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Quantitative magnetic resonance imaging (QMRI) is a technique for mapping the physical properties of the
underlying tissue using several MR images with different contrasts. To overcome subject motion between
the acquired images, it is necessary to register the images to a common reference frame. A drawback of
registration is the use of interpolation and resampling techniques, which can introduce artifacts into the
interpolated data. These artifacts could have unfavorable effects on the accuracy of the estimated tissue’s
physical properties. Here, we quantified the error of interpolation and resampling on T1-weighted images
and studied its effects on the mapping of the longitudinal relaxation time (T1) using variable flip angles.
We simulated T1-weighted images and calculated the transformation error resulting from interpolation
and resampling. We found that the error is a function of the image contrast (i.e., flip angle) and of the
translation and rotation of the image. Furthermore, we found that the error in the T1-weighted images
has a substantial effect on the T1 estimation, of the order of 10% of the signal in the brain’s gray and
white matter. Hence, minimizing the registration error can enable more accurate in vivo modeling of

brain microstructure.

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

Quantitative magnetic resonance imaging (qMRI) aims to mea-
sure the biophysical properties of biological tissue, such as the lon-
gitudinal and transverse magnetization relaxation times, T1 and
T2, respectively. Unlike weighted anatomical MR images used in
the clinic, qMRI maps aim to remove instrumental biases, yielding
interpretable physical units. This measurement of microstructural
changes in a tissue non-invasively is considered critical for clinical
diagnosis and brain research (Cercignani et al., 2018).

The computation of a ¢qMRI map is based on imaging the same
tissue several times, each time varying certain imaging parameters
(e.g., time of repetition [TR], time to echo [TE], or flip angle [FA]).
The resulting series of images is then used to fit the MR signal
equation and extract the unknown biophysical property of inter-
est. Image alignment is a prerequisite for fitting the signal equa-
tion: the same coordinate across different images should corre-
spond to the same location in space. In vivo scanning of human
subjects typically involves some subject motion during the MRI ac-
quisition. To correct for subject motion, the images must be reg-
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istered to one another. Applying the spatial transformation calcu-
lated by the registration process always involves interpolation and
resampling of the image (Ashburner and Friston, 2003; Fitzpatrick
et al., 2000; Oliveira and Tavares, 2014). This process may insert an
error into the transformed image (due to translation and rotation
artifacts), which manifests as image blurring. This blurring will in-
crease when neighboring voxel values are very different.

In the registration process, a transformation of the image at
hand to a common reference location is calculated assuming an
ideal continuous image. To generate the image in the reference lo-
cation, the image is first interpolated to estimate the continuous
image. Next, the image is resampled from the estimated contin-
uous image in the new location. While the resampling process is
straightforward, the recovery of the continuous signal using in-
terpolation is not (Aganj et al., 2013; Grevera and Udupa, 1998;
Inglada et al., 2006; Kostelec and Periaswamy, 2003; Park and
Schowengerdt, 1982; Thévenaz et al., 2000; Tsao, 2003). One of the
widely used interpolators for 3D MRI data is the trilinear interpo-
lator. The trilinear interpolator estimates any point of the contin-
uous signal using its closest neighboring voxels, by assuming that
the continuous signal changes linearly between neighboring vox-
els. The estimation of new values from discrete data via interpola-
tion usually introduces some estimation error (Rohde et al., 2009;
Tsao, 2003). This error depends on at least three factors. First, the
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Fig. 1. The process of computing a qMRI T1 map. First, the subject is imaged several times with different imaging parameters. Second, the images are registered. Third, a

model is fitted to the images to recover the T1 map.

distance between measured and sampled coordinate systems (the
maximal distance is 0.5 voxel). Second, the difference in measured
values between neighboring voxels from which the sampled value
is derived (i.e., when all neighboring voxels are similar, the error is
minimal). Third, in the case of image rotation, additional error can
arise due to aliasing (Oppenheim et al.,, 1997). The interpolation,
resampling and aliasing errors have been discussed and accounted
for in many image-processing applications, including MRI (Aganj
et al., 2013; Grevera and Udupa, 1998; Huizinga et al., 2016, 2014;
Inglada et al.,, 2006; Kostelec and Periaswamy, 2003; Park and
Schowengerdt, 1982; Ramos-Llorden et al., 2017; Thévenaz et al.,
2000; Tsao, 2003). The analysis of qMRI poses unique challenges
in terms of image registration errors because unlike many other
analysis protocols, it is based on multiple images, each with a dif-
ferent contrast.

In this study, we used in vivo data to develop a simulation ap-
proach for characterizing the potential error introduced into the
final gMRI map by the registration process. We focused on a com-
mon qMRI protocol used to compute a T1 map using multivari-
ate flip-angle acquisitions of spoiled gradient-echo (SPGR) images.
In this protocol, T1-weighted images with different flip angle are
aligned in order to fit the T1 (Deoni, 2011; Fram et al., 1987; Mezer
et al,, 2013; Sereno et al., 2013) (Fig. 1). We quantified the relation-
ship between different flip angles, image contrasts and the magni-
tude of the interpolation and resampling artifacts due to transfor-
mation and rotation. Furthermore, we identified how such artifacts
cause errors in the process of T1 mapping. Finally, we showed that
minimizing this error has a substantial effect on the resulting T1
map.

2. Methods

Two simulation analyses were used in this study, as detailed be-
low. One simulates the effects of translation (Fig. 2), and the other
simulates the effects of rotation (Fig. 3). The simulated data was
based on real in vivo T1 and MO maps taken from one dataset pre-
viously described by Yeatman et al. (2014) (see Section 2.4, Human
data acquisition). We used the T1 and MO maps of each subject
to simulate realistic T1-weighted SPGR volumes in the same loca-
tion as the original maps (ground-truth simulated data), as well
as in known locations and orientations in space. Since the spa-
tial transformations between different volumes were known, we
were able to apply them using available registration tools. This re-
sulted in a set of motion-corrected T1-weighted images (calculated
data). By comparing the ground-truth simulated with the motion-
corrected calculated data, we could estimate the registration er-
ror of each volume. We further fit T1 for each set of T1-weighted
volumes, allowing us to compare the simulated and calculated T1
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Fig. 2. Simulation of translation. We simulated three identical T1 volumes T1g;
Tlo2s; Tlos in a resolution of 1x1x4 mm?3. Tlgys and Tlgs volumes are 1 mm
and 2 mm away (0.25 and 0.5 of a voxel respectively) from the location of T1,. To
simulate the three identical volumes in different locations in space, we first simu-
lated T1ypg at 1x 1x 1 mm?® T1 map. We then moved Tl by 1 and 2mm (1 and
2 voxels respectively) to get Tlgig,q and Tlyg,, (please note that this full voxel
translation does not introduce any change into the image). Next, all the T1 maps
Tlorig, Tlorigy1, and Tlgg,, were blurred using full width at half maximum Gaus-
sian kernel (h) and down-sampled by a factor of 4 to get T1g, T1gs and T1gs, which
are a fraction of a voxel away from each other in the new 1 x 1 x 4 mm? resolution.
Please note that the image illustrates a specific slice, but this was done for all the
slices in the volume.

maps. The simulator was coded using MATLAB (The MathWorks
Inc., 2015), and the registration of the images was done using the
Statistical Parametric Mapping (SPM) toolbox for MATLAB (http:
/Ilwww.fil.ion.ucl.ac.uk/spm/).
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2.1. Translation simulations

To study the registration error due to translation and its ef-
fect on the final T1 map, we simulated for each subject three
sets of T1-weighted SPGR volumes that were shifted with re-
spect to each other by a fraction of a voxel. These were simu-
lated using each subject’s T1 and MO maps (see Section 2.4, Hu-
man data acquisition), following the two-stage protocol proposed
by Greenspan et al. (2002) (Fig. 2).

1. First, we used the subject’s T1 map to simulate two additional
T1 volumes that were shifted by 1 or 2 full voxels along the
z-direction. Translation by an integer multiple of the sampling
step does not introduce any error into the image. Hence, this
translation simulates each T1 volume as if it were imaged in
this new location.

2. Second, to achieve sub-voxel shifts, each volume was blurred
using a full width at half maximum Gaussian kernel (h), and
down-sampled by a factor of 4 in the z direction (Fig. 2).

This results in three identical volumes that are now a spe-
cific fraction of a voxel away from each other in terms of the
new, down-sampled voxels (1 x 1 x4 mm?3): Ty (non-shifted), Ty s
(shifted by 0.25 voxel from Ty) and Ty s (shifted by 0.5 voxel from
To). A similar procedure was applied to the MO map.

Next, in each location we used the simulated T1 and MO maps
to simulate T1-weighted images with different flip angles (o), us-
ing the SPGR signal equation (Eq. (1)):

Mo (1—e ™) sing

@) (1—eTRM) coso

(1)

where TR was based on the in vivo scan of each subject. All sim-
ulations assumed homogeneous receive-coil and excite-coil fields
(B1— and B1+ respectively). We used these three shifted sets of
T1-weighted images to study the effect of translation on different
flip angles, as well as its effect on the final T1 map.

To estimate the interpolation and resampling error that is intro-
duced into the T1-weighted images of different flip angles, we sim-
ulated in each location T1-weighted images with flip angles 1-30°
(in steps of 1°). We then applied the known spatial transformation
to register each volume to the same flip-angle image in the origi-

that is in the same position as S"90 , yet this image is modified by the rotation process. Lastly, the two images

nal location (Tp), and calculated the error between the two images
(see Section 2.3, Translation and rotation error estimation).

Next, to estimate the error that is introduced into the T1 map
due to image registration, we compared a simulated T1 map in the
original location (Ty), using flip angles 4° and 30°, with new T1
maps in which one of the flip angles was registered from a shifted
set (Tos or Tos). For example, we used Eq. (1) to fit T1 with flip
angle 4° in the space of Ty, and flip angle 30° from the space of
Tos. Since the spatial transformation between the different sets
is known, we did not have to compute the registration (which
might introduce further error). Instead, we applied the known spa-
tial transformation to register the shifted data to Ty. This allowed
us to compare the ground-truth simulated T1 map with the calcu-
lated T1 map (which is based on registered data).

2.2. Rotation simulations

To calculate the effect of interpolation and resampling due to
rotation (Fig. 3), we simulated rotation by different angles. As in
the translation simulation above, the rotation was applied on T1-
weighted images that were simulated using Eq. (1). In contrast to
the translation simulations, here the simulated images had a spa-
tial resolution of 1 mm isotropic.

Our protocol followed the work of Owen and Makedon (1996)
and included two types of rotations:

Rotation type 1: Volume rotation by 90° away from the origin.
Note that for isotropic voxels a 90° rotation does not intro-
duce any error, resulting in T1 values identical to those of
the simulated volume.

Rotation type 2: Two-step volume rotation: a rotation at an an-
gle of ¢°, followed by a 90-¢° rotation. The resulting volume
has the same final location as the volume that underwent
rotation type 1, but it also suffers from interpolation and re-
sampling effects due to the rotations at < 90°.

After each rotation step, the rotated image was reconstructed
using either trilinear interpolator or a 7th-order b-spline interpo-
lator, both implemented in SPM.

Similar to the translation simulation, the rotated T1-weighted
images were used to calculate the T1 map using Eq. (1). Similar to
the translation simulations, we estimated the difference between
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the simulated data (rotation type 1) and calculated data (rotation
type 2). The difference was calculated both for the rotated T1-
weighted images at different flip angles and for the fitted T1 maps
at flip angles 4° and 30°.

2.3. Translation and rotation error estimation

The transformation error (for both translation and rotation sim-
ulations) was estimated using the root of the mean squared error
(RMSE, Eq. (2)).

Eq. (2) compares images before and after the transformation
manipulations (simulated and calculated respectively). The error
was calculated for the difference in each voxel (v), along all the
voxels (N) within a pre-calculated brain mask. The brain mask was
defined using FSL software (Smith et al., 2004; https://fsl.fmrib.ox.
ac.uk/), and was further eroded by three voxels in order to avoid
edge effects.

We excluded four subjects from the subsequent analysis since
their brain mask calculation failed. In addition, we excluded 8 sub-
jects in which errors in the initial T1 mapping resulted in ex-
tremely high error values (more than three scaled median abso-
lute deviations away from the median across subjects). We further
analyzed the remaining 90 subjects.

N . 2
- l

RMSE — \/Z,, N (calculatedl(vv) simulated (v)) 2)

To compare the RMSE of different T1-weighted images (s;) that
were simulated with different flip angles and have different inten-
sities, we z-normalized the images (Eq. (3)).
s;i — Mean (s;)
—_— 3

STD (s¢) (3)

Normalized (s;) =

2.4. Human data acquisition

The subjects’ data were taken from a larger data set
(Yeatman et al., 2014) collected at Stanford University. Data col-
lection procedures were approved by the Stanford University Insti-
tutional Review Board. All subjects were healthy and provided in-
formed consent. The data were collected using a 3T General Elec-
tric Discovery 750 (General Electric Healthcare, Milwaukee, WI,
USA) equipped with a 32-channel head coil (Nova Medical, Wilm-
ington, MA, USA).

The participants were between the ages of 7-85, N=102. For
each subject, T1 relaxation was measured using several spoiled
gradient-echo images (SPGR) acquired at different flip angles (flip
angle =4°, 10°, 20°, 30°); TR=14 ms; TE =2.4 ms, with a spatial res-
olution of 0.975 x 0.975 x 1 mm?. The transmit coil inhomogeneity
was corrected using a spin-echo inversion-recovery scan (SEIR), us-
ing the method presented by Mezer et al. (2016, 2013).

The SEIR scan was scanned with echo-planar imaging read
out (EPI), a slab inversion pulse and fat suppression. The imag-
ing parameters for the SEIR-EPI were inversion times=50, 400,
1200, 2400ms; TR=3s; TE=47ms, and spatial resolution of
2 x 2 x 4 mm3. The EPI read-out used 2X acceleration to minimize
spatial distortions.

The T1 fitting procedure results in quantitative T1 and MO maps.
T1 is the measured longitudinal magnetization relaxation time for
each voxel in the brain. MO is the maximal initial magnetization in
the longitudinal direction.

2.5. Contrast index

T1-weighted images with different flip angles have different
contrasts. To quantify the contrast of each MRI image, we first seg-
mented the T1 map into the three main tissue types (gray mat-
ter, white matter and CSF) using k-means that were imitated with

the literature’s quantitative T1 values (Mezer et al., 2016). Next, for
each T1-weighted image, we calculated the mean value for each
tissue type denoted as Si, where i is the tissue type. The volume’s
contrast index was defined as the sum of the normalized signal
differences between any two tissue types (Eq. (4)).

S-S
Contrast Index = > Lo (4)

ij ewm, om, csryinj (it Si)/2
3. Results

In vivo qMRI mapping depends on registration of images with
different contrasts to a single location in space. Here, we simu-
lated SPGR T1-weighted images in N=90 subjects and tested the
effect of interpolation and resampling artifacts on T1 mapping. We
first show the relation between the contrast of the image and the
effect of interpolation and resampling artifacts due to translation
(Fig. 4A and B) and rotation (Fig. 4C and D). Next, we show how
this contrast-dependent error propagates to the T1 mapping, and
how minimizing it can improve the fitting accuracy (Fig. 6) and
affect the T1 effective resolution in space (Fig. 7).

3.1. The effect of contrast on the interpolation error of T1-weighted
images

3.1.1. Translation errors

To study the relation between the contrast of the image and the
effect of interpolation and resampling artifacts due to translation,
we calculated the normalized RMSE of each T1-weighted image af-
ter it was registered to its original location, and plotted it against
the image’s flip angle (Fig. 4). We found that the normalized RMSE
strongly depends on the flip angle. This dependence is stronger for
the maximal possible translation (0.5 voxel shift) compared with
smaller translation (0.25 voxel shift; Fig. 4B).

We further tested the effect of interpolation method on the
results. We repeated the translation simulations using 7th-order
b-spline interpolation. The normalized RMSE were almost identi-
cal for the two interpolation methods (mean+STD for b-spline:
0.047140.0163 on average across all subjects and sub-voxel shifts,
compared with trilinear interpolation: 0.0469+0.0156; p <10-10,
paired-samples t-test).

We assumed that the flip angle is related to the error by virtue
of its impact on the image contrast (see Eq. (1)). To quantify the
contrast dependency on the flip angle, we calculated the contrast
index of each image. This contrast index depends on the differ-
ence in mean signal between different tissue types (gray matter,
white matter and CSF; see Eq. (4)) Fig. 5 shows the agreement be-
tween the contrast index and the normalized RMSE in four typi-
cal subjects. The value of Pearson’s correlation coefficient between
the contrast index of the T1-weighted images and their normalized
RMSE was in the range 0.95-0.99 for all subjects. This high corre-
lation emphasizes the strong dependency between the image con-
trast and the normalized RMSE following registration. Therefore,
images with high contrast seem to be more susceptible to inter-
polation and resampling artifacts.

3.1.2. Rotation errors

In addition to translation, image registration often involve ro-
tations. Rotation can also introduce interpolation errors, as well
as aliasing artifacts. To study the contribution of rotation to the
registration error, the simulated T1-weighted images were rotated
by either 90° (hence introducing no interpolation error) or by two
consecutive rotations (¢° and 90-¢°; Fig. 3). Similarly to the case of
translation, we found that rotation also introduces greater normal-
ized RMSE for images with higher contrast (Fig. 4C and D).
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Fig. 4. The error introduced by translation and rotation of T1-weighted images as a function flip angle. (A) The normalized root mean square error (RMSE) of 90 subjects
(grey lines) after applying the 0.5 voxel translation (see Fig. 2). The RMSE changes as a function of the image’s flip angle, which determines the T1 weighting of the image
(Eq. (1)) and hence its contrast. High contrast images tend to have higher RMSE following translation. Black line shows the mean across subjects. (B) The mean RMSE (across
N =90 subject) is greater after applying 0.5 voxel translation (black solid line) compared to applying 0.25 voxel translation (gray dashed line). (C) The RMSE of after applying
rotations in 45° (see Fig. 3). Similar to translations, the RMSE change as a function of the image’s flip angle. (D) The mean RMSE (across N =90 subjects) is very similar after
applying rotations in different angles (¥ =1°, 10°, 20°, 30°, 45°). All simulations performed with trilinear interpolation.

We further tested the effect of interpolation method on the
results. We repeated the rotation simulations using 7th-order b-
spline interpolation. We found lower RMSE values for b-spline in-
terpolation (mean4STD 0.003 +0.001 on average across all sub-
jects and rotation degrees) compared with trilinear interpolation
(0.021 £0.007; p < 107199, paired-samples t-test). The dependence
of the T1-weighted RMSE on flip angle was similar for both inter-
polation methods (see Sup. Fig. 1 and Fig. 4C and D).

In theory, the aliasing error is greatest when rotating by 45°. In
practice, we found almost no RMSE difference for different rota-
tions (¥ =1°, 10°, 20°, 30°, 45°).

This suggests that the main source of error due to rotation is
the interpolation, and not aliasing.

Next, we tested how the interpolation of the T1-weighted im-
ages propagates to the fitted T1 map.

3.2. Interpolation effects on T1 mapping

To test how the error in the interpolated T1-weighted im-
ages propagates into the T1 fit, we calculated the RMSE between

ground-truth simulated T1 maps and the simulated T1 maps in
which one of the underlying T1-weighted images was transformed
prior to the fit. Fig. 6 reveals a strong positive relationship between
the normalized RMSE of the T1-weighted images due to registra-
tion and the error in the final T1 values that were fitted using
these images. This is true for both translation (Fig. 6A; R =0.87)
and rotation (Fig. 6B; R?=0.87). For translation, the error from
maximal translation (0.5 voxel shift) is larger than that from less
translation (0.25 voxel shift). For both translation and rotation, a
larger error is introduced in the T1 map when the transformed
T1-weighted image has high contrast (flip angle of 30°) compared
with low contrast (flip angle of 4°).

A strong relationship between the normalized RMSE of the T1-
weighted images and the error in T1 was also found when we
used 7th-order b-spline interpolation (see Sup. Fig. 2 for rotation
simulations). The absolute error was smaller for b-spline interpo-
lation. For translation, the error was almost identical for the two
interpolation methods (mean +-STD for b-spline: 0.036 + —0.018 s
compared with trilinear interpolation: 0.034+0.017s; p <10-84,
paired-samples t-test). For rotation, the effect of interpolation
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interpolation. (B) A similar relationship is obtained when T1-weighted images are rotated by 45° prior to the T1 fit (R>=0.87). All simulations performed with trilinear

interpolation.

method on T1 RMSE was greater (RMSE for b-spline inter-
polation: 0.015+0.007s, compared with trilinear interpolation:
0.086 +0.015s; p < 10~100 paired-samples t-test).

To visualize the interpolation and resampling artifacts we com-
pared the T1 map with no registration to a map that was gener-
ated with registration of either the high-contrast T1-weighted im-
age (flip angle of 30°) or a low-contrast T1-weighted image (4°)
with 0.5 voxel shift (Fig. 7). The interpolation error of the T1-
weighted images manifests as blurring (filtering of high frequen-

cies) in the T1 map. The arrows indicate example regions of T1
blurring. In these images, it is clear that the interpolation will af-
fect the identification of borders between different tissue types.
We found that the error due to registration is greater when the
high-contrast (filp angle 30°) image is interpolated to match the
low-contrast (flip angle 4°) image. For images shifted by 0.5 voxel,
we found that the T1 error is greater by 150 milliseconds on aver-
age across subjects when the high-contrast image is registered to
the low-contrast image (p < 10~>0; paired samples t-test). This re-
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Fig. 7. Interpolation and resampling errors manifest as blurring in the T1 map. Top: Three T1 maps fitted using T1-weighted images with flip angles 4° and 30°. T1 is
calculated either with no translation (left, ground truth T1), or with a translation that registers the 4° T1-weighted image to the 30° T1-weighted image (middle) or the
30° T1-weighted image to the 4° T1-weighted image (right). Middle row: zoomed-in views of the blue squares. Arrows point to example areas of difference in the spatial
information that is maintained due to the registration process. The 4°to 30° registrations better agrees with the original T1 map. Box: The difference between the ground-
truth T1 and the T1 map obtained by the appropriate translations of the T1-weighted images. Greater error can be seen for registering the high-contrast image to the
low-contrast image (right). Errors tend to occur near the border between different tissue types, where the blurring artifacts affect the most.

sult suggests that minimizing the registration interpolation error,
by choosing the low-contrast image as the new reference frame,
can increase the accuracy of the resulting T1 map.

4. Discussion

In vivo MRI is vulnerable to subject motion. For example, intra-
scan motion can degrade the quality of the image in both conven-
tional MRI and gMRI. This work focused on motion correction in
the context of gMRI techniques. QMRI methods present a special
challenge in terms of motion correction as they are also affected
by inter-scan motion, i.e.,, motion between separate acquisitions.
Prospective methods have been developed to address inter-scan
motion, for example: using navigator echoes (Welch et al., 2004)
or optical systems (Aksoy et al., 2011). The current work focused

on the effects of retrospective motion correction, in the context of
gMRI techniques.

A necessary preprocessing step in fitting a qMRI map involves
the registration of several MR images to one common space. This
registration requires an estimation of images in a new location in
space, and is achieved by interpolation and resampling techniques.
Yet interpolation and resampling are imperfect, and lead to the fil-
tering of high frequencies, which manifests itself as blurring of the
new image. We found that this blurring effect depends on the ex-
act translation and rotation required for registration. This effect is
more severe for images with higher contrast because such images
contain more information in high frequencies. When registering
MR images with different contrasts to a common new location in
space, the question of which location should be chosen arises. We
found that, in the case of two images, it is best to move the one
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with the lower contrast. We concluded that minimizing the regis-
tration interpolation error of the high contrast T1-weighted image
is beneficial. In the general case of multiple images with differ-
ent contrast, both the amount of interpolation and image contrast
should to be taken into account.

In this work, we studied rigid-body registration, and quanti-
fied the error that interpolation and resampling introduce into T1-
weighted images and into to the resulting fitted T1 map. By simu-
lating T1-weighted images that are related by known spatial trans-
formations, we were able to disentangle the error that stems from
imperfect registration and the error that stems from interpolation
and resampling. First, we showed that the interpolation and re-
sampling error stems from the finite approximation of the ideal
sinc interpolator (Parker et al., 1983). Then we showed that the
interpolation and resampling have the effect of filtering the high
frequencies of the estimated image. Furthermore, we showed that
this blurring effect is a function of the image contrast and the
amount of translation and rotation involved in the registration. Fi-
nally, we described how this error propagates to the quantitative
T1 map, highlighting the need to minimize it. We found that the
T1 error is ~150 milliseconds greater when the high-contrast im-
age is interpolated to match the low-contrast image rather than
the other way round (for a shift of 0.5 voxels). Notably, this er-
ror is comparable to the difference in T1 values between different
cortical regions, between layers within the cortex, between white-
matter sub-regions and between brain regions as a function of age
(Benjamini and Basser, 2017; Carey et al., 2017; Marques et al.,
2017; Waehnert et al., 2016; Yeatman et al., 2014).

We used a pairwise registration approach in which one image
is chosen as a reference image to which all other images are regis-
tered. Our findings regarding the differential effects of transform-
ing low-contrast versus high-contrast images are relevant for other
registration schemes as well. For example, previous work has sug-
gested using a group-wise registration approach in which all im-
ages are considered simultaneously to find an optimal location in
space to which all images are registered (Huizinga et al., 2016).
Others have unified the motion correction and qMRI parameter
fitting into a single optimization problem (Ramos-Llorden et al.,
2017). Such approaches could benefit from weighting the differ-
ent images differently based on their contrast and the amount of
translation or rotation applied to them.

Commonly, image registration involves two steps: calculation of
the desired spatial transformation, followed by interpolation and
resampling of the registered image. It is usually hard to disentangle
the errors that result from each of these steps. In this study we fol-
lowed previous work in using simulated data in which the required
spatial transformation is known in advance, both for translation
(Greenspan et al., 2002) and rotation (Owen and Makedon, 1996).
This allowed us to study the error that stems purely from interpo-
lation and resampling.

The choice of interpolation method had a considerable effect
for the resulting RMSE in the rotation simulations, but not in
the translation simulations, both for the normalized T1-weighted
RMSE and for the T1-RMSE. Previous work on multiple imag-
ing modalities found a similar trend for the choice of interpola-
tion, although with comparable effects for translation and rotation
(Meijering et al., 2001).

In the context of motion correction in quantitative MRI, mul-
tiple factors could affect the error in the fitted parameter map
(Godenschweger et al., 2016). One such factor is the radiofrequency
(RF) transmit field inhomogeneity (B1+). The spatial distribution
of B1+ depends on subject position within the scanner, leading to
spatially dependent biases in the local flip angle (Boudreau et al.,
2017). Estimating B1+ and subject motion separately can therefore
lead to incorrect estimations. However, since the B1+ field varies
slowly in space, this might not be a concern in the presence of

little inter-volume motion. Therefore, in our simulations we used
a uniform B1+ field, assuming no spatial inhomogeneity. The re-
ceive RF field inhomogeneity (B1—) can also introduce artifacts in
the presence of inter-scan subject motion (Papp et al., 2016). Our
simulations were designed to isolate and characterize the error
that arises from interpolation and resampling, and we therefore as-
sumed a homogeneous receive field.

Recent years have seen great interest in using multiple MR
images with variable contrasts to generate quantitative maps
that are biophysically meaningful. Such approaches include dif-
fusion imaging, quantitative T2, MT and susceptibility mapping
(Cercignani et al., 2018). While we tested the effect of interpola-
tion and resampling error due to registration on quantitative T1, it
is reasonable to assume that a similar error will be introduced into
any other quantitative approach that uses different images with
very different contrasts. Recently, several approaches were pro-
posed to minimize this registration error for gMRI (Huizinga et al.,
2016; Papp et al., 2016; Ramos-Llorden et al., 2017). The results
of this study highlight the importance of taking these issues into
consideration when mapping quantitative MRI parameters, and the
need for developing new methods specially tailored for gqMRI.
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