

 

 

Figure 7.6: Examples of curves analyzed in Fig.7. 5. A) A very short temporal event (TF = 0.5 sec) with 

a small diameter object (12.5% FOV). B) A medium size temporal event (TF = 5 sec) with a mid-sized 

diameter object (50% FOV). C) A long temporal event (TF = 20 sec) with a large diameter object 

(100% FOV). 
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Fig. 7.6 shows examples for three of the curves analyzed in Fig. 7.5. In Fig. 7.6A for a 

short TF with small DIA, TRACER (TFMEAS =7.5s , Temp. Lag =1.9s ), PROUD 

No Temp. Constr. (TFMEAS = 1.6s, Temp. Lag =1.6s) and PROUD w/ Temp. Constr. 

(TFMEAS =2.4s , Temp. Lag =1.4s) had large errors in reconstructing the true curve.  

In Fig. 7.6B as the TF and DIA grow, TRACER (TFMEAS =5.1s , Temp. Lag =1.8s), 

PROUD No Temp. Constr. (TFMEAS = 5.1s, Temp. Lag =1.4s) and PROUD w/ 

Temp. Constr. (TFMEAS = 5.3s, Temp. Lag =1.3s), had improved performance 

compared to the smaller DIA/TF. Finally in Fig. 7.6C with a large TF and DIA, all 

methods provided curves similar to the truth: TRACER (TFMEAS = 20.0, Temp. Lag 

=0.1s), PROUD No Temp. Constr. (TFMEAS = 20.0s, Temp. Lag =0.3s) and PROUD 

w/ Temp. Constr. (TFMEAS =20.1s , Temp. Lag =0.3s). 

7.5.4 In vivo testing 

Over the 5 in vivo datasets, the images reconstructed using PROUD had a peak !"# 

of 42 ± 18 compared to 26 ± 12 using TRACER resulting in a 60% improvement in 

peak !"# (p = 0.008). Fig. 7.7 shows a temporal frame reconstructed with the 

PROUD and TRACER methods. TRACER clearly suffers from increased noise in the 

reconstruction. Fig. 7.8 shows the enhanced and !"# curves for patient in Fig. 7.7. In-

vivo for Eq. [7.1], the preliminary pure Matlab (Natick , MA) implementation of 

PROUD took an average of 4.3 ± 0.1 minutes to reconstruct one temporal frame (as 
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measured in one volunteer). 

 

Figure 7.7: In vivo image reconstruction using PROUD (left) and TRACER (right). Notice the 

reduction in noise (increase in SNR) utilizing the PROUD method. 

 

 

 

Figure 7.8: A) In vivo perfusion curves and B) CNR curves for the same volunteer as in Fig. 7.7. 
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7.6 Discussion 

The results presented in this work demonstrate the feasibility of using a combination 

of a patch based image constraint with a temporal regularization to provide improved 

CNR in phantoms while maintaining or improving temporal fidelity and to provide an 

increase in CNR of up to 60% in vivo compared to TRACER.  This reduction in noise 

(as seen by the increase in CNR) can be attributed to the patch-based dictionary 

methods employed in the PROUD method. Patch level dictionary learning has 

previously been shown to be useful in de-noising problems (24,26) and has been 

shown to improve PSNR compared to a ground truth in MRI data (25). 

 

Temporal characterization of PROUD against TRACER gave similar performance for 

larger objects and slower temporal events. For short temporal events or small objects 

there were some discrepancies between the methods. TRACER had increased 

temporal lag and somewhat larger measured temporal footprint with smaller object 

size at shorter temporal events. This may be due to differences in the reconstruction 

methods of TRACER and PROUD. Importantly, TRACER is subject to blurring of 

edges during fast signal changes. This is shown in Fig. 4d of (13). This blurring will 

effect smaller objects more and is most likely the cause of the increase in the measured 

temporal footprint and some of the temporal lag. This artifact was reduced in PROUD, 

however, since the dictionary-based method allows for a better delineation of edges 

during contrast changes. This is because this edge information is available in the 

image reconstructed from all available data which was used in the dictionary for each 
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frame. In addition, with PROUD regularization is done on a local level while 

TRACER implements global image regularization. In our analysis, the method of 

determining the temporal lag and compression factor via compression and cross-

correlation may be affected by the fact that response function in TRACER only is non-

zero for positive time, see Fig. 3a in (13), while, due the temporal smoothness 

constraint, PROUD has a bi-directional temporal spread. These reasons may also 

explain the reason why TRACER exhibits an apparent negative lag for the three 

smallest objects (FOV = 12.5 – 25%), which is likely an artifact of the specific way in 

which lag was measured in this work. Overall it is important to note, that for both 

methods, temporal response was a factor of both the temporal event length and the size 

of the feature being evaluated.  

 

Finally, in comparison to TRACER, PROUD is able to reduce residual temporal 

flickering artifacts due to the addition of Eq. 7.2. This temporal fidelity constraint 

forces neighboring frames to be similar over time therefore penalizing rapid temporal 

changes (e.g. flickering). There are differences to be noted however in the temporal 

performance of PROUD with Eq. 7.1 only and PROUD with Eq. 7.2. In general, Eq. 

7.1 (and sometimes TRACER with larger objects) provided slightly better measured 

temporal footprint than Eq. 7.2. This is mainly due to the fact that the temporal term in 

Eq. 7.2. may introduce some degree of temporal blurring. The effect of temporal 

blurring was observed to be small, except in fast changing temporal signals. 
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Improvement may be possible in future implementations replacing the !!-norm on the 

temporal term with an !! norm.  

 

There were some limitations in this work. In vivo validation was only done in subjects 

that were assumed to be healthy. Further studies may be warranted to evaluate the 

performance of PROUD in patients presenting with liver dysfunction (i.e. fibrosis, 

hepatocellular carcinoma, etc.). In addition, reconstruction time for the current pure 

Matlab implementation of PROUD was long (4.3 minutes to reconstruct one frame of 

one slice with Eq. [7.1]). However, reconstruction time can be reduced through 

implementation in C code and GPU parallelization. Future implementations of  

PROUD may warrant automatic patch and neighborhood size determination, which 

could be done by analyzing the residual in Eq. [7.10a] for varying patch/neighborhood 

size. If patch size were to be determined automatically, it could lead to an overall 

reduction in reconstruction time, since it would make the search for  !!,! less 

computationally expensive. 

7.7 Conclusion  

The proposed PROUD algorithm combines an image patch based regularization 

combined with a temporal constraint to enable high SNR, high temporal frame rate 

and spatial resolution 4D imaging that can improve in vivo peak !"# by up to 60% 

compared to previous methods while maintaining adequate temporal fidelity. 
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7.8 Appendix A 

!! , !!!,!,! ← !"#$% !! ! 
1) Reconstruct a reference !! using the first !! spiral leaves  
2) Reconstruct a composite image !!"" using all spiral leaves  
3) Compute the coil sensitivity maps !! !!!,…,!! using !!"" 
4) Solve Eqs [7.3] and [7.4], obtaining initial estimates of !!∗ and !!,!,!∗   
5) Set ! such that the two terms in Eq [7.1] are equal for the solutions in step 4. 
6) Solve Eq [7.1] for all time frames: 

 for ! = 1,… ,!  
 !!! !← !!!!! + !!!!!!! !! − !!!"!!!!!! "
 !!"#$ ← !!! and ! ← 0"
 ! ← !!! − !!"#$ / !!! "
 !! ← !"#$"%&'() !!!!, !!"" "
 while !! ≥ ! !!"#$%% 

find !!,!,!! !by fitting !!! against patch dictionary !! using Eq. [7.10a,b] 
create the patch averaged image !!! ← !!,!! !!,!,!! !!,!!!!,!    
compute new image estimate !!! using Eq. [7.9a] 
! ← !!! − !!"#$ / !!!  
!!"#$ ← !!! and ! ← ! + 1 

 end 
 !! ← !!! and !!,!,! ← !!,!,!!  

 end 
7) Set ! such that the terms 1 and 3 in Eq [7.2] are equal for the solutions obtained in 

step 5. 
8) Solve Eq. [7.2] using the solutions obtained in step 5 as initial guess: 
!!,! ← !! and !!,!,!,! ← !!,!,! 

 for !! = !2,… ,!!"#$!  
 for ! = 1,… ,!  

 !!,! !← !!!!!,! + !!!!!!! !! − !!!"!!!!,!!! "
!! ← !1 2 (!!!!,!! + !!!!,!!!).  
!!,! ← !"#$"%&'() !!!!,! , !!""   
find !!,!,!,!!by fitting !!,! against patch dictionary !!,! using Eq. [7.10a,b] 

 create the patch averaged image !!,! ← !!,!! !!,!,!,!! !!,!!!,!!,!  
compute new image estimate !!,! using Eq. [7.9b] 

end 
end 
!! ← !!,!  and !!,!,! ← !!,!,!,! 

! ← !"#$"%&'() !!,… , !!!   
1) For every pixel (!, !) construct a set !!,! !of !! patches of size !×! centered on pixel 

!, !. "
2) Orthonormalize each set  !!,! "
3) For every pixel (!, !) collect all sets !!,! in a !×! neighborhood centered on pixel 

!, !"
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7.9 Appendix B 

In the following, we detail the solver used for Eq. [7.1] and [7.2]. The method goes 

back and forward between solving for !!∗ and solving for the patch weights !!,!,!!.     

Eqs. [7.1] and [7.2] are solved by extending the method in (25) to the multi-channel 

non-Cartesian case.  We start by assuming !!,!,!! to be fixed to some appropriate initial 

values. Then Eq. [7.11] 

!!∗ = argmin
!!

‖!!!"!! − !!‖!! + ! ‖!!,!!! − !!,!,!!!,!!!‖!!!
!,!

! 

A solution for !!∗ is obtained by setting the derivative of the cost function to zero, 

resulting in 

[!!!!!!!!!!" + ! !!,!!! !!,!!]!!∗
!,!

= !!!!!!!!! + ! !!,!! !!,!,!!!,!!!
!,!

 

Where !!,!!! !!,!!is equal to !" where ! is a scaling factor equal to !!, after 

appropriately taking into account patches at the edge of the FOV. Therefore: 

!!!!!!!!!!" + !!!" !!∗ = !!!!!!!!! + ! !!,!! !!,!,!!!,!!!
!,!

 

Note that  !!!!!" = !!! = !, by the fact that the Fourier transform is unitary and 

the fact that   !!! is a diagonal matrix with entries equal to  |!!!|! = 1 (by 

construction). Therefore 

!!!! !!!!! + !"# !"!!∗ = !!!!!!!!! + ! !!,!! !!,!,!!!,!!!
!,!

"
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By applying !" on both sides, we obtain 

                         !!!!! + !"# !"!!∗ = !!!!! + !"#$!!                               [7.8] 

where !! = !
! !!,!! !!,!,!!!,!!!!,!  is the “patch averaged image”. Here !!!!!  “zeroes 

out” any k-space that is not on the spiral trajectory corresponding to time frame !. By 

writing !"#$!! = !!!!!!"#$!! + 1− !!!!! !"#$!!, we can apply the inverse of 

the diagonal matrix on both sides of Eq. [7.8]: 

!"!!∗ =
1

1+ !" !!!!! + !!!!!!"#$!! + 1
!" 1− !!!!! !"#$!! 

 !!!!! is simply the sampled k-space locations zero-padded to the matrix size.  ! can 

be incorporated into ! such that we can substitute !! ← !!!! as in (25) . This can be 

simplified to 

                        !!∗ = !!! + !
!!! !

!!!!!! !! − !!!"!!!!                       [7.9a] 

The added temporal regularization term in Eq, [2] similarly leads to: 

                !!!!!!!!!!!!!!∗ = ! !"!!!!!!!! + !
!!!!! !

!!!!!! !! − !!!" !"!!!!!!!! !!                [7.9b] 

Where !! = !
! (!!!!!

∗ + !!!!∗ ). To speed up convergence, new estimates of !!∗ are used 

in the initialization and in the regularization term for subsequent time frames as soon 

as they become available. 

 

Once an updated guess for an image ! is available, the patch weights !!,!,! are updated 

as follows. For every pixel !, ! , the following optimization is performed 



 

98 

                !∗ = argmax!∈!!,!! ! !,!!,!!                          [7.10a] 

Where ! !,!!,!! ≝ !!!!,!!!∈!  is the projection of patch !!,!! onto the basis ! of 

patches from the dictionary, which, by construction, is an orthonormal basis. Once the 

optimal patch set !∗ is found, the patch weights are set equal to the linear coefficients 

in this basis: 

 !!,! = !!!!,!! !∈!∗                                [7.10b] 
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CHAPTER 8 

8 Future Directions & Conclusion 

8.1 Future Directions 

There are many areas for improvement of the techniques proposed in this thesis. 

Generally, these include improved pulse sequences, fitting models and algorithm 

implementations. 

8.1.1 Cardiac T1 Mapping 
In this thesis, methods for T1 mapping with improved accuracy were discussed as well 

as sources of error in current clinical T1 mapping sequences. There are two main areas 

in which T1 mapping can further be improved. These areas are model accuracy 

/improved pulse sequence design and accelerated mapping. Both of these would lead 

toward the final goal of accurate and reproducible 3D whole heart T1 mapping. 

Currently 2D T1 mapping is the clinical norm and has to be done in multiple slices 

with slice gaps. Further advances to accelerated cardiac imaging and improved MRI 

hardware may allow for 3D T1 maps to be acquired in a clinically feasible amount of 

time (one breath hold).   

 

While 3D T1 maps are desirable, it is important that they also be accurate and 

consistent. In this thesis, sources of error in the current cardiac T1mapping technique 

were noted and some solutions were posed. Improvements to provide for accurate T1 

mapping could be an improved fitting method for the current sequence that takes into 

account all physical parameters. One such way could be Bloch fitting that accounts for 



 

106 

the SSFP readout , off resonance, magnetization transfer and B1 effects. Another 

method as suggested in the text is to develop a sequence that can easily be fit for T1 

without readout error, such as IR-FSE. Currently however, IR-FSE is limited to 

measuring longer T1 times (due to its readout) and is only applicable for patients with 

lower heart rates and longer cardiac quiescent periods. Improvements to make this 

sequence more robust would make it a favorable technique for cardiac T1 mapping. 

8.1.2 High SNR High Frame Rate Liver Imaging 
The implementation of PROUD in this thesis is just the tip of the iceberg for applying 

patch-based image reconstruction constraints for high frame rate MRI. Algorithmic 

improvements such as reducing computation time would greatly improve the clinical 

utility of the PROUD method. This could be done through various routes including c 

compilation of the code, multi-threading and GNU implementations. In addition, the 

temporal performance of the algorithm may be improved by replacing the l2 norm on 

the PROUD temporal constraint with an L1 norm. Further improvements can also be 

made to the images chosen to make the dictionary in the algorithm. There are endless 

ways to form the dictionary and a robust exploration of these should be carried out.  

 

In addition, this preliminary work provided results for normal controls. An additional 

study is warranted for patients with liver disease to understand the ability of PROUD 

to characterize specific pathologies and also to confirm that the patch-based imaging 

does not remove any important image textures or small details. 
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A final future direction could be to utilize perfusion curves derived from temporal 

PROUD images to carry out a physiological modeling of liver perfusion and provide 

relevant parameters of liver parenchyma enhancement and tumor enhancement 

directly for a quantitative and meaningful diagnosis of liver disease. 

8.2 Conclusion 

This thesis has provided solutions for two clinically important needs. Methods for in 

vivo T1 mapping were explored and sources of error were further understood. In 

addition, methods to reduce scan time for cardiac applications were introduced. 

Finally, a new method for high frame rate liver imaging with high SNR was 

introduced for improved liver imaging and tumor characterization. These methods 

show the potential for clinical MRI to further improve with reduced scan time (or 

higher frame rate) and by offering quantitative physiological data in addition to 

qualitative images. 

 

 

 

 

 

 

 


