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Abstract 

Background: Recently, quantitative magnetic resonance fingerprinting (MRF) 

technique has drawn increasing attention because of its ability to acquire different 

quantitative parameter maps in a single scan. However, the applications of MRF only 

focus on static images nowadays, mostly brain image. Therefore, further application on 

moving subject is warranted. 

Purpose: This study aims to develop a novel time-resolved magnetic resonance 

fingerprinting (TR-MRF) technique for respiratory motion imaging applications and 

investigate different acquisition schemes for TR-MRF. 

Methods and Materials: Our proposed TR-MRF technique consists of repeated MRF 

acquisitions using an unbalanced steady-state free precession sequence with spiral-in-

spiral-out trajectory. The acquired MRF data are then retrospectively binned into 

different respiratory phases using a phase-based sorting method. The TR-MRF 

technique was first simulated in MATLAB (MathWorks, Natick, MA) using a four 

dimensional extended cardiac-torso (XCAT) phantom for both regular and irregular 

breathing profiles and was tested in three healthy volunteers. MRF images were 

simulated with different number of repetitions from 1 to 15 and the simulation was 
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repeated 200 times for each number of repetitions. Three different acquisition methods 

were used to generate TR-MRF images: 1) continuous acquisition without delay 

between MRF repetitions; 2) continuous acquisition with 5 seconds delay between 

MRF repetitions; 3) triggered acquisition with variable delay between MRF repetitions 

to allow the next acquisition to start at different respiration phase. Parametric MRF 

maps at different respiratory phases were subsequently estimated using our TR-MRF 

sorting and reconstruction techniques. The resulting TR-MRF maps were evaluated 

using a set of metrices related to radiotherapy applications, including absolute 

difference in parametric maps, error in the amplitude of diaphragm motion (ADM), 

tumor volume error (TVE), signal-to-noise ratio (SNR), and tumor contrast. 

Results: TR-MRF maps using three different acquisition methods were successfully 

generated using XCAT phantom. The overall and liver T1 value error, liver SNR in T1 

and T2 maps, and tumor SNR from T1 maps from triggered method is significantly 

better compared to the other two methods (p-value < 0.05). The other image quality 

indexes have no significant difference between the triggered method and the other two 

continuous acquisition methods. All image quality indexes exhibit no significant 

difference between the acquisition methods with 0 second and 5 seconds delay. 

Numerical simulations showed that the TVE were 1.6Ñ2.7% and 1.3Ñ2.2%, the average 

absolute differences in tumor motion amplitude were 0.3Ñ0.7 mm and 0.3Ñ0.6 mm ,and 

the ADM were 4.1Ñ0.9% and 3.5Ñ0.9% for irregular and regular breathing respectively. 
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The SNR of the T1 and T2 maps of the liver and the tumor were generally higher for 

regular breathing compared to irregular breathing, whereas tumor-to-liver contrast is 

similar between the two breathing patterns. The proposed technique was successfully 

implemented on the healthy volunteers. 

Conclusion: We have successfully demonstrated in both digital phantom and health 

subjects a novel TR-MRF technique capable of imaging respiratory motions with 

simultaneous quantification of MR multi-parametric maps. 
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1.1.1 Introduction of Radiation Therapy 

Since the discovery of radium and radioactivity by Marie Curie and Pierre Curie in 

1898, radiation has been used in various medical applications.(M. Curie, 1898; P. Curie 

& Curie, 1898; P. Curie, Curie, & B®mont, 1898) One of the most important 

applications of radiation is the treatment of cancer by directly killing tumor cells or 

causing DNA damage which will lead to tumor cell death. The first American physician 

to use X-ray for cancer treatment was believed to be Emil Grubbe of Chicago in 

1896.("News of Science," 1957) External beam radiotherapy began with the use of low 

voltage (<150 kV) X-ray machine in around 1900s. However, these low voltage X-ray 

can only treat superficial tumors and higher energy beams are needed for deeply seated 

tumors. Orthovoltage X-rays with 200-500 kV energy, as shown in Figure 1, was 

invented and began to use in 1920s. However, the energy of orthovoltage X-rays is still 

not optimum for deeply seated tumors. To further increase the energy to 1 MV or above 

(Megavolt radiation), megavoltage X-ray machine was first built in 1930s. However, at 

that time, because of the high cost of megavoltage X-ray machine and limited 

1. Literature Review 

1.1 Radiation Therapy 
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technology, only few institutions were able to use it. An alternative of X-ray machine 

was using radioisotope for radiation therapy. Cobalt-60, a radioisotope that can emit 

1.17 and 1.33 MeV gamma rays with 5 years half-life, was used for radiation therapy 

since 1950s. The cobalt-60 machine was relatively cheap, robust and simple to use 

compared to X-ray machine, which revolutionized the field of radiation therapy 

between 1950s and early 1980s. The modern medical linear accelerator (linac) was 

developed in 1940s and began to replace the low energy X-ray machine and cobalt units 

in 1980s. The first patient treated with linac was in London in 1953 at Hammersmith 

Hospital.(Thwaites & Tuohy, 2006) Since then, different innovations including the 

invention of computed tomography (CT) in 1971 by Godfrey Hounsfield, the invention 

of magnetic resonance imaging (MRI) in 1970s, and the invention of position emission 

tomography (PET) enabled physicians to better visualize the tumor and made medical 

linac capable of more accurate radiation delivery to the target. 
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Figure 1: An orthovoltage X-ray machine with 200 kV beam for radiation therapy in 

1938 (Image from Wikipedia https://en.wikipedia.org/wiki/Orthovoltage_X-rays). 

  

https://en.wikipedia.org/wiki/Orthovoltage_X-rays
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After late nineteenth century, innovations of the radiation delivery techniques have 

improved the accuracy of radiation therapy and the outcome of the treatment.(Abshire 

& Lang, 2018) Especially, the introduction of intensity-modulated radiation therapy 

(IMRT), which uses multi-leave collimator and advanced computer programs to shape 

the radiation field per the shape and size of the tumor, in 1982 by Brahme et al. has 

been considered the most imperative development in radiation therapy.(Brahme, Roos, 

& Lax, 1982) It allows people with cancer to receive higher, more effective doses of 

radiation while limiting the radiation damage to the healthy tissues and organs around 

it. Other techniques such as stereotactic body radiation therapy (SBRT) and stereotactic 

radiosurgery (SRS), which deliver extremely precise and more intense doses of 

radiation to cancer cells within one treatment fraction compared to traditional radiation 

therapy leading to a higher biologically effective dose (BED), and image-guided 

radiation therapy (IGRT) which adopt advance image techniques during each treatment 

session to enhance the delivery aspect of radiation, as shown in Figure 2, have also led 

to improvement of the quality of care and outcomes of patients.(Brown, Brenner, & 

Carlson, 2013; Chetty et al., 2015; Didolkar et al., 2010; Iyengar & Timmerman, 2012; 

Jaffray, 2012) Around 60% of cancer patients will receive radiation treatment during 

their entire treatment courses. Jaffray and Gospodarwicz estimated that radiation 

therapy has the potential to improve the cure rate of 3.5 million patients globally and 

provide palliative treatment for another 3.5 million.(Jaffray & Gospodarowicz, 2015)  
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Figure 2: Illustration of real-time 3D IGRT method. COSMIK represents for combined 

optical and sparse monoscopic imaging with kilovoltage X-rays and KIM stands for 

kilovoltage intrafraction monitoring.(P. J. Keall et al., 2018) 
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The two primary goals of radiation therapy are delivering the prescribed dose to 

the target and protecting organ-at-risk (OAR) from overdosing. In order to achieve 

these goals, several requirements must be met during the whole radiation therapy 

process including high quality imaging for target and OAR delineation, sophisticated 

treatment planning system, accurate motion measurement for treatment planning, 

accurate dose calculation algorithms for treatment planning, effective motion 

management modalities during treatment delivery process, high-spatial precision 

treatment delivery systems, delicate treatment monitoring system, and etc.(Haddad et 

al., 2016; Maturen et al., 2013; Price et al., 2012) Among these requirements, motion 

management is becoming increasingly important in the era of image-guided and hypo-

fractionated radiation therapy especially for tumors in thorax and abdomen.  

1.1.2 Motion Management 

Organ motion during radiation therapy can be caused by respiratory, skeletal 

muscular, cardiac, and gastrointestinal systems. Among these systems, respiratory 

motion is the most prevalent motion for thoracic and abdominal tumor and has been 

investigated intensively these years.(Beddar et al., 2007; Brandner, Chetty, Giaddui, 

Xiao, & Huq, 2017; Brandner et al., 2006; Case et al., 2010; Choi & Doucette, 1981; P. 

J. M. Keall, Gig S.   Balter, James M.   Emery, Richard S.   Forster, Kenneth M.   

Jiang, Steve B.   Kapatoes, Jeffrey M.   Low, Daniel A.   Murphy, Martin J.   
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Murray, Brad R.   Ramsey, Chester R.   Van Herk, Marcel B.   Vedam, S. Sastry   

Wong, John W.   Yorke, Ellen 2006; Park et al., 2012; Perez, Bauer, Edelstein, 

Gillespie, & Birch, 1986; H. Shirato, Seppenwoolde, Kitamura, Onimura, & Shimizu, 

2004; Stevens et al., 2001; J. Yang, Cai, Wang, Chang, Czito, Bashir, Palta, et al., 2014) 

The organs that are prone to be effected by respiratory motion include lungs, esophagus, 

breast, prostate, kidney, pancreas and liver. Researchers have been continuously 

investigating the respiratory motion of different organs via different modalities 

including ultrasound, CT, MRI, and fluoroscopy as shown in Figure 3.(Barnes et al., 

2001; Chandarana, Wang, Tijssen, & Das, 2018; Creutzberg, Althof, Huizenga, Visser, 

& Levendag, 1993; Du et al., 2015a; Ford et al., 2002; George, Vedam, Chung, 

Ramakrishnan, & Keall, 2005; Heinzerling et al., 2008; Hurkmans, Remeijer, Lebesque, 

& Mijnheer, 2001; Ozhasoglu & Murphy, 2002; Paganelli, Summers, Bellomi, Baroni, 

& Riboldi, 2015; Rodrigus, Van den Weyngaert, & Van den Bogaert, 1987; Shimizu et 

al., 2001; J. Yang, Cai, Wang, Chang, Czito, Bashir, & Yin, 2014) In some studies, 

researchers measured the tumor or the host organ while in some other studies a 

surrogate organ such as diaphragm or a fiducial marker implant was used for motion 

measurement. According to different studies, patientsô breathing patterns various in 

amplitude, rate, and regularity during the whole radiation therapy process.(Minohara, 

Kanai, Endo, Noda, & Kanazawa, 2000; Murphy et al., 2000; H. Shirato et al., 2000) 

Large variation between patients has also been demonstrated, indicating the need for 
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personalized respiratory management.(Barnes et al., 2001; Q. S. Chen, Weinhous, 

Deibel, Ciezki, & Macklis, 2001; Grills et al., 2003)  
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Figure 3: Different image modalities for liver imaging. Figure A is the ultrasound image 

for a patient with liver lesion.(Sharef, Saad, & Alexander, 2014) Figure B is the CT 

image without contrast for a liver patient with a single metastasis.(Provenzano et al., 

2015) Figure C is the fluoroscopy image during liver biopsy.(Philips & Pande, 2016) 

Figure D is MRI image for a patient with liver cancer.   
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The reported motion measurement results for lung tumor varied significantly 

across different studies. Sarudis et. al. reported an average lung tumor motion of 1.5 

mm in left-right (LR) direction, 2.5 mm in anterior-posterior (AP) direction, and 6.9 

mm in superior-inferior (SI) direction for 126 radiation therapy patients using four-

dimensional computed tomography (4D-CT).(Sarudis, Karlsson Hauer, Nyman, & 

Bªck, 2017) The maximum amplitude they observed was 11.0 mm in LR, 9.0 mm in 

AP, and 53.0 mm in SI. They also reported that tumor size was not correlated with 

motion amplitude in any direction. Erridge et al. reported a mean lung tumor motion 

(minimum-maximum motion) range of 7.3 (3-12) mm in LR, 9.4 (5-22) mm in AP, and 

12.5 (6-34) mm in SI in 97 patients using electronic portal images (EPIs).(Erridge et 

al., 2003) Stevens et al. investigated lung tumor motion for 22 patients and found no 

tumor motion for 10 patients and the 3-22 mm (8 mm on average) tumor displacement 

for remaining patients in SI direction using orthogonal radiographs.(Stevens et al., 2001) 

The tumor motion was found to be irrelevant with the tumor size, tumor position, and 

pulmonary function. All these researches indicate that patientsô breathing pattern varied 

significantly between each other and individual tumor motion assessment is necessary 

for radiation therapy patients.  

Respiratory motion not only has significant influence on lung tumor but also on 

abdominal tumors including liver tumor, pancreas tumor, and kidney tumor, etc. In 
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general, SI direction is the dominant direction that abdominal organ motion focuses on 

while in AP and LR directions the motion amplitude is usually less than 2 mm.(Davies, 

Hill, Holmes, Halliwell, & Jackson, 1994; Korin, Ehman, Riederer, Felmlee, & Grimm, 

1992) Liver tumor is one of the most common abdominal cancer and has been 

investigated intensively. Xu et al. quantified the liver tumor motion during SBRT 

treatment for 23 patients using fiducial markers and reported an average liver tumor 

motion (Ñstandard deviation (SD)) of 2.1 Ñ 2.3 mm in LR, 2.9 Ñ 2.8 mm in AP, and 6.4 

Ñ 5.5 mm in SI directions.(Xu et al., 2014) Liang et al. also investigated liver tumor 

motion during SBRT for 14 patient with fiducial markers.(Liang et al., 2018) They 

reported a median (range) liver motion amplitudes of 1.3 (0.4-4) mm, 3.8 (0.9-7.7) mm, 

and 11.9 (5.1-17.3) mm in LR, AP, and SI directions respectively. An example of liver 

tumor motion is shown in Figure 4. As for pancreas, Bryan et al. recruited 36 subjects 

in their study and measured pancreas motion using real-time ultrasound.(Bryan, Custar, 

Haaga, & Balsara, 1984) They reported an average motion amplitude of 20 mm with a 

range of 0-35 mm in SI direction. Kidney is another organ that motion has been studied 

comprehensively. Tai et al. investigated kidney free breathing motion using 4D-CT for 

10 patients and reported average motion (ÑSD) of 5.7 (Ñ3.2) mm and 7.1 (Ñ3.1) mm in 

SI direction for right and left kidney respectively.(Tai, Liang, Erickson, & Li, 2013) 

Siva et al. reported a mean free breathing motion (minimum-maximum motion) of 7.7 

(1.1-19.2) mm and 7.9 (1-36) mm in SI direction for right and left kidney respectively 
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after measuring for 62 patients using 4D-CT.(Siva et al., 2012) All of these studies have 

suggested that abdominal cancer can move significantly in SI direction and it can vary 

considerably between patients. Therefore, accurate motion measurement of abdominal 

cancer for each individual patient is crucial for accurate delivering of radiation dose to 

the target.   



13 

 

 

Figure 4: MRI cine image of end of inhalation and end of exhalation for a patient with 

liver tumor. The motion of liver and tumor can be clearly seen in the figure. The white 

dashed line was added for better visualization of the movement. 
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In order to manage the organ respiratory motion during radiation therapy, different 

methods have been developed. These methods includes motion-encompassing, 

respiratory-gating, breath-hold, forced shallow-breathing, and respiration-

synchronized techniques.(P. J. M. Keall, Gig S.   Balter, James M.   Emery, Richard 

S.   Forster, Kenneth M.   Jiang, Steve B.   Kapatoes, Jeffrey M.   Low, Daniel A.   

Murphy, Martin J.   Murray, Brad R.   Ramsey, Chester R.   Van Herk, Marcel B.   

Vedam, S. Sastry   Wong, John W.   Yorke, Ellen 2006)  

In radiation therapy centers that do not have the modalities to explicitly account for 

respiratory motion, motion encompassing technique is usually used. The motion 

encompassing technique manages the respiratory motion by encompassing the entire 

rage of tumor motion in the target volume to minimize the possibility of target missing 

during the radiation therapy delivery process. To include the entire range of tumor 

respiratory motion, various methods have been proposed by researchers. The most 

commonly used techniques are slow CT, inhale and exhale breath-hold CT, and 4D-CT. 

Slow CT is a technique that acquires multiple CT scans across multiple respiratory 

cycles.(Lagerwaard et al., 2001) Breath hold CT is acquired during patientôs breath hold 

at two different respiratory phases, usually the end of inhalation and the end of 

exhalation.(Molitoris et al., 2018) 4D-CT or respiration-correlated CT acquires images 

continuously for approximately 1 minute and then the images are reconstructed into 
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different respiratory phases according to the patientôs breathing signal.(Vedam et al., 

2003)  

The respiratory gating technique is able to deliver the radiation to the patient within 

a window of patientôs breathing cycle by using a trigger for both imaging and treatment 

delivery. The position and width of the gating window are determined by trained 

personnel to achieve the dosimetric requirement using either an external respiratory 

signal (e.g. respiratory belt) or internal surrogate (e.g. fiducial markers). This technique 

was initially proposed in Japan in 1980s and has been investigated intensively 

afterward.(Ohara et al., 1989; Tada et al., 1998) 

Breath hold method is another option for respiratory management. This technique 

requires active patient participation and patient breathing coaching by the trained 

therapist during the simulation and treatment process. This technique is used mainly in 

the radiation treatment of breast and lung cancer. Two commonly used techniques are 

deep-inspiration breath-hold (DIBH) and active-breathing control (ABC). In DIBH, the 

patient usually breathes through a spirometer with nose clip to keep the total lung 

capacity within a certain threshold during imaging simulation and radiation therapy 

delivery process.(Hanley et al., 1999) The ABC is a method to facilitate reproducible 

breath hold that is commonly used in treating left-side breast cancer which will prevent 

overdosing to the heart.(Wong et al., 1999) It also uses a spirometer and can suspend 
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breathing at a predefined position, usually at moderate or deep inhale.  

Forced shallow breathing with abdominal compression was originally developed 

by Lax and Blomgren for lung and liver SBRT.(Lax, Blomgren, Nªslund, & Svanstrºm, 

1994) This technique employs an abdominal compression device at the abdomen to 

limit the breathing amplitude.  

The respiratory synchronized technique or real-time tumor tracking method 

accommodates respiratory motion by repositioning the radiation beam to follow the 

tumorôs movement during the treatment course. In order to achieve this, sophisticated 

systems are required to track the tumor in real time, reposition the beam, compensate 

the time delay of beam repositioning, and adapt the dosimetry. Different methods have 

been proposed including tracking the fiducial markers by fluoroscopic images, tacking 

the body surface using optical or infrared imaging, and tracking the radiofrequency 

emitted by implanted transponders.(Molitoris et al., 2018; Hiroki Shirato et al., 2003) 

With the pursue of higher dose delivery to the target to improve the treatment 

outcome, motion management technologies are becoming increasingly important. 

Accurate and efficient imaging techniques and accurate treatment delivery system are 

in great demand to further improve motion management in radiation therapy.  
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1.2.1 Liver Cancer Statistics 

Among different abdominal cancers, liver cancer is one of the most common 

cancers that are affected substantially by respiratory motion as can be seen in Figure 5. 

Liver cancer is the leading cause of cancer morbidity and mortality, especially in east 

Asia. It is globally the sixth-most frequent cancer, accounting for 4.7% in both men and 

women. In 2018, it occurred in 841,080 people. Also, it is the fourth-leading cause of 

death from cancer accounting for 8.2% in both genders. In 2018 it resulted in 781,631 

deaths.(Bray et al., 2018) According to the Hong Kong Cancer Registry, in 2017 the 

incident rate of liver cancer is 5.5%, ranking at the 5th most frequent cancer, and its 

mortality rate is 10.8%, ranking at the 3rd among all types of cancer in Hong Kong.(HA, 

2019) The leading cause of liver cancer is hepatitis B, hepatitis C, and alcohol.("Global, 

regional, and national age-sex specific all-cause and cause-specific mortality for 240 

causes of death, 1990-2013: a systematic analysis for the Global Burden of Disease 

Study 2013," 2015) Aflatoxin, non-alcoholic fatty liver disease, and liver flukes also 

increase the risk of liver cancer.(McGuire, 2016) Primary liver cancer includes 

hepatocellular carcinoma (HCC, accounting for around 80%), intrahepatic 

cholangiocarcinoma (accounting for around 15%), and other rare cancer types. Besides 

1.2 Liver Cancer 
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primary liver cancer, liver is also the most metastasis-permissive organ, mainly from 

sarcoma, breast and prostate carcinoma, gastrointestinal cancers, neuroendocrine 

tumors, and uveal melanoma.(Amankwah, Conley, & Reed, 2013; Hess et al., 2006; 

Jaques, Coit, Casper, & Brennan, 1995; Ryu et al., 2013) These liver metastases are 20 

times more common than primary liver cancers.(Bosch, Ribes, Diaz, & Cleries, 2004) 

Therefore, people are paying increasingly attention to the liver tumor and its treatment 

methods.  
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Figure 5: Top 10 cancer types for estimated cases and deaths worldwide for both 

sexes.(Bray et al., 2018) 
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1.2.2 Liver Cancer Treatment 

Despite the type of liver cancer, primary or metastases, it is still one of the most 

difficult cancer to treat.(C. Y. Liu, Chen, & Chen, 2015) For patients with early stage 

liver cancer, surgery, local destructive therapies, and liver transplantation can offer 

curative options.(Burroughs, Hochhauser, & Meyer, 2004; Lencioni, Llovet, & Han, 

2012; Llovet, Schwartz, & Mazzaferro, 2005) However, the treatment outcome is not 

always satisfactory. Llovet et al. reported a 5-year recurrence rate of HCC of more than 

70% for the patients received curative treatment.(Llovet et al., 2005) Even with small 

tumor (<3cm), the 5-year survival rate is only 47% to 53%.(Altekruse, McGlynn, 

Dickie, & Kleiner, 2012; Fong & Tanabe, 2014; Poon, Fan, Lo, Liu, & Wong, 2002) 

Unfortunately, the majority of liver cancer are diagnosed in late stage and the curative 

treatment options are not eligible. For these patients, other therapies such as systematic 

chemotherapy, multikinase inhibitor, immunotherapy, oncolytic virus therapy, 

radiofrequency ablation (RFA), percutaneous ethanol injection therapy, transarterial 

chemoembolization (TACE), and radiation therapy are the typical alternatives. These 

treatments should be executed carefully due to compromised body condition, tumor 

size, tumor position, as long as the requirement of preservation of residual liver 

function.(Abitabile, Hartl, Lange, & Maurer, 2007; Bruix, Reig, & Sherman, 2016; 

Bruix et al., 2014; Burroughs et al., 2004; de Baere et al., 2017; De Jong et al., 2009; 
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Hanahan & Weinberg, 2011; Lai, Lok, Wu, Chan, & Lin, 1988; Nugent et al., 2017; 

Scheele, Stang, Altendorf-Hofmann, & Paul, 1995; Tateishi et al., 2006)  

Nowadays, the treatment of liver cancer has become multidisciplinary and 

different treatments are combined according to specific patient condition. For example, 

Yuan et al. reported improved overall survival (OS) for HCC patients treated with 

TACE and sorafenib compared with patients treated with TACE alone (13 vs 6 

months).(Yuan, Yin, et al., 2019) Zhao et al. reported clinical benefit of combining 

TACE, radiation therapy, and sorafenib for HCC patients with macrovascular 

invasion.(Zhao et al., 2019) Yu et al. reported longer progression-free survival (PFS) 

and OS for patients receiving both radiation therapy and nivolumab treatment compared 

with patients receiving nivolumab treatment alone.(J. I. Yu et al., 2019) In summary, 

liver cancer treatment is still a challenging task and substantial efforts have been 

investigated into this area. 

Among the various treatment options for liver cancer, radiation therapy has been 

drawing increase attention recently. Several studies have reported promising results of 

using radiation therapy for inoperable liver cancer treatment. In addition to the 

improved treatment outcome using radiation therapy combined with other treatment 

methods mentioned in the previous section, the efficacy and safety of treating liver 

cancer with radiation therapy alone have been reported to be promising. Clerici et al. 
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reported good efficacy of SBRT for unresectable liver metastasis in terms of local 

control (LC) and OS.(Clerici et al., 2019) Yang et al. compared the clinical outcomes 

of HCC patients receiving high-dose per fraction radiation therapy (6-12.5 Gy per 

fraction) versus conventional radiation therapy (1.8-3 Gy per fraction) in terms of 

overall response rate (ORR), OS, and in-field progression-free survival (IFPS). Their 

findings suggest high dose per fraction treatment is preferred compared to conventional 

treatment.(J. F. Yang et al., 2019) Nugent et al. showed that SBRT is as effective as 

TACE with DEBDOX beads in a randomized phase II study.(Nugent et al., 2017) Wahl 

et al. compared SBRT with RFA for HCC treatment and reported similar 

outcomes.(Wahl et al., 2016) These studies have suggested high dose per fraction 

radiation treatment or SBRT has the potential to serve as a treatment alternative for liver 

cancer. An example of SBRT plan for liver tumor is shown in Figure 6. 
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Figure 6: Stereotactic body radiation therapy plan for a HCC patient.(Bang & Dawson, 

2019) 
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Although SBRT demonstrated promising results for liver cancer treatment, 

cautions must be paid to deliver the desired radiation dose to the target tumor while 

sparing the remaining healthy liver from over-dosing because SBRT toxicity is still of 

great concern.(Doi, Beppu, Kitajima, & Kuribayashi, 2018) The SBRT toxicity includes 

fatigue, radiation-induced liver disease (RILD), damage to the gastrointestinal tract and 

biliary duct, cytopenia, dermatitis, and rib fracture.(Andolino et al., 2011; Bae et al., 

2013; Chang et al., 2011; Culleton et al., 2014; Doi et al., 2017; Kang et al., 2012; 

Kopek, Holt, Hansen, & Hßyer, 2010; Rusthoven et al., 2009; Sanuki et al., 2014; 

Takeda, Sanuki, Eriguchi, et al., 2014; Takeda, Sanuki, & Kunieda, 2014; Takeda, 

Sanuki, Tsurugai, Oku, & Aoki, 2016; Tanguturi, Wo, Zhu, Dawson, & Hong, 2014; 

Wahl et al., 2016; Yamashita et al., 2014) Among these adverse effects, RILD is the 

most important limiting factor for liver radiation therapy because liver is a radiation-

sensitive organ and RILD is associated with high mortality rate.(Guha & Kavanagh, 

2011) An example of RILD is shown in Figure 7. Ten et al. reported the incidence and 

mortality rate of RILD of 16% and 76%, respectively in a study involving 109 primary 

liver carcinoma patients.(Ten Haken, Lawrence, & Dawson, 2006) Along with the fact 

that liver cancer patients are always diagnosed with viral hepatitis and have 

compromised liver function, various precautions must be taken to preserve partial liver 

function during the whole radiation therapy process.  
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Figure 7: CT image of radiation-induced liver disease in a 44-year-old woman. The 

white arrow shows ascites.(Murthy et al., 2005) 
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There are several procedures that can help achieve a conformal radiation dose 

distribution of the target including high quality imaging for target delineation, accurate 

motion measurement, efficient motion management modalities, accurate dose 

calculation algorithms, high-spatial precision treatment delivery systems, and 

etc.(Haddad et al., 2016; Maturen et al., 2013; Price et al., 2012) Among these 

procedures, tumor delineation and motion quantification are of vital importance in 

tumor margin determination in radiation therapy. Inaccurate margin prescription could 

lead to over-dose in healthy tissue or under-dose in tumor. A large margin is usually 

applied in traditional free breathing radiation therapy process to account for 

uncertainties in tumor delineation and motion. Therefore, methods for precise tumor 

delineation and motion quantification during free breathing to minimize the 

uncertainties so that the margin can be reduced and more healthy tissue could be spared 

are intriguing. Besides the need of precise measuring of the tumor motion, several 

methods have been proposed to minimize the impact of tumor motion including breath 

hold and gating technique as mentioned in the previous sections. Although breath hold 

technique can reduce the impact of tumor motion, the requirement of patients holding 

their breath reproducibly limits its clinical application. The gating technique can turn 

on the radiation beam only when the target volume is in a pre-defined position. 

Although it prolongs the treatment time, the high-dose-rate beam modalities nowadays 

can improve the gating efficiency. To accurately define the gating window and 
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treatment margin, tumor motion must be quantified during simulation process.  

Nowadays 4D-CT is the widely accepted clinical standard approach in radiation 

therapy to assess patient specific breathing motion for margin determination especially 

for lung cancer patient. However, 4D-CT has several limitations including high imaging 

dose to non-target tissues, artifacts induced by motion, and insufficient soft-tissue 

contrast as demonstrated in Figure 8. Conversely, four-dimensional magnetic resonance 

imaging (4D-MRI) has several advantages over 4D CT including no radiation hazard 

and superior soft-tissue contrast, thus make it particularly attractive especially for 

abdominal imaging. 
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Figure 8: Illustration of 4D-CT motion artefact. The image on the left shows an 

interpolation artefact (missing data) in the lung and a sorting artefact (double structure) 

in the diaphragm region above the liver. The image on the right shows sorting artefacts 

in the diaphragm region above both liver and spleen.(Werner & Gauer, 2015) 
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1.3.1 Current Situation for 4D-MRI 

In recent decades, MRI has drawn increasingly attention in the application in 

radiation therapy.(M®nard & van der Heide, 2014) Compared to CT, the traditional 

imaging modality in radiation therapy or the standard protocol, MRI has numerous 

advantages including superior and various soft tissue contrast, no ionizing radiation 

hazard, functional and molecular imaging ability, flexibility in image plane selection, 

real-time imaging ability, etc. These properties enable MRI to discriminate health and 

tumorous tissues, provide clear distinction between tumor and OAR, and assess 

treatment response.(Dirix, Haustermans, & Vandecaveye, 2014) Currently, MRI has 

been used routinely to assist tumor and OAR contouring and treatment response 

assessment in radiotherapy. MRI has also been used for the assessment of tumor motion 

using cine image. However, this sequence can only provide motion information in a 2D 

plane. Therefore, 4D-MRI or respiratory correlated MRI, which can provide tumor 

movement information in 3D, has great potential and demand in radiation therapy. 

Unfortunately, there is no commercial 4D-MRI techniques available on clinic MRI 

scanner due to various technical issues. Therefore, over the past 15 years, various 

researchers have proposed numerous methods for 4D-MRI and several of them showed 

1.3 Four-dimensional Magnetic Resonance Imaging 
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promising results on both volunteer and patients. 

1.3.2 Acquisition Strategies for 4D-MRI 

Several reconstruction methods have been developed for 4D-MRI generation. The 

reconstruction methods can be grouped into three categories: 1) 2D image-based 

reconstruction methods; 2) 3D k-space based reconstruction methods; and 3) other 

reconstruction methods. 

The 4D-MRI images can be generated by acquiring multiple 2D images for all 

respiratory phases and slice locations using fast MR sequences. 2D image-based sorting 

methods were studied by several groups and can be further categorized into two types: 

prospective reconstruction methods and retrospective reconstruction methods.  

Prospective reconstruction methods use respiratory triggering system to preselect 

respiratory amplitudes to guide 4D-MRI image acquisition. Compared to retrospective 

reconstruction methods, the prospective reconstruction methods acquire images in pre-

determined conditions which makes it less susceptible to breathing irregularity. 

However, the preselection of respiratory amplitudes is achieved in preparation stage 

before the real image acquisition period. In that case, if there is a substantially 

difference of patientôs breathing pattern or baseline between preparation and acquisition 

stages, the acquisition time will be prolonged which limits the clinical application of 
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this technology. Hu et al. proposed an amplitude-based triggering system that uses 

triggers at preselected respiratory amplitudes to achieve T2 weighting.(Hu, Caruthers, 

Low, Parikh, & Mutic, 2013) However, their proposed technique needs special 

modification in the MR scanner hardware. For instance, triggering system in their MR 

scanner was adjusted so that multiple images, rather than one image, can be acquired 

in different breathing phases. In addition, modifications on the console computer were 

also made to show the markers, which can show the image acquisition period on the 

patient respiratory cycle, during the k-space sampling period. Du et al. developed a 

prospective amplitude-triggered 4D-MRI protocol that uses respiratory state splitting 

(RSS) to improve triggering efficiency.(Du et al., 2015b) Their 4D-MRI protocol can 

offer T2 weighting for better tumor visualization.  

Retrospective reconstruction methods acquire 2D slice images continuously with a 

respiratory signal recorded simultaneously and then assign 2D slices to corresponding 

respiratory phases using internal or external surrogates. Many researches have been 

done using fast MR sequences including spoiled gradient echo and balanced steady-

state free precession sequences. For example, Remmert et al. developed a retrospective 

4D-MRI technique on a moving lung phantom.(Remmert, Biederer, Lohberger, Fabel, 

& Hartmann, 2007) They used an external surrogate signal for motion monitoring. A 

2D fast low angle shot sequence was applied in the study. The pixel size was 2.7Ĭ2.7 
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mm with 10 mm slice thickness. However, their study has an obvious limitation that 

their motion monitoring signal was derived from the piston rod of the water pump. This 

strategy obviously cannot be applied to human subjects. Von Siebenthal et al. proposed 

a retrospective 4D-MRI technique which used a navigator slice at a pre-defined location 

for the respiratory signal extraction.(von Siebenthal et al., 2007) They acquired the 4D-

MRI images in sagittal direction. The in-plane resolution is 1.8Ĭ1.8 mm2 and the slice 

thickness is 3-4 mm. They have also proposed an alternative strategy that acquire data 

at different locations interleaved with navigator frames. This technique has certain 

limitations including the demand for sequence adjustment and prolonged scanning time 

due to the additional navigator images. Cai et al. developed a retrospective 4D-MRI 

technique which used an image-based surrogate for the respiratory motion.(Cai, Chang, 

Wang, Paul Segars, & Yin, 2011) A 2D fast T2*/T1-weighted steady-state free 

precession (TrueFISP/FIESTA) MR sequence was used in their study and it was showed 

that the proposed 4D-MRI technique can accurately measure respiratory motion of liver 

cancer patients with error less than 1 mm. An example 4D-MRI image of a liver cancer 

patient acquired using this method is shown in Figure 9. However, although fast, spoiled 

gradient echo and balanced steady-state free precession sequences are T1 and T1/T2 

weighted respectively, which have insufficient tumor-tissue contrast even with 

gadolinium contrast agents. To provide better tumor contrast, Yilin et al. developed a 

novel result-driven phase sorting method, which selects the most representative image 
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from redundant images for each phase, for 4D-MRI with T2 weighted sequence.(Y. Liu, 

Yin, Czito, Bashir, & Cai, 2015b) T2-weighted half-Fourier acquisition single-shot 

turbo spin-echo (HASTE/SSFSE) high speed sequence was applied in their study with 

a frame rate of 2-3 frames/s. Also, they studied the relationships between data 

completeness and associated factors including number of respiratory phases selected, 

number of imaging slices used, and the beginning phase of image acquisition.  
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Figure 9: An example of 4D-MRI image for a liver cancer patient. 4D-CT of the same 

patient is shown in the first row (a), the cine MRI image is shown in the second row 

(b), and the 4D-MRI image is shown in the last row (c).(J. Yang, Cai, Wang, Chang, 

Czito, Bashir, & Yin, 2014) 
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In order to apply 4D MRI to a broader range of sequences, 3D k-space based 

acquisition methods were developed. Compared to 2D acquisition methods, 3D 

acquisition provides isotropic voxel size and higher signal-to-noise ratio (SNR). 

Buerger et al. proposed a 3D golden-radial phase encoding with 1-D self-navigation 

4D-MRI method. They achieved 1.75 mm isotropic voxel size in around 7 

minutes.(Buerger, Clough, King, Schaeffter, & Prieto, 2012) Stemkens et al. developed 

a 3D radial stack-of-stars transversal acquisition with 1-D navigator 4D-MRI method 

for imaging pancreas.(Stemkens et al., 2015) Breuer et al. developed a 3D cartesian 

coronal acquisition 4D-MRI method for abdomen and thorax imaging with 2.1 mm 

isotropic voxel size with 5 minutes 36 seconds.(K. Breuer et al., 2018) However, 

because the repetition time (TR) is generally short in 3D acquisition, the image contrast 

is usually insufficient for radiation therapy applications. Also, the prolonged readout 

time compared to 2D acquisition requires more sophisticated pulse sequence designing 

and prost-processing techniques to deal with intra-view motion. 

Besides the reconstruction methods mentioned above, several different 

reconstruction methods were also investigated. 

2D k-space based reconstruction methods have also been studied by several groups. 

Tokuda et al. proposed an adaptive 4D MRI method based on multiple gating windows 

and navigator echo in 2008.(Tokuda et al., 2008) The navigator echo technique was 
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used to monitor the respiratory signal in real-time during a scan. The respiratory cycle 

was divided into several phases, and the k-space data was sorted according to the 

respiratory phase. The complexity of this technique prevented its direct application in 

the field of radiotherapy. 

Another method for 4D-MRI acquisition is using fast 3D MR sequences to obtain 

volumetric images in real-time (i.e., real-time 4D-MRI). This is usually achieved by 

applying parallel imaging and echo sharing techniques for the fast acquisition. However, 

current commercial hardware and software limit the ability to acquire 4D-MRI with 

both high temporal resolution and image quality. Typically, the temporal resolution of 

real-time 4D-MRI is greater than 1 s. This relatively long temporal resolution is 

insufficient to sample a typical humanôs breathing cycle which is usually 3ï5 s. 

Generally, the maximum dimension of the typical voxel size of the 4D-MRI generated 

using fast 3D MR sequences is approximately 4 mm. For example, Dinkel et al. applied 

a 3D time-resolved echo shared gradient echo technique combining parallel imaging 

with view sharing (TREAT) sequence to studied the motion pattern of lung tumors in 

the patient with diaphragmatic palsy.(Dinkel et al., 2009) The temporal resolution of 

TREAT sequence was set to 1.4 s and the voxel size was set to 3.1Ĭ3.1Ĭ4.0 mm3 in 

their study. Blackall et al. used a fast file echo with echo planar imaging (FFE-EPI) for 

4D-MRI generation.(Blackall et al., 2006) They achieved an acquisition of 330 
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ms/frame, but the image quality was insufficient to show structures in detail. Yuan et al. 

proposed a volumetric 4D-MRI using fast 3D volumetric interpolated breath-hold 

examination (VIBE) pulse sequence which can acquire 144 dynamics with a volume of 

56 slices in 89s.(Yuan, Wong, Zhou, Chueng, & Yu, 2019) They achieved 2.7Ĭ2.7Ĭ4.0 

mm3 spatial resolution, but it is still not satisfactory for most radiation therapy 

application. Overall, the limited spatial and temporal image resolution of real-time 4D-

MRI along with the fact that motion artifacts is commonly seen in the image, further 

investigation is needed for clinical radiation therapy application. Several researchers 

have proposed different strategies to improve the image quality including performing 

deformable image registration with high quality reference images. However, further 

studies are warranted to validate the fidelity of these techniques for radiation therapy 

applications. 

1.4.1 Introduction of Magnetic Resonance Fingerprinting 

Recently, quantitative MRI technique has drawn increasing attention including 

magnetic resonance fingerprinting (MRF),(Ma et al., 2013) magnetic resonance image 

compilation (MAGIC),(Tanenbaum et al., 2017) and magnetic resonance spin 

tomography in time-domain (MR-STAT).(Sbrizzi et al., 2018) Among these 

1.4 Magnetic Resonance Fingerprinting 
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quantitative techniques, MRF has been investigated intensively since its first 

introduction in 2013 as shown in Figure 10.(Ma et al., 2013) Unlike conventional MRI, 

MRF allows for the simultaneous quantification of multiple intrinsic tissue properties 

(T1 and T2 relaxation times, proton-density (PD), static magnetic field (B0) 

inhomogeneity) in a single, time-efficient acquisition.   
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Figure 10: An example of MRF T1, T2, and PD maps.(Ma et al., 2013) 
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MRF technique involves three steps: signal acquisition, pattern matching, and 

tissue property visualization.(Panda et al., 2017) For image acquisition, instead of 

keeping all measurement parameters constant, multiple scanning parameters, such as 

repetition time (TR), echo time (TE), k-space sampling trajectories and flip angle (FA), 

are varied simultaneously in MRF to make the transient signal sensitive to different 

tissue types. These varied transient signals throughout the acquisition provide 

fingerprint-like signal evolution curves that can be retrospectively matched to a 

dictionary of signal time courses which can be simulated using well-established Bloch 

equation.(Doneva et al., 2010) For image formation, it takes a pattern matching 

approach wherein each voxelôs signal evolution curve is compared with the dictionary 

to identify the best matching entry. The overall workflow of MRF acquisition is shown 

in Figure 11. 
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Figure 11: The overall workflow of MRF acquisition. Figure A shows an example of 

varied FA and TR used for the MRF acquisition. Figure B shows the sequence 

diaphragm and the rotating trajectory. Figure C shows the undersampled images 

acquired in different TR. Figure D is the simulated dictionary for four types of tissue. 

Figure E is the pattern matching between the dictionary and the signal evolution curve 

for a specific voxel. Figure F is the signal evolution curve for one voxel. Figure G is 

the obtained MRF multi-parametric maps after the matching and visualization 

process.(Panda et al., 2017) 
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It has been demonstrated that the matching process can be achieved successfully 

even with highly undersampled data (1/48 of full data in the original paper), allowing 

high acceleration factor to be used in the acquisition process.(Liao et al., 2017; Ma et 

al., 2018) The property associated with the best matching entry is assigned to the 

corresponding voxel. In the original MRF application, measured properties include T1, 

T2, B0, and PD.(Ma et al., 2013) In more recent studies, MRF has been proved to be 

able to measure other intriguing properties including perfusion,(Su et al., 2017) radio 

frequency transmit field inhomogeneity (B1),(Buonincontri & Sawiak, 2016; Cloos et 

al., 2016a) hemodynamic related properties,(Christen et al., 2014; Lemasson et al., 

2016; Pouliot et al., 2017) and T2*.(Rieger, Zimmer, Zapp, Weingartner, & Schad, 2017) 

Study have shown that MRF-derived quantitative maps (T1, T2, PD, etc.) have high 

accuracy and repeatability with average coefficient of variation of less than 5% for T1 

and T2 values.(Buonincontri et al., 2019; Buonincontri & Sawiak, 2016; Jiang et al., 

2017; Ma et al., 2013; Rieger et al., 2017)  

1.4.2 Current Application of MRF 

The MRF derived maps have been investigated for diagnosis, tissue 

characterization, imaging biomarkers, patient follow-up, prognostication, patient 

management, therapeutic assessment and therapy design.(Ma et al., 2016; O'Connor et 

al., 2017; Wang et al., 2017) These different applications have shown promising 
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outcomes and researchers are paying increasingly attention on this new technique. 

Currently, the application of MRF focuses largely on the brain. For instance, Badve et 

al. used MRF derived T1 and T2 maps to differentiate gliomas and metastases and 

showed a significantly different T1 and T2 value between gliomas and 

metastases.(Badve et al., 2017) Other applications in brain include tracking changes 

related to age, diagnosing diseases like epilepsy and multiple sclerosis. (Badve, Yu, & 

Rogers, 2015; Y. Chen et al., 2019; Liao et al., 2018; Ma et al., 2019) MRF has also 

been used in cardiovascular imaging to provide information about fibrosis, edema, and 

injury.(Y. Liu, Hamilton, Rajagopalan, & Seiberlich, 2018) However cardiac MRF is 

still challenging because of the cardiac motion. Another application of MRF is prostate 

imaging. Recent published work by Yu et al. combined MRF parametric maps with 

apparent diffusion coefficient (ADC) maps to differentiate cancer from normal prostate 

in the peripheral zone of prostate.(A. C. Yu et al., 2017) Their results showed that the 

mean T1, T2 and ADC values are all significantly lower for the cancer compared to the 

normal prostate tissue as shown in Figure 12, indicating potential use of MRF in 

prostate tumor differentiation. The application of MRF in abdominal region has also 

drawn increasingly attention. Chen et. al applied the MRF to liver imaging to 

distinguish liver metastatic adenocarcinoma lesions and surrounding liver parenchyma 

in 6 patients with 20 lesions.(Y. Chen et al., 2016b) The T1 and T2 values obtained from 

MRF parametric maps showed significant difference between the metastases and liver 
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parenchyma. Researchers have also applied MRF to microvascular properties 

measurement. Christen et al. proposed a new MRF approach to measure the blood 

oxygenation saturation, mean vessel radius, and cerebral blood volume.(Christen et al., 

2014) The implementation of MRF in measuring microvascular properties can 

potentially help in brain diseasesô diagnosis and management. Musculoskeletal imaging 

could also benefit from MRF techniques to reduce the artefacts induced by metal 

implant. Cloos et al. have successfully proposed a Plug-and-Play MRF to overcome the 

B1 field inhomogeneity induced by orthopedic implants.(Cloos et al., 2016b) MRF 

framework has also been applied to perfusion imaging. Su et al. proposed an arterial 

spin labeling MRF technique to simultaneously acquire multiple hemodynamic 

parameters in one scan. Their volunteer and Moya-Moya patient study showed expected 

results.   
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Figure 12: An example of MRF parametric maps of prostate cancer. Figure A is the T2 

weighted axial MRI image for a high-grade prostate cancer patient. Figure B is the ADC 

maps. Figure C and D is the T1 and T2 MRF maps respectively. The white arrow 

indicates the position of prostate cancer and the green arrow indicates the normal 

prostate tissue. 
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In summary, MRF can measure tissue properties quantitatively with satisfactory 

accuracy and repeatability. This technology could potentially enable more accurate 

tissue differentiation, longitudinal patient-specific follow-up, scan comparison between 

different centers or time points, and effective treatment response assessment. These 

properties of MRF makes its potential application in 4D-imaging intriguing because it 

has no imaging dose and high soft-tissue contrast compared to 4D-CT. And it can 

provide multiple contrast and quantitative imaging in a single scan which will overcome 

the limitations of conventional 4D-MRI.  

Tumor delineation and motion quantification are vital to the determination of 

abdominal tumor margin for the planning of radiation therapy. Inaccurate margin 

prescription could lead to radiation over-dose in healthy tissue or under-dose in tumor. 

A large margin is usually applied in traditional free breathing radiation therapy to 

account for the uncertainties in tumor delineation and motion.  

It is therefore imperative that methods for precise tumor delineation and motion 

quantification be developed so that the margin can be reduced and more healthy tissue 

2. Research Aims and Objectives 

2.1 Research Gaps 
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could be spared. 4D-MRI is a potential candidate because of its superior soft tissue 

contrast and the lack of ionizing radiation compared to 4D-CT, albeit limited efficacy, 

low efficiency, and inconsistent contrast.(Stemkens, Paulson, & Tijssen, 2018) 

Therefore, 4D-CT and 4D-MRI are suboptimal for abdominal tumor delineation and 

motion quantification. A new approach that can accurately delineate tumor and measure 

motion in an efficient, effective, and consistent way is desired. Owning to MRFôs 

unique features of fast, simultaneous multi-parametric, quantitative imaging, MRF 

holds great promises in overcoming the current deficiencies of 4D-MRI: inconsistent 

tumor contrast and inadequate spatiotemporal resolutions. 

In this study, we aim to investigate feasibility of applying MRF for 4D imaging 

for radiotherapy applications and investigate different acquisition schemes for Time-

Resolved MRF (TR-MRF). To our best knowledge, this is the first study of its kind. 

Objective 1: To investigate the feasibility of TR-MRF using digital phantom. 

Objective 2: To develop an optimized practical acquisition scheme for TR-MRF. 

2.2 Research Aims 

2.3 Research Objectives 
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Objective 3: To test the feasibility of proposed TR-MRF technique on human subject.  

Extended cardiac-torso (XCAT) phantom, a highly detailed whole-body numerical 

dynamic phantom for medical imaging research, was used in this study for TR-MRF 

simulation.(Cai et al., 2011; Y. Liu, Yin, Chen, Chu, & Cai, 2015; Segars, Sturgeon, 

Mendonca, Grimes, & Tsui, 2010) An example XCAT phantom is shown in Figure 13. 

Three types of XCAT images were generated with organ intensities set to the 

corresponding T1 and T2 relaxation times respectively as shown in Table 1.(Y. Chen et 

al., 2016a; Chow et al., 2012; Heye et al., 2012) The maximum diaphragm motion 

amplitude of the XCAT phantom was set to 2.0 cm in the cranial-caudal (CC) direction 

and to 1.2 cm in AP direction. A hypothetic tumor with diameter of 3.0 cm was 

embedded in the center of the liver. Voxel size of XCAT images was 1.67 mm isotropic. 

The phantom was set to move in a regular breathing pattern with a respiratory period 

of 4.8 s and an irregular breathing pattern with a respiratory period of 3-5 s with a frame 

rate of 12 ms. As a result, a total of 400 XCAT volumetric images were generated every 

breathing cycle.   

3. Materials and Methods 

3.1 Digital Human Phantom 
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Figure 13: An example of male (left) and female (right) whole body XCAT phantom. 

The muscles, skeleton, organs and glands, and circulation system are also 

displayed.(Segars et al., 2010) 
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Table 1. T1 and T2 values for different organs 

Organs T1/ms T2/ms 

Liver 750 34 

Renal medulla 1600 81 

Renal cortex 1200 76 

Spleen 1300 61 

Muscle 1050 39 

Fat 250 68 

Tumor 1700 42 
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The MRF acquisition with an inversion-recovery unbalanced steady-state free 

precession sequence(Jiang, Ma, Seiberlich, Gulani, & Griswold, 2015) was simulated 

using the extended phase graph algorithm.(Weigel, 2015) Regular and irregular 

breathing, as shown in Figure 14 (A) and (B), during MRF acquisition were simulated. 

A variable density spiral-in-spiral-out readout trajectory with acquisition window of 8.4 

ms and acceleration factor = 58.4 was used. The trajectory was rotated by a golden 

angle of 222.5o after each dynamic. The T1 and T2 ranges from 300 ms to 6178 ms and 

10 ms to 6266 ms respectively in the dictionary as shown in Figure 15. In total, 8379 

different combinations of T1 and T2 values are simulated in the dictionary as shown in 

Figure 16. An example of matched signal evolution curve and corresponding best 

matched simulated signal evolution curve in dictionary is shown in Figure 17. The 

pseudorandomized FA varied from 0 to 60 degrees and TR varied from 19 to 21 ms as 

shown in Figure 14 (C) and (D), number of dynamics (ὓ) = 1000, number of repetitions 

(ὔ) = 10 (acquired after every 1000 dynamics), and 5 seconds were added between the 

end of one repetition and the beginning of the next to allow for signal recovery. Each 

MRF block of ὓ dynamics was triggered by different respiratory phases.  

3.2 Simulation of TR-MRF Acquisition 
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Figure 14: Representative the regular (A), irregular breathing (B), pseudorandomized 

FA (C) and the TR trains (D) of the MRF pulse sequences. 
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Figure 15: T1 and T2 range in the MRF dictionary. T1 value ranges from 300 ms to 

6178 ms. T2 value ranges from 10 ms to 6266 ms. 
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Figure 16: Signal evolution curve simulated for different combinations of T1 and T2 

values in the dictionary. 
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Figure 17: An example of matched signal evolution curve with the corresponding best 

matched simulated signal evolution curve in dictionary. 
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The dynamic images of neighboring time points in an MRF dataset, dubbed MRF 

snapshots from hereon, not only differ in signal intensity but also in spatial content in 

the presence of motion. In other words, they are no longer the snapshots of the organs 

in the same location but rather snapshots of the organs at different respiratory phases. 

As such, the conventional dictionary matching algorithm(Ma et al., 2013) will no longer 

work and will produce erroneous parametric maps.  

Considering that the respiratory phases of the digital phantom is known, we can 

retrospectively identify the respiratory phase to which each MRF snapshot corresponds. 

Upon defining the number of bins in a respiratory cycle, the MRF snapshots that fall 

into a given respiratory bin can be determined. As a result, different groups of MRF 

snapshots will be used for the estimation of the MR parametric maps at different 

respiratory bins. Due to the fact that abdominal organs are constantly moving during 

MRF acquisition, the number of MRF snapshots suitable for the estimation of the MR 

parametric maps for a given respiratory bin resolution will be substantially smaller than 

the number of acquired dynamics per MRF acquisition block. Nine additional 

repetitions were thus acquired to ensure that sufficient number of snapshots that fall 

within a given respiratory bin would be acquired. To obtain the MR parametric maps 

3.3 Retrospective MRF Reconstruction 
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for all respiratory bins, dictionary matching will be performed using the MRF snapshots 

that fall within the corresponding respiratory bin. The MR parametric maps obtained 

from using respiratory bin resolution ranging from 25 to 40 respiratory phases, 

corresponding to about 25 to 40 consecutive MRF snapshots (about 820 - 1060 

dynamics for subsequent dictionary matching), were evaluated. For both regular and 

irregular breathing, all MRF data was retrospectively sorted into 10 respiratory bins 

using the phase sorting method. The overall workflow of our proposed retrospective 

reconstruction is illustrated in Figure 18. 
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Figure 18: Schematic of the TR-MRF acquisition and retrospective reconstruction. 
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Unlike traditional static MRF acquisition where the time points are acquired in a 

pre-defined order, in TR-MRF the order of time points acquired are disrupted due to 

the organ motion. In order to investigate whether this will have any influence on the 

reconstructed image quality, two scenarios were compared: 1) re-shuffle the acquired 

signal evolution curve to the order of pre-defined signal evolution curve before 

dictionary matching step; 2) perform dictionary matching step directly with the 

acquired signal evolution curve without any re-shuffling. For these two methods, the 

dictionary is also re-shuffled or kept the same per the method used. An example of 

acquired signal evolution curve and re-shuffled signal evolution curve is shown in 

Figure 19. 

  

3.4 Ordering of Time Points in Signal Evolution Curves 
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Figure 19: An example of re-shuffling of acquired signal evolution curve. The blue 

curve is the original acquired signal evolution curve and the red curve is the re-shuffled 

signal evolution curve according to the pre-defined order.  
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In order to study the influence of the number of time points used for dictionary 

matching on the image quality, MRF images were simulated and analyzed with different 

number of time points ranging from 1,000 to 100 with 100 time pointes per step. Also, 

the relationship between the number of time points acquired with number of MRF 

repetitions was investigated. TR-MRF images were simulated and analyzed using 

different number of MRF repetitions (with different ónô in Figure 18, from 1 to 15 

repetitions with simulating of each repetition 200 times) to determine the number of 

repetitions needed for practice.  

As the number of MRF repetitions increase, more time points will be acquired. 

However, some time points will be the repetition of previous acquired time points, in 

other words, they will have the same acquisition parameters (TR, TE, flip angle, etc.) 

as shown in Figure 20. In this work, two methods were investigated regarding the 

repeated time points: 1) deleting the repeated time points from the signal evolution 

curve and only preserving the first time points with the corresponding acquisition 

parameters (non-repeat method); 2) keeping all the repeated time points in the signal 

evolution curve (repeated method). The relationship between the number of time points 

in the final signal evolution curve acquired using the two different method and the 

3.5 Data Sufficiency Study of TR-MRF 
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number of MRF repetitions was studied using computer simulation. TR-MRF images 

generated using these two methods were also simulated and compared.  
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Figure 20: Illustration of repeated MRF data points. The red bracket and blue dashed 

bracket are acquisitions from different MRF repetitions. The part enclosed by the black 

bracket is the repeated part of acquired MRF data points and these data points have the 

same scanning parameters.  
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In order to study different acquisition schemes, three different methods were used 

to generate TR-MRF images as shown in Figure 21: 1) triggered acquisition with 

variable delay between MRF repetitions to allow the next acquisition to start at different 

respiration phase; 2) continuous acquisition without delay between MRF repetitions; 3) 

continuous acquisition with 5 seconds delay between MRF repetitions. Data sufficiency 

was investigated using three different acquisition schemes. After generating TR-MRF 

images using different methods, different image qualities indexes were analyzed and 

compared among three different methods. 

  

3.6 Different Acquisition Schemes for TR-MRF 
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Figure 21: Illustration of different TR-MRF acquisition schemes: triggered acquisition 

with N seconds between acquisitions, fixed-gap acquisition with 0 second gap between 

acquisitions, and fixed-gap acquisition with 5 second gap between acquisitions. 
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The number of respiratory phases used for TR-MRF reconstruction will influence 

the available time points in each phase for reconstruction. In order to study the impact 

of number of respiratory phases used for reconstruction, a respiratory cycle was first 

divided into 5~20 phases of the same duration for 10 MRF repetitions as demonstrated 

in Figure 22. The resulted MRF images from different number of respiratory phases 

were analyzed. 

  

3.7 Number of Respiratory Phases for TR-MRF 
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Figure 22: An illustration of dividing the respiratory cycle into different number of 

phases. The respiratory cycle is evenly divided into 5~20 phases and sorted for TR-

MRF reconstruction. 

  



68 

 

The fidelity of the dynamic MR parametric maps reconstructed from our proposed 

TR-MRF method was evaluated using their absolute values, signal-to-noise-ratio 

(SNR), tumor contrast, absolute difference in motion amplitude, tumor center of mass 

(COM) location, error in the amplitude of diaphragm motion (ADM) and tumor volume 

error (TVE). The ADM is defined as:  

!$-   

 
ρππϷ, 

where MotionTR-MRF and Motion4D-XCAT are the maximum diaphragm motion amplitude 

between end of inhalation (EOI) and end of exhalation (EOE) measured from MR 

parametric maps and the digital phantom, respectively. The TVE is defined as:  

46% 
ὠέὰόάὩ ὠέὰόάὩ 

ὠέὰόάὩ 
ρππϷȟ 

where Volume4DMRF and Volume4DXCAT are the contoured tumor volume measured from 

MR parametric maps and the digital phantom, respectively. The tumor volumes were 

contoured from MR parametric maps and digital phantom over 5 respiratory phases 

between EOE and EOI. The tumor COM location was calculated based on these 

contours and then compared with the tumor COM location measured in XCAT phantom. 

3.8 Image Analysis of TR-MRF Simulation 
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The absolute T1 and T2 values, DMAE and TVE measured from the digital phantom are 

considered as gold standard. All measurements were expressed as mean Ñ SD.  

Three healthy volunteers were recruited to test the feasibility of our proposed 

method. MRI was performed using 3.0 Tesla human MRI scanner (Achieva TX, Philips 

Healthcare) with 8-channel head coil for signal reception. Respiratory belt was used to 

record the volunteersô breathing signal for TR-MRF reconstruction. The acquisition 

matrix = 256 x 256, image resolution = 1.17 x 1.17 mm2, slice thickness = 5 mm. All 

imaging parameters were the same as those described in Section 3.2 and the acquisition 

scheme was triggered acquisition with variable delay between MRF repetitions to allow 

the next acquisition to start at different respiration phase.  

Four-dimensional MRF was successfully simulated and tested on volunteer data 

and the results are shown below. 

The XCAT phantom T1, T2, and PD maps were successfully generated for MRF 

3.9 Volunteer Study 

4. Results 

4.1 XCAT Phantom Generation 
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simulation. An example of XCAT T1 and T2 maps for different phases is shown in 

Figure 23 and Figure 24, respectively. 
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Figure 23: An example of XCAT T1 maps generated for MRF simulation. Figure A, B, 

and C are the axial, coronal, and sagittal view for the XCAT phantom respectively.  
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Figure 24: An example of XCAT T2 maps generated for MRF simulation. Figure A, B, 

and C are the axial, coronal, and sagittal view for the XCAT phantom respectively. 
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Examples of MRF T1 and T2 maps reconstructed using different number of time 

points are shown in Figure 25. The TVE (SD) measured in T1 maps become worse as 

time points decrease and the numbers are 2.8Ñ1.8%, 2.7Ñ1.7%, 2.7Ñ2.0%, 2.3Ñ2.1%, 

2.8Ñ2.3%, 2.6Ñ2.1%, 4.7Ñ1.9%, and 16.9Ñ1.7% for 1000, 900, 800, 700, 600, 500, 400, 

and 300 time points respectively as shown in Figure 26A. The TVE (SD) measured 

in T2 maps is more unpredictable and the numbers are 6.1Ñ3.5%, 7.7Ñ6.5%, 8.7Ñ3.8%, 

5.8Ñ2.3%, 1.8Ñ0.7%, 1.5Ñ1.6%, 15.0Ñ7.3%, and 22.7Ñ3.5% for 1000, 900, 800, 700, 

600, 500, 400, and 300 time points respectively as shown in Figure 26B, but is 

consistent with the tumor contrast-to-noise ratio (CNR) measurement as shown inTable 

2. The ADM in T1 maps is consistent until 700 time points and then increase with time 

points and the numbers are 0.2%, 0.2%, 0.2%, 0.6%, 1.5%, 6.9%, 7.9% and 10.1% for 

1000, 900, 800, 700, 600, 500, 400, and 300 time points respectively as shown in Figure 

26C. The ADM in T2 maps shows an increasing trend as time points used for 

reconstruction decrease and the numbers are 0.6Ñ0.4%, 1.4Ñ1.0%, 1.7Ñ0.5%, 2.2Ñ1.2%, 

3.4Ñ1.3%, 2.5Ñ1.9%, 6.6Ñ3.1%, and 7.5Ñ2.5% for 1000, 900, 800, 700, 600, 500, 400, 

and 300 time points respectively as shown in Figure 26D. The tumor COM in T1 shows 

an increasing trend as time points used for reconstruction decrease and the numbers are 

4.2 TR-MRF Simulation with Different Number of Time Points  
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0.2Ñ0.1%, 0.2Ñ0.2%, 0.2Ñ0.1%, 0.2Ñ0.1%, 0.2Ñ0.1%, 0.3Ñ0.8%, 0.3Ñ1.2%, and 

0.7Ñ1.3% for 1000, 900, 800, 700, 600, 500, 400, and 300 time points respectively as 

shown in Figure 26E. The tumor COM in T2 shows an increasing trend as time points 

used for reconstruction decrease and the numbers are 0.1Ñ0.1%, 0.6Ñ0.3%, 0.3Ñ0.2%, 

0.3Ñ0.4%, 0.3Ñ0.4%, 1.5Ñ1.3%, 2.6Ñ2.6%, and 6.1Ñ4.1% for 1000, 900, 800, 700, 600, 

500, 400, and 300 time points respectively as shown in Figure 26F. Liver SNR, tumor 

SNR and tumor CNR in T1 maps show a decreasing trend with time points decreasing. 

Liver SNR, tumor SNR and tumor CNR in T2 maps show no trend with time points. 

The mean T1 absolute error for tumor, mean T2 absolute error for tumor and mean T1 

absolute error for liver show an increasing trend with time points decrease while the 

mean T2 absolute error for liver shows no trend with time points. Values for measured 

SNR, CNR, and mean absolute error are shown in Table 2.   
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Figure 25: (A) Examples of simulated MRF T1 maps using different time points from 

1000 to 100 time points. (B) Examples of simulated MRF T2 maps using different time 

points from 1000 to 100 time points. 
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Figure 26: Figure A and B are the TVE in as a function of time points in T1 maps and 

T2 maps respectively. Black circles represent the average difference for all phases. The 
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error bar is the SD of the measurements. Figure C and D are the ADM as a function of 

time points in T1 maps and T2 maps respectively. Figure E and F are the tumor COM 

location error as a function of time points in T1 maps and T2 maps respectively. 
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Table 2. Image quality index for different time points 

 Time Points 

Quality index 1000 900 800 700 600 500 400 300 

Liver SNR T1 9.80.4 9.90.5 8.10.4 7.60.4 4.70.3 5.20.3 3.60.2 4.00.2 

Liver SNR T2 152.5ρσȢπ 139.912.0 49.45.4 53.95.2 25.02.1 48.62.8 140.715.0 182.718.3 

Tumor SNR T1 10.30.6 9.80.7 7.80.6 7.60.6 7.20.7 7.30.7 6.20.8 7.60.8 

Tumor SNR T2 291.956.1 282.555.8 231.761.1 272.667.6 398.1104.9 480.597.4 900.3118.3 1161.2155.1 

Tumor CNR T1 6.5πȢτ 6.20.4 5.90.5 5.70.4 5.80.6 5.70.6 4.80.6 5.80.6 

Tumor CNR T2 1.40.3 0.70.1 -1.90.5 -2.20.6 -4.31.1 -3.40.7 0.20.1 0.10.1 

Liver T1 value difference /% 8.10.4 8.30.4 23.50.1 16.20.2 ςυȢω 0.2 15.10.9 33.01.4 56.50.7 

Liver T2 value difference /% 12.00.6 ρςȢσ 0.7 83.40.9 78.81.0 84.40.9 53.40.9 53.60.8 53.90.8 

Tumor T1 value difference /% 18.60.6 22.30.6 40.70.9 48.90.9 83.01.4 95.71.5 141.83.6 193.93.4 

Tumor T2 value difference /% 11.90.8 13.40.8 17.11.3 16.61.2 34.10.8 35.40.6 60.50.4 61.80.4 
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TR-MRF images were simulated using the two ordering methods of time points. 

No difference was found between the TR-MRF images generated using the two 

different ordering method.  

The investigation of the number of time points using non-repeat method and 

repeated method is shown in Figure 27. For the non-repeat method, the number of time 

points and the number of MRF repetitions showed a logarithm-like relationship. On 

average, around 600 non-repeat time points can be acquired with 10 MRF repetitions. 

For the repeat method, the number of time points and the number of MRF repetitions 

showed a linear relationship as expected. On average, around 1000 non-repeat time 

points can be acquired with 10 MRF repetitions. Figure 28 shows the relationship 

between the number of time points acquired using two different methods. Each blue dot 

in the figure represent one simulation and there are 200 simulations in total.  

  

4.3 Time Points Ordering and Data Sufficiency Study of TR-MRF 



80 

 

 

 

Figure 27: Data sufficiency study using two different methods. Figure A and C are the 

individual curves showing the relationship between the number of time points acquired 

and the number of MRF repetitions for the non-repeat method and repeated method, 

respectively. Each curve represents one simulation and 100 simulations were performed. 

Figure B and D is the averaged curve from A and C respectively.  
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Figure 28: The relationship between the number of time points acquired using non-

repeat method and the repeated method. The x-axis is the number of time points using 

repeated method and the y-axis is the number of time points using non-repeated method. 
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TR-MRF image quality measurements for non-repeat and repeat method from 1-

15 number of MRF repetitions are shown in Figure 29 to Figure 35. For each number 

of MRF repetition, 200 MRF images were simulated and the image quality indexes 

were measured. In the figures below, red circle represents the averaged value for 200 

simulations and each blue dot represent one simulation. For most measurements there 

is no significant difference between the two different methods. The overall, liver, and 

tumor percent T1 and T2 value error is shown in Figure 29 to Figure 31. The figures 

only show the percent error from 0 to 100% so some data points from small number of 

MRF repetitions can not be seen. The T1 and T2 errors show a decreasing trend as the 

number of MRF repetitions increase, as expected. After 10 MRF repetitions the error 

stays relatively stable. SNR measurement in T1 and T2 images for liver and tumor are 

shown in Figure 32 and Figure 33. The SNR increase as the number of MRF repetitions 

increase. Tumor CNR and contrast measurement in T1 and T2 images are shown in 

Figure 34 and Figure 35 respectively. The tumor CNR in T1 images increases as the 

number of MRF repetitions increase. The tumor contrast in T1 images increases as the 

number of MRF repetitions increase first and then stays stable after 4 MRF repetitions. 

The tumor CNR in T2 images increases first, then decrease, and then stays stable as the 

number of MRF repetitions increase. The tumor contrast in T2 images decreases as the 

number of MRF repetitions increase first and then stays stable after 5 MRF repetitions. 

This is probably because the tumor contrast in T2 image is set to be very small so the 
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large variation in small number of MRF repetitions will increase the contrast and CNR 

value.  
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Figure 29: Overall percent T1 and T2 value error measurement for non-repeat method 

and repeated method. Figure A and B are overall T1 and T2 percent error for non-repeat 

method respectively. Figure C and D are overall T1 and T2 percent error for repeated 

method respectively. 
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Figure 30: Liver percent T1 and T2 value error measurement for non-repeat method and 

repeated method. Figure A and B are liver T1 and T2 percent error for non-repeat method 

respectively. Figure C and D are liver T1 and T2 percent error for repeated method 

respectively. 
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Figure 31: Tumor percent T1 and T2 value error measurement for non-repeat method 

and repeated method. Figure A and B are tumor T1 and T2 percent error for non-repeat 

method respectively. Figure C and D are tumor T1 and T2 percent error for repeated 

method respectively. 
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Figure 32: Liver T1 and T2 SNR measurement for non-repeat method and repeated 

method. Figure A and B are T1 and T2 liver SNR for non-repeat method respectively. 

Figure C and D are T1 and T2 liver SNR for repeated method respectively. 
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Figure 33: Tumor T1 and T2 SNR measurement for non-repeat method and repeated 

method. Figure A and B are T1 and T2 tumor SNR for non-repeat method respectively. 

Figure C and D are T1 and T2 tumor SNR for repeated method respectively. 

  



89 

 

 

 

Figure 34: Tumor T1 and T2 CNR measurement for non-repeat method and repeated 

method. Figure A and B are T1 and T2 tumor CNR for non-repeat method respectively. 

Figure C and D are T1 and T2 tumor CNR for repeated method respectively. 
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Figure 35: Tumor T1 and T2 contrast measurement for non-repeat method and repeated 

method. Figure A and B are T1 and T2 tumor contrast for non-repeat method respectively. 

Figure C and D are T1 and T2 tumor contrast for repeated method respectively. 
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The T1 and T2 maps of 10 respiratory phases in the presence of irregular (A and C) 

and regular (B and D) breathing are shown in Figure 36. The T1 map of 10 respiratory 

phases in the presence of irregular breathing are shown in Figure 37. Those obtained 

from our proposed TR-MRF method across three planes are shown in Figure 37A to C, 

and those from the gold standard along the sagittal plane in Figure 37D. The measured 

motion trajectories in CC and AP directions for both irregular breathing (E) and regular 

breathing (F) are shown in Figure 36 The average absolute difference in motion 

amplitude are 0.3 Ñ 0.7 mm and 0.3 Ñ 0.6 mm for irregular and regular breathing, 

respectively. The ADM are 4.1% Ñ 0.9% and 3.5% Ñ 0.9% for irregular and regular 

breathing, respectively. The TVE are 1.6% Ñ 2.7% and 1.3% Ñ 2.2% for irregular and 

regular breathing, respectively. 

In the presence of irregular breathing, the SNR of the T1 and T2 maps for liver are 

7.7 Ñ 0.7 and 4.8 Ñ 0.8, and tumor 6.9 Ñ 1.9 and 2.7 Ñ 1.4. The tumor contrast of the T1 

and T2 maps are 1.7 Ñ 0.2 and 0.3 Ñ 0.1, respectively. For regular breathing, the SNR 

of the T1 and T2 maps for liver are 9.9 Ñ 0.3 and 6.5 Ñ 0.2; tumor 10.4 Ñ 0.5 and 3.7 Ñ 

2.1. The tumor contrast of the T1 and T2 maps are 1.7 Ñ 0.1 and 0.3 Ñ 0.1, respectively. 

The image quality assessment of XCAT simulation in T1 and T2 maps with irregular 

4.4 TR-MRF Simulation with Regular and Irregular Breathing 
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and regular breathing is summarized in Table 3. The MRF acquisition on XCAT without 

motion was used as baseline and the results of image quality assessment are also shown 

in Table 3. 
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Table 3. Image quality assessment of XCAT simulation in T1 and T2 maps with 

irregular and regular breathing. 

  Irregular breathing Regular breathing Baseline 

T1-map 

Liver T1 SNR 7.7 Ñ 0.7 9.9 Ñ 0.3 10.3 

Tumor T1 SNR 6.9 Ñ 1.9 10.4 Ñ 0.5 10.7 

Tumor T1 Contrast 1.7 Ñ 0.2 1.7 Ñ 0.1 1.7 

Liver T1 errors 13.5 Ñ 7.3 % 10.3 Ñ 3.3 % 7.6% 

Tumor T1 errors 37.1 Ñ 20.7 % 35.5 Ñ 18.2 % 17.7 % 

T2-map 
Liver T2 SNR 4.8 Ñ 0.8 6.5 Ñ 0.2 6.6 

Tumor T2 SNR 2.7 Ñ 1.4 3.7 Ñ 2.1 4.5 

Tumor T2 Contrast 0.3 Ñ 0.1 0.3 Ñ 0.1 0.3 

Liver T2 errors 8.6 Ñ 3.6 % 7.0 Ñ 2.8 % 6.6 % 

Tumor T2 errors 11.3 Ñ 18.1 % 10.5 Ñ 15.4 % 4.7 % 

 

  



94 

 

 

Figure 36: The T1 (A, B) and T2 (C, D) maps of the 10 respiratory phases of TR-MRF 

reconstructed from XCAT in the presence of regular (A and C) and irregular (B and D) 

breathing, respectively. Dashed white lines are added to facilitate the visualization of 

the respiratory motion. Illustration of the motion trajectories of the pseudo tumor in the 

CC and AP directions for regular (E) and irregular (F) breathing as measured from T1 

maps of the 10-phase TR-MRF. The circles denote measurements from TR-MRF and 

the rectangles from original 4D-XCAT phantom images as references. 
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Figure 37: T1 maps of the 10-phase TR-MRF reconstructed from the XCAT simulation 

study using irregular breathing in the axial (A), coronal (B), and sagittal (C) views. The 

10-phase XCAT T1 maps in the sagittal view (D) were used as references. Dashed white 

lines are added to facilitate the visualization of the respiratory motion. 
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TR-MRF images were simulated 100 times for each number of MRF repetition 

using three different acquisition schemes. Data sufficiency study was first conducted 

and the results are shown in Figure 38. Each line in the figure is the averaged value 

from 100 simulations for each number of MRF repetition. The MRF repetitions range 

from 1 to 60, corresponding to a scan time for each slice of 12 seconds to 12~22 minutes. 

In Figure 38A, the relationship between the number of non-repeated time points and 

the number of MRF repetitions using fixed gaps, ranging from 0s to 10s, between 

different MRF repetitions is shown. In Figure 38B, the relationship using varied, 5s, 

and 0s gaps, corresponding to the three proposed methods, is shown. No significant 

difference was found among different acquisition schemes in terms of data sufficiency.  

  

4.5 TR-MRF Simulation with Different Acquisition Schemes 
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Figure 38: The relationship between the number of non-repeat time points and the 

number of MRF repetitions using different acquisition schemes. Figure A is the MRF 

acquired using fixed gaps, from 0s to 10s, between acquisitions. Figure B is the MRF 

acquired using varied, 5s, and 0s gaps between acquisitions. 
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After the investigation of data sufficiency, different image quality indexes were 

measured and compared among three schemes using 1 to 15 MRF repetitions. The 

overall and liver T1 value error, liver SNR in T1 and T2 maps, and tumor SNR from T1 

maps from triggered method is significantly better compared to the other two methods 

(p-value < 0.05). The other image quality indexes have no significant difference 

between the triggered method and the other two fixed-gap methods. All image quality 

indexes exhibit no significant difference (p-value >0.05) between the acquisition 

methods with 0-second and 5-seconds delay. The image quality indexes measurement 

results are shown in Figure 39 to Figure 42, where the line represents the average value 

and the error bar represents standard deviation. 

  



99 

 

 

Figure 39: The different image quality indexes measured in T1 maps. The A-F 

corresponds to overall T1 value error, liver T1 value error, tumor T1 value error, tumor 

T1 contrast, tumor T1 SNR, and liver T1 SNR respectively.  
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Figure 40: The scaled different image quality indexes measured in T1 maps. The A-F 

corresponds to overall T1 value error, liver T1 value error, tumor T1 value error, tumor 

T1 contrast, tumor T1 SNR, and liver T1 SNR respectively.  
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Figure 41: The different image quality indexes measured in T2 maps. The A-F 

corresponds to overall T2 value error, liver T2 value error, tumor T2 value error, tumor 

T2 contrast, tumor T2 SNR, and liver T2 SNR respectively. 








































