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Impact
The proposed reconstruction framework utilizes a signal model with enhanced representation capabilities that reduces the number of unknowns (i.e.,
coefficient images) compared to using a low-rank model learned from a dictionary, facilitating reconstruction.

Synopsis
Motivation: Standard methods for magnetic resonance fingerprinting (MRF) reconstruction commonly adopt a low-rank model to approximate

the MRF dynamic signal. However, many coefficient images might be needed for an accurate representation, and biases can be
introduced if insufficient coefficient images are considered.

Goals: To propose a novel MRF reconstruction framework that uses a parsimonious model based on spatiotemporal maps (STM).
Approach: STM parameters are calculated from autocalibration data using variable density spirals.
Results: The STM model provides a more parsimonious representation than the low-rank model, and can be combined with modern

regularizers (e.g., implicit neural representation) for MRF reconstruction.

Introduction
Many MRF reconstruction methods rely on a low-rank model learned from synthetic data . Specifically, the dynamic signal at each voxel is represented as a
linear combination of the same set of temporal basis functions learned from a dictionary, where the scalar coefficient maps are estimated by solving an
inverse problem. However, in cases where the temporal characteristics vary considerably across spatial locations, the number of temporal functions to
accurately represent dynamic changes for all voxels tends to increase . This increases the number of coefficients that need to be recovered, which limits the
acceleration factor as more unknowns should be estimated from undersampled data. In this work, we improve the representation by adopting a model based
on spatiotemporal maps  (STM).   In the STM model, a different set of temporal functions (a.k.a spatiotemporal maps) is learned for each voxel from
autocalibration data, by leveraging the autoregressive properties of (k, t)-space. STMs can provide a more parsimonious representation than low-rank models,
decreasing the number of temporal functions needed for each voxel. We show that STMs can be synergistically combined with modern regularizers (e.g.,
implicit neural representation) for enhanced MRF reconstruction.

Theory
Let  denote the dynamic MRF signal at one voxel where   indexes each time frame in the acquisition. The STM model has the
form  where  are the coefficient images and  are the voxel-dependent spatiotemporal maps.
STMs are calculated from autocalibration data acquired in each time frame. 

We reconstruct coefficient images by minimizing the cost function 

where  and  are the STMs in matrix form and vectorized coefficient images, respectively, including all voxels and time frames;  is a forward
operator including the nonuniform Fourier transform, coil sensitivities, and a self-weighting operation;  is the non-Cartesian data acquired in each time
frame; and  is a regularizer. We minimize   using a TV regularizer by representing  with an implicit neural representation  (INR) where each
coefficient image corresponds to a different output of a single INR. 
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Methods
We first assessed the representation capabilities of the STM model on a simulated single-channel MRF dataset using an XCAT phantom, and compared it
with the low-rank model representation using 5 and 11 temporal functions.  Secondly, we assessed the reconstruction framework using retrospectively
undersampled simulated data, and prospectively undersampled multichannel data obtained from a NIST phantom and an in vivo brain acquisition. We
implemented the STM+INR reconstruction using the guidelines by Yu et al. , and compared with the low-rank method using 5 temporal functions. We used 
FISP-based MRF sequences   with varying flip angle and constant TR to acquire each dataset. We used a golden angle variable density spiral acquisition
where a densely sampled center k-space region was included in each time frame as autocalibration data for STM computation. STMs were computed using
PISCO    after gridding the autocalibration data and  components were considered. T1, T2, and proton density maps were calculated using a
pattern-matching approach with a predesigned dictionary.

Results
Figure 1.a shows the time course for one voxel of the simulated data and the approximations using the STM model and the low-rank model. The STM model
using only 3 temporal functions for each voxel accurately approximated the ground-truth values, obtaining similar results to the low-rank model using 11
temporal functions. There was a mismatch when using the low-rank model with 5 temporal functions.   Figure 1.c shows the time courses of different
reconstructions. The proposed reconstruction framework using STM+INR obtained the best result. Figure 2 shows the parameter maps after reconstruction,
with STM+INR obtaining the best quantitative results.

Figure 3 shows the parameter maps for each reconstruction using the NIST phantom data. Both methods provided good estimations of T1 as shown in Fig.4;
however, high T2 values were overestimated when using STM+INR and underestimated when using the low-rank method. Better agreement was obtained for
low T2 values when using STM+INR.  Similar qualitative results were observed in the brain dataset, as shown in Fig. 5. Compared to low-rank
reconstruction, STM+INR exhibited fewer aliasing artifacts.

Discussion and Conclusions
The STM model can provide a more parsimonious representation for the MRF dynamic signal than the low-rank model, which can be leveraged in the
reconstruction of accelerated data using modern regularizers.
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Figure 1: Signal evolution for one voxel to examine representation and reconstruction capabilities.
Representation: (a) Ground-truth and the approximations given by the STM model using L =3 and the low-rank model using 5

and 11 temporal functions. The coefficient images in each case are directly calculated from the fully sampled data to assess
representation. (b) Zoomed-in version of (a).

Reconstruction:(c) Ground-truth and the reconstructions from undersampled data. (d)  Zoomed-in version of (c).  
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Figure 2: Parameter maps obtained after reconstructing the retrospectively undersampled simulated data using the XCAT
phantom. The normalized-root-mean-square error (NRMSE) with respect to the ground-truth is shown in each case in the bottom

right corner.  The STM+INR reconstructions have lower NRMSE while using fewer coefficient images.
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Figure 3: Parameter maps obtained after reconstructing the prospectively undersampled data using the NIST phantom. 
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Figure 4: Comparison of the T1 and T2 values obtained by the two reconstruction methods with the nominal values of the NIST
phantom in 14 and 10 regions of interest, respectively. The mean was calculated within each ROI.
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Figure 5: Parameter maps obtained after reconstructing the prospectively undersampled in vivo brain data. Less aliasing artifacts
are observed in the parameter maps derived from the STM+INR reconstruction.


