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clinical imaging tool that can investigate a wide range of
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physiology, or dynamics of the heart. The applications of
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congenital heart disease, coronary heart disease, ischemic
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(DPU) to enable the implementation of structure aware (SA)
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LOW FIELD MAGNETIC RESONANCE
IMAGING (MRI) SCANNER FOR CARDIAC
IMAGING

CROSS-REFERENCE TO RELATED
APPLICATION

This application claims priority to U.S. Provisional Patent
Application No. 62/112,223, filed Feb. 5, 2015, entitled
“Low Field Magnetic Resonance Imaging (MRI) Scanner
for Cardiac Imaging,” which is incorporated by reference in
its entirety.

BACKGROUND

Cardiac magnetic resonance (CMR) is a noninvasive
imaging tool with a wide range of cardiovascular applica-
tions. Apart from CMR, two common modalities for routine,
non-invasive, diagnostic cardiac imaging are echocardiog-
raphy (cardiac ultrasound) and nuclear SPECT. Although
other imaging modalities exist for every clinical application
of CMR, no single modality that can match the comprehen-
siveness of CMR. Despite the unique and broad applicability
of CMR, it is underutilized due to its relatively poor cost
effectiveness. As such, there is almost no market for Cardiac
MRI (CMR) machines.

Conventionally, it is understood that signal-to-noise ratio
(SNR) improves with increasing magnetic field strength.
Over the past two decades, the trend has been to design MRI
scanners with higher and higher field strengths in order to
increase SNR. The increase in SNR is traded for improved
spatial and temporal resolutions and reduced acquisition
times. Increasing the magnetic field strength, however,
requires larger magnets with more challenging specifica-
tions. Therefore, higher field MRI systems tend to be con-
siderably more expensive and thus less cost effective for
applications, such as CMR, that do not significantly benefit
from the higher field strength. In addition, higher magnetic
fields may negatively affect image quality, patient safety,
and comfort.

SUMMARY

Cardiac magnetic resonance (CMR) is a clinical imaging
tool that can investigate a wide range of cardiac conditions
by exploring changes in the anatomy, physiology, or dynam-
ics of the heart. Disclosed herein are systems and methods
for reconstructing image data. The method may include
acquiring multichannel k-space data; determining a noise
power of the k-space data; determining coil-sensitivity
maps; initializing values of relative weights (regularization
strengths) applied to each subdictionary used to model an
image; iteratively minimizing a weighted 1,-norm of image
representation in subdictionaries in accordance with the
relative weights while constraining the residual norm of the
data-fidelity term based on the measured noise power;
within each iteration, updating the relative weights of sub-
dictionaries based on the subdictionary-specific maximum
likelihood fitting of coeflicient distributions with a Lapla-
cian; and outputting the reconstructed images upon conver-
gence.

In accordance with other aspects, an MRI machine is
described having a low-field (e.g., 0.5 T) magnet. This lower
field strength targets a new market for MRI and cardiac
imaging. For example, such a device has a price point
competitive with echocardiography machines and SPECT
cameras.
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Other systems, methods, features and/or advantages will
be or may become apparent to one with skill in the art upon
examination of the following drawings and detailed descrip-
tion. It is intended that all such additional systems, methods,
features and/or advantages be included within this descrip-
tion and be protected by the accompanying claims.

BRIEF DESCRIPTION OF THE DRAWINGS

The components in the drawings are not necessarily to
scale relative to each other. Like reference numerals desig-
nate corresponding parts throughout the several views.

FIG. 1 is a diagram of a structure of a magnetic resonance
imaging (MRI) apparatus according to an exemplary
embodiment of the present invention;

FIG. 2 is an example operational flow in accordance with
the present disclosure;

FIGS. 3A, 3B and 4 show results of simulated data
derived using the operation flow of FIG. 2;

FIG. 5 illustrates a comparison of 0.5 T simulated real-
time cine images with 3 T images;

FIG. 6 shows a comparison of the mean and peak velocity
vs. cardiac phase for 1.5 T and simulated 0.5 T field
strengths; and

FIG. 7 illustrates a comparison of 0.5 T simulated 2D flow
images with 1.5 T images.

DETAILED DESCRIPTION

Unless defined otherwise, all technical and scientific
terms used herein have the same meaning as commonly
understood by one of ordinary skill in the art. Methods and
materials similar or equivalent to those described herein can
be used in the practice or testing of the present disclosure.
While implementations will be described for remotely
accessing applications, it will become evident to those
skilled in the art that the implementations are not limited
thereto, but are applicable for remotely accessing any type
of data or service via a remote device.

The present disclosure is directed to a low-cost magnetic
resonance imaging (MRI) apparatus that may be used for,
e.g., Cardiac MRI (CMR). CMR is a clinical imaging tool
that can investigate a wide range of cardiac conditions by
exploring changes in the anatomy, physiology, or dynamics
of the heart. The applications of CMR include, but are not
limited to, the evaluation of congenital heart disease, coro-
nary heart disease, ischemic heart disease, cardiac masses,
the pericardium, cardiomyopathy, hibernating myocardium,
and valvular and ventricular function.

Example Environment

FIG. 1 is a view illustrating a structure of an example
magnetic resonance imaging (MRI) apparatus 100 that may
be used to acquire image data. Generally, the MRI apparatus
100 is a low-field (70.5 T) system equipped with a high-end
data processing unit (DPU) to enable the implementation of
structure aware (SA) recovery in clinically relevant times.
The DPU is comprised of multiple GPUs running a Gad-
getron framework, which was developed at the National
Heart, Lung, and Blood Institute. The SA recovery methods
are based on Bayesian inference where the structure in the
image is expressed probabilistically, as a set of priors or
conditional priors. For implementation of SA recovery, fast
iterative image recovery methods based on Generalized
Approximate Message Passing (GAMP) are employed,
vielding fast algorithms with self-tuning parameters. Details
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of an operational flow and example SA recovery are pro-
vided below with reference to FIG. 2.

In addition, for a Bayesian approach, the entropy of the
posterior probability may be computed to quantify confi-
dence in the recovery of each pixel. For a non-Bayesian
approach, a separate sensitivity analysis may be performed
to create a confidence map. The confidence map may enable
a clinician to de-emphasize areas within an image where
uncertainty is above a threshold.

The MRI apparatus 100 includes a scanner 103 that
generates magnetic fields used for the MR examination
within a measurement space 104 having a patient table 102.
In accordance with the present disclosure, the scanner 103
may include a wide bore 70 cm superconducting magnet
having a field strength of approximately 0.5 Tesla (T).

A controller 106 includes an activation unit 111, a receiver
device 112 and an evaluation module 113. During a phase-
sensitive flow measurement, MR data are recorded by the
receiver device 112, such that MR data are acquired in, e.g.,
a measurement volume or region 115 that is located inside
the body of a patient 105. The MRI apparatus 100 may
include an 18 coil array (e.g., arranged as two 3x3 grids);
support parallel imaging using SPIRIiT, GRAPPA, SENSE,
VISTA, AMP, FISTA, SCoRE, and/or Bayesian Inference;
and perform analog-to-digital conversion (ADC) at a gantry
of the MRI apparatus 100.

An evaluation module 113 prepares the MR data such that
they can be graphically presented on a monitor 108 of a
computing device 107 and such that images can be dis-
played. In addition to the graphical presentation of the MR
data, a three-dimensional volume segment to be measured
can be identified by a user using the computing device 107.
The computing device may include a keyboard 109 and a
mouse 110. The computing device may include a Xeon
central processing unit (CPU) or better; 16 GB of random
access memory (RAM); Multi-GPU, K20 or Titan 7 recon-
struction hardware; support DICOM 3.0; and support simul-
taneous scan and reconstruction.

Software for the controller 106 may be loaded into the
controller 106 using the computing device 107. Such soft-
ware may implement a method(s) to process data acquired
by the MRI apparatus 100, as described below. It is also
possible the computing device 107 to operate such software.
Yet further, the software implementing the method(s) of the
disclosure may be distributed on removable media 114 so
that the software can be read from the removable media 14
by the computing device 107 and be copied either into the
controller 106 or operated on the computing device 107
itself.

As would now be understood by one of skill in the art, the
MRI apparatus 100 having a smaller 0.5 T magnet would
cost less (e.g., require less shielding and a have a lower cost
gradient assembly), be easier to construct, be physically
smaller, weigh less and have lower power requirements than
the larger MRI apparatuses, which follow current trends. As
such, the MRI apparatus 100 may be installed locations
where the larger MRI apparatuses cannot. The MRI appa-
ratus 100 is also safer, as it has a smaller 5-G region (if
actively shielded), a reduced chance smaller chance of
objects flying to the magnet, induces a smaller torque to
metallic implants (if not actively shielded), has a reduced
specific absorption rate (SAR—by square of field strength),
and reduced heating of implanted devices. Further, the MRI
apparatus 100 creates less electrohemodynamic distortion of
ECG signal, reduces susceptibility and chemical shift arti-
facts, generates smaller main field (B0) and transmit field
(B1) inhomogeneity, and has smaller spatial variation of flip
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angles. The MRI 100 provides for greater patient comfort
with a wider, shorter bore and lesser acoustic noise.

The MRI apparatus 100 provides several imaging advan-
tages. For example, the reduced SAR allows for higher flip
angles for trueFISP based sequences, which results to higher
contrast-to-noise ratios (CNR). The MRI apparatus 100 also
provides for shorter tissue T1’s in non-contrast enhanced
scans, increased relaxivity of contrast agents at lower field,
use of trueFISP and EPI in new applications (perfusion,
flow, LGE, etc.), and reduced artifacts surrounding
implanted metallic devices. While the MRI apparatus 100
having a lower field strength may provide lower SNR, the
SNR decreases approximately linearly from 1.5 T to 0.5 T.
This can be offset by using higher flip angles (lower SAR),
a shorter native T1 and by use of TrueFISP for applications
not possible at higher field strength due to BO inhomoge-
neties.

Thus, described above is a lower field-strength MRI
machine for use in CMR (and other) applications.

Structure Aware (SA) Data Processing Overview

As noted above, structure aware (SA) data processing
methods may be used to recover images acquired by the
MRI apparatus 100. SA methods can recover stable images
from highly undersampled data, alleviating typical SNR
requirements and providing the potential for high quality
imaging at low field strength. In addition, unlike static MR1,
CMR, which is primarily a dynamic imaging method,
includes the added dimension of time; this brings additional
structure that can be exploited by SA methods.

SA imaging is a computationally intensive technique and
relies on modeling of the MRI acquisition process. However,
these models are more accurate at lower field strengths due
to improved field homogeneity, thereby countering the loss
in SNR at lower field. As such, the present disclosure builds
upon a confluence of computational power, innovative SA
reconstruction methods, and low field operation provide a
novel paradigm for cost effective MRI.

Generally, the SA recovery of the acquired image series is
posed as a Bayesian inference problem. To exploit the
spatial structure of CMR, sparsity is enforced by promoting
Bernoulli-Gaussian mixture (BGM) density on the wavelet
coeflicients of the image series. In addition, to uniquely
utilize the dynamics in CMR, the slowly varying support of
the wavelet coefficients across time is modeled as a Markov
chain and the frame-to-frame correlation among the coefli-
cients as Gauss-Markov process. The Bayesian inference for
the above mentioned structured-sparsity in CMR is realized
using computationally efficient turbo Generalized Massage
Passing (turbo-GAMP) algorithm. To further accelerate the
reconstruction process, turbo-GAMP may be implemented
on a Gadgetron framework, as noted above. The above
mentioned recovery procedure is named as CMR-AMP.

The reduced levels of field inhomogeneity-related arti-
facts at low field imply that most of the imperfection in
low-field data is from additive white noise and not from
model] mismatch. Therefore, at low field, the lack of depar-
ture from ideal physics leverages itself to utilize advantages
of CMR-AMP that cannot be fully realized at high-field.
First, CMR-AMP can provide voxel-wise variance of the
posterior probability. This variance map expresses the cer-
tainty in the recovery of each voxel, providing an extra layer
of confidence for the image recovery at low-field. The
recovery of variance of the posterior probability relies on the
assumption that all the imperfection in the data arises from
additive noise and not from model-mismatch, which is not
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the case at high field. Second, CMR-AMP can be self-tuned,
where all the tuning parameters—including on the ones that
define structure in CMR—are recovered via an expectation-
maximization (EM) procedure. Again, EM recovery relies,
in part, on the assumption of additive white noise, which is
a more realistic assumption at low field.

Example Implementation

Below is an example implementation using a parametet-
free recovery method, called Sparsity Adaptive Compressive
Recovery (SCoRe), that models the image using a sparse
representation in a union of subdictionaries, and that learns
and exploits a non-uniform level of sparsity across subdic-
tionaries.

MR images, like natural images, possess a rich structure
that admits sparse representation under multiple, disparate
transforms. For this reason, redundant dictionaries are rou-
tinely used to express and exploit structure in MR images.
For MRI, two common choices of redundant dictionary
include: (i) the undecimated wavelet transform (UWT) and
(ii) the union of a total variation transform and the discrete
wavelet transform. When using a redundant dictionary,
however, the level of sparsity may vary across different
groups of atoms, i.e., across “subdictionaries.”

Therefore, using the same thresholding rule across sub-
dictionaries may not yield acceptable results. For MRI, it is
typical to formulate image reconstruction as an optimization
problem of the form:

argmin ||¥x|} such that ||y -dx|j <4,

where @ is the measurement matrix that employs sensi-
tivity encoding and Fourier undersampling, ¥ is a redundant
dictionary, x is the image to be recovered, y is the measured
data, and & is an upper bound on the 1, norm of the
measurement noise, which can be estimated from a noise-
only scan.

To allow for varying levels of sparsity at the subdictionary
level, the problem in Eq. 1 may be generalized to:

D
5c=argrngA;||w;x||} such that ||y -®, |3 =<4,
X i=1

where W, represents one of D subdictionaries, and A, acts as
arelative weight on the i”” subdictionary and thus determines
the extent of soft thresholding on W x. From the perspective
of unconstrained optimization, Eq. 2 can be viewed as a
compound regularization,” with A, determining the relative
strength of the i” regularization term.

For MRI, the values of %, are often selected by the user.
In SCoRe, A, is iteratively estimated by maximizing the
likelihood function L(AIWX), where X is the previous
image estimate. For an i.i.d. Laplacian prior on WX, maxi-
mizing the log-likelihood function yields

AKNIZ, MW, )
where [WX]; is the j” coefficient of WX and N is the total
number of coefficients in WX. Here, k=1 for real WX, and
k=2 for complex Wx. The implementation of SCoRe
includes inner iterations to solve Eq. 2 using Douglas-
Rachford splitting and outer iterations (Eq. 3) to update A.,.
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For the data presented herein, the number of outer and inner
iterations may be 16 and 12, respectively.

FIG. 2 illustrates an example operation flow 200 for
acquiring and processing image data. At 202, multichannel
k-space data is collected using VISTA sampling. This may
be accomplished using techniques described in U.S. patent
application Ser. No. 14/593,322, filed Jan. 9, 2015, entitled
“VARIABLE DENSITY INCOHERENT SPATIOTEMPO-
RAL ACQUISITION (VISTA) FOR HIGHLY ACCELER-
ATED MAGNETIC RESONANCE IMAGING,” which is
incorporate herein by reference in its entirety. At 204, a noise
power (0°2) from the data or from a separate noise-scan is
determined. In parallel, at 206, coil-sensitivity maps from
time-averaged data are determined. At 208, the relative
weights A, =A,= . . . =h,=constant are initialized and d=mo”
is set, with m being the number of collected k-space
samples. At 210, the results from 206 and 208 are used to
solve the resulting set of equations y=gx by iteratively
minimizing the cost function in Eq. 2, above. At 212, After
every n™ iteration, the regularization strength of each sub-
dictionary is readjusted using Eq. 3. The process loops back
to 210 until convergence is found, after which the result is
output.

Simulated Results

SCoRe was evaluated using a 120x120 dynamic digital
phantom with 48 temporal frames. The phantom consisted of
both dynamic and static ellipses and a static rectangle. To
emulate experimental conditions, twelve uniformly spaced
circular receive coils were simulated around the phantom.
The data was undersampled at R=4, 8, 12, and 15 using
VISTA sampling. In the simulation, real-time cardiac cine
data were acquired with VISTA (3T Siemens, 32 channel
cardiac array) at four different acceleration rates (R=4, 8, 12,
and 15) from a healthy volunteer. The acquisition was
carried out under free-breathing conditions in both short-
axis and 4-chamber orientations. Other imaging parameters
included: 48 frames, 224x144 matrix size, 360x288 mm?2
FOV, SSFP sequence, TE of 1 ms, TR of 2.7 ms, and flip
angle 60°. For both the simulation and experimental data, we
used 3D UWT of the spatiotemporal image for W. For the
traditional approach, all eight subbands of UWT were
treated identically (Eq. 1). For SCoRe, the subband weights
(\;) were estimated using Eq. 3. In a SENSE-based imple-
mentation, the coil sensitivity maps were estimated from
fully sampled, time-averaged data.

FIGS. 3A, 3B and 4 show results of simulated data
derived using the operational flow 200 of FIG. 2. FIG. 3A
shows the phantom results from one of the 48 frames.
SCoRe generated images with higher recovery SNR (-20
log (x-x/x)) and lower visible artifacts. The difference
between the traditional approach and SCoRe was more
pronounced at higher acceleration rates. At rate 15, SCoRe
had 15 dB higher recovery SNR. FIG. 2A also shows
amplified error images. FIG. 3B shows recovery SNR as
function of acceleration rate.

FIG. 4 shows results from free-breathing, real breathing
MRI at rate 12. As evident from the representative frames,
SCoRe suppressed aliasing artifacts that are visible in the
traditional processing. For SCoRe, the computation time for
phantom and in vivo datasets was approximately 3 to 5
minutes per dataset.

Validation Using Simulated Lowfield Data

To validate the operation of the MRI apparatus 100, low
field (0.5 T) data were simulated by adding noise to the data
collected using 1.5 T or 3.0 T systems to provide a conset-
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vative estimate of low field performance accounting for the
non-ideal modeling encountered with high field measure-
ments. The results indicate the real-time cine and flow
imaging are feasible at lower field strengths.

Real-Time Cine

The following parameters were used to validate real-time
cine.

Subject: A healthy volunteer scanned on 3T

Pulse sequence: SSFP

FOV: 360x288 mm”

Matrix: 224x144

Slice thickness: 8 mm

TE/TR: 1.0/2.8 ms

Acceleration: 8 (50 ms temporal resolution)

Coil array: 32 channel body coil array

Sampling: VISTA

Reconstruction: SCoRe as described above

Noise: separate noise scan

FIG. 5 shows a comparison of the reconstructed images
for real-time cine for 3T and simulated 0.5 T field strengths.
As shown, the images created from the simulated 0.5T data
compare favorably with the images created from 37T data.

2D FLOW

The following parameters were used to validate 2D Flow.

Subject: A healthy volunteer scanned on 1.5 T

Pulse sequence: SSFP

FOV: 360x288 mm”

Matrix: 224x144

Slice thickness: 8 mm

TE/TR: 1.0/2.8 ms

Acceleration: 8 (50 ms temporal resolution)

Coil array: 32 channel body coil array

Sampling: VISTA

Reconstruction: SCoRe as described above

Noise: separate noise scan

FIG. 6 shows a comparison of the reconstructed images
for 2D Flow for 1.5 T and simulated 0.5 T field strengths. As
shown, the images created from the simulated 0.5 T data
compare favorably with the images created from 1.5 T data.
FIG. 7 shows a comparison of the mean and peak velocity
vs. cardiac phase for 1.5 T and simulated 0.5 T field
strengths for the region-of-interest drawn in FIG. 6. The
results for the simulated 0.5 T field strength data track
closely with the 1.5 T field strength data.

Thus, the technological advances disclosed herein are
effective for time-series of images, i.e., for “dynamic imag-
ing” which is relevant to cardiac MRI. Other CMR appli-
cations, including first pass perfusion, MR angiography, and
late gadolinium enhancement are expected to perform as
well at low field using SA data processing methods. Still
further, the MRI apparatus described herein may be used for
other imaging applications.

It should be understood that the various techniques
described herein may be implemented in connection with
hardware or software or, where appropriate, with a combi-
nation of both. Thus, the methods and apparatus of the
presently disclosed subject matter, or certain aspects or
portions thereof, may take the form of program code (i.e.,
instructions) embodied in tangible media, such as floppy
diskettes, CD-ROMs, hard drives, or any other machine-
readable storage medium wherein, when the program code
is loaded into and executed by a machine, such as a
computer, the machine becomes an apparatus for practicing
the presently disclosed subject matter. In the case of program
code execution on programmable computers, the computing
device generally includes a processor, a storage medium
readable by the processor (including volatile and non-
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volatile memory and/or storage elements), at least one input
device, and at least one output device. One or more pro-
grams may implement or utilize the processes described in
connection with the presently disclosed subject matter, e.g,,
through the use of an application programming interface
(API), reusable controls, or the like. Such programs may be
implemented in a high level procedural or object-oriented
programming language to communicate with a computer
system. However, the program(s) can be implemented in
assembly or machine language, if desired. In any case, the
language may be a compiled or interpreted language and it
may be combined with hardware implementations.

Although the subject matter has been described in lan-
guage specific to structural features and/or methodological
acts, it is to be understood that the subject matter defined in
the appended claims is not necessarily limited to the specific
features or acts described above. Rather, the specific features
and acts described above are disclosed as example forms of
implementing the claims.

What is claimed:

1. A method for reconstructing image data, comprising:

acquiring multichannel k-space data;

determining a noise power of the k-space data;

determining coil-sensitivity maps;
initializing values of relative weights that are respectively
applied to subdictionaries used to model an image;

iteratively minimizing a weighted 1,-norm of image rep-
resentation in subdictionaries in accordance with the
relative weights while constraining a residual norm of
a data-fidelity term based on the determined noise
power;

updating, within each iteration, the relative weights of the

subdictionaries based on a subdictionary-specific maxi-
mum likelihood fitting of coefficient distributions with
a Laplacian; and

outputting reconstructed images upon convergence of a

cost function used to estimate the reconstructed images.

2. The method of claim 1, wherein the acquiring is
performed using variable density incoherent spatiotemporal
acquisition (VISTA).

3. The method of claim 1, wherein unconstrained optimi-
zation routines are used to minimize the cost function.

4. The method of claim 1, wherein subdictionaries are
subbands of decimated or non-decimated wavelet decom-
position.

5. The method of claim 1, wherein subdictionaries are
disparate transforms.

6. The method of claim 1, wherein a measurement matrix
is used that is based on GRAPPA or SPIRiT.

7. The method of claim 1, wherein the noise power is
estimated from the k-space data or from separate noise scan.

8. The method of claim 1, wherein the relative weights of
the subdictionaries weights are estimated less frequently
than every iteration.

9. The method of claim 1, wherein single receive coil is
used for acquisition.

10. The method of claim 1, wherein data is collected from
low-field MRI scanner.

11. The method of claim 1, further comprising determin-
ing an uncertainty map of pixel values in the reconstructed
images.

12. A low-field magnetic resonance imaging (MRI) appa-
ratus, comprising:

a scanner that generates a magnetic field within a prede-

termined measurement space, the magnetic field having
a field strength of approximately 0.5 Tesla (T);
a controller;
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a receiver that receives and stores MR data associated

with a measured volume; and

an evaluation module, that executes on the controller, that

prepare the MR data such that the MR data can be
graphically presented on a monitor, the evaluation 5
module executing instructions that cause the controller

to determine coil-sensitivity maps; initialize values of
relative weights that are respectively applied to sub-
dictionaries used to model an image;

iteratively minimize a weighted 1,-norm of image repre- 10

sentation in subdictionaries in accordance with the
relative weights while constraining a residual norm of

a data-fidelity term based on a determined noise power;
update, within each iteration, the relative weights of the
subdictionaries based on a subdictionary-specific maxi- 15
mum likelihood fitting of coeflicient distributions with

a Laplacian; and output reconstructed images upon
convergence of a cost function used to estimate the
reconstructed images.

13. The MRI apparatus of claim 12, the scanner further 20
comprising an 18 coil array.

14. The MRI apparatus of claim 12, wherein images are
acquired using one of SPIRiT, GRAPPA, SENSE, VISTA,
AMP, FISTA, SCoRE, and/or Bayesian Inference.

15. The MRI apparatus of claim 12, wherein the apparatus 25
is a cardiac magnetic resonance (CMR) apparatus.

* % % k¥
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