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Background: Magnetic resonance fingerprinting (MRF) is a rapid imaging technique for simultaneous 
mapping of multiple tissue properties such as T1 and T2 relaxation times. However, conventional pattern 
matching reconstruction and iterative low rank reconstruction methods may not take full advantage of 
the spatiotemporal content of MRF data and can require significant computational resources with long 
reconstruction times. Deep learning reconstruction using a three-dimensional (3D) convolutional neural 
network (CNN)-based method may enable high-quality, rapid MRF reconstruction. Evaluation of such 
proposed deep learning reconstruction methods for MRF is needed to clarify whether deep learning 
techniques adapted from other MR image reconstruction problems will yield benefits when employed in 
MRF applications. The objective of this study is to design and evaluate a novel deep learning framework 
(SuperMRF) that directly transforms undersampled parameter-weighted 3D Cartesian MRF data into 
quantitative T1 and T2 maps, bypassing traditional pattern-matching in MRF.
Methods: In contrast to conventional MRF where only the temporal evolution of each voxel is used for 
quantification, SuperMRF exploits both two-dimensional spatial and one-dimensional temporal information 
with a 3D CNN for reconstruction. Controlled simulation experiments were performed using reference 
parameter maps from in vivo knee scans of healthy volunteers. To evaluate the robustness to noise, we trained 
our network using clean data and tested it on simulated noisy data. Conventional inner product-based pattern 
matching and state-of-the-art iterative low rank reconstruction techniques were used for comparison. The 
performance of all methods was evaluated with respect to structural similarity index (SSIM), peak signal-to-
noise ratio (PSNR), and normalized mean squared error (NMSE). Prospective real-world MRF scans were 
performed in four volunteer subjects using the trained network from simulations and cartilage and muscle 
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Introduction

Magnetic resonance fingerprinting (MRF) (1,2) is a data 
acquisition technique that employs variable acquisition 
parameters, such as varied radiofrequency excitations and 
delays, to generate unique magnetic resonance (MR) signal 
evolutions (so-called “fingerprints”) for different tissues. 
Quantitative maps of tissue parameters, such as T1 and T2 
relaxation times, are obtained by comparing the acquired 
signal evolution with precalculated fingerprints of candidate 
parameters in a dictionary using pattern matching. This 
approach enables multiple tissue parameter maps to be 
obtained simultaneously, which significantly reduces total 
scan time as compared to conventional, single-parameter 
quantitative MR imaging (MRI) techniques. 

To enable accurate pattern matching for different tissues, 
the MRF signal evolution is typically acquired over a long 
period of time, which results in a long scan time, albeit 
faster than that of conventional methods. Built on the 
dictionary-based, inner product pattern matching approach, 
advanced iterative reconstruction algorithms have been 
developed to enable MRF at higher acceleration factors 
and reduced acquisition times while preserving image 
quality and quantification accuracy and precision. For 
example, iterative multiscale reconstruction has enabled 
a 3× reduction in acquisition time (3). Recently, low rank 

methods have become a “state-of-the-art” approach in 
MRF reconstruction, taking advantage of redundancy in 
the time domain via temporal subspace constraints and 
enforcing sparsity in the spatial domain with a compressed 
sensing type of iterative reconstruction (4-12). Low rank 
MRF reconstruction can decrease the acquisition time 
while still providing improved accuracy and precision as 
compared to inner product-based pattern matching (4). 
Beyond leveraging the low rank properties of the temporal 
subspace, spatial low rank reconstruction has also been 
demonstrated to improve reconstruction quality. A low rank 
tensor reconstruction (13) has been shown to yield lower 
T1 and T2 estimation error as compared to an exclusively 
temporal low rank reconstruction (4). Local image patches 
have been shown to exhibit even lower rankness than 
the full image space, enabling greater improvements in 
reconstruction quality, particularly when combined with a 
sparsity regularization such as the wavelet transform (6). 
However, a limitation of such reconstruction techniques is 
their computational burden, as multiple iterations between 
the image domain and k-space sampled data are required. 
Consequently, such iterative reconstructions are generally 
performed offline after the MRI exam is finished, which 
is problematic if the acquired data are suboptimal due to 
artifacts or inadequate prescribed geometry. There is a 

T1 and T2 values were compared between conventional pattern matching, low rank reconstruction, and 
SuperMRF. 
Results: SuperMRF estimated accurate T1 and T2 mapping in a highly accelerated scan (15× 
undersampling in k-space with a 20-fold reduction in the number of acquired MRF frames) with low error 
(NMSE of 5%) and high resemblance (SSIM of 94%) to reference quantitative maps. SuperMRF was 
observed to be superior to the conventional and low rank MRF reconstruction methods in terms of NMSE, 
SSIM, and robustness to noise. In prospective real-world data, SuperMRF provided comparable T1 and 
T2 maps as compared to low rank MRF. The only significantly different cartilage and muscle values in 
prospective data across the three reconstruction methods were those from conventional MRF T2.
Conclusions: Our results demonstrate that the proposed SuperMRF can achieve rapid, robust 
reconstruction with reduced frames in addition to k-space undersampling, outperforming the conventional 
and state-of-the-art reconstruction methods in simulation and providing comparable results to low rank 
reconstruction in prospective real-world subjects.
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need for rapid, robust MRF reconstruction methods that 
can generate tissue parameter maps quickly, enabling inline 
reconstruction at the time of the MRI exam. 

Current pattern-matching-based MRF reconstruction 
methods must contend with memory and computational 
challenges in order to yield accurate and reliable tissue 
parameter maps. To mitigate quantization effects in 
reconstructed tissue parameter maps, the MRF dictionary 
can be computed at a high resolution across the range of 
anticipated tissue values. While this approach works well at 
a low number of tissue parameters, the dictionary size can 
become prohibitively large as the number of parameters 
increases. For example, a 4-parameter dictionary (e.g., 
T1, T2, T1rho, and B1) with 1,000 time frames and 
1,000 unique values for each parameter would require the 
generation of a dictionary array with the number of entries 
on the order of 1015 or 8 petabytes at double precision 
with 8-bytes per entry. Such an increase in memory, data 
storage, and computation hinders the clinical adoption 
of MRF methods as well as innovative, high-dimensional 
applications of MRF. The current solution of reducing 
the dictionary density via sub-sampling is insufficient 
because quantization effects degrade the accuracy of 
MRF reconstruction even under ideal experimental 
conditions. An alternative solution is to compress the 
dictionary using singular value decomposition (SVD) in 
the temporal dimension (14). Such temporal compression 
can significantly reduce the number of time points while 
preserving information relevant to tissue parameters, thus 
enabling low rank reconstruction methods as described 
previously. While temporal compression reduces dictionary 
size in the time domain, the number of tissue parameter 
combinations will still produce a dictionary with a large 
number of entries. Methods for computing the temporal 
compression of such large dictionaries have been enabled 
by memory efficient methods such as the randomized 
SVD (8), however, storing the temporally compressed 
dictionary in memory may remain impractical for more 
than 3 or 4 parameters given the large number of parameter 
combinations. Additionally, the computational burden for 
pattern matching in the low rank subspace may remain 
prohibitively high for more than 3 or 4 parameters. For 
these reasons related to computational burden, there is a 
need for rapid and robust MRF reconstruction methods 
that may be addressed by deep learning approaches.

Deep learning algorithms, particularly neural network 
based techniques, have been widely reported for MRI 
reconstruction problems and may enable computationally 

efficient, quantitatively accurate MRF reconstruction 
even under highly accelerated or noisy conditions (15-21).  
With respect to MRF, a deep learning method named 
deep reconstruction network (DRONE) was introduced 
to overcome the large dictionary size constraint by using a 
neural network (16). However, spatial correlation among 
neighboring pixels is not considered in DRONE, which 
might limit the method’s performance when considering 
noise or spatially coherent undersampling artifacts that 
occur as part of MRF acquisitions. Considering this issue, 
a recent deep learning framework adds the U-net (19) as a 
second module for spatially-constrained quantification (20). 
However, such a two-step method may be inefficient because 
a fully connected network (for feature extraction in time) 
and p U-nets (p being the number of tissue parameters of 
interest) need to be trained separately (20). In this paper, we 
propose a physical model-guided deep learning framework 
named “SuperMRF”, where the neural component is 
composed of a 3D convolutional neural network (CNN)-
based deep-learning method that exploits both two-
dimensional (2D) spatial and one-dimensional (1D) 
temporal information to directly map the MRF signal to the 
underlying tissue parameters. The CNN-based component 
used in SuperMRF is similar to SuperMAP and SuperDTI 
methods, which were recently demonstrated to be effective 
for parameter mapping (22,23). The proposed network 
builds upon those previously reported methods. Specifically, 
an additional loss term that minimizes the difference 
between the signal evolution of reconstruction and its 
corresponding fingerprint is introduced to incorporate 
the physical model based on Bloch simulation, which is 
unique to MRF. The proposed network also incorporates 
a computationally efficient linear temporal compression. 
The novelty of the approach is in the combination of 
these loss terms, temporal compression, and patch-based 
training that are tailored to address specific challenges in 
MRF reconstruction that include undersampling artifacts, 
complicated spatiotemporal signal patterns, low SNR, and 
the complicated loss terms in reconstruction networks. We 
investigate the use of SuperMRF for additional acceleration 
of MRF scanning in both the number of time frames as well 
as k-space noise robustness without compromising accuracy. 
Numerical simulations based on reference data from human 
subjects are used for well-controlled experiments with 
known ground truth. After training the model on numerical 
simulations, the SuperMRF reconstruction is evaluated in 
a prospective real-world evaluation of human subject MRF 
scans. 
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Methods

MRF sequence

The MRF sequence uses a 3D Cartesian trajectory with 
linear readout in kx and a variable density circular Cartesian 
undersampling pattern in ky-kz (24). The sequence structure 
used for simulation has been described previously (25) 
and was designed as follows with the aim of quantifying 
T1 and T2 in cartilage and muscle. Cartesian k-space 
sampling was selected as it is known to be more robust to 
system imperfections and would not exhibit chemical shift 
displacements from fatty tissues in more than one direction, 
as has been observed in non-Cartesian implementations (26).  
The MRF acquisition consists of 1,000 time frames that 
are acquired using fast imaging with steady-state free 
precession, with 4π spoiler gradient, and with each frame 
acquired at a specified acceleration factor (AF). Multiple 
readouts at different ky-kz sample points are achieved by 
repeating the 1,000 frame acquisition after a period of time 
that is sufficient for longitudinal magnetization recovery 
(4 seconds assumed in this work). The acquisition matrix 
size is 96×96×10 with a resolution of 1.5×1.5×10 mm3, 
corresponding to a 140-mm field of view and 100 mm 
coverage in the slice direction. For the MRF acquisition 
itself, variable flip angles between 5 to 15 degrees, constant 
repetition time (TR) of 5 ms, and constant echo time (TE) 
of 2.5 ms, are used. Magnetization preparation pulses are 
employed to increase sensitivity to T1 and T2 values: an 
inversion pulse is applied prior to frame 1 with an inversion 
time of 21 ms, and T2 preparation pulses are applied prior 
to frames 101, 201, 301, 401, 501, 601, 701, 801, and 901 
with echo times of 20, 40, 60, 80, 20, 40, 60, 80, and 20 ms, 
respectively. Also evaluated in this work were shortened 
sequence variants with 500 frames and 200 frames, wherein 
the number of preparation pulses was reduced while 

retaining the original scheduling (e.g., inversion and T2 
preparation pulses at the same frame index and of the same 
preparation time design). An additional “long” sequence 
variant of 2,000 frames was included for comparison 
purposes where the same preparation schedule as the 1,000 
frame sequence was used but repeated immediately after 
frame 1,000 (e.g., frames 1,001 to 2,000 were the same 
preparation and flip angle schedule as frames 1 to 1,000). A 
summary of MRF sequence variants is shown in Table 1, as 
well as a breakdown of data acquisition time, magnetization 
recovery time, and total scan time. 

Conventional MRF reconstruction

Raw data are fully sampled in k-space for a single-channel 
receive system and then used to produce T1, T2, and 
M0 maps with the use of a dictionary and inner product-
based pattern matching. Undersampled MRF frames are 
reconstructed using a 3D inverse fast Fourier Transform. 
A Bloch simulator is used to compute signal evolutions 
for unique combinations of T1 and T2 for the MRF  
sequence (1). Inner product pattern matching is performed 
on a voxel-wise basis between normalized measured signal 
evolutions from the undersampled images and normalized 
signal evolutions from the dictionary. T1 and T2 maps are 
generated from the combinations corresponding to the 
largest inner product values. M0 values are determined by 
the scaling between the original measured signal and the 
normalized best-matched signal.

Low rank MRF reconstruction 

An iterative, sparsity, and local low rank reconstruction 
was used to serve as a comparison with SuperMRF (6). 
Briefly, the reconstruction algorithm computes temporally 

Table 1 MRF sequence variants for SuperMRF reconstruction evaluation

MRF sequence 
variant

Number of MRF 
frames

AF per frame
Data acquisition time  

(mm:ss)
Magnetization recovery time  

(mm:ss)
Total scan time  

(mm:ss)

Long 2,000 15 22:20 4:12 26:32

Nominal 1,000 15 11:08 4:12 15:20

Short 500 15 5:34 4:12 9:46

Very-short 200 15 2:10 4:12 6:22

Ultra-short 50 15 0:33 4:12 4:45

AF, acceleration factor; MRF, magnetic resonance fingerprinting.
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Table 2 Quantitative MRI methods for reference in vivo scans

Parameter Inversion recovery (T1/M0) MAPSS (T2)

Repetition time (ms) 9,900 6.06

Echo time (ms) 8.9 2.79

Flip angle (deg) 150 Variable flip angle

Matrix size 384×384×30 320×320×28

FOV (mm × mm × mm) 140×140×100 160×160×112

Inversion time, TI (ms)/T2-prep TE (ms) 23, 150, 350, 650, 1,650, 2,500 0, 20.06, 40.13, 60.19

Scan time (mm:ss) 12:48 6:40

FOV, field of view; MAPSS, Magnetization-prepared Angle-modulated Partitioned k-space Spoiled gradient echo Snapshots; MRI, 
magnetic resonance imaging; TE, echo time; TI, inversion time.

compressed images that exhibit data consistency as well 
as spatial local low-rankness and sparsity. Temporal SVD 
compression based on the MRF dictionary as previously 
described (14) was used to obtain the temporally low rank 
(singular value) images and the corresponding temporal 
compression matrix, U. Local 3D image patches were 
extracted from singular images and used for local low 
rank regularization. Wavelet regularization in the spatial 
domain was employed to further suppress residual noise 
and undersampling artifacts in the singular images. The 
reconstruction of singular images, x̂ , is posed as the 
following optimization problem (6),

b * 1b W
2

2
MTU1x̂ arg mi x y λ R λ xn x

2
Wx −= + + 	 [1]

where T is the 3D spatial Fourier Transform operator, M is 
a k-space sampling mask, y is the set of k-space MRF data 
measurements, Rb is the local Casorati reshaping operator 
for local neighborhood b chosen for rank minimization, 

∗
⋅  is the nuclear norm, λb is a parameter for local low 

rank minimization, W is the wavelet transform, 1
⋅  is the 

l1-norm, and λW is a parameter for wavelet regularization 
strength. The optimization is carried out using the 
alternating direction method of multipliers (ADMM) (6).

MRF digital phantom

Digital phantoms based on in vivo data from volunteers were 
used for the evaluation of reconstruction techniques. The 
study was conducted in accordance with the Declaration of 
Helsinki (as revised in 2013). The study was approved by 
the Cleveland Clinic Institutional Review Board (Cleveland 

Clinic IRB number 17-1351, Federal Wide Assurance 
number FWA00005367) and written informed consent was 
taken from all individual participants. Volunteers included 
males and females and age range 22 to 34 years. Scans were 
performed on a 3T MRI scanner (Prisma, Siemens) with a 
single-channel transmit, 15-channel receive knee coil [Flare, 
Quality Electrodynamics (QED)]. The in vivo data consist 
of T1 and M0 maps obtained from 2D multislice phase-
sensitive inversion recovery and T2 maps obtained from 
3D Magnetization-prepared Angle-modulated Partitioned 
k-space Spoiled gradient echo Snapshots (3D MAPSS). 
Sequence parameters are shown in Table 2. Quantitative 
tissue parameter maps were used as input reference values 
for the generation of MRF data. The approach taken in 
these simulation experiments was to generate simulation 
data with exact corresponding ground truth T1 and T2 
maps where errors would be exclusively due to limitations 
in spatial and contrast weight encoding. The simulation 
steps are as follows:
	First, the tissue parameter maps were tri-linearly 

interpolated to the matrix size of the MRF acquisition;
	Second, the reference T1 and T2 values were rounded 

to the nearest MRF dictionary entry;
	Third, the time series of fully sampled image volumes 

for each MRF frame was generated by placing the 
appropriate dictionary signal evolution in each voxel and 
scaling it by the reference M0 map;

	Fourth, the fully-sampled reference MRF data were 
transformed to k-space using a 3D fast Fourier 
Transform at each MRF frame and then the kx-ky-kz 
undersampling mask was applied;

	Last, these undersampled k-space data were then 
used as inputs to the conventional and low rank MRF 
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Figure 1 Flowchart of SuperMRF. Three losses are used during training: Loss1 for quantitative maps, Loss2 for de-aliasing, and Loss3 
for consistency. Within a block, n256k3s1p(p’)1 states 256 filters with a kernel 3, stride 1, and padding (p’ for truncation) of 1. CONV, 
convolution; MR, magnetic resonance; MRF, magnetic resonance fingerprinting; RELU, rectified linear unit; SVD, singular value 
decomposition. 
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reconstruction methods. Undersampled images obtained 
after performing a 3D inverse fast Fourier Transform 
were used as inputs to the SuperMRF deep learning 
model reconstruction.

Digital phantom simulation and reconstruction was 
performed on a system with 64 GB of random access 
memory (RAM) and a 7980XE (Intel) central processing 
unit (CPU) (18 cores and 36 threads). The iterative low 
rank reconstruction is handled by the CPU with multi-
threading to parallelize the computations. Simulations 
and reconstructions were implemented in MATLAB 
(Mathworks).

SuperMRF architecture

SuperMRF is a synergistic physical-neural framework. The 
neural network is consisted of a 10-layer encoder-decoder 

shaped network with skip connections. As shown in Figure 1, 
the neural network is guided by the physical model, namely 
the Bloch simulation. The hyperparameters of the network 
are also illustrated in Figure 1. Residual learning (27) with 
patch-wise training/padding (28,29) is used to guarantee 
the model robustness. The reconstruction is built using the 
MATLAB Caffe framework for Windows. The following 
sections will describe the details of the algorithm.

Loss terms for training
Three loss terms are chosen for SuperMRF training, 
as illustrated in Figure 1. Similar to the framework we 
previously proposed for diffusion tensor imaging (23), 
the traditional loss term (Loss1) guarantees the calculated 
parametric maps through the input 3D patches xi are 
consistent with the target maps yi. The T1, T2 and M0 maps 
were normalized to 0 and 1, according to their respective 
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maximum values. Additional loss terms are proposed and 
included as part of SuperMRF. The second loss (Loss2) 
enforces de-aliasing by the network, which uses information 
across image patches, where image patches may contain 
identifiable aliasing characteristics in addition to the desired 
signal content. Bloch simulation is used to generate fully-
sampled weighted images based on the network-estimated 
parameter maps, which are then compared to the reference 
fully-sampled parameter-weighed images. The third loss 
(Loss3) enforces data-consistency by applying the k-space 
undersampling pattern to the inferenced fully-sampled 
weighted images described as part of Loss2. Specifically, the 
fully-sampled weighted images are Fourier transformed 
to k-space, multiplied elementwise by the undersampling  
mask (30), and then transformed back to the image 
domain. Loss3 is computed by comparing these estimated 
undersampled images to the reference undersampled 
images.

SuperMRF training and reconstruction do not require 
an MRF dictionary, but a pre-computed dictionary may 
be used to expedite computations by avoiding many Bloch 
simulations as well as by providing temporal compression 
via singular vectors computed from the dictionary. In 
general, any continuous, real-valued tissue parameter 
combination can be used to embed a physics model in the 
network training process with the Bloch simulation. The 
information is utilized to train the network parameters by 
minimizing the loss function between the prediction from 
the input patch xt and the corresponding ground truth map 
yt for all training samples t= 1, …, n:

( ) ( ) ( ) ( )2 31 2 3L Loss Loss Lossλ λΘ = Θ + Θ + Θ 	 [2]

( ) ( )( ) 2

1

11 U ; y
n

t t

t

Loss F x
n =

Θ = Θ −∑ 	 [3]

( ) ( )( )( )( ) ( )( )
2

1

12 U B U ; U B y
n

t t

t

Loss F x
n =

Θ = Θ −∑ 	 [4]

( ) ( )( )( )( )( ) ( )( )( )
2

1

1  3 U S B U ; U S B y
n

t t

t

Loss F x
n =

Θ = Θ −∑ 	[5]

Where λi is a hyperparameter for weighting of each 
loss function; F represents the operation performed by 
the neural network; Θ denotes the network parameters 
to be learned during training; U is an optional temporal 
compression operation;  B  denotes the process of 
conversion of continuous, real-valued tissue parameters 

to MRF signals based on Bloch simulation; and S denotes 
the entire operation of putting patches into an image, 
undersampling the k-space, and extracting the patch from 
the undersampled image. In order to reduce computation 
time during training, we replaced the Bloch simulation 
with MRF signals from the pre-computed dictionary of 
quantized tissue parameter combinations after rounding to 
the nearest dictionary entry. Note that the tissue parameter 
maps generated from F(U(xt);Θ) are not constrained to 
dictionary entries even with this substitution. The weights λi 
are determined by the size of the patch and the overlapping 
degree between patches. Since Loss1 and Loss2 are calculated 
patch-wise and Loss3 is based on the entire image, λi should 
be selected to ensure that all three losses are of comparable 
scale. The weight λ3 is determined by the actual patch size 
and stride. For a single image of size 96×96, patch size 
21, and 95% overlapping rate (stride of 1), there will be 
approximately 5.5k patches, so λ3 is approximately 0.00018 
(1:5,500).

Input and output
During training, both the input (temporal compressed 
images), dictionary of MRF signal time courses, and target 
output (ground truth T1, T2, M0) are provided to the 
network.

The proposed SuperMRF network can operate 
using all undersampled weighted images from an MRF 
acquisition as inputs, as well as using a reduced number 
of temporally compressed images. In this work, we use 
a temporal compression based on the SVD of the pre-
computed MRF dictionary to compute singular vectors 
that efficiently reduce the number of input images from 
hundreds of individual undersampled MRF images down 
to a few ’singular images’ while retaining relevant MRF 
signal characteristics (14). This temporal compression can 
be regarded as a feature extraction procedure without the 
fully connected layers, as used in Fang et al. (20). Temporal 
compression is performed using the dictionary rather than 
measured signals in order to preserve information as well 
as ensure consistency of temporal compression between 
datasets. Note that deployment of the trained reconstruction 
network does not require the inclusion of the dictionary, in 
contrast to low rank reconstruction methods. Reduction of 
the number of input images reduces both the computational 
burden as well as the overfitting risks. For this work, three 
singular images from the temporally compressed image data 
are used as the input to generate the T1/T2/M0 maps as 
the SuperMRF output. The use of three singular images in 
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this work corresponds to approximately 95% of the energy 
from the dictionary compression. In the training stage, the 
parameters Θ are learned and updated. In the testing stage, 
the acquired MRF data x are fed into the network F(U(x);Θ) 
for estimation of the desired maps. 

Patch selection
Instead of using the entire image or single pixels, we convert 
the image into 2D overlapping patches (21×21 matrix, 
stride of 1, overlapping rate of 95%). Patch-based training 
can save memory and produce sufficient training data to 
prevent overfitting compared to using the entire image 
(28,29). On the other hand, the model from pixel-wise 
learning is not robust in practical situations where noise 
occurs. A sufficiently large patch size ensures learning of the 
spatial correlations for enhanced robustness to the aliasing 
artifacts. In this study, there are approximately 200,000 
training patches when only 4 subjects are selected for 
training. The patch size is optimized empirically to balance 
the tradeoff between memory usage and data correlation. 
For different scanners and settings, the choice of patch size 
and the overlapping rate can be determined by the size of 
the original image and other parameters, which makes the 
network more generalizable.

Network training
Data from four subjects were used for training and 
validation and one was used for testing (31). The testing 
dataset was strictly excluded from the training stage.

Experiments were conducted on two NVIDIA-P6000 
(24GB) graphical processing units (GPUs). During the first 
80 epochs, the initial learning rate was set to 0.0001 with 0.9 
momentum and a decay of 0.0001. The learning ratio was 
later reduced to 0.00002 for the last 20 epochs. The choice 
of learning rate values was made based on previous reports 
with similar rates used for image reconstruction tasks 
(23,32). Adaptive moment estimation (ADAM) was used as 
the optimization algorithm (33,34). 

Prospective real-world evaluation

A prospective, real-world evaluation was performed on 
four volunteer subjects scanned on the same 3T scanner 
and coil described in section “MRF digital phantom”. The 
subjects included male and female volunteers and age range 
24 to 79 years. Three of the subjects had no known knee 
pathology, whereas one subject had severe knee-related 

symptoms with a total knee arthroplasty planned within six 
months. The acquired data were reconstructed to obtain T1 
and T2 maps using MRF, low rank MRF (LR-MRF), and 
SuperMRF. The SuperMRF reconstruction used the same 
model obtained from digital phantom experiments without 
any additional training.

Evaluation metrics

For the simulation datasets with known ground truth, 
normalized mean squared error (NMSE), peak signal 
to noise ratio (PSNR), and structural similarity index  
(SSIM) (35) were chosen for the quantification of the 
performance for full 3D image reconstruction with different 
methods. NMSEs were calculated for knee cartilage and 
skeletal muscle to estimate the errors of the estimated T1/
T2 relaxation times. Cartilage and skeletal muscle were 
manually segmented using the M0 maps from the inversion 
recovery dataset. Segmentations were subsequently 
resampled via nearest-neighbor interpolation to the same 
size as the MRF and reference maps for NMSE calculation.

For the prospective real-world evaluation, large regions 
of interest (ROIs) were manually defined within four tissue 
regions for each subject (femoral cartilage, tibial cartilage, 
patellar cartilage, muscle). Mean T1 and T2 values within 
ROIs were recorded. The same ROI was used for each 
tissue region and reconstruction method (MRF, LR-
MRF, SuperMRF) for direct comparison of reconstruction 
methods. 

Comparison

The previously described state-of-the-art low rank method 
was used to estimate the T1 and T2 maps with the same 
acquisitions as used for SuperMRF evaluation. The 
same number of singular values were retained (three) for 
comparison between LR-MRF and SuperMRF. 

To evaluate the robustness to noise, we added complex-
valued Gaussian white noise to the sampled k-space data 
for the simulated MRF acquisitions to generate desired 
SNR levels. The signal of a dataset was defined as the 

mean absolute value across k-space measurements, mm
y

M
∑ ,  

where m is the index of a k-space measurement and M is 
the number of k-space measurements. The noise standard 
deviation that was added for a given dataset, σ, was 
proportional to the signal for that dataset,
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mm
y

M
σ α= ∑ 	 [6]

where α is the proportionality constant that determines the 
noise level and the corresponding SNR level, i.e., SNR =1/α.  
The proportionality constant ranged from 0.02 to 0.10, 
giving SNR levels of SNR =50 to SNR =10. The same noisy 
k-space data were reconstructed with the low rank MRF 
reconstruction and SuperMRF reconstruction, and the 
NMSE and PSNR were evaluated with respect to reference 
T1, T2, and M0 maps.

To evaluate the quantification in prospective, real-world 
in vivo datasets, mean and standard deviation of T1 and T2 
values were compared between reconstruction methods 
for each tissue region and overall. The overall T1 and T2 
values from reconstruction methods were also compared by 
using paired t-tests (MRF vs. LR-MRF, MRF vs. SuperMRF, 
LR-MRF vs. SuperMRF). Differences were also evaluated 
by subtracting LR-MRF from MRF and SuperMRF, 
using mean absolute difference (in ms) and mean relative 
difference (in percentage) as metrics for comparison.

Results

Frame reducing test

Figures 2,3 show conventional MRF, low rank MRF 
(LR-MRF) and SuperMRF performance for T1 and T2 
mapping with the number of MRF frames reduced from 
1,000 to 50. Tissue property maps reconstructed by LR-
MRF and SuperMRF were observed to be less sensitive 
to frame reduction and exhibited good reconstruction 
quality when frames were reduced by 80%. Whereas 
Conventional MRF showed noticeable degradation in T1 
and T2 maps at any reduction below 1,000 frames, LR-
MRF and SuperMRF were generally comparable between 
1,000 and 200 frames. In the “ultra-short” acquisition of 
only 50 frames, SuperMRF produced T1 and T2 maps with 
quality comparable to the 1,000 frame Conventional MRF 
maps, whereas LR-MRF produced T1 over-estimation 
that is particularly evident in the soleus and gastrocnemius 
muscles. Overall quality metrics indicated the preferable 
performance of SuperMRF over the range of frame 
reduction conditions (Table 3). M0 maps were not analyzed 
in this work but are shown in the Supplementary file 
(Appendix 1).

Noise robustness test

Figures 4,5 show the noise robustness test for LR-MRF and 
SuperMRF. The quantitative T1 and T2 maps estimated by 
SuperMRF had values near those of the reference maps even 
at increasing noise. SuperMRF had a consistently higher 
SSIM and NMSE at each SNR level as compared to LR-
MRF, and error maps showed less error in the femoral and 
tibial cartilage for SuperMRF as compared to LR-MRF for 
the SNR =10 condition. When comparing SuperMRF and 
LR-MRF in both T1 and T2 maps at corresponding SNR 
levels, SuperMRF exhibits lower NMSEs and equivalent-
or-greater SSIMs even at low SNR levels for both T1 
and T2 maps (Table 4). Quality metrics are preserved for 
SuperMRF at the lowest SNR level as compared to the LR-
MRF reconstruction. M0 maps were not analyzed in this 
work but are shown in the Supplementary file (Appendix 1).

Reconstruction time

SuperMRF training time was ~10 hours, and SuperMRF 
reconstruction time was ~1 second for a full set of T1, 
T2, and M0 maps. In contrast, LR-MRF reconstruction 
required ~30 min processing time for each set of T1, T2, 
and M0 maps. Conventional MRF reconstruction required 
<1 second to generate T1, T2, and M0 maps. The MRF 
reconstruction times did not include dictionary generation, 
as in practice, the dictionary could be pre-computed and 
used for subsequent scans for all methods.

Training size

The number of training datasets was gradually reduced to 
observe its effect on SuperMRF with 200 frames and an AF 
of 15. As shown in Table 5, both PSNRs and SSIMs remain 
almost the same, demonstrating the advantage of training 
using patches.

Prospective real-world test

Figure 6 shows the T1 and T2 maps obtained from 
conventional MRF, LR-MRF, and SuperMRF using the 500 
frame sequence with an AF of 15. The mean values within 
tissue regions as well as overall are shown in Table 6 with the 
distributions of values shown in Figure 7. When comparing 
overall T1 and T2 values between reconstruction methods, 

https://cdn.amegroups.cn/static/public/QIMS-23-1819-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-23-1819-Supplementary.pdf
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Figure 2 Traditional MRF, LR-MRF and SuperMRF for T1 mapping with the number of frames reducing from 1,000 to 50 and a fixed 
k-space AF of 15. Units are in ms. Blue arrows indicate regions of note in the cartilage that LR-MRF appreciably differed from reference 
T1 values. Green arrows indicate regions of muscle (soleus and gastrocnemius) that LR-MRF exhibited appreciable elevation in T1 values 
as compared to reference. AF, acceleration factor; LR-MRF, low rank MRF; MRF, magnetic resonance fingerprinting; NMSE, normalized 
mean squared error; SSIM, structural similarity index.
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Figure 3 Traditional MRF, LR-MRF and SuperMRF for T2 mapping with # frames reducing from 1,000 to 50 and an AF of 15. Units are 
in ms. Blue arrows indicate regions of note in the cartilage and meniscus that LR-MRF appreciably differed from reference T2 values. AF, 
acceleration factor; LR-MRF, low rank MRF; MRF, magnetic resonance fingerprinting; NMSE, normalized mean squared error; SSIM, 
structural similarity index.
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two differences were statistically significant: MRF T2 vs. 
LR-MRF T2 (63.4±14.8 vs. 75.4±17.6, P<0.001) and MRF 
T2 vs. SuperMRF T2 (63.4±14.8 vs. 72.9±18.4, P=0.002). 
Using LR-MRF for comparison, absolute and relative 
differences for MRF and SuperMRF are shown in Table 7. 

Discussion

Robustness to frame reduction and noise level

The SSIM for SuperMRF was larger than that of LR-MRF 
when fewer frames were used as well as at lower SNR. Our 
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Table 3 Quantitative assessment of T1 and T2 maps with an AF of 15

Methods
F1000 F200 F50

MRF LR-MRF SuperMRF MRF LR-MRF SuperMRF MRF LR-MRF SuperMRF

T1

PSNR 4.64 9.51 24.44† 2.58 9.24 18.79† 4.48 6.26 12.67†

NMSE 0.036 0.014 0.0004† 0.053 0.014 0.002† 0.287 0.024 0.006†

SSIM 0.90 0.96 0.99† 0.83 0.96 0.99† 0.55 0.90 0.96†

T2

PSNR 23.18 27.42 38.35† 18.52 26.91 35.11† 12.83 24.87 29.88†

NMSE 0.094 0.039 0.012† 0.238 0.043 0.014† 0.493 0.068 0.030†

SSIM 0.90 0.98 0.99† 0.78 0.98 0.99† 0.49 0.95 0.96†

†, the best quality metric value among that dataset. AF, acceleration factor; F, frames; F1000, 1,000 frames; LR-MRF, low rank MRF; MRF, 
magnetic resonance fingerprinting; NMSE, normalized mean squared error; PSNR, peak signal-to-noise ratio; SSIM, structural similarity 
index.

Figure 4 LR-MRF and SuperMRF noise robustness test for T1 mapping with 200 frames and an AF of 15. Units are in ms. The green 
arrow indicates the region of muscle that LR-MRF exhibited appreciable heterogeneity and elevation in T1 values as compared to reference. 
AF, acceleration factor; LR-MRF, low rank magnetic resonance fingerprinting; NMSE, normalized mean squared error; SNR, signal-to-
noise ratio; SSIM, structural similarity index.
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Figure 5 LR-MRF and SuperMRF noise robustness test for T2 mapping with 200 frames and an AF 15. Units are in ms. The blue arrow 
indicates a region of cartilage that LR-MRF appreciably differed from reference T2 values. The green arrow indicates the region of muscle 
that LR-MRF exhibited appreciable heterogeneity in T2 values as compared to reference. AF, acceleration factor; LR-MRF, low rank 
magnetic resonance fingerprinting; NMSE, normalized mean squared error; SNR, signal-to-noise ratio; SSIM, structural similarity index.
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Table 4 Quantitative assessment of T1 and T2 maps for noise robustness with 200 frames and AF 15 

Methods
No noise SNR =17 SNR =10

LR-MRF SuperMRF LR-MRF SuperMRF LR-MRF SuperMRF

T1

PSNR 9.24 18.79† 3.22 6.68† 2.35 6.93†

NMSE 0.014 0.002† 0.059 0.042† 0.068 0.044†

SSIM 0.96 0.99† 0.83 0.84† 0.81 0.84†

T2

PSNR 26.91 35.11† 22.07 22.74† 21.14 22.33†

NMSE 0.043 0.014† 0.156 0.166† 0.181 0.170†

SSIM 0.98 0.99† 0.85 0.85† 0.82 0.85†

†, the best quality metric value among that dataset. AF, acceleration factor; LR-MRF, low rank magnetic resonance fingerprinting; NMSE, 
normalized mean squared error; PSNR, peak signal-to-noise ratio; SNR, signal-to-noise ratio; SSIM, structural similarity index.
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Table 5 Assessment of T1 and T2 maps’ PSNR and SSIM values 
in the test dataset when computed by SuperMRF when trained with 
fewer datasets

Methods
Number of training datasets 

4 3 2 1

T1

PSNR 17.65 16.33 16.26 16.14

SSIM 0.99 0.99 0.99 0.99

T2

PSNR 26.72 25.14 25.04 24.87

SSIM 0.98 0.98 0.98 0.98

PSNR, peak signal-to-noise ratio; SSIM, structural similarity 
index.

Figure 6 T1 and T2 maps for the prospective real-world test subjects. Four volunteer subjects scanned on a 3T scanner with 500 frames 
and fixed k-space AF of 15 are shown. T1 and T2 maps are obtained using conventional MRF, LR-MRF and SuperMRF reconstruction. 
Residual undersampling artifact is observed in the conventional pattern matching MRF reconstruction, whereas LR-MRF and SuperMRF 
provide maps without observable undersampling artifact. LR-MRF and SuperMRF exhibit comparable quality. SuperMRF maps were 
generated using the model from simulation experiments without any additional training. Volunteer subjects (A), (B), and (C) had no known 
knee pathology, whereas volunteer subject (D) had severe knee-related symptoms and a total knee arthroplasty planned within 6 months. AF, 
acceleration factor; LR-MRF, low rank MRF; MRF, magnetic resonance fingerprinting.

interpretation is that the spatial and temporal learning 
of SuperMRF for temporally-compressed image patches 
was better able to adapt to the lower quality data in local 
regions than LR-MRF. While LR-MRF includes a local low 
rank regularization term in the objective function, image 
reconstruction in LR-MRF is ultimately global in nature due 
to the data consistency term, which may be an explanation 
for the SSIM difference compared to SuperMRF. Further 
considering the two reconstruction approaches, we did 
observe differences in the error maps when comparing 
LR-MRF and SuperMRF. Whereas LR-MRF exhibited a 
grainy error map that appeared qualitatively as randomly 
distributed noise in the T1 and T2 maps, SuperMRF 
appeared to have a greater structure in its error maps. This 
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Table 6 Mean and standard deviation of T1 and T2 for conventional MRF, LR-MRF, and SuperMRF in each tissue region and overall for the 
prospective real-world test

Tissue property
T1 T2

MRF LR-MRF SuperMRF MRF LR-MRF SuperMRF

Femoral cartilage 1,106 [72] 1,063 [94] 1,049 [39] 65.9 [13.2] 80.6 [8.2] 77.5 [12.8]

Tibial cartilage 1,138 [87] 1,096 [106] 1,104 [45] 65.0 [4.7] 77.1 [5.8] 73.8 [11.4]

Patellar cartilage 1,124 [108] 1,075 [73] 1,029 [113] 77.0 [6.4] 92.0 [7.9] 87.8 [14.2]

Muscle 1,086 [73] 1,091 [73] 1,084 [97] 45.8 [9.1] 51.8 [11.8] 52.4 [10.7]

Overall 1,114 [91] 1,081 [91] 1,066 [88] 63.4* [14.8] 75.4* [17.6] 72.9* [18.4]

Data are presented as mean [standard deviation]. *, P≤0.002 when comparing MRF to LR-MRF and MRF to SuperMRF. LR-MRF, low rank 
MRF; MRF, magnetic resonance fingerprinting.

Figure 7 Violin plots of mean T1 and T2 values in tissue ROIs for the four prospective real-world volunteer subjects shown in Figure 6. 
Tissue regions include femoral cartilage, tibial cartilage, patellar cartilage, and skeletal muscle. For a given subject and tissue region, the 
same ROI was used to obtain the mean T1 and T2 values for MRF, LR-MRF, and SuperMRF. Means and standard deviations of tissue 
regions are reported in Table 6 and differences between MRF and LR-MRF as well as SuperMRF and LR-MRF are reported in Table 7. 
LR-MRF, low rank MRF; MRF, magnetic resonance fingerprinting; ROI, region of interest. 
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structured error in SuperMRF was lower overall than the 
LR-MRF error, and noticeably so in some notable regions, 
for example, in the femoral and tibial cartilage as observed 
in the SNR =10 condition for SuperMRF as compared to 
LR-MRF. However, when looking at other specific regions 
it is possible that errors were greater when compared to 
LR-MRF. This property of SuperMRF should be noted 
when extending its use to specific applications to ensure 

non-inferior and unbiased performance as compared to LR-
MRF. However, similar considerations do exist with LR-
MRF, where iterative reconstructions in MRI are known to 
have image features (e.g., artifacts, noise) that are sensitive 
to regularization parameters (36,37). Overall, our findings 
add to the evidence that combined spatial-temporal deep 
learning reconstruction methods can provide high quality 
quantitative maps (19,20). 
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Table 7 Mean absolute and relative differences for conventional MRF and SuperMRF as compared to LR-MRF in the prospective real-world test

Tissue property
Mean T1 difference absolute (ms) (relative, %) Mean T2 difference absolute (ms) (relative, %)

MRF SuperMRF MRF SuperMRF

Femoral cartilage 43 (4.4) 95 (8.6) 14.7 (19.0) 6.6 (8.6)

Tibial cartilage 65 (6.2) 126 (11.2) 12.2 (15.4) 6.4 (8.5)

Patellar cartilage 60 (5.6) 127 (11.2) 15.0 (16.2) 13.5 (14.9)

Muscle 10 (0.9) 29 (2.7) 6.0 (11.1) 1.7 (3.3)

Overall 45 (4.3) 94 (8.4) 12.0 (15.5) 7.0 (8.8)

LR-MRF, low rank MRF; MRF, magnetic resonance fingerprinting.

Prospective real-world comparison

In an initial evaluation of SuperMRF for prospective real-
world T1 and T2 map reconstruction, overall quality and 
quantitative values were comparable to that obtained from 
LR-MRF. Although the overall T1 differences between 
SuperMRF and LR-MRF were larger than observed for 
conventional MRF and LR-MRF, the distribution of T1 
values was not found to differ statistically between any of the 
reconstruction methods. Conversely, T2 differences were 
smaller for SuperMRF and LR-MRF than for conventional 
MRF and LR-MRF. The observation regarding T2 values 
is notable, as only conventional MRF T2 was significantly 
different than LR-MRF or SuperMRF; no significant 
difference was observed between LR-MRF and SuperMRF. 
The difference in T2 values for conventional MRF may be 
due to residual undersampling artifacts that can be observed 
in the T2 maps, especially in the bone but that may be 
extending into the cartilage and muscle to a less obvious 
extent (see Figure 6). These initial observations suggest that 
SuperMRF may be achieving comparable noise reduction 
and T1 and T2 quantification as LR-MRF. However, we did 
observe some qualitative differences between SuperMRF 
and LR-MRF particularly for the subject with planned total 
knee arthroplasty especially related to fluid with high T1 
and T2 values (see Figure 6D). These pathological features 
were not present in the training data, which is likely a 
reason why even with patch-based training that SuperMRF 
did not capture T1 and T2 values with as high a degree 
of accuracy as in the other three testing subjects. Further 
real-world testing is warranted particularly if applying 
SuperMRF reconstruction to patient data that may not be 
represented within the training data. 

Reconstruction time

The reconstruction by SuperMRF is nearly instantaneous, 
~1 second vs. <1 second for conventional MRF dictionary-
matching techniques, and much faster than the LR-
MRF iterative reconstruction that can take minutes 
to hours. This rapid reconstruction by SuperMRF is 
due in part to rapid feedforward processing with GPU 
but also due to the lack of repeated computations that 
are used in iterative methods such as LR-MRF. This 
observed SuperMRF computation time is comparable to 
a recently reported DL MRF reconstruction method that 
is capable of generating 120 slices in under 1 minute (38).  
The only additional computation outside of the network 
itself is the use of the FFT, which is a standard computation 
on MR image reconstruction computers, which is fed as 
input into the network. Unlike iterative reconstructions, 
this approach reduces the hardware requirements 
needed and could be rolled out to existing systems after 
training. However, it should be noted that the LR-MRF 
implementation in this work could be significantly optimized 
for computation time by taking advantage of GPU 
computing, for example as supported by MRIReco (39).  
Locally low rank compressed sensing has been reported 
with clinically feasible reconstruction times (~95 s) 
for a spatial matrix of 288×260×240 with the use of 
a distributed computing framework (40). While LR-
MRF could be supported by efficient implementation or 
distributed computing, the requirement of substantial or 
high complexity computational resources is currently a 
bottleneck to the translation of MRF, perhaps even more 
so than scanner hardware constraints given that MRF is 
reportedly feasible on aging MRI scanners (41). Thus, a 
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robust, rapid, deep learning-based reconstruction could 
offer a step toward clinical translation without the need for 
intensive computing resources. Even in the case that DL-
based reconstruction at the scanner is not as high of quality 
as LR-MRF types of reconstruction, immediate feedback 
to the MRI technologist is essential, as motion or other 
artifacts could require repeated acquisition. This could 
improve the overall yield of successful MRI exams that use 
MRF, whereas without immediate reconstruction, patients 
may need to be called back or readers may need to interpret 
images with unsatisfactory quality.

Deep learning framework design

While learning the relationship between the undersampled 
weighted images (implicitly both in k and temporal domain 
via the loss terms) and the corresponding parameter maps, 
SuperMRF also exploits the correlation among them. 
Given this simultaneous learning of spatial and temporal 
associations, it is anticipated that SuperMRF would be 
superior in suppressing undersampling artifacts as compared 
to temporal domain-only, fully connected networks such as 
DRONE that have not been reported for the acceleration 
factors evaluated in this work (16). Instead of using fully 
connected networks, SuperMRF is based on CNN due 
to its noise robustness nature and its ability to take into 
account spatial and temporal correlations jointly in a single 
network, which is advantageous to the two-step fully 
connected network (20). Furthermore, patch-wise training 
is utilized in our method. The patch size can not only be 
optimized empirically to balance the tradeoff between 
memory usage and data correlation but can also be tuned 
to adjust the strength of denoising. In general, a larger 
patch size produces more robustness to noise, but does not 
necessarily lead to better accuracy overall. So, a larger patch 
size does not necessarily lead to better performance. The 
choice of patch size is an important parameter that could be 
further studied.

Temporal compression of the undersampled MRF frames 
was observed to improve SuperMRF performance. Instead 
of inputting all time frames into the network, SuperMRF 
uses a Bloch equation informed temporal compression 
in the form of SVD of an MRF dictionary. There are 
several benefits of doing this. The first is that SVD has 
the functionality of filtering out noisy information. The 
second is that temporal SVD compression acts as an 
efficient dimensionality reduction for the network training 
problem. That is, temporal SVD compression reduces the 

total number of model weights that need to be estimated 
during training. Furthermore, there are significant memory 
savings. For 1,000 frames, the memory reduction from 
compression to three singular values in this work was 
99.7%, and for 50 frames, the memory reduction is 94%. 
Relieving computational burden helps the process of the 
learning and converging of the network, in the meantime, 
enabling fitting more training data for the networks without 
increasing the number of GPUs. Note that while the full 
dictionary was used for SVD-based temporal compression 
in this work, sparse dictionaries may be sufficient. Despite 
the superfast reconstruction time of deep learning networks, 
the training time is always long. Significant memory savings 
by temporal compression provide the possibility of rapid 
network training in the future. 

MRF acquisition

Although this work focused on the reconstruction problem 
itself and not on MRF-based mapping of tissue parameters 
beyond T1, T2, and M0, or sequence optimization, it 
demonstrated potential to be integrated with advanced MRF 
data acquisition techniques. MRF has been applied to map 
many tissue types and magnetic parameters beyond those 
evaluated in this work including at least T1rho, T2*, fat 
fraction, diffusion, perfusion, chemical exchange saturation 
transfer, B0, and B1 (42-48). As such, there are a broad 
range of sequence possibilities within the MRF framework 
that can impact the sensitivity to various tissue or magnetic 
parameters and also affect total scan time. For example, 
in this study, we did not alter the signal recovery period 
between repetitions of the MRF acquisition, but as seen in 
Table 1, this recovery period becomes a significant factor 
compared to data acquisition time at highly accelerated 
acquisition. Optimization of MRF data acquisition will 
also depend on the parameter(s) of interest, as long T1 
values may require such long signal recovery periods, 
therefore limiting the range of sequence possibilities. 
However, if we are only interested in short T1 values or 
T2 or T1rho relaxation times, then a short signal recovery 
period may be reasonable. Such sequence optimization 
is itself an active area of research, with reported methods 
including physics-inspired optimization (49) and Cramer-
Rao bound optimization (50). Furthermore, non-Cartesian 
sampling patterns may offer additional improvements in 
data acquisition efficiency and reconstruction quality as 
compared to the Cartesian sampling pattern used in this 
work (51), although gradient system imperfections (52) and 
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off-resonance blurring due to fat must also be considered as 
part of such sampling trajectories (26). Thus, it is possible 
that 3D Cartesian and 3D non-Cartesian trajectories may 
have complementary roles with advantages dependent on 
the application. Nevertheless, this work demonstrates that 
SuperMRF can be used as a reconstruction tool for rapid, 
high quality reconstruction that may be complementary to 
sequence optimization for rapid total scan times without 
loss of overall quality. The combination of optimized data 
acquisition and rapid, robust deep learning reconstruction 
has the potential to provide high quality tissue parameter 
maps at significantly reduced scan times relative to 
conventional tissue parameter mapping methods.

Limitations and future work

This study focused on simulated MRF data with limited 
testing in prospective real-world MRF scans. The digital 
phantom testing allowed for well-controlled comparisons 
between methods and used realistic geometry and variation 
of T1/T2/M0 in subjects. With this approach, MRF 
reconstruction could theoretically obtain zero error, 
therefore any recorded errors are due to limitations of 
spatial and contrast-weight encoding and recovery from 
the reconstructions. However, it should be noted that the 
spatial interpolation of T1/T2/M0 maps and quantization 
of T1 and T2 values in the simulated knees could introduce 
correlations that contribute to the observed results. Future 
work should expand the data used for evaluation and include 
a wider range of prospectively acquired phantom and in vivo 
data. To this end, the initial testing of SuperMRF on the 
same 3 T scanner used in this study demonstrates feasibility 
on real-world hardware with T1 and T2 map visual 
quality similar for LR-MRF and SuperMRF, as well as no 
statistically significant differences observed between LR-
MRF and SuperMRF, without any additional training. Note 
that simulations in this study were performed using single-
channel data; the comparisons between SuperMRF and LR-
MRF should not be assumed to fully carry over to multi-
channel hardware without further evaluation. The technique 
should also be evaluated for other MRF sequence designs, 
including different k-space trajectories, acceleration factors, 
matrix sizes and resolution settings, slice thickness settings, 
repetition time and flip angle patterns, magnetization 
preparation pulse schedules, and quantification of additional 
tissue parameters. Last, we did not investigate possible 
combinations of SuperMRF with low rank reconstruction. 

Low rank reconstruction methods continue to be studied 
and improved results have been reported, for example, to 
better address measurement errors (53). Low rank and deep 
learning methods are complementary and may produce 
improved image quality as compared to either approach 
independently. Furthermore, the choice of patch size and 
loss function weights in SuperMRF may be targets for 
further improving reconstruction quality, drawing upon a 
hyperparameter optimization strategy as recently reported 
for MRF (54).

Conclusions

A deep learning reconstruction framework, SuperMRF, is 
proposed and evaluated for superfast MR fingerprinting 
reconstruction and aggressive acceleration in both the 
k-space and temporal directions. With a scan time of fewer 
than 7 minutes and a reconstruction time of approximately 
one second, we can obtain a 3D stack of T1, T2, and 
M0 maps. The proposed SuperMRF outperformed the 
evaluated reconstruction methods including pattern 
matching, iterative low rank, and an existing deep learning 
method, and SuperMRF can achieve robust reconstruction 
with largely reduced temporal sampling. In the less 
aggressive acceleration case for prospective real-world 
comparison, LR-MRF and SuperMRF showed comparable 
overall quality of the T1 and T2 maps with no statistically 
significant quantitative differences in overall cartilage 
and muscle T1 and T2 values. Optimized undersampling 
masks, a balance between patch size and robustness, and 
generalizability to different scanners or protocols should be 
explored in future studies.
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