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Abstract

Purpose: The purpose of this study is to increase the robustness of Magnetic

Resonance Fingerprinting (MRF) towards subject motion.

Methods: A novel reconstruction algorithm, MOtion insensitive magnetic Resonance
Fingerprinting (MORF), was developed, which employs an iterative reconstruction
based retrospective motion correction approach. Each iteration loops through the
following - steps: pattern recognition, metric based identification of motion corrupted
frames, registration based motion estimation, and motion compensated data
consistency verification. The proposed algorithm was validated using in vivo 2D brain
MRF data with retrospective in-plane motion introduced at different stages of the
acquisition. The validation was performed using qualitative and quantitative
comparisons between results from MORF, the iterative multi-scale (IMS) algorithm, and
with the IMS results using data without motion for a ground truth comparison.
Additionally, the MORF algorithm was evaluated in prospectively motion corrupted in

vivo 2D brain MRF datasets.

Results: For datasets corrupted by in-plane motion both prospectively and
retrospectively, MORF noticeably reduced motion artifacts compared to IMS and closely
resembled the results from data without motion, even when ~54% of data was motion

corrupted during different parts of the acquisition.

Conclusion: MORF improves the insensitivity of MRF towards rigid-body motion

occurring during any part of the MRF acquisition.
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Introduction

Patient motion is ubiquitous in clinical magnetic resonance imaging (MRI), and presents
one.of the biggest challenges in the field. In elderly or pediatric(1) patient populations, it
is challenging to eliminate subject motion. Additionally, tremors are present in patients
with neuro-degenerative diseases such as Parkinson’s disease. Various practical
measures are taken to reduce and eliminate subject motion such as fixation of the head
using cushions or use of anesthesia. Cushion based restriction causes patient
discomfort and cannot completely eliminate motion, while anesthesia present safety
concerns and is not cost effective. The susceptibility of MR acquisition to patient motion
can lead to a lengthened scan time or an error or loss in valuable diagnostic and
therapeutic information. Lengthening the procedure can present a financial burden,
whereas any errors or loss of clinical information can affect the patient outcome(2).
Therefore, motion sensitivity of the MR acquisition can both reduce the value of the

exam as well as reduce the quality of patient care.

Magnetic. resonance fingerprinting (MRF)(3) is a recently developed multi-parametric
MRI framework. In this approach, various degrees of freedom in acquisition parameters
are ‘exploited by varying them in a pseudo-random fashion to generate unique signal
evolutions; acting as fingerprints of the underlying tissue, that are specific to the tissue
properties such as T1, T2, etc. This framework is analogous to and is inspired by
conventional bio-metric fingerprinting. Using the Bloch equations and acquisition
parameters, a bank of simulated signal evolutions, called the dictionary, is generated for

various combinations of feasible tissue parameters. For reconstruction, signal
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evolutions from each spatial location are compared with all the simulated fingerprints
within the dictionary and the best match is identified using a pattern recognition
algorithm. The best matched fingerprint provides the underlying tissue and system
parameters such as T1, T2, BO, etc. for the corresponding spatial location. It has been
shown that MRF is highly efficient in estimating multiple quantitative tissue properties
such as T1, T2, (3,4) and has shown the potential of estimating perfusion(5-7),
diffusion(8,9), exchange(10,11), and system properties like BO(3) and B1+(12,13).
Additionally, the use of pattern recognition for reconstruction along with the uniqueness
of the signal evolutions provide a certain degree of error tolerance similar to what we
see in the traditional biometric fingerprinting. It has been previously shown that MRF
presents some insensitivity to subject motion(3), primarily towards motion present in the
later stages of the acquisition. However, if substantial motion is present in the early
stages of the acquisition then the previously proposed reconstruction techniques fail to

recover parameter maps free of artifacts.

A significant amount of work has been done over the past 30 years to eliminate motion
artifacts in brain imaging(14—16). However, it still presents an unsolved problem
primarily because of the complexity of the issue. It has been widely accepted that there
is no effective single solution which can be applied to most clinical situations(14-16).
There are techniques which are extremely effective, but are limited by their applicability
to specific situations. For example, camera based approaches require interaction with
patients for placement of markers and cannot capture intrinsic motion such as cardiac

motion.
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In:this-work we make a fresh attempt to tackle the motion issue. We propose an image
reconstruction algorithm to improve upon the work done by Ma et al. (3) to further
increase the robustness of MRF towards subject motion occurred during any part of the
acquisition. In general, motion correction techniques for MRI are divided into
prospective and retrospective motion correction. In general, the prospective motion
correction approaches estimate the subject motion and adapt the acquisition in real-time
such that the acquired data follows the desired object of interest. For these approaches,
the 'subject motion information is mostly estimated through MR navigators(17-21) or
external tracking devices(22-27). For retrospective approaches, the acquisition is
performed without any real-time adjustments, however, the effects of motion are undone
through modification of the collected data and/or the reconstruction model(28-32).
Recently, apart from our work there have been several other retrospective motion
correction approaches proposed to improve MRF’s insensitivity towards motion. In
general, these methods can be distributed into two classes. The first class contains
approaches that change only the pattern recognition step (33,34). The second class of
methods(35-37) use a non-iterative multi step approach which uses motion estimation
and compensation of the frames followed by pattern recognition. In this study, we will be
employing a retrospective motion correction based approach in a form of iterative
reconstruction method. The proposed method is evaluated in retrospectively and
prospectively in-plane motion corrupted two dimensional (2D) human brain MRF data.
Since the proposed method uses retrospective motion correction approach with motion

information extracted from a 2D MRF acquisition without any special navigators for
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through-plane motion, the current implementation of the proposed approach is only

capable to correct for in-plane motion.

Methods

Algedthm Overview

The proposed algorithm, MOtion insensitive magnetic Resonance Fingerprinting
(MORF), is summarized in the flow chart in figure 1. First, pattern recognition is
performed by projection of the acquired signal evolutions onto the dictionary using
template matching. Next, motion corrupted frames (2D images corresponding to
individual time-points) are identified based on the results from the pattern recognition. In
the third step, displacement fields are estimated for the motion corrupted frames. Using
these updated displacement fields, data consistency is verified in step four. Finally,
pattern recognition is performed by projecting the updated data onto the dictionary.
Steps. 2 to 5 are repeated until convergence is met, which is measured using the
relative.norm of the update. Steps 2 and 3 are only executed for odd iterations to allow
data stabilization for a given set of motion parameters. The output of the latest pattern

recognition operation is used as the final result.

Pattern recognition: This operation is performed in similar fashion as previously
described in Ma et al(3). Temporal signal evolutions from each spatial location are
compared with all the simulated fingerprints within the dictionary. The comparison is

performed using correlation measurement estimated from absolute of the complex inner

Magnetic Resonance in Medicine

This articleis protected by copyright. All rights reserved.



Magnetic Resonance in Medicine

product-between normalized (unit [ norm) voxel signal evolution and the normalized
simulated fingerprint. The simulated dictionary fingerprint with the highest correlation is
considered as the best representation of the underlying signal and the corresponding
tissue parameters used for the simulation are attributed to the respective voxel location.
The relative spin density (MO) is computed as the scaling factor between the voxel
signal evolution and the simulated fingerprint. This step replaces the signal evolution
data at each spatial location with the matched fingerprint scaled by the respective MO.
From here on, this data with each spatial location containing MO scaled matched
simulated fingerprint is referred to as the data projected onto the dictionary, which will
be used in operations involved in other blocks of the algorithm. Since the pattern
recognition process provides the most consistent state across the frames, the data
projected onto the dictionary is considered to be in most feasible co-registered state

from the overall algorithm perspective.

Identification of motion corrupted frames: Figure 2 summarizes the process of
identification of motion corrupted frames. For this step, temporally smoothed data
before the pattern recognition process is considered as the reference data (Fig. S1).
The temporal smoothing is performed using data view sharing with a window size of 48
for the first iteration and 3 for the remaining. Since the sensitivity of T1 and T2 varies
acrossthe acquisition, motion during different parts of the acquisition will appear
differently in the T1 and T2 maps (Fig. 2). Thus, identification of motion corrupted
frames is performed using three metrics (Fig. 2). The first metric is the normalized
mutual information (NMI)(38) measured between the current estimated T1 map and the

magnitude value of each frame of the reference data. Similarly, the second metric is the
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same except using the T2 map instead of T1. The third metric is the relative root mean
square error (RMSE) between the reference data and the data projected onto the
dictionary. For each of the three metrics, the entire set of frames is divided into two
sections using an automatic threshold(39). The primary goal of the automatic
thresholding approach is to distribute the frames into two sections only based on the
metric value. To this end, Otsu’s method(39) is a non-parametric and unsupervised
thresholding approach which minimizes intraclass variance of the two sections.
Additionally, Otsu’s thresholding(39) algorithm is one of the most widely used automatic
thresholding approaches with successful application to a wide variety of scenarios(40).
The section with the smaller number of frames is considered as motion corrupted. For a
given metric, if the number of identified motion corrupted frames is greater than one
third (heuristically chosen value) of the total number of frames, then the identified
frames are discarded for that specific metric only. The rationale behind this discarding
step is that if a given metric does not present motion related information then the two
sections after thresholding will be evenly distributed. An example situation is illustrated
in figure 2, where NMI metric measured with the T1 map provides an even distribution.
Additional example situations are shown in supporting figures S2, S3 and S4, which
illustrate the advantages and disadvantages of each of the three metrics. Finally, the
motion corrupted flag (1: motion corrupted; 0: motion free) identified using the three
metrics-are unified using a logical ‘or’ operation and the results are passed on to the

motion estimation step.

Motion estimation: The motion estimation is performed for all the identified motion

corrupted frames except for the frames corresponding to zero flip angle. The estimation

Magnetic Resonance in Medicine

This articleis protected by copyright. All rights reserved.



Magnetic Resonance in Medicine

of .the rigid-body displacement fields are performed using image registration. For the
image registration in this step, the magnitude value of both the input frames was used.
The built-in functions in Matlab 2014b (Mathworks, Natick, MA) are used for image
registration with Mattes mutual information(41,42) as the registration metric. The
registration operation is performed with low-resolution estimates of motion corrupted
frames as moving data and their corresponding frames from the data projected onto the
dictionary as the fixed reference data. For the first iteration, the average of the non-
motion corrupted frames from the data projected onto the dictionary is used as the
reference fixed object. The low-resolution estimate of each frame used in the
registration is generated by applying a radially symmetric Hanning window kernel to the
motion-compensated (based on the motion estimates from previous iterations) k-space
measurements. The windowing kernel parameters are: accept band=10%, transition
band=10% and stop band=80%. Additionally, to further mitigate the effects of
undersampling artifacts, view-sharing with a window size of three is used. However,
view=sharing leads to temporal blurring, thus, view-sharing is used only for the initial two
iterations. while a conjugate gradient based SENSE(43) operation is applied for the

remainder of the iterations.

Data consistency is performed independently frame by frame using the following

equation:
m' =m+ F," 'R - F'FE,m L[]

where m is the input frame, R is the motion registration operator, d is the measured k-
space data, F, is the undersampled nuFFT(44) combined with normalized conjugate coil

combination operation(43). The registration operator, R, applies the estimated rigid-
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body motion to complex valued k-space data. Conceptually, m represents the current
estimate of the frame in the co-registered state in spatial domain, while d is the acquired
undersampled k-space data for the corresponding time point. The second term in the
equation represents the co-registered equivalent of the measured data in the spatial
domain. The third term is the undersampled equivalent of m. The output m* is fed to the

pattern recognition step.

RetroSpectively simulated motion experiments.

The proposed MORF algorithm was first evaluated in experiments with retrospectively
simulated-motion where the ground truth was known. To closely resemble the realistic
conditions, a fully sampled (48 spiral arms) in vivo brain data was acquired in a healthy
subject using a FISP based MRF acquisition(4). Two different motion patterns, which
are described in detail below, were introduced to the coil-combined MRF frames of the
fully sampled brain data using MATLAB functions from the image processing toolbox
(Mathworks, Natick, MA). In order to evaluate the robustness of the algorithm, two sets
of simulations corresponding to each motion pattern were performed. For each of these
simulation sets, multiple datasets were generated with the simulated motion introduced
at different parts of the acquisition. Specifically, each set of simulation experiments
was'comprised of eight datasets, each with 30% (300 frames out of 1000 frames) of the
data being motion corrupted and the position of the motion being shifted by an interval
of 100 frames from one data set to the other. The motion-corrupted frames for each
dataset were multiplied by simulated coil maps to generate multi-channel data. These

motion-corrupted multi-channel frames were forward sampled for a single spiral arm
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using-non-uniform fast Fourier transform (nuFFT)(44) to estimate the undersampled k-

space measurements, which were used as inputs in the reconstruction algorithm.

Both the motion pattern simulates a back and forth head motion in the left-right direction
(yaw).-However, the first motion pattern used represents a single rotation of the
subject's head about the yaw axis followed by a return to the original position (referred
to as 'single motion'). In this pattern the head position gradually rotates from the original
position (0° ) to 45° with respect to the original position, where it stays for a while and
then the head gradually rotates back to the original position (00 ). The second motion
pattern represents multiple back and forth yaw of the head (referred to as ‘oscillatory
motion’) with a smaller range of motion. In this pattern the head continuously rotates
along the left-right direction with the maximum rotation of +15% with respect to the

original position.

Throughout this study, the iterative multi-scale (IMS) algorithm(45) was used as the
reference reconstruction algorithm for MRF data. In order to see effects primarily from
motion and not from other effects such as retrospective non-Cartesian data
undersampling, we used a reference data that retains the same processing steps. Thus,
apart from the two motion patterns, an undersampled data was generated free from
simulated motion which was reconstructed using the IMS algorithm. These results were
considered as the ground truth for both simulation experiments. For evaluation of the
mapping results, qualitative comparison was performed visually while quantitative
comparison was performed using the structural similarity (SSIM) index(46) and relative

root-mean square error (rRMSE), which is calculated using following equation:
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_ VXiero1(8;—69%)?
rRMSE = YEEOOLIE 5100 (2]

where 0; is the estimated parameter at location i, 69' is the ground truth value of the
parameter, and i covers the entire region of interest, which in this study is the entire

brain from the gold standard data.

In vive,experiments with motion

Finally the proposed reconstruction algorithm was evaluated in vivo with intentionally
motion-corrupted brain imaging data. A healthy volunteer was requested to move their
head back and forth in the left-right direction (yaw) during a FISP based 2D MRF
acquisition(4). Acquisitions with two types of timing for subject motion were performed.
The first one was with motion requested in the initial ~3s (~210 frames; 22%) of a 13.5s
(1000 frames) acquisition. The communication with the subject was performed by
playing music through the scanner headset (music on = the subject has to move the
head; music off = the subject has to stay still) to limit possible communication errors. For
the second acquisition, the subject was allowed to move during random parts of the
acquisition according to his/her will. A separate acquisition without subject motion was
acquired as a reference measurement. For quantitative evaluation, T1 and T2 values
measured over a manually drawn region of interest (ROI) for gray matter (frontal region)
and.white matter (frontal and parietal regions) were compared between MORF results
and:the results from data without motion. Additionally, a conventional T2 weighted turbo
spin-echo (TSE) acquisition was performed with motion equivalent to the first acquisition

(~14.3 sec; 21% motion corrupted from a total duration of 68 sec). For comparison,
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synthetic T2 weighted images were generated from maps reconstructed using MORF

algarithm from data with intentional motion.

Accquisition and reconstruction details

All imaging was performed on a 3T (Skyra, Siemens) scanner and in accordance with
the protocols approved by our institutional review board (IRB). For this study, a FISP
based MRF(4) acquisition was used to perform 2D brain imaging. A standard 16
channel head coil was used for signal reception. The following imaging parameters
were used for the study: FOV = 300 x 300 mm?, matrix = 256 x 256, single slice with
thickness=5mm, minimum TR =12 ms, TE = 1.9 ms and total number of frames = 1000.
For k-space measurement, a single-shot dual-density spiral trajectory(47,48) was used
with _a bit-reverse reordering along the temporal dimension to reduce the view sharing
kernel window size. With respect to the Nyquist sampling rate, the inner region of the
trajectory had an undersampling rate R = 3 for a matrix size of 20 x 20 and the outer
region had R = 48 at the edge of k-space. The acquisition parameters of the T2
weighted TSE scan were as follows: FOV = 230 x 187 mm?, matrix = 320 x 198, slices =
32, slice thickness=5mm, TR = 5650ms, TE = 94ms, refocusing FA = 150° and turbo

factor = 18. The T2 weighted synthetic image were generated using following equation

TR

T2w signal = MO * (1 — e(_ﬂ)) x e TE/T2 3]
with TR = 5650ms and TE = 50ms.

A dictionary based on the sequence parameters was simulated using the extended

phase graph formalism(4). The T1 and T2 value ranges were selected based on the
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expected physiological ranges for brain imaging. Specifically, the T1 values ranged from
60ms to 2000ms with a step size of 10ms, from 2020ms to 3000ms with a step size
20ms, from 3050ms to 3500ms with a step size of 50ms and from 4000ms to 5000ms
with a step size of 500ms. The T2 values ranged from 10ms to 200ms with a step size
of 5ms, from 210ms to 300ms with a step size of 10ms and from 350ms to 500ms with a

step size of 50ms.

MORF was implemented in a MATLAB (Mathworks, Natick, MA) based script.
Additionally, this work made use of the High Performance Computing Resource in the
Core Facility for Advanced Research Computing at Case Western Reserve University.
The current implementation used functions or modified version of functions from Prof.
Jeffrey Fessler’s iterative reconstruction toolbox(49) for nuFFT related operations, from
Andriy -Myronenko’s medical image registration toolbox(50) for interpolation related
operations, and from Adam Pocock’s MIToolbox(51) for mutual information based

operations.

Restlts

Retrespectively simulated motion experiments

Figure 3 shows an example comparison of the MORF results with the reconstruction
results using IMS for data with simulated single motion pattern in the beginning of the
acquisition and IMS reconstruction results using data without motion as a reference. For

IMS (second column), the head position in the T1 map is completely different than the
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one in-the T2 map. Interestingly, the T1 map appears to retain many of the structures in
the central region, however, the peripheral area is heavily corrupted by motion artifacts
thereby rendering it unusable. The T2 map retains the head position similar to the
reference results, but presents a severe amount of motion artifacts. On the other hand,
both-T1 land T2 maps using MORF closely resemble the reference maps and present
minimal residual errors. Figure 4 shows example mapping results comparing MORF
with IMS ' and the ground truth for the simulated oscillatory motion pattern in the
beginning of the acquisition. For this motion pattern, the T1 map using IMS presents
severe motion artifacts. However, the corresponding T2 map presents fewer errors
compared to T1 map. Again, both T1 and T2 maps using MORF closely resemble the
reference maps and present minimal errors. The accuracy of the estimation of the three
rigid-body based motion parameters using MORF algorithm for data with simulated
oscillatory: motion pattern is shown in figure 5. The estimated rotation values are in
close agreement with the ground truth. The most pronounced mismatch in the
estimation of the rotation angle is for frames 201 to 210 because those frames
correspond to the acquisition segment with zero flip angle (green blocks in figure 5),
where estimation of motion is not performed due to low SNR. On the other hand, the
translation measurements present small variations. Overall, the estimated motion
parameters closely match the ground truth with absolute error under 1.25 pixel for
translation- and 0.88 degrees for rotation (excluding the frames corresponding to zero

flip angle).

Figure 6 and 7 show the quantitative results from both sets of simulations with single

and oscillatory head yaw motion patterns, respectively. We see the rRMSE and SSIM
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values using the results from MORF algorithm consistently outperforms the results from
IMS algorithm. Additionally, we see the proposed method performs consistently with
respect to motion occurring at different stages of the acquisitions and with different
pattern of motion, illustrating its robustness. The quantitative results from IMS also
illustrate/ that for FISP-MRF acquisition, the T1 map is primarily affected when motion
occurs in the early stage of the acquisition while T2 map is affected when motion occurs

in either early or middle stage of the acquisition.

In vivo experiments with motion

Figure 8 shows results from in vivo scans with subject motion during the initial 22% of
the ‘acquisition. The reconstructed T1 map using the IMS algorithm is corrupted by
severe motion artifacts while the corresponding T2 map does not present any visible
motion artifacts. The MORF algorithm successfully eliminates most of the visible motion
artifacts and recovers many of the previously missing structures. The results of the
MORF algorithm closely resemble the results from data without subject motion.
Although; we still see some differences in structures between the MORF maps and
reference maps which might be due to change in slice location caused by interscan
motion as seen from the shape of the ventricles in the T2 maps (arrows in figure 8A).
Theraverage frame of the MRF data with motion illustrates the severity of the data
corruption if the MRF data were treated as a conventional scan. The acquired T2
weighted TSE image (top row) illustrates the extent and the severity of the data
corruption for comparable amount of subject motion in a conventional acquisition used

clinically. On the other hand, the synthetic T2 weighted image (bottom row) generated
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from MORF results present minimal artifacts. For clarification, the T2 weighted TSE
data is only shown to illustrate the severity of data corruption due to motion for a
conventional clinical acquisition. Figure 8B shows the estimated 2D rigid-body motion

parameters using MORF algorithm.

Figure 9 shows results from in vivo scans with subject motion during random parts of
the acquisition. As we see in the estimated motion parameters (Figure 9B), the subject
ended up moving in the beginning ~17% of the acquisition as well as at the ending
~37% of the acquisition with a total of ~54% data (~540 frames out of 1000 frames)
being motion corrupted. The sharp jumps in estimated motion parameters occur for
frames near zero flip angle due to low SNR. Figure 9A shows the reconstruction results
of the corresponding experiment. Again, IMS results present severe motion artifacts not
only in-.the T1 map but also in the T2 map, which are significantly reduced in MORF
results. Additionally, MORF results closely resemble the results from data without
motion with a few structural differences which might be due to difference in slice

position due to interscan motion.

Table 1 lists the estimated ROl based T1 and T2 values for the brain tissues from all the
in vivo.results. We see a close agreement between MORF results using data with

motion and the reference results (IMS without motion).

Discussion

In this study we have presented a reconstruction algorithm to retrospectively improve

the motion insensitivity of MRF acquisition. The proposed method, MORF, was
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validated- using simulations with retrospective addition of 2D in-plane motion where
ground truth was known. Our simulation results show that the MORF algorithm
consistently provides results in close agreement to the ground truth for motion present
at different stages of the acquisition as well as for different motion paradigms. Finally,
we illustrated the performance of MORF in prospectively motion corrupted in vivo
datasets. In the in vivo experiments, we showed that MORF results are in close
agreement with reference results from data without motion for data with 22% of motion
corruption in the beginning of the acquisition and for data with 54% of motion corruption

during different parts of the acquisition.

As 'mentioned above, there have been several other reconstruction approaches
proposed to improve MRF’s insensitivity towards motion. The first class contains
approaches that change only the pattern recognition step wherein the motion corrupted
frames are either discarded(34) or adaptively weighted using a robust-fitting
approach(33). However, discarding frames would lead to a loss of potentially useful
information, which is avoided to a certain extent in the proposed approach. The second
class of approaches(35-37) in general use following steps in their algorithm: 1.
Reduction of aliasing artifacts in MRF frames, 2. Image registration based motion
estimation, 3. Generation of motion compensated frames and 4. Pattern recognition. For
reduction of aliasing artifacts, either a traditional sliding window(35,36) or a soft-
weighted key-hole(37) approach is used in these methods. The primary difference with
MORF is that it iterates back and forth between pattern recognition and motion
estimation/compensation steps, wherein conceptually each of those step is helping the

other step to drive the solution towards motion artifact free result. As it was previously
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shown; MRF inherently provides a certain degree of tolerance to error through the use
of unique signal evolutions and pattern recognition(3). This feature of partial insensitivity
to errors allows MRF to achieve high acceleration rates and some tolerance to
motion(3). The MORF algorithm exploits this feature of MRF to further improve upon its
robustness to subject motion. The iterative approach would reduce the restrictions on
the accuracy and robustness of the sub-components, although, at the expense of
computation time. It is worth noting that, even if the motion identification and motion
estimation steps do not exactly match the simulated input motion, as seen in figure 5,
the output maps show a high level of agreement with the ground truth. This is primarily

due to the inherent robustness of MRF to errors.

Figure 6 and 7 show different parts of the acquisition present different sensitivities to T1
and T2 errors. Although MRF intends to spread the information of all the parameters
evenly throughout the acquisition, in practice each time point is relatively more sensitive
to one parameter over the others, thereby, significantly affecting the corresponding
parameter map. The variant of MRF acquisition scheme used in this study starts the
acquisition with an inversion pulse, thus, the initial time points heavily contribute to T1
related information while the time points close to high FA lobe heavily contribute to T2
related information. This variation in parameter sensitivity also explains the results in the
middle column of figure 3, where the T1 map appears to be rotated while T2 map is
approximately straight. Please note that MRF, in general, presents many degrees of
freedom In manipulating the acquisition, and these must be considered when

performing motion correction.
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The primary focus of the current work was to improve the motion insensitivity of MRF.
However, the proposed MORF algorithm also provides displacement fields and can be
used for motion estimation which would be potentially valuable for a variety of
applications such as cardiac(52) and abdominal imaging(53,54). In this study, we have
presented. one approach for performing motion identification and motion estimation.
However, the MORF algorithm is not limited to these approaches and can be used with
a wide variety of methods for motion identification and estimation based on the required
application. Moreover, the general idea can potentially be applied to any phenomenon
which leads to model errors. Additionally, the MORF algorithm is flexible enough such
that it can be merged with other constraint based iterative reconstruction

approaches(45,55—60) applied to MRF.

The current implementation of the MORF algorithm has a few limitations. As with most
of the-iterative based reconstruction algorithms, MORF is also computationally intensive
and presents a relatively long reconstruction time for clinical use. Currently, MORF is
implemented in a MATLAB (Mathworks, Natick, MA) based script which uses our
university’s high performance computing cluster to speed up the reconstruction. The
reconstruction time for a typical dataset is around 1 hour, which varies depending on the
availability of the cluster nodes. The reconstruction speed can be further improved by
making use of higher level languages such as C/C++ and advanced hardware such as
Graphical Processing Units. Additionally, a reconstruction framework such as

Gadgetron(61) would be valuable to make it feasible for the clinical environment.

For a 2D brain acquisition, motion can be in-plane and/or through-plane. Another

limitation of the current implementation is the inability to correct for the effects of
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through-plane motion. However, this limitation is primarily dependent on the 2D nature
of the acquisition and is a limitation common to all 2D retrospective motion correction
based methods. Through-plane motion changes the spin history compared to in-plane
or no motion and causes differences in the signal evolutions. For a conventional MR
imaging 'scan this would, in general, lead to an artifact. However, the ramifications of
such changes in signal evolutions are complicated for MRF. Depending on the fidelity
and uniqueness of the uncorrupted segment of the signal evolution, the pattern
recognition algorithm might still be able to “see through the errors” and properly match
the corrupted signal evolution to the correct dictionary entry. This is dependent on many
factors such as the amount of motion, when the motion happens within the acquisition,
the specific MRF sequence parameters, etc. One such example study is presented by
Yu et al. (34), that evaluates the effects of through-plane, in-plane and a combination of
it at three different locations (start, middle and end of acquisition) in a FISP based MRF
acquisition. Their results show that the T1 map is primarily affected by in-plane motion
in the beginning of the scan with motion resulting in blurring. As for the T2 map, their
results-show in-plane motion in the beginning or middle of the acquisition results in
blurring; while through-plane motion in the middle of the acquisition results in
underestimation of T2. On the other hand, since the limitation associated with through-
plane motion is primarily due to the 2D spatial coverage nature of the acquisition and is
not of a concern for a 3D spatial coverage acquisition, the issue can be avoided by
using an acquisition with 3D spatial coverage instead of 2D coverage. The approach
presented in this work is an initial step towards a long-term end goal of eliminating all

types of motion in a 3D acquisition. The MORF approach can potentially be applied to a
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3D volumetric acquisition. Recently, MRF was extended to perform 3D spatial
coverage(54,62-64). A future step would be the extension and characterization of the

MOREF algorithm with the 3D MRF acquisition.

The: present implementation of MORF is also limited to rigid-body motion, thereby
confining the application of MORF to systems presenting only rigid-body motion. The
extension. of MORF to non-rigid motion would be valuable for applications like cardiac
and abdominal MRF, where it would not only reduce the acquisition time and increase
the scan efficiency, but also provide displacement based motion information. However,
estimation of non-rigid displacement fields is challenging especially when working on
frames accelerated by a factor of 48. In the current MORF implementation, no prior
information or adaptive filtering was used for displacement fields. However, spatio-
temporal prior information could be exploited to improve the accuracy of the estimation
of the displacement fields(65). The use of displacement based spatio-temporal
information in MORF algorithm could be explored in future to overcome the challenge of

non-rigid body motion.

For experiments with simulated retrospective in-plane motion, the reference results
were. used from retrospectively undersampled data as opposed to fully sampled data.
As mentioned above, this reference data retains the same processing steps and was
used to see effects primarily from motion and not from other effects such as
retrospective non-Cartesian data undersampling. However, due to absence of ideal
ground truth the corresponding evaluation results could potentially present biases.
Figure S5 shows mapping results comparing direct matching results of fully sampled

and undersampled data and IMS results of undersampled data.

Magnetic Resonance in Medicine

This articleis protected by copyright. All rights reserved.



Magnetic Resonance in Medicine

The estimated T2 values from in vivo experiments (Table 1) are different from the
literature values, however, the values are in agreement with the reference MRF data
without motion. Work from our group has shown B1 related effects in part contribute to
these differences(66). Furthermore, other groups have shown stimulated echoes(67),
slice profile(68), magnetization transfer(69) and finite RF pulses(70) in steady state
sequences affecting the T2 values as compared to spin echo acquisitions. While the
exact source of these differences is not clear at this point, the exact quantification of
these effects is ongoing research at multiple sites, and is beyond the scope of the

current study.

Reduction of the motion sensitivity of MR acquisitions would not only help reduce the
cost but also improve the throughput, which would be valuable for sectors with high
demand. Additionally, the benefits of reduction in loss of clinical information are
invaluable. Considering all the limitations of the proposed method and the fact that the
acquisition time is only 13.5s, the preferred mode of operation would be to repeat the
measurement. However, in situations where repetition is difficult or not possible, the
proposed method would be valuable to retrieve clinical information from the existing
motion inflicted acquisitions. MORF, in the future, can be combined with approaches
like Music-MRF(62) to potentially reduce the use of anesthetization in pediatric cases,
which would be immensely valuable to not only improve patient care but also reduce the

healthcare cost.
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Con¢lusions

We proposed and validated a novel reconstruction algorithm which identifies and
corrects motion corrupted frames not only to further increase the motion insensitivity of
MREF but also to provide estimation of the in-plane motion parameters. The proposed
algorithm.was able to compensate effects of rigid-body motion for 2D brain imaging
occurred; during any part of the acquisition. We showed that the MORF algorithm
successfully works even if ~54% data is corrupted with motion occurring during different

parts.of the acquisition.
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Figures

Figure 1: Flow chart of the motion insensitive magnetic resonance fingerprinting

(MOREF) algorithm.

Figure 2: Steps involved in identification of motion corrupted frames. Motion corrupted
frames' are identified based on three metrics: Normalized mutual information (NMI)
between each frame of the temporally smooth data and T1 map, NMI between each
frame_of the temporally smooth data and T2 map, and relative root mean square error
(RMSE) between temporally smooth data and data projected onto the dictionary.
Automatic thresholding is used to split each metric into two sections. The section with
lower number frames is considered motion corrupted. For a given metric, if the number
of identified motion corrupted frames are greater than one third of the total number of
frames then those frames are discarded (top row). Finally, the results from the three
metrics are combined using a logical OR operation to provide the motion flag (1: frame

with- motion ; 0: frame without motion) output.

Figure 3: Example mapping results from the simulated single motion pattern in the
beginning of the acquisition. First column: maps using IMS reconstruction from data
without simulated motion; Second column: maps using IMS reconstruction from data
with simulated single motion pattern; Third column: maps using MORF reconstruction
from.data with simulated single motion pattern. First row: T1 maps; Second row: T2
maps; Third row: T1 error maps with first column as ground truth; Forth row: T2 error
maps with first column as ground truth. IMS results present severe motion artifacts.

However, MORF results closely resemble to the ground truth with minimal errors.
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Figure 4: Example mapping results from the simulated oscillatory motion pattern in the
beginning of the acquisition. First column: maps using IMS reconstruction from data
without simulated motion; Second column: maps using IMS reconstruction from data
with' simulated oscillatory motion pattern; Third column: maps using MORF
reconstruction from data with simulated oscillatory motion pattern. First row: T1 maps;
Second row: T2 maps; Third row: T1 error maps with first column as ground truth;
Forth row: T2 error maps with first column as ground truth. Again, IMS results present

motion artifacts which are significantly minimized in MORF results.

Figure 5: Accuracy of the estimation of rigid-body motion parameters. Example results
from experiments with simulated oscillatory motion pattern in the beginning of the
acquisition. top row: Translation along X. middle row: Translation along Y. bottom
row: Rotation. The estimated rigid-body motion parameters are in close agreement with
the ground truth values. The section highlighted with green blocks correspond to frames

with zero flip angle where motion estimation is not performed.

Figure 6: Quantitative results from set of simulations with single motion pattern
evaluating the performance of the reconstruction algorithms to motion occurring at
different.stages of the acquisition. First column: SSIM results; Second column:
Relative RMSE results; First row: Results for T1 values; Second row: Results for T2
values. The variation in SSIM and rRMSE values for IMS algorithm illustrates the
sensitivity of each parameter to motion for different parts of the acquisition. For MORF,
the SSIM values are consistently high and the relative RMSE are consistently low,
illustrating its agreement with ground truth for motion occurring at different stages of the

acquisition.
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Figure 7: Quantitative results from set of simulations with oscillatory motion pattern
evaluating the performance of the reconstruction algorithms to motion occurring at
different stages of the acquisition. First column: SSIM results; Second column:
Relative RMSE results; First row: Results for T1 values; Second row: Results for T2
values. Again, for all the datasets with motion during different parts of the acquisition,
the SSIM and the relative RMSE values for MORF are consistently high and low,

respectively.

Figure 8: Results from prospectively motion corrupted in vivo experiment with motion in

the initial ~22% of the acquisition.

A: Reconstruction results. First column: IMS reconstruction maps from a separate
scan without subject motion; Second column: IMS reconstruction maps using data with
subject motion; Third column: MORF reconstruction maps using data with subject
motion; Fourth column: Temporally averaged frame of the raw MRF data with subject
motion; Fifth column: conventional T2w-TSE. Top row is acquired data with
equivalent subject motion and bottom row is synthetic image generated from maps
reconstructed using MORF from data with motion. The results are consistent with
simulated.-motion experiments. MORF noticeably increases the robustness of the MRF
acquisition towards subject motion. It should be noted that the discrepancy in the brain
structure between data with and without motion might be due to change in the imaging

location because of inter-scan subject motion.

B: Estimated rigid-body motion parameters. top row: Translation along X; middle row:

Translation along Y; bottom row: Rotation.
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Figure 9: Results from a prospectively motion corrupted in vivo experiment. For this

experiment the subject was requested to move randomly according to his/her will.

A: Reconstruction results. First column: IMS reconstruction maps from a separate
scan without subject motion; Second column: IMS reconstruction maps using data with
subject motion; Third column: MORF reconstruction maps using data with subject
motion; Fourth column: Temporally averaged frame of the raw MRF data with subject
motion; Fifth column: Synthetic T2w-TSE image generated from maps reconstructed
using MORF from data with motion. IMS results present a severe amount of motion
artifacts not only in the T1 map but also in the T2 map. MORF results present
significantly fewer artifacts compared to IMS and closely resemble the results from scan

without motion.

B: Estimated rigid-body motion parameters. top row: Translation along X; middle row:
Translation along Y; bottom row: Rotation. The subject ended up moving in the
beginning ~17% of the acquisition as well as at the ending ~37% of the acquisition with

a total of ~54% data being motion corrupted.

Supporting Figure S1: Origin of the components used for identification of motion

corrupted frames.

Supporting Figure S2: Example metric curves illustrating usefulness of NMI with T2

map metric.

Supporting Figure S3: Example metric curves illustrating usefulness of NMI with T1

map metric.

Supporting Figure S4: Example metric curves illustrating usefulness of RMSE metric.
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Supporting Figure S5: Comparison of fully sampled data with undersampled data and
direct matching with IMS algorithm. We see a few differences between results using
direct matching from fully sampled data (left) and results using direct matching from
undersampled data (center). However, results using direct matching and IMS algorithm

(right) from undersampled data are in close agreement.

Tables

Table 1: ROl based T1 and T2 relaxation times from brain tissues measured across all

the intentionally motion corrupted in vivo results.

IMS without MORF with IMS without MORF with
Tissue
motion motion motion motion
White matter 833+55 ms 849+70 ms 41+5.7 ms 41+6.1 ms
Gray matter 1302+111 ms 1333+112 ms 66+8.4 ms 61+6.5 ms
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Figure 1: Flow chart of the motion insensitive magnetic resonance fingerprinting (MORF) algorithm.
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Figure 2: Steps involved in identification of motion corrupted frames. Motion corrupted frames are identified
based on three metrics: Normalized mutual information (NMI) between each frame of the temporally smooth
data and T1 map, NMI between each frame of the temporally smooth data and T2 map, and relative root
mean square error (RMSE) between temporally smooth data and data projected onto the dictionary.
Automatic thresholding is used to split each metric into two sections. The section with lower number frames
is considered motion corrupted. For a given metric, if the number of identified motion corrupted frames are
greater than one third of the total humber of frames then those frames are discarded (top row). Finally, the
results from the three metrics are combined using a logical OR operation to provide the motion flag (1:
frame with motion ; 0: frame without motion) output.
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Figure 3: Example mapping results from the simulated single motion pattern in the beginning of the
acquisition. First column: maps using IMS reconstruction from data without simulated motion; Second
column: maps using IMS reconstruction from data with simulated single motion pattern; Third column:

maps using MORF reconstruction from data with simulated single motion pattern. First row: T1 maps;
Second row: T2 maps; Third row: T1 error maps with first column as ground truth; Forth row: T2 error
maps with first column as ground truth. IMS results present severe motion artifacts. However, MORF results

closely resemble to the ground truth with minimal errors.
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Figure 4: Example mapping results from the simulated oscillatory motion pattern in the beginning of the
acquisition. First column: maps using IMS reconstruction from data without simulated motion; Second
column: maps using IMS reconstruction from data with simulated oscillatory motion pattern; Third
column: maps using MORF reconstruction from data with simulated oscillatory motion pattern. First row:
T1 maps; Second row: T2 maps; Third row: T1 error maps with first column as ground truth; Forth row:
T2 error maps with first column as ground truth. Again, IMS results present motion artifacts which are
significantly minimized in MORF results.
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Figure 5: Accuracy of the estimation of rigid-body motion parameters. Example results from experiments
with simulated oscillatory motion pattern in the beginning of the acquisition. top row: Translation along X.
middle row: Translation along Y. bottom row: Rotation. The estimated rigid-body motion parameters are
in close agreement with the ground truth values. The section highlighted with green blocks correspond to
frames with zero flip angle where motion estimation is not performed.
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Figure 6: Quantitative results from set of simulations with single motion pattern evaluating the
performance of the reconstruction algorithms to motion occurring at different stages of the acquisition. First
column: SSIM results; Second column: Relative RMSE results; First row: Results for T1 values; Second

row: Results for T2 values. The variation in SSIM and rRMSE values for IMS algorithm illustrates the
sensitivity of each parameter to motion for different parts of the acquisition. For MORF, the SSIM values are
consistently high and the relative RMSE are consistently low, illustrating its agreement with ground truth for
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Figure 7: Quantitative results from set of simulations with oscillatory motion pattern evaluating the
performance of the reconstruction algorithms to motion occurring at different stages of the acquisition. First
column: SSIM results; Second column: Relative RMSE results; First row: Results for T1 values; Second
row: Results for T2 values. Again, for all the datasets with motion during different parts of the acquisition,

the SSIM and the relative RMSE values for MORF are consistently high and low, respectively.
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Figure 8: Results from prospectively motion corrupted in vivo experiment with motion in the initial ~22% of
the acquisition.
A: Reconstruction results. First column: IMS reconstruction maps from a separate scan without subject
motion; Second column: IMS reconstruction maps using data with subject motion; Third column: MORF
reconstruction maps using data with subject motion; Fourth column: Temporally averaged frame of the
raw MRF data with subject motion; Fifth column: Conventional T2w-TSE. Top row is acquired data with
equivalent subject motion and bottom row is synthetic image generated from maps reconstructed using
MORF from data with motion. The results are consistent with simulated motion experiments. MORF
noticeably increases the robustness of the MRF acquisition towards subject motion. It should be noted that
the discrepancy in the brain structure between data with and without motion might be due to change in the
imaging location because of inter-scan subject motion.! + B: Estimated rigid-body motion parameters. top
row: Translation along X; middle row: Translation along Y; bottom row: Rotation.
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Figure 9: Results from a prospectively motion corrupted in vivo experiment. For this experiment the subject
was requested to move randomly according to his/her will.

A: Reconstruction results. First column: IMS reconstruction maps from a separate scan without subject
motion; Second column: IMS reconstruction maps using data with subject motion; Third column: MORF
reconstruction maps using data with subject motion; Fourth column: Temporally averaged frame of the
raw MRF data with subject motion; Fifth column: Synthetic T2w-TSE image generated from maps
reconstructed using MORF from data with motion. IMS results present a severe amount of motion artifacts
not only in the T1 map but also in the T2 map. MORF results present significantly fewer artifacts compared
to IMS and closely resemble the results from scan without motion.

B: Estimated rigid-body motion parameters. top row: Translation along X; middle row: Translation along
Y; bottom row: Rotation. The subject ended up moving in the beginning ~17% of the acquisition as well as
at the ending ~37% of the acquisition with a total of ~54% data being motion corrupted.
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Supporting Figure S2: Example metric curves illustrating usefulness of NMI with T2

map metric.
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Supporting Figure S3: Example metric curves illustrating usefulness of NMI with T1

map metric.

Magnetic Resonance in Medicine

This articleis protected by copyright. All rights reserved.



Magnetic Resonance in Medicine Page 54 of 56

0.25 0.25 25—
|——RMSE
0zl ,| |~ Threshold
1 | Ori motion flag
o Yo e ) | ——NMetric motion flag
50 S 0.15 a7 v . LG T
< < 2
= s C
i e 1
z 0 ——NMIT1 z 01 —NMIT2 1
~—=Threshold ~——Threshold
0.05 Orimotionflag | { g5} Ori motion flag ! o.sf{f !
|——NMetric motion flag| ——Metric motion flag
0 0 0
0 200 400 600 8OO 1000 0 200 400 600  BOO 1000 0 200 400 600 800 1000
Frames Frames Frames

Current T2 map

Current Tl map

o

Supporting Figure S4: Example metric curves illustrating usefulness of RMSE metric.

Magnetic Resonance in Medicine

This articleis protected by copyright. All rights reserved.



Page 55 of 56

Magnetic Resonance in Medicine

Direct Matching Direct Matching IMS
full led data undersampled data undersampled data__ 19 (mg)
2000

1500

1000

500

100

50

Supporting Figure S5: Comparison of fully sampled data with undersampled data and
direct matching with IMS algorithm. We see a few differences between results using
direct matching from fully sampled data (left) and results using direct matching from
undersampled data (center). However, results using direct matching and IMS algorithm

(right) from undersampled data are in close agreement.
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Matt A. Bernstein, Ph.D., Editor-in-Chief
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2030 Addison Street

Berkeley, CA 94704
Tel:+1(717)689-3694

Dear Matt and the YIA Committee,

| .am writing today to support the nomination of Bhairav Mehta’s paper entitled, “Image
Reconstruction Algorithm for Motion Insensitive Magnetic Resonance Fingerprinting (MRF): MORF” for
consideration for the ISMRM’s Young Investigator Award. As a post-doc in my lab, Bhairav is perfectly
qualified for the YIA. This work is almost entirely his... my only contribution was to say “maybe you can
use the MRF time course to detect motion.” He took this general idea and completely independently
developed both a motion detection algorithm and an MRF reconstruction that can take advantage of this
motion information. As shown in this study, the proposed MORF algorithm reconstructs quantitative
parametric maps from a 13.5s 2D brain MRF scan with minimal artifacts even if 54% data is motion
corrupted. We feel that this will be a critical development in making MRF a true clinical reality even in
patients with severe issues with motion, such as patients with Parkinson’s Disease or other movement
disorders and in children who may not be able to hold perfectly still during an exam. In a more general
sense, | also believe that Bhairav will be a bright young scientist in our field, who will have a long career
dedicated to increasing the value of MRI and making it available to everyone on the planet. | strongly
urge youto grant him this award.

Thank you for your consideration!

Sincerely,
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Mark A. Griswold, Ph.D.

MARK GRISwWoOLD, PH.D.
PROFESSOR OF RADIOLOGY, DIRECTOR OF MRI RESEARCH
CASE WESTERN RESERVE UNIVERSITY & UNIVERSITY HOSPITALS OF CLEVELAND
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