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Abstract 

Purpose: This study aims to investigate the feasibility of different acquisition methods for time-

resolved magnetic resonance fingerprinting (TR-MRF) in computer simulation. 

Methods: Extended cardiac-torso (XCAT) phantom is used to generate abdominal T1, T2, and 

proton density (PD) maps for MRF simulation. The simulated MRF technique consists of an 

IR-FISP MRF sequence with spiral trajectory acquisition. MRF maps were simulated with 

different number of repetitions from 1 to 15. Three different methods were used to generate 

TR-MRF maps: 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. After the generation of TR-MRF maps, the image quality indexes including 

absolute T1 and T2 value, signal-to-noise-ratio (SNR), tumor-to-liver contrast-to-noise ratio 

(CNR), error in the amplitude of diaphragm motion and tumor volume error were used to 

evaluate the reconstructed parameter maps. Three volunteers were recruited to test the 

feasibility of the selected acquisition method. 

Results: Dynamic MR parametric maps using three different acquisition methods were 

estimated. The overall and liver T1 value error, liver SNR in T1 and T2 maps, and tumor SNR 

from T1 maps from triggered method is statistically significantly better than 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. The triggered method was successfully performed in three healthy 



volunteers.  

Conclusion: TR-MRF technique was investigated using three different acquisition methods in 

computer simulation where the triggered method showed better performance than the other two 

methods. The triggered method has been tested successfully in healthy volunteers.   

 

  



1. Introduction 

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

Asia.1 Among the various treatment options for liver cancer, radiation therapy has been drawing 

increasing attention recently. Several studies have reported promising results of using radiation 

therapy and stereotactic body radiation therapy (SBRT) for the treatment of inoperable liver 

cancer.2-5 However, cautions must be taken when delivering the desired radiation dose to the 

target tumor such that the remaining healthy liver is spared from over-dosing because SBRT 

toxicity is still of a great concern.6 There are several procedures that can help achieve a 

conformal radiation dose distribution to 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.7-9 

Among these procedures, tumor delineation and motion quantification are vital to the 

determination of 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 could be 

spared. Four-dimensional magnetic resonance imaging (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.10 These limitations of 4D-

MRI can be circumvented by magnetic resonance fingerprinting (MRF)11, a recent developed 



technique for the efficient estimation of MR parameters, such as T1, T2 and proton-density 

(PD). MRF has the ability to simultaneously acquire quantitative multi-parametric maps in a 

single scan. These quantitative MR parametric maps have been investigated for diagnosis, 

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

management, therapeutic assessment and therapy design.12-15 Applications of MRF in moving 

organs have been investigated, including liver, cardiac, and moving brains, which usually 

involve breath-hold or motion correction strategies. Motion resolved and motion corrected 

MRF applications in the heart with retrospective binning of the data in different cardiac phases 

have been investigated.16,17 However, the application of MRF in abdominal cancer and 

radiotherapy is limited.  

It is therefore highly desired to develop 4D-MRF to improve the efficiency and 

consistency of radiotherapy motion management. We have recently proposed a continuous 

MRF acquisition strategy together with retrospective dictionary matching algorithm to track 

the respiratory motions of the abdomen, dubbed time-resolved MRF (TR-MRF).18 In this study, 

we aim to evaluate the effect of different acquisition schemes on the fidelity of TR-MRF using 

a 4D digital human phantom in a hope to optimize the efficacy of TR-MRF. 

 

2. Materials and method 

2.1 Simulation of TR-MRF acquisition 

Four-dimensional motions were simulated using the extended 4-dimensional (4D) 

cardiac-torso (XCAT) phantom.19-21 The maximum amplitude of diaphragm motion of the 4D 

XCAT phantom was set to 2.0 cm in the cranial-caudal direction and 1.2 cm in the anterior-



posterior direction. A spherical tumor with diameter of 3.0 cm was added to the liver. Voxel size 

of XCAT images was set to 1.67 mm isotropic. Irregular breathing of the XCAT phantom in the 

course of TR-MRF acquisitions was simulated with random amplitude of 0.5 to 2 cm and 

respiratory period of 3 to 5 s. T1, T2 and PD maps at different respiratory phases were 

subsequently generated using the values in the literature.22-24 

TR-MRF acquisition using inversion-recovery unbalanced fast imaging with steady-state 

free precession sequence25 and spiral readout was simulated using the extended phase graph 

algorithm26 and non-uniform fast Fourier transform.27 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 

pseudorandomized FA varied from 0 to 60o and TR varied from 19 to 21 ms, number of 

dynamics = 1000, and the number of repetitions range from 1 to 15.  

In performing multiple repetition of MRF, three different acquisition strategies could be 

used were (Figure 1): (1) triggered acquisition with variable delay between MRF repetitions to 

allow the next acquisition to start at different respiration phase; and continuous acquisition (2) 

without, and (3) with 5-second delay between MRF repetitions. 



 

Figure 1: Illustration of different acquisition scheme for TR-MRF. In triggered acquisition, 

every MRF acquisition starts at different respiratory phases. In continuous acquisition, a 0 or 5 

seconds gap between different MRF was simulated. The box represents each MRF acquisition. 

 

2.2 Retrospective reconstruction for motion tracking  

The conventional MRF algorithm for the estimation of MR parametric map is known as 

dictionary matching, whereby the reconstructed dynamic MRF maps are matched to a 

precalculated dictionary that contains the theoretical signal evolution of all plausible biological 

tissues 11. This algorithm only works in the absence of motion. We have therefore proposed TR-

MRF to address this issue such that the MR parametric maps at different respiratory phases 

could be retrospectively obtained18. Because the fidelity of TR-MRF reconstruction depends on 

the number of dynamic MRF maps suitable for dictionary matching of a given respiratory 

phase25, we aimed to investigate this relation in the current study.  

Phase sorting was used in this study. Specifically, different respiratory phases were 

identified by evenly partitioning the time between two end of exhalation (EOE) points for each 



breathing cycle. Given the respiratory patterns of the XCAT phantom, the respiratory phase to 

which each dynamic TR-MRF map corresponds can be retrospectively identified. The dynamic 

TR-MRF maps from different repetitions that fell into the same interval of a given respiratory 

phase were used in the estimation of MR parametric maps via dictionary matching. 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. The resulted 

MRF maps were analyzed.  

 

2.3 Evaluation of the quality of MR parametric maps 

MR parametric maps obtained from different acquisition scheme for different respiratory 

phases were evaluated. Assessment of the T1 and T2, and signal-to-noise-ratio (SNR) of the 

tumor and liver, tumor-to-liver contrast-to-noise ratio (CNR), absolute difference in motion 

amplitude, error in the amplitude of diaphragm motion (DME) and tumor volume error (TVE) 

were performed. The DME is defined as:  

 DME =  |
𝑀𝑜𝑡𝑖𝑜𝑛𝑇𝑅 𝑀𝑅𝐹−𝑀𝑜𝑡𝑖𝑜𝑛4𝐷 𝑋𝐶𝐴𝑇

𝑀𝑜𝑡𝑖𝑜𝑛4𝐷 𝑋𝐶𝐴𝑇
| × 100%, [1] 

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

end of inhalation and end of exhalation measured from MR parametric maps and the digital 

phantom, respectively. The TVE is defined as:  

TVE =  |
𝑉𝑜𝑙𝑢𝑚𝑒𝑇𝑅 𝑀𝑅𝐹−𝑉𝑜𝑙𝑢𝑚𝑒4𝐷 𝑋𝐶𝐴𝑇

𝑉𝑜𝑙𝑢𝑚𝑒4𝐷 𝑋𝐶𝐴𝑇
| × 100%,        [2] 

where VolumeTRMRF and Volume4DXCAT are the contoured tumor volume measured from MR 

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

manually from MR parametric maps and digital phantom over 5 respiratory phases between 

end of exhalation and end of inhalation.  



 

2.4 In-vivo experiment 

Three healthy volunteers were recruited to evaluate our newly proposed TR-MRF with 

both IRB approval and informed consent form obtained. MRI experiments were performed 

using a 3T human MRI scanner (Achieva TX, Philips Healthcare) with 8-channel torso coil for 

signal reception. The acquisition matrix = 256 x 256, in-plane resolution = 1.17 x 1.17 mm2, 

and slice thickness = 5 mm. The TR-MRF images were acquired in sagittal direction. All 

sequence and imaging parameters were the same as those described in Section 2.1. A respiratory 

belt was used to record the breathing signal from volunteers for the retrospective sorting. 

Triggered acquisition with variable delay between MRF repetitions was performed. It took 13.2 

seconds for a single MRF repetition and approximately 3 minutes for a single slice TR-MRF 

acquisition.  

 

3. Results 

3.1 The effect of the number of MRF dynamics on dictionary matching fidelity 

MR parametric maps obtained from retrospective dictionary matching using different 

number of MRF dynamics are shown in Figure 2 and assessments of them in Figure 3. The 

TVE and DME for T1 and T2 generally increase as the number of MRF dynamics used for 

retrospective dictionary matching decreases. Notice the TVE and DME of T1 remains 

respectively below 6% and 2% up to a total of 400 and 600 MRF dynamics. The relation 

between the number of MRF dynamics available for retrospective dictionary matching and the 

number of MRF repetitions was also investigated. An apparent logarithm-like relation was 



observed. For triggered method with irregular breathing, around 600 unique dynamics on 

average could be obtained from 10 MRF repetitions as shown in Figure 3E and 3F. For T1 map, 

the liver SNR, tumor SNR and tumor CNR show a decreasing trend as the number of MRF 

dynamics used for dictionary matching decreases. For T2 map, the liver SNR decreases then 

increases, tumor SNR shows an increasing trend and tumor CNR decreases then increases. The 

mean absolute error of the T1 and T2 of tumor, and the mean absolute error of the T1 of liver 

show an increasing trend while the mean absolute error of the T2 of liver increases then 

decreases. All image quality measurements of MRF images simulated with different number of 

dynamics are shown in Figure 4. 

 

Figure 2: The (A) T1 and (B) T2 maps obtained from retrospective dictionary matching of 

different number (1000 to 200) of MRF dynamics. The ground truth from XCAT are also shown. 



 

Figure 3: The TVE of (A) T1 and (B) T2, DME of (C) T1 and (D) T2 as a function of the 

number of MRF dynamics available for retrospective dictionary matching. Black circles 

represent the average of the measurement from all respiratory phases. The error bar is the 

standard deviation of the measurements. The different simulations showing the relation 

between the number of unique MRF dynamics (E) available for retrospective dictionary 

matching and the number of MRF repetitions, and (F) is the averaged curve from (E). 



 

Figure 4: Image quality indexes of the MR parametric maps obtained from TR-MRF for 

different number of MRF dynamics. 

3.2 The effect of TR-MRF acquisition scheme on dictionary matching fidelity 

TR-MRF were simulated 100 times for each number of MRF repetitions and TR-MRF 

acquisition scheme. The error of overall T1 and liver T1, SNR of liver on T1 and T2 maps, and 

SNR of tumor on T1 map from triggered TR-MRF is significantly better compared to 

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

difference between the triggered method and the other two continuous acquisition schemes. All 

image quality indexes exhibit no significant difference (p-value >0.05) between the two 



continuous acquisition schemes. The image quality indexes measurement results are shown in 

Figure 5 and Figure 6. 

 

Figure 5: The different image quality indexes of T1 map estimated from different TR-MRF 

acquisition schemes.  

 



 

Figure 6: The different image quality indexes of T2 map estimated from different TR-MRF 

acquisition schemes.  

 

3.3 The influence of number of respiratory phases on image quality 

The respiratory cycle was divided equally into 5~20 phases (corresponds to around 80~20 

timepoints in each bin) for 10 MRF repetitions of the triggered method with irregular 

breathing to study the influence of number of phases on the image quality. The reconstructed 



images were compared with the XCAT reference images for image quality assessment. The 

image quality analysis results are shown in Figure 6 and 7. An example of T1 MRF maps 

reconstructed from different number of phases is show in Figure 8. 

 

Figure 7: The different image quality indexes of T1 map estimated from different number of 

TR-MRF respiratory phases. 



 

Figure 8: The different image quality indexes of T2 map estimated from different number of 

TR-MRF respiratory phases. 



 

Figure 9: An example of T1 map estimated from different number of TR-MRF respiratory 

phases with 10 MRF repetitions. 

 

3.4 In-vivo TR-MRF with healthy volunteers 

The triggered TR-MRF method was successfully implemented and performed on three 

healthy volunteers. T1, T2 and PD maps of a representative volunteer are shown in Figure 10. 

The SNR of liver on T1, T2, and PD maps are 9.0 ± 1.7, 3.0 ± 0.7, 10.7 ± 1.7 respectively.  

 

Figure 10: T1 (A), T2 (B), and PD (C) maps of 8 phases of respiration in the sagittal plane of a 

representative healthy volunteer. Dashed lines are added to facilitate the visualization of the 

respiratory motion. 

 



4. Discussion 

In this study, we investigated different acquisition schemes to generate TR-MRF maps 

using XCAT phantom and tested an optimal strategy on health volunteers. As far as we know, 

this is the first study to investigate the acquisition schemes of TR-MRF technique. We also 

investigated the influence of different number of dynamics and different respiratory phases used 

for reconstruction on image quality. The key finding of our study is that the quality of T1 and 

T2 maps generally increase with the number of dynamics.  

Considering the most important advantage of TR-MRF technique over the current available 

4D-MRI techniques is the quantitative T1 and T2 maps, TR-MRF may potentially be useful for 

radiotherapy applications where the absolute values of T1 and T2 are important, including 

tissue classification, longitudinal follow-up, and cross-center comparison. It can be seen in 

Figure 4 that T1 and T2 errors increase as dynamics decrease. As a result, as many as possible 

dynamics should be acquired to take full advantages of TR-MRF for these kinds of applications. 

In terms of motion management application, the motion trajectories measured on MRF maps 

reconstructed using 600 dynamics show good agreement with motion trajectories measured on 

standard XCAT images. Both DMAE and TVE stay stable and then shows increasing trend as 

dynamics decrease in T1 maps as shown in Figure 3. We can conclude that using 600 or more 

dynamics for reconstruction is acceptable which will yield an average error of less than 5% for 

these two measurements. It corresponds to around 10 MRF repetitions, which takes around 2 

mins scanning time, according to Figure 3F.  

Among three different acquisition methods, triggered method showed better performance 

in terms of certain image quality indexes than the other two methods while the other two 



methods showed no significant difference between them. The triggered method could 

potentially increase the number of unique MRF dynamics in each respiratory phase and 

improve the image quality by virtue of adjusting the respiratory phase by which each MRF 

repetition is triggered. The major disadvantage pertains to longer total acquisition time due to 

varying delay between MRF repetitions. For continuous acquisition with or without delay, the 

advantage is shorter total acquisition time at the expense of less accurate quantitative maps. We 

therefore chose the triggered method for volunteer study for its higher fidelity in the estimation 

of MR parametric maps. The continuous acquisition with 0s gap method can save around 17 

mins for a 20 slices TR-MRF acquisition compared to the other two methods and the triggered 

method requires additional manual efforts. Further in vivo studies are needed to determine the 

optimal acquisition method for clinical practice. The number of unique dynamics plays an 

important role in the accuracy of MRF quantitative maps. For the case of triggered MRF 

acquisition with 10 MRF repetitions during irregular breathing, the total number of unique 

dynamics for different respiratory phases remains constant at about 650 out of a total of about 

1000 dynamics for each respiratory phase. Our results also showed that the error in the 

estimation of T1 or T2 remain similar when using only unique dynamics versus all acquired 

dynamics for retrospective dictionary for the case of triggered MRF acquisition.   

Regarding the different number of respiratory phases used for reconstruction, it can be 

seen in Figure 7and Figure 8 that as the number of respiratory phases used increase, the SNR 

and CNR decrease and the T1 and T2 errors stays stable until 12 phases and then increase. 

However, using small number of respiratory phases for reconstruction can results in blurred 

MRF maps as can be seen in Figure 9 for 5~7 respiratory phases. Therefore, the recommended 



number of respiratory phases for a 10 MRF repetition acquisition scheme is 8~12 phases.  

The dictionary matching method used in this study was template matching using vector-dot 

product, the same as the first paper introducing MRF.11 However, this method could be time 

consuming and computational expensive. Recent study has demonstrated that fewer dynamics 

could be used for reconstruction using machine-learning based method.28 This could be useful 

for TR-MRF application to improve image quality and reduce the number of dynamics required, 

thus reducing the scanning time. Another method for the acceleration of the TR-MRF technique 

is using simultaneous multi-slice technique to acquire multiple TR-MRF slices at the same time. 

This technique has been implemented in static MRF successfully and therefore, hold great 

promise to accelerate TR-MRF so that it can be practical in real clinic29. Future study will 

compare different matching methods and their influences on the image quality. Pseudo CT 

generation from MRI is an important aspect in MR-guided radiotherapy. Conventional MRI 

images have shown promising results in generating pseudo CT. For example, different 

convolutional neural networks have been proposed to use different conventional MRI images 

as input to generate pseudo CT images recently. It is possible that MRF maps can replace the 

conventional MRI images as the input to the network in a more efficient and more accurate 

manner as the MRF can provide several quantitative maps without the need for registration, 

and thus potentially improve the quality of synthetic CT. It is therefore worth exploring the 

pseudo CT generation from TR-MRF technique in the future. Another aspect for future study 

is use TR-MRF to generate 4D-MRF maps either by using multi-slice or volume imaging 

technique and to conduct real patient experiment. Although this simulation study has 

demonstrated the feasibility of TR-MRF using XCAT phantoms, real patient 4D-MRF may 



possesses other challenges including dynamics sorting, data insufficiency, and breathing 

variation etc. Recently, 3D MRF techniques have been investigated by several groups to 

accelerate MRF acquisition.30-35 This could be combined with 4D technique to achieve 

prospective 4D-MRF in the future. 

 

5. Conclusion 

The proposed TR-MRF technique was investigated using three different acquisition 

methods in computer simulation where the triggered method showed better performance than 

the continuous acquisition. The triggered method was successfully tested in healthy volunteers.  
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