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Spatiotemporal maps for dynamic MRI reconstruction: a proof-of-principle demonstration on single-coil animal gastrointestinal
data
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Motivation: Partially separable functions (PSF) are commonly used in dynamic MRI to model the signal in the (x,t)-space; however, the number of components in the PSF expansion can be restrictive in
applications where voxels present different temporal/spectral characteristics (e.g., gastrointestinal MRI reconstruction).

Goal(s): To propose a parsimonious representation for the dynamic MRI signal, called spatiotemporal maps (STM).
Approach: STM are derived by proving that shift-invariant linear predictability relationships can exist across the k-spaces of multiple time-frames.

Results: STM provide a parsimonious representation for the spatiotemporal MRI signal; they can be efficiently calculated from autocalibration data; and they can be synergistically combined with modern
regularizers.

Impact: Spatiotemporal maps provide a parsimonious voxel-dependent expansion for the dynamic MRI signal, even when voxels present various temporal/spectral characteristics. They can be efficiently
calculated from autocalibration data, and can be synergistically combined with modern regularizers to reconstruct highly accelerated data.

Introduction

Partially separable functions' (PSF) have been widely used in dynamic MRI reconstruction to describe the spatiotemporal MRI signal2>. The PSF model assumes that each voxel of the spatiotemporal signal can
be expanded as a sum of products, each one involving a spatial function (voxel-dependent) and a temporal function (voxel-independent). Nevertheless, the number of components in the PSF expansion can be
undesirably large in applications where voxels present different temporal/spectral properties and limited data is available. In this work we account for these limitations by proposing a more parsimonious
expansion than PSF, that we call spatiotemporal maps (STM). In the STM expansion each component corresponds to a product between a spatial function, that is voxel-dependent, and a spatiotemporal function
that is also voxel-dependent. Thus, the temporal dynamics in the STM expansion are captured for each voxel separately, which provides them with powerful parsimonious representation capabilities. We show
that STM can be synergistically combined with modern regularizers to reconstruct highly accelerated data where, in addition, temporal/spectral characteristics vary substantially across voxels. As a proof-of-
principle, we address the reconstruction of single-coil animal gastrointestinal data®’.

Theory

Let o(x,nAt), n € {1,...,N} denote the spatiotemporal MRI signal sampled in time. The derivation of the STM expansion is based on proving the existence of multiple shift-invariant linear predictability (SILP)
relationships® across the k-space samples of multiple time-frames. We have theoretically shown that if 9(X, t) has a voxel-dependent limited spectral support over multiple bands, then the desired SILP
relationships exist (the full proof is not shown due to space constraints). According to recent work in sensitivity map estimation?, SILP across time-frames would suggest that, if we consider the k-space data of
each time-frame as a virtual channel, we would be able to derive a signal model analogous to sensitivity maps. In fact, SILP implies that we can construct voxel-dependent positive semidefinite matrices

G(x) e CNN from (k,t)-space autocalibration data®, that satisfy

o(x, 1At)
G(x) : =0.
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This reveals that the spatiotemporal MRI signal for one specific voxel is an approximate nullspace vector of the corresponding matrix G(X). We construct the STM expansion by calculating a basis for the
nullspace of each matrix G(x), where the number of components L(X) is the nullspace dimensionality. The STM expansion has the form

L(x)

0(x,nAt) = Zg(x,nAt)Ql(x), ne{l,...,N},
I=1
0 (x,nAt)

where ¢;(X,nAt) and Q,(X) correspond to the voxel-dependent spatiotemporal function and the spatial function of the Ith component, respectively. The spatiotemporal functions for one specific voxel (i.e.,
{c1(x,nAt)}) correspond to a basis for the nullspace of G(X); they can be efficiently calculated from autocalibration data® and used as a data-consistency constraint in reconstruction applications. We pose the
reconstruction problem such that the spatial functions (i.e., {Qj(X)}) correspond to the optimization variables, as the number of components in the STM expansion is usually much smaller than the number of
time-frames. We impose complementary constraints over {Q|(X)} using application-dependent regularizers, and we recover the reconstructed time-series using the last equation.

Methods

STM were assessed by reconstructing single-coil animal gastrointestinal Cartesian data®’ (Fig. 1) that was retrospectively and uniformly undersampled (R = 3.5) outside an autocalibration region. We also
reconstructed a prospectively undersampled dataset (R = 2) acquired as in Wang et al®. Both reconstructions were performed in blocks of N = 25 time-frames. STM spatiotemporal functions were estimated
from autocalibration data using PISCO?, and we investigated the combination of STM with Tikhonov and P-LORAKS™ regularizers using an iterative least-squares reconstruction approach.

Results

Figure 2 shows the eigenvalue maps of the matrices G(x) for the data in Fig. 1. From these we selected L(x) = L = 3, after identifying the number of eigenvalues below a threshold of 0.01. Figure 1 shows the
different functions in the STM expansion. Figure 3 compares STM and PSF where the normalized projection residual®'® was calculated for different numbers of components. STM obtained considerably smaller
values than PSF when the number of components was small, which quantitatively indicates better representation capabilities. Figures 4 and 5 show the retrospective and prospective reconstruction results,
respectively. STM with P-LORAKS regularization obtained the best quantitative results (smallest NRMSE), and a considerable qualitative improvement over previously proposed reconstruction methods®”’.

Discussion and Conclusions
The STM expansion can represent dynamic MRI signals more parsimoniously than PSF in scenarios where voxels present substantially varying temporal/spectral characteristics. STM can be efficiently calculated

from autocalibration data, and synergistically combined with modern regularizers to reconstruct highly accelerated data. Future work involves combining STM with parallel imaging constraints, non-Cartesian
acquisition, and data-driven regularizers.
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Figure 1. Visual representation of the STM expansion using T1-weighted single-coil gastrointestinal animal Cartesian data acquired as in Wang et al®. Only magnitude images of 15/100 time-frames are shown.

The fully-sampled data is shown on the very right, which presents a substantial variability of the temporal/spectral characteristics across voxels. Three components were selected for the STM expansion as
suggested by the eigenvalue analysis in Fig. 2. For simplicity, we selected the same number of components for each voxel; however, this selection can be made voxel-dependent.
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Figure 2. Eigenvalue maps of the G(X) matrices (sorted in decreasing order) calculated from the data in Fig. 1. The nullspace dimensionality of each matrix (i.e., the number of components in the STM expansion)
was estimated as the number of eigenvalues close to zero. We selected this number by counting the eigenvalues below a threshold equal to 0.01. Voxels in stationary areas had a nullspace dimensionality
L(x) = 1, and voxels in more dynamic areas presented a nullspace dimensionality L(x) < 3.
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Figure 3. Normalized projection residual (NPR) for the STM and the PSF expansions using the data in Fig. 1 for a varying number of components. NPR corresponds to the NRMSE between the original data and
the approximation given by the expansion. STM always obtained a smaller NPR than PSF for a small number of components. Particularly, the NPR obtained by STM using three components (the number used in
our reconstruction experiments) was obtained by PSF when using five components. These better representation capabilities (more parsimonious) were also observed qualitatively (not shown).
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Figure 4. Retrospective reconstruction results using the data in Fig. 1. Only 15/100 time-frames are shown. The sampling mask selects 24/84 phase-encoding lines where 12 vary across time-frames, and 12 are
fixed as autocalibration data and used to calculate the STM spatiotemporal functions {c¢;(x,nAt)}. As a baseline, we show a data-sharing reconstruction obtained by constructing a fully-sampled dataset for
each time-frame using data from nearby time-frames. We report the NRMSE in each case (bottom-right) considering the total of 100 time-frames.
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Figure 5. Prospective reconstruction results using data acquired as in Wang et al®. 15/100 time-frames are shown. The sampling mask selects 24/48 phase-encoding lines where 12 vary across time-frames, and
12 are fixed as autocalibration data. The reconstruction in each case was performed for a total of 48 phase-encoding lines and zero-padded to match the dimensions in Fig. 4 (84 PE lines). As a comparison, we
show reconstruction results using the method in Wang et al®., where a GRAPPA-type interpolation is performed for each time-frame using the data from the two adjacent time-frames.
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