Medical Image Analysis 52 (2019) 212-227

Contents lists available at ScienceDirect

Medical Image Analysis

journal homepage: www.elsevier.com/locate/media

Robust motion correction for cardiac T1 and ECV mapping using a T1
relaxation model approach

L))

Check for
updates

Sofie Tilborghs®%* Tom Dresselaers®d, Piet Claus“9, Guido Claessen®, Jan Bogaert>q,

Frederik Maes®¢, Paul Suetens®

2 Department of Electrical Engineering, ESAT/PSI, KU Leuven, Leuven, Belgium

b Department of Imaging and Pathology, Radiology, KU Leuven, Leuven, Belgium

¢ Department of Cardiovascular Sciences, KU Leuven, Leuven, Belgium

d Medical Imaging Research Center, UZ Leuven, Herestraat 49 - 7003, Leuven, 3000, Belgium

ARTICLE INFO

Article history:

Received 31 May 2018

Revised 19 October 2018

Accepted 17 December 2018
Available online 18 December 2018

Keywords:

Cardiac T1 mapping
Cardiac ECV mapping
Motion correction
Image registration

ABSTRACT

T1 and ECV mapping are quantitative methods for myocardial tissue characterization using cardiac MRI,
and are highly relevant for the diagnosis of diffuse myocardial diseases. Since the maps are calculated
pixel-by-pixel from a set of MRI images with different T1-weighting, it is critical to assure exact spatial
correspondence between these images. However, in practice, different sources of motion e.g. cardiac mo-
tion, respiratory motion or patient motion, hamper accurate T1 and ECV calculation such that retrospec-
tive motion correction is required. We propose a new robust non-rigid registration framework combining
a data-driven initialization with a model-based registration approach, which uses a model for T1 relax-
ation to avoid direct registration of images with highly varying contrast. The registration between native
T1 and enhanced T1 to obtain a motion free ECV map is also calculated using information from T1 model-
fitting. The method was validated on three datasets recorded with two substantially different acquisition
protocols (MOLLI (dataset 1 (n=15) and dataset 2 (n=29)) and STONE (dataset 3 (n = 210))), one in
breath-hold condition and one free-breathing. The average Dice coefficient increased from 72.6 +12.1% to
82.347.4% (P <0.05) and mean boundary error decreased from 2.91 4+ 1.51mm to 1.62 +0.80mm (P < 0.05)
for motion correction in a single T1-weighted image sequence (3 datasets) while average Dice coef-
ficient increased from 63.4+22.5% to 79.2+8.5% (P <0.05) and mean boundary error decreased from
3.26+2.64mm to 1.77 £0.86mm (P <0.05) between native and enhanced sequences (dataset 1 and 2).
Overall, the native T1 SD error decreased from 67.32 +32.57ms to 58.11 £ 21.59ms (P < 0.05), enhanced SD
error from 30.15425ms to 22.744+8.94ms (P <0.05) and ECV SD error from 10.08 +9.59% to 5.42 +£3.21%
(P <0.05) (dataset 1 and 2).

© 2018 Elsevier B.V. All rights reserved.

1. Introduction

of T1-weighted images, acquired over multiple heart cycles, us-
ing a dedicated imaging protocol e.g. the Modified Look-Locker

Accurate measurement of myocardial T1 and extra cellular vol-
ume (ECV) using cardiac MRI is highly relevant for the diagnosis
of diffuse myocardial diseases such as diffuse fibrosis, amyloido-
sis and Anderson Fabry disease (Schelbert and Messroghli, 2016;
Haaf et al.,, 2017). Compared to the conventional late gadolinium
enhanced (LGE) images where diagnosis is based on the subjec-
tive assessment of relative contrast differences, T1 and ECV map-
ping allow quantitative characterization of the myocardium. In T1
mapping, a map of the longitudinal relaxation time (T1) is ob-
tained by fitting an exponential curve to each pixel in a sequence
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Inversion recovery protocol (MOLLI) (Messroghli et al., 2004) or
the free-breathing multislice slice-interleaved T1 sequence (STONE)
(Weingdrtner et al., 2015). In MOLLI, 2D T1-weighted images are
typically acquired using two or three inversion pulses with multi-
ple read-outs after each inversion pulse, while in STONE, a single
image is acquired after each inversion, in theory eliminating distur-
bance of the relaxation curve by multiple read-outs. Additionally,
an ECV map (Kellman et al., 2013) can be constructed by combin-
ing the T1 map before (native) and after (enhanced) gadolinium
contrast injection.

Motion artifacts in the pixel-wise T1 map, and consequently
in the pixel-wise ECV map, appear when the sequence of T1-
weighted images is misaligned due to involuntary patient motion,
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cardiac motion and/or respiratory motion. Despite ECG-gating and
acquisition in mid- or end-diastole, artifacts can result from heart-
rate related triggering errors or drifts, which appear as stochas-
tic non-rigid motion over the images. Respiration related motion is
generally more continuous in time and is often limited by impos-
ing breath hold during acquisition, although also a trend towards
free-breathing acquisition, using a respiratory navigator, is notable.
However, even in breath-held acquisitions, respiratory-related mo-
tion artifacts cannot be eliminated completely due to the subject’s
inability or noncompliance to repeated breath-hold instructions in
a usually long cardiac MRI exam, diaphragmatic drift or septal
shifts resulting from pressure differences between both ventricles
during a breath-hold. Retrospective non-rigid motion correction is
thus imperative for correct quantification of T1 in the whole my-
ocardium.

The use of off-the-shelf state-of-the-art generic data-driven im-
age registration approaches (Viergever et al., 2016) for this ap-
plication is complicated by the intrinsic complexity of the image
data, including contrast inversion, partial volume effects and signal
nulling for images acquired near the zero crossing of the T1 relax-
ation curve (Xue et al., 2012), such that dedicated approaches are
needed. Furthermore, obtaining a motion-free set of T1-weighted
images requires aligning more than two images implying that also
a registration strategy (i.e. pairwise to reference or groupwise)
should be specified.

In Roujol et al. (2015), a local non-rigid registration frame-
work based on optical flow was developed that simultaneously es-
timated the motion field and the intensity variation to cope with
the large variations in contrast. All images are transformed to a
reference image, which is chosen to be the image with the largest
or second largest inversion time (TI). In Huizinga et al. (2016),
a groupwise method for quantitative MRI, including T1 mapping,
was proposed whereby all images are registered simultaneously
to a mean space by minimization of a cost function based on
principal component analysis (PCA), assuming a non-specific low
dimensional signal model. This method was validated on human
cardiac data in Tao et al. (2018). Guyader et al. (2016) uses a
theoretically-derived total-correlation-based metric instead of the
empirically-determined PCA-based cost in the same framework.
Recently, Zhang et al. (2018) proposed to perform motion cor-
rection in T1 mapping by maximizing the similarity of normal-
ized gradient fields between the reference image (the image with
longest TI) and any other image, combined with an elastic regular-
izer. The same algorithm is used to perform registration between
the native and enhanced T1 map.

Model-based approaches on the other hand exploit the under-
lying T1 relaxation model, such that direct registration between
images with largely different or inverted contrast can be avoided.
In Xue et al. (2012), motion free-synthetic images resembling the
original contrasts are constructed based on a crude initial T1 es-
timate to guide the registration. This initial T1 map is estimated
from two images with respectively the shortest and longest TI,
which have been registered to avoid motion artifacts. Alignment
between the synthetic and original images is achieved with a
fast variational non-rigid image registration framework. In Van De
Giessen et al. (2013), the error on the exponential curve fitting,
which is assumed to increase in case of misalignment, is directly
used as registration criterion to spatially align the images ob-
tained from a Look-Locker sequence. In this acquisition sequence,
no ECG-gating is performed and more T1-weighted images (typ-
ically 30) are used. In practice, this is implemented as an itera-
tive approach, which alternately fits the exponential curve pixel-
by-pixel through the datapoints and minimizes the error between
the model intensities and the real intensities. Both steps use the
sum-of-squared differences as optimization metric. A limitation of
these model-based algorithms is however that a good initialization

for T1 is required, which in practice involves a sufficiently accu-
rate initialization of the registration. Furthermore, relying on the
model is complicated by the need for signal polarity restoration
when magnitude-reconstructed images are used.

A third category of registration methods, besides data-driven
and model-based approaches, is a segmentation-based registra-
tion approach. In such approach, correspondence of segmenta-
tions of myocardium or other structures among the different im-
ages is used as similarity criterion for motion correction. An
example for native T1 mapping was recently presented in El-
Rewaidy et al. (2018) where a segmentation of the myocardium in
every T1-weighted image is obtained using an active shape model
(ASM). Registration is subsequently achieved by estimating rigid-
and non-rigid transformation parameters to align all contours to
the reference contour, which is chosen to be the contour of the im-
age with maximal contrast (shortest TI). A registration based on a
global segmentation of the myocardium alone has as main disad-
vantage that correspondence of images is only enforced at endo-
and epicardium, which is an important limitation in case of focal
diseases (e.g. focal fibrosis or myocardial infarction).

Related to the problem of motion correction for T1 mapping is
motion correction in myocardial perfusion imaging (Gupta et al.,
2012), for which a challenge has been organized at STACOM
2014 (Pontre et al, 2016). In perfusion imaging, also a set of
T1-weighted images with different contrast is available, although
there are typically more images (~40-60), thus requiring a longer
breath-hold (45-50s) (Gupta et al., 2012). Furthermore, whereas
for T1 mapping the intensity of the left ventricle (LV) and right
ventricle (RV) blood pool can be assumed to be identical in one
image, this is not the case in perfusion imaging. For this prob-
lem, also model-based approaches have been presented e.g. by
Likhite et al. (2015). In their method, they construct model images
based on a diffusion model, which requires the arterial input func-
tion from the RV blood pool. The model is thus not only dependent
on the intensity values of a single pixel as is the case for T1 map-
ping and requires a prior segmentation.

In this paper, we present a model-based registration method
for T1 mapping, which iteratively minimizes the errors on the T1
curve fit by registering each image to its corresponding model de-
rived from estimated parameters during T1 curve fitting. Compared
to existing model-based algorithms, we propose a robust data-
driven initial registration to avoid large bias in the initial T1 es-
timate in cases with large motion. Robustness is assured by au-
tomatically determining an optimal registration sequence for each
image and by exploiting specific knowledge about the acquisi-
tion to identify the low-signal images in the sequence that are
difficult to register, requiring specific attention. Additionally, we
choose to use a two parameter exponential model instead of a
three parameter model during registration to further increase ro-
bustness. Finally, we also integrate co-registration of the native
and enhanced images in the framework to obtain motion free ECV
maps. We validated our algorithm on different in-vivo datasets us-
ing both segmentation-based error metrics and metrics directly
representing the reliability of T1 and ECV values. An initial ver-
sion of this work was presented in Tilborghs et al. (2017a) and
Tilborghs et al. (2017b). New contributions in this paper are:

e Two parameter instead of three parameter model for model-
based registration to increase robustness and convergence

o New method for co-registration, which uses the parameters of
the two parameter exponential model and thereby optimally in-
tegrates the information contained in both scans

 Validation on a publicly available dataset acquired using a free-
breathing multi-slice protocol (El-Rewaidy et al., 2018)
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Fig. 1. Overview of registration framework. During the data-driven initialization and model-based registration, native (n, light connection arrows) and enhanced (e, dark
connection arrows) images are handled separately. ns, and ns, are the number of native and enhanced images respectively. The co-registration warps the enhanced images
in the native image space. After registration, motion corrected native T1 map, enhanced T1 map and ECV map are calculated.

2. Methods
2.1. Registration framework

The proposed algorithm combines a data-driven initialization
with a model-based refinement. The data-driven initialization is
required to obtain a robust first estimate for the pixelwise T1 be-
fore exploiting the T1-relaxation model. This combined method
is applied to both native and enhanced scans separately. A mo-
tion free ECV map is additionally obtained by co-registration. An
overview of the method is given in Fig. 1.

2.1.1. Motion correction for T1 mapping

Data-driven initialization. The data-driven initialization considers
all pairwise registrations between all images I; to I;s in the scan
simultaneously and applies a global optimization approach to find
an optimal reference image and optimal registration sequences to
minimize registration failures. The optimization is based on a sym-
metric measure C(a, b) for the registration affinity between any
two images I, and I, which takes into account 1) the consistency
Cc(a, b) between their forward T°~? and backward T~ affine
registration transformation and 2) the similarity Cs of each image
with all other images in the scan after affine registration, which
acts as a penalty term to discourage registration of dissimilar im-
ages:

C(a.b) = (Cc(a. b) + Ce(b, a)) + w - (G(a) + Cs(b)), (1)
where
Ce(a,b) = | (TP=. TP —1) ¢ 2)

with ¢, a set of samples in image I; on which the registrations are
evaluated and

1
S MI(T(a), i) + Mi(a, T (i)

G(a) = (3)

the inverse of the total mutual information (MI) of image I, with
any other image I;. The two terms are balanced by the weight w
to have a more or less equal contribution to the cost C(a, b). The
Floyd-Warshall algorithm (Floyd, 1962) is subsequently applied to
the cost matrix C to determine the sequence of pairwise image reg-
istrations for which the total accumulated cost Cope(a, b) to trans-
form any image I, to any image I, is minimal. For example, the
cost C(a, b) of transforming I, — I, might be larger than the sum
of the cost to transform I — Ic and I — Ip, resulting in Cop (a, b) =
C(a,c) +C(c, b) in this case. Finally, the cost for choosing every im-
age I, as reference image is calculated as Gor (@) = >°; Cope (i, @). The
image I for which Cy:(r) is minimal, is selected as reference image.

The required pairwise registrations are subsequently refined by
non-rigid registration. Each image is then warped to the reference
image by concatenating the transformations according to its opti-
mal registration sequence.

Because images with low signal were found to be difficult to
register with any other image, they are treated differently to in-
crease registration robustness. These images are automatically de-
tected in the scan based on their average signal intensity over the
region of interest (ROI) (Section 2.3) and are initially only aligned
affinely with the reference image, based on the affine registrations
of their adjacent images in acquisition order, assuming the affine
motion component to be continuous.

Model-based registration. The intensities s(t) in corresponding pix-
els of the images of a T1-weighted scan, acquired at timepoints t
after the inversion pulse, follow an exponential model of T1 relax-
ation. For the MOLLI acquisition protocol (Messroghli et al., 2004),
a three parameter model is commonly used:

s(t)=A—B.e T, (4)

where A and B are dimensionless parameters, Tqpp is the apparent
T1 and the true T1 is T1 = Typp - (§ — 1). From the estimated pa-
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rameters A, B and Tgpp in Eq. (4), ideal model images I" can be de-
rived for every timepoint ¢t in the sequence with similar contrast as
the original images I;, but with reduced motion artifacts (Fig. 2b).
Hence, it is expected that in case of misalignment, the difference
between II" and Ir will increase (Mewton et al., 2011). Following
this hypothesis, refinement of the registration can be achieved by
transforming I; to minimize a similarity cost between I" and I; and
iterating the estimation of model parameters and the transforma-
tion step (Tilborghs et al., 2017b).

However, since in practice relatively few images are obtained
in the initial, most steeply ascending part of the exponential T1
relaxation curve, the intensities in the images with low inversion
time t will dominate the estimation of A, B and Tgpp. In case of
misalignment of one or few of such images, the appearance of cor-
responding model images will be dominated by the actual image
itself, such that no or only slow convergence of motion correction
can be achieved.

To improve convergence, we propose to use a more robust
model (Fig. 2) to calculate our model images I, which contains
only two parameters (Weingdrtner et al., 2015):

s(t) =A*-(1-2-e777), (5)

where A* is a dimensionless parameter and T1* is an estimation for
T1. The optimal parameters are estimated using the Nelder-Mead
simplex direct search algorithm (Lagarias et al., 1998). Because
magnitude-reconstructed images are used in our experiments, the
exponential curve cannot be fitted directly through the image in-
tensities as the polarity of the signals is unknown. Hence, we use
a multifitting approach (Nekolla et al., 1992) where for each pixel,
five curve fittings are performed (none, one, two, three or four first
points inverted). The curve fitting with the lowest squared error is
considered to be the correct one.

We iteratively repeat the calculation of model images using the
two parameter model and the non-rigid registration of the actual
images to the estimated model images. In every step, a new T1*
map and new model images with reduced motion artifacts are ob-
tained.

2.1.2. Motion correction for ECV mapping

To obtain a motion free ECV map, alignment of the native and
enhanced T1 map is required. We propose to perform a joint reg-
istration of T1* maps and images of the A* parameter of Eq. (5) by
minimizing the sum of mutual information between both image
pairs:

Ceo(Too, T13, A3, TG, A9) = MI(TTG, Too (TT7)) + MIAG, Teo (A2))
(6)

where T, is the transformation applied to the enhanced images
and the subscripts n and e refer to the native and enhanced scan
respectively. By exploiting the complementary information in both
images, a more robust motion correction can be achieved. Fur-
thermore, since both images are readily available from the model-
based registration for motion free T1 maps, no additional T1 calcu-
lation step has to be performed.

2.2. Construction of T1 and ECV maps

After motion correction, motion free T1 maps can be con-
structed using the most appropriate relaxation model for the
adopted acquisition protocol, e.g. the three parameter model (Eq.
(4)) for MOLLI acquisitions or the two parameter model (Eq. (5))
for STONE acquisitions. The chosen model for the final T1 map is
independent of the model used for registration.

Motion free ECV maps can additionally be obtained by combin-

ing native and enhanced T1 maps:
[ I

T, Tla
1 (7)
Tlhicode  Tlbiood.n
where HCT is the hematocrit of the patient, i.e. the percentage of
red blood cells in the blood. The subscripts n and e refer to native
and enhanced respectively and blood to reference blood T1 values
obtained from a manually selected region in the left ventricular
blood pool.

ECV = (1 — HCT) -

2.3. Implementation

The proposed framework is implemented in Matlab and has
been executed on an iMac with 3.5 GHz Intel Core i5 processor and
32 GB RAM. The pairwise registrations are calculated using Elastix
(Klein et al., 2010).

Prior to registration, a rectangular ROI around the heart is man-
ually selected on the first image of each sequence in order to fo-
cus the registration on the heart only and to decrease computa-
tional complexity. The co-registration additionally uses a registra-
tion mask representing the heart. This mask is automatically seg-
mented from the native T1 map obtained after initial data-driven
registration using low level segmentation techniques.

The non-rigid transformations are parameterized using a B-
spline (Rueckert et al., 1999) regularized with a rigidity penalty
(Staring et al., 2007), which constrains deformation identically over
the whole image domain. The mutual information similarity mea-
sure is used for data-driven initialization and co-registration. For
the set of samples required to evaluate the pairwise affine regis-
trations (Eq. (2)) in the data-driven initialization only one sample,
the center point in the ROI, is used, as using more points was not
found to influence overall performance. The model-based motion
correction minimizes the normalized cross-correlation between ev-
ery corresponding actual image and model image since their in-
tensities are expected to be similar. We perform five steps of the
model-based motion correction.

Computation time to obtain two registered T1 maps (native and
enhanced, typically about 10 images per scan) and a registered ECV
map with this implementation, which is not optimized for speed,
is about fifteen minutes. The model-based registration, including a
new curve fitting in every iteration, takes about 80s per iteration
and thereby consumes major part of the time.

2.4. Evaluation

2.4.1. Phantom experiment: Two versus three parameter model

To demonstrate the improved performance of our two parame-
ter model registration versus a more straightforward three param-
eter model registration, we compared the two methods on a phys-
ical phantom. The phantom was constructed using three cylinders
representing respectively the native T1 of blood, myocardium and
fat (Fig. 3a). Two native MOLLI-scans, shifted 5mm in the vertical
image direction, consisting of 10 T1-weighted images (repetition
time = 2.06ms, echo time = 0.93ms, FOV = 300 x 300mm?2, acqui-
sition matrix = 152x150, reconstructed pixel size = 1.17x1.17mm,
slice thickness = 8mm, flip angle = 35° and sensitivity encod-
ing factor = 2) and assuming a heart rate of 66 BPM were ac-
quired with a 1.5T MR scanner (Ingenia, Philips Healthcare, Best,
the Netherlands) following the 5s(3s)3s MOLLI scheme. The two
scans are used to create 10 new sequences where for each se-
quence, one image is displaced with respect to the others. We ap-
plied the model-based step of our registration method (thus with-
out data-driven initialization) to each of the new sequences and
calculated the remaining average displacement error of the shifted
image after registration over a square region of interest.
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Fig. 2. (a) Curve fitting using the three (Eq. (4)) and two parameter (Eq. (5)) model for three different pixels: myocardial pixel (green), LV blood pixel (red) and mixed pixel
where the first datapoint belongs to the LV blood pool and all other are part of the myocardium due to misalignment of the images (blue). The two parameter curve shows
an improved correction of the first datapoint of the mixed pixel. (b) Five out of ten T1-weighted images acquired using the MOLLI protocol: actual images, three and two
parameter model images with the myocardium (cross), blood (square) and mixed (circle) pixels indicated. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)
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of the three parameter model shown in Fig. 3b result in a disturbed T1 map, especially for image 1.

2.4.2. In vivo validation

For the validation of our registration framework we used three
different datasets: (1) a dataset of healthy, young athletes (n =
15, males (M) = 7, age = 16+/-1 years), (2) a dataset contain-
ing all T1-weighted image sequences from our CMR database with
histologically confirmed cardiac amyloidosis in a period of two
years (n = 29, M = 24, age = 72+/-10 years) and (3) the pub-
licly available dataset of free-breathing T1 mapping data of El-
Rewaidy et al. (2018) (n = 210, M = 134, age = 57+/—14 years).
The use of datasets 1 and 2 was approved by the ethical committee
of our hospital (S60774). All datasets were processed identically.

The 2D+time scans of dataset 1 and 2 were recorded using a
1.5 T MR scanner (Achieva (athletes) and Achieva or Ingenia (amy-
loidosis patients), Philips Healthcare, Best, the Netherlands) and a
6-channel (Achieva) or 32-channel (Ingenia) cardiac phased array
receiver coil. For the enhanced scans, 0.15 mmol/kg of gadobutrol
(Gadovist, Bayer Schering) was administered to the subjects. The
5s(3s)3s and the 4s(1s)3s(1s)2s MOLLI schemes (Messroghli et al.,
2004; Kellman and Hansen, 2014), imposing breath-hold, were
used for the native and enhanced scans respectively. Follow-
ing these schemes, 7 to 16 images per native scan and 9 to
16 images per enhanced scan were obtained (repetition time =
2.2440.10ms, echo time = 1.034+0.05ms, flip angle = 35°, sensi-
tivity encoding factor = 2). The typical image geometry was FOV

= 300 x 300mm?, acquisition matrix = 152 x 150, reconstructed
pixel size = 1.17 x 1.17mm? and slice thickness = 10mm, although
in about 12% of the image sequences a different FOV, matrix and
pixel size was used e.g. FOV = 348 x 348mm?, acquisition matrix
= 176 x 174 , reconstructed pixel size = 1.09 x 1.09mm?2. The mid-
cavity short-axis images of dataset 1 and short-axis (SAX) images
at three levels (base, mid and apical) as well as horizontal long
axis (HLA) views of dataset 2 were used for validation.

The third dataset contains native SAX images at five lev-
els from apical to basal for 210 patients with known or sus-
pected cardiovascular disease, acquired using the STONE sequence
(Weingdrtner et al., 2015). The scans were recorded under free-
breathing condition using a 1.5 T MR scanner (Achieva, Philips
Healthcare, Best, the Netherlands), a 32-channel cardiac phased
array receiver coil and a respiratory navigator using prospective
tracking with navigator tracking slice factor of 0.6. Each scan con-
tains 11 T1-weighted images with repetition time = 2.7ms, echo
time = 1.37ms, flip angle = 70°, sensitivity encoding factor =
1.5, FOV = 360 x 351mm?2, acquisition matrix = 172 x 166, recon-
structed pixel size = 1.13 x 1.13mm?2 and slice thickness = 8mm.

The endo- and epicardium were manually delineated on every
(non-corrected) T1-weighted image by two different, independent
observers to assess the inter-observer variability (dataset 1), or one
observer (dataset 2 + 3). After registration, the segmentations were
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(REG) registration of the mid-cavity short-axis slice of one patient (left) and the HLA slice of another patient (right) of dataset 2. In amyloidosis patients, the native T1 and

ECV in the myocardium are elevated, as apparent in the case on the left.

propagated to the reference image space by applying the calculated
transformations to binary images representing the myocardium.

For perfect image alignment and assuming no segmentation
errors, the overlap of the myocardial segmentations should be
optimal. This is assessed by the Dice similarity coefficient DSC
(Dice, 1945) averaged over all possible image pairs (k, I) in a na-
tive or enhanced scan:

Yokt 2it .1k DSC(k, 1)

DSCw = ns-(ns—1) ’ 8)
with
2-(SNS)
DSC(k,l) = ———————=, 9
(k)= =k ©)

where S, is the myocardium segmentation of image k and ns
is the number of images in the scan. To evaluate the result of
co-registration, DSC(k, ) averaged over all native-enhanced image
pairs is used:

Yy X DSC(k. 1)
DSCiycp = === :
n: e

(10)

Furthermore, the global Dice similarity coefficient (Huizinga et al.,
2016), which assesses the overlap of all images simultaneously and
is thereby sensitive to the misregistration of a single image, is eval-
uated:

ns-(S1NSz---NSns)
S1+S+...+Sus

DSC; = (11)

Additionally, the mean distance between endo- and epicardial con-
tours of different images is calculated (Mean Boundary Error, MBE)
and averaged over all possible image pairs identically as for DSCy,
and DSCy, co.

To assess the influence of the motion correction on actual
T1 and ECV values, accuracy of native and enhanced T1 values
as well as of ECV values is determined for the different car-
diac segments proposed by the American Heart Association (AHA)
(Cerqueira et al., 2002) before and after registration. The differ-
ent segments are obtained by manual delineation of the refer-
ence image. Segmental T1 and ECV accuracy are calculated simi-
larly as in El-Rewaidy et al. (2018) to be the mean of the differ-
ence between the pixelwise T1/ECV values in the segment of inter-
est and a ground truth T1/ECV value for this segment. To calculate
the ground truth T1/ECV values, a ground truth image alignment
is first obtained by warping all T1-weighted images to the refer-
ence image (see Section 2.1.1) using a thin-plate spline transfor-
mation model to exactly align the manually delineated contours.
The pixelwise T1/ECV values of these warped images are calcu-
lated inside the manual segmentation of the reference image and
a single ground truth value per segment is obtained by averag-
ing. Additionally, standard deviation (SD) error, calculated accord-
ing to Kellman et al. (2013), is used. This metric represents the SD
of T1/ECV estimate in T1/ECV units for every pixel separately to
construct so-called SD maps (see Fig. 4a) and is obtained by trans-
forming the SD of the error on the curve fit into the SD of the
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Table 1

DSCy, DSC; and MBE for dataset 1 before motion correction (ORIG), after model-based motion correc-
tion without data-driven initialization (REG,,p;) and after the proposed motion correction (REG). The
results were calculated using the manual contours of two independent observers (Obs 1 and Obs 2).
Statistically significant improvement (P < .05) of REG vs ORIG is indicated with gray background. Sta-
tistically significant improvement (P < .05) of REG vs REG,,p; is indicated with *. For every experiment,

the data of 15 subjects was used.

Dataset 1 Native Enhanced Co-reg

Obs 1 Obs 2 Obs 1 Obs 2 Obs 1 Obs 2
DSCy[%]
ORIG 791+£9.2 848 +7.7 76.4+173 811+13 39.4+20.7 525+215
REGhp; 85.8+4.0 875+28 84.7+8.6 871+71 80.1+5.2 83.2+3.8
REG 85.7+3.7 870+34 86.0+£5.8 88.0+4.9 80.5+4.0 83.6+2.8
DSC¢[%]
ORIG 531+£179 63.7+£163  491+268 58.8+244 11.3+98 24.4+15.2
REGop1 62.1+9.5 671+72 57.2+18.1 64.5+18.5 421+15.9 504+153
REG 61.1+83 64.9+8.7 602+13.7 669+12.2 413+13.2 51.244+9.9
MBE[mm]
ORIG 1.17+£0.48 1.214+0.53 1.40+1.29 1.58 +£1.41 3.76 +1.81 3.744+1.96
REGyop1 0.68+0.18 0.86+0.17 0.75+£0.57 096+£0.58 097+£029 1.20+£0.27
REG 0.68+0.16 0.88+0.22 0.67+0.31 0.88 £0.39 094+022 115+0.17

estimated parameters (i.e. T1, ECV). The transformation of SD was
derived analytically in Kellman et al. (2013). The SD error was av-
eraged per segment and reported similarly as for accuracy. We fur-
ther calculated the septal T1 and ECV values (segments 8 and 9)
in dataset 1, using the contours of the reference image, to define
their range in this healthy group.

The statistical significance of all obtained results is assessed us-
ing the two-sided Wilcoxon signed rank test with a significance
level of 5%.

2.4.3. Robustness

Robustness of the different steps of our approach is shown
through four separate experiments: 1) To demonstrate the need for
data-driven initialization, DSCy;, DSC; and MBE are additionally cal-
culated for a registration approach where the data-driven initial-
ization is omitted. 2) We illustrate the improved performance of
our data-driven initialization compared to a simpler initialization,
which performs a pairwise registration of each image to the image
with maximal TI, with an example. 3) The robustness of a two pa-
rameter model compared to a three parameter model is evaluated
on the native scans of dataset 1 (n = 15). Similar to the phan-
tom experiment, data-driven initialization was omitted. 4) The ro-
bustness of our co-registration approach is shown for two cases for
which native and enhanced scans are difficult to align using one of
the two most straightforward registration approaches: registration
of native and enhanced T1-weighted image with maximal TI and
registration of native and enhanced T1 map directly.

3. Results
3.1. Phantom experiment

Fig. 3a and b show respectively the different T1-weighted im-
ages in the phantom scan (in order of increasing TI) and the re-
maining displacement error in vertical direction after model-based
registration with a two or three parameter model when the corre-
sponding image is initially translated. The translation of images 3
to 10 can be equally well corrected by both models, but while the
two parameter model is able to obtain an average accuracy smaller
than 1mm for all images, the three parameter model completely
fails to restore alignment if the first image (lowest TI) is displaced
(Fig. 3c).

3.2. In vivo validation

The DSCy;, DSC; and MBE for the three datasets and for differ-
ent observers or slices are given in Table 1-3. All results are given
as mean value + standard deviation (std). The three datasets are
considerably different in prior motion, which is reflected in their
DSCy, DSC; and MBE values before motion correction.

Dataset 1 contains notable motion, in particular also septal shift
(e.g. Fig. 4a). For native scan, enhanced scan and co-registration,
significant improvement is obtained after registration. Further-
more, a significant difference can be observed between the values
for the different observers: the inter-observer DSC, evaluated be-
fore motion correction, is equal to 79.04+5.1% and 76.9+6.7% for
native and enhanced images respectively. Additionally, the endo-
cardial MBE equals 1.15+0.36mm and 1.30+0.39mm and the epi-
cardial MBE 1.64+0.36mm and 1.71+0.42mm respectively. These
values for the inter-observer variability are typically lower (DSC) or
higher (MBE) than the average results obtained after registration.

Dataset 2 is generally characterized by limited motion and a
thicker myocardium resulting in larger initial DSC, and DSC;. Sta-
tistically significant increase of DSCy; was only obtained for the
native mid-cavity SAX image set, for the enhanced HLA image set
and for the co-registration of apical and mid-cavity SAX. DSC¢ only
improved for co-registration of apical and mid-cavity SAX image
sets. A statistically significant decrease in MBE was additionally ob-
tained for the enhanced mid-cavity SAX image set. It can also be
observed that registration accuracy, as assessed by DSCy, and DSCg
(MBE) based on manually defined contours, is lower (higher) for
apical slices, which is likely due to the more complicated and vari-
able appearance (e.g. papillary muscles) of the apex complicating
both the registration as well as the manual segmentation.

Dataset 3, acquired under free-breathing condition, contains the
largest motion of the three datasets. Statistically significant im-
provement after motion correction is observed for all slices for
DSCy;, DSC; and MBE. Similarly to dataset 2, DSCy (DSC;) and MBE
are respectively lowest and highest for apical slices. Furthermore,
MBE after motion correction is higher for dataset 3 compared to
dataset 1 and 2 since free-breathing data is more challenging to
register e.g. because of a higher prevalence of out-of-plane motion.
The results also show that DSC; is a more conservative measure
compared to DSCy;.

The final purpose of motion correction for T1 and ECV mapping
is to obtain more accurate T1 and ECV values. The visual improve-
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Table 2

DSCy, DSC; and MBE for native and enhanced scans of dataset to before motion
correction (ORIG), after model-based motion correction without data-driven initial-
ization (REG,.p;) and after the proposed motion correction (REG). Statistically sig-
nificant improvement (P < .05) of REG vs ORIG is indicated with gray background.
No significant difference between REG,,p; and REG was observed. The number of
scans used for every experiment (n) is indicated.

Dataset 2 SAX apex SAX mid SAX base HLA
Native n 16 30 17 28
DSCy[%] ORIG 829+74 872+71 88.6+5.4 89.4+49
REGop; 83.4+6.8 89.2+45 89.9+28 90.7+2.9
REG 83.2+70 89.7+29 89.8+£2.7 90.0+3.0
DSCc|%] ORIG 56.2+16.9 67.1+16.4 67.9+16.0 721+13.0
REGnopr  53.8+£18.5 70.0+12.1 722+76 751482
REG 53.24+19.3 7114+9.0 714475 72.5+83
MBE[mm]  ORIG 1224038 1.27+£0.78 1.09+0.44 116 £0.49
REGop; 114+0.32 1.04+046 0.97+023 1.01+0.25
REG 115+0.32 098+0.24 0.98+0.23 1.08+0.2
Enhanced n 12 22 1 23
DSCu[%] ORIG 829+79 84.9+10.0 874+9.0 87.5+6.1
REGop; 839455 88.0+5.6 88.3+8.1 89.6+3.7
REG 83.7+5.5 88.7+4.0 88.7+6.7 89.5+3.8
DSCq[%] ORIG 5534175 61.7 £21.1 67.6 £17.7 66.3+16.0
REGnopr  539+146 65.0+153  68.0+18.0 70.4+£99
REG 52.6+15.1 66.6+12.8 69.1+14.9 69.4+11.2
MBE[mm)] ORIG 1.34+0.67 1.50+0.99 1.26+0.79 137 £0.66
REGyopi 1.23+2.35 118 +0.54 113+0.53 111+£0.34
REG 1.24+0.36 112+ 0.42 110+ 0.44 113+0.35
Co-reg n 9 19 10 21
DSC[%] ORIG 54.3+19.6 70.0+17.5 72.0+202 7534154
REGop; 71.0+10.3 82.1+6.1 81.6+9.3 809+79
REG 70.7 £10.2 82.8+4.6 81.5+9.4 80.2+8.0
DSCq[%] ORIG 255+19.6  402+20.8 45.8+25.7 499+185
REGop; 322+172 51.6+14.5 53.7+2.08 56.8+10.7
REG 30.7+18.6  52.7+13.2 54.3+18.2 54.5+10.1

MBE[mm]  ORIG 4.68 £5.23 1.71+£0.65 258+144 2.64+180
REGp; 2.25+1.90 1.71+£0.65 1.78+0.84 210+ 1.07
REG 224+090 1.64+0.49 1.78+0.87 214+1.02

Table 3

DSCy, DSC; and MBE for dataset 3 before motion correction (ORIG), after model-based mo-
tion correction without data-driven initialization (REG,p;) and after the proposed motion
correction (REG). Statistically significant improvement (P < .05) of REG vs ORIG is indi-
cated with gray background, and statistically significant improvement (P < .05) of REG vs
REGn,p; with *. All five views of 196 patients were used for validation.

Dataset 3 1 (apical) 2 3 4 5 (basal)
DSCy[%]

ORIG 649 +11.5 68.8+11.1 71.3+£10.2 722+104 73.8+9.9
REGop; 75.6+9.5 79.5+78 82.0+6.6* 82.1+74* 83.1+6.9*
REG 75.8+9.2 80.2+6.7 82.8+54 83.0+5.9 83.9+55
DSC¢[%]

ORIG 179+ 16.1 23.9+176 276 +18.4 29.7+18.2 32.3+18.9
REGyopi 39.6 +£17.6 474+15.6 532+144*  52.74+15.9* 548 +15.6
REG 39.3+173 48.2+15.0 54.5+13.3 53.9+15.2 55.7+14.7
MBE[mm)]

ORIG 3.28+149 319+1.39 319+1.36 3.34+£147 315+135
REGyop; 2.04+109 183+£0.91* 1.72+0.81* 1.83 +£0.92* 1.74+0.86*
REG 2.01+173 1.73+0.76 1.61+0.64 1.71+0.74 1.63+0.73

ment of T1 and ECV maps after motion correction is shown for the
three datasets in Figs. 4 and 5. Fig. 4a shows native T1, enhanced
T1 and ECV maps, together with their corresponding SD errormaps
(Kellman et al., 2013) before and after motion correction for one
subject of dataset 1, which clearly shows septal shift motion. For
dataset 2, one SAX mid-cavity case and one HLA case of two dif-
ferent patients are shown in Fig. 4b. The increased native T1, in-
creased ECV and higher heterogeneity in the myocardium are all in

agreement with the diagnosis of cardiac amyloidosis in these pa-
tients. Since dataset 3 is acquired under free-breathing condition,
the increase in image quality after motion correction is even more
pronounced (Fig 5).

Mean septal (native) T1 and ECV in dataset 1 significantly de-
creased respectively from 1046 +71ms and 37 +£9% before regis-
tration to 1010 +24ms and 26 +£2% after registration. The accu-
racy and SD error before and after motion correction are given in
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Fig. 5. Native T1 maps before motion correction (ORIG), after model-based motion correction without data-driven initialization (REG,p;) and with the proposed motion
correction method combining data-driven initialization and model-based registration (REG) of dataset 3 for five different patients and five different slices from apical to basal
(left to right). Because dataset 3 contains free-breathing data, motion correction is crucial for construction of T1 maps.

Figs. 6 and 7 according to the AHA convention (Cerqueira et al.,
2002). Due to frequent occurrence of septal motion in dataset 1,
the improvement in enhanced T1 accuracy is significant for seg-
ments 8 and 9. Improvement in ECV accuracy is significant for all
segments in dataset 1, with an average accuracy below 1.9% for
each segment. This can be explained by the larger motion between
native and enhanced scans compared to the motion between the
images in one scan, illustrating that registration is crucial for ECV
mapping. Accuracy is also improved in dataset 2, except for the
apical segments. Furthermore, the SD error decreases significantly
for all segments, except for native T1 of segment 11 in dataset 1
and ECV of segment 2 in dataset 2. Due to the increased motion in
dataset 3, significant improvement after motion correction is ob-
tained for every segment for both accuracy and SD error.

3.3. Robustness

Additionally, the motion correction was performed without
data-driven initialization (REG,,p; in Table 1-3 and Figs. 5 and 7).
This did not show any statistically significant deterioration com-
pared to the proposed method for the datasets acquired under
breath-hold condition (dataset 1 and 2), except for the MBE of en-
hanced scans of observer 2 in dataset 1. Because of the increased
initial motion in dataset 3, initialization is more important in this
dataset. For this dataset, omitting the data-driven initialization re-
sulted in a significant deterioration of accuracy in 15 out of 28 seg-
ments and of SD error in 11 out of 28 segments (Fig. 7).

Fig. 8 shows two examples of T1-weighted image sets before
and after motion correction and illustrates the wide variety in con-
tent and global image appearance. Especially the low-signal images
(fourth image in both sets) are difficult to register with general
purpose registration methods, but are successfully handled by our
method. This is further illustrated in Fig. 9, which shows the re-
sult of our method and of a similar approach with an alternative
data-driven initialization. This alternative initialization registers ev-
ery image to the image with maximal TI. In the latter case, the
second image (low signal image) is erroneously deformed.

The robustness of our two parameter model-based approach
compared to a more straightforward three parameter model-based
approach is evaluated on the native scans of dataset 1, using re-
spective model-based approaches without data-driven initializa-
tion. The improvement with the two parameter model was sig-
nificant for DSCy; (85.8 £4.0% vs 83.8 +£5.9%), DSC; (62.1 £9.5% vs
56.7 +15.6%) and MBE (0.68 +0.18mm vs 0.78 &+ 0.29mm).

Fig. 10 illustrates the robustness of our model-based similar-
ity function for co-registration (Eq. 6) compared to more standard
co-registration approaches, including registration of native and en-
hanced images with longest TI or registration of native and en-
hanced T1 map directly. In Fig. 10a, the epicardium is difficult
to perceive in the long TI images due to fluid around the heart
whereas in Fig. 10b the registration of the two T1 maps directly
will fail due to the increased enhanced myocardial T1 shortening
in amyloidosis patients. Joint registration of A* and T1* map avoids
these issues in both cases.

4. Discussion

In this paper, we presented a method for motion correction for
T1 and ECV mapping, which combines a model-based approach
with a data-driven initialization. In model-based registration ap-
proaches, the underlying T1 relaxation model is exploited such
that direct registration between images with largely different or
inverted contrast can be avoided, which is the main challenge
when performing registration on a set of T1-weighted images. A
difficulty in this model-based approach is that the model is esti-
mated for every pixel separately from a set of images, which is
generally suboptimally aligned before motion correction, such that
motion artifacts will also be present in the model images in case of
large motion (e.g. Fig. 2b, second image of three parameter model).
To circumvent motion artifacts in the model, Xue et al. (2012) pro-
poses to do an initial registration between the image with the
shortest TI and the image with the largest TI and uses these im-
ages to calculate the initial model images. However, decreasing the
number of sample points for curve fitting will negatively affect the
accuracy of the estimated parameters, resulting in model images
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Fig. 6. Accuracy (left) and SD error (right) of native T1 (top), enhanced T1 (middle) and ECV (bottom) before (ORIG) and after (REG) registration for (a) dataset 1 and (b)
dataset 2. Segments which show a statistically significant improvement (P < .05) after registration are indicated with +.
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Fig. 7. Accuracy (top) and SD error (bottom) of native T1 before registration (ORIG), after model-based motion correction without data-driven initialization (REG,,p;) and
after the proposed registration (REG) for dataset 3. Segments which show a statistically significant improvement after registration (P < .05) are indicated with +. Segments
in REGpop;, Which show both statistically significant improvement after registration (P < .05) and significant deterioration compared to the proposed method (P < .05) are

indicated with *. T1 and SD error are calculated with the two parameter model.

REG

(a)

(b)

Fig. 8. Five images of a native MOLLI scan from two different patients from dataset 2: (a) SA and (b) HLA images (in order of acquisition) before (ORIG) and after (REG) the
proposed motion correction. The second (SA) and last (HLA) image shown were automatically selected as reference image. The reference contour is displayed on all images.

with a contrast that deviates from the actual image. Consequently,
Xue et al. (2012) adds an additional minimization process to create
the final synthetic images used for registration, in which also sim-
ilarity of contrast to the actual images is enforced. The construc-
tion of reliable model images based on curve fitting alone, is thus
essentially a compromise between on the one hand a higher simi-
larity in contrast with the actual images by using more images and
on the other hand a motion-free model by using only the images

that are initially aligned by e.g. a standard data-driven registration
method.

In our method, the model-based registration is preceded by a
global data-driven initialization approach such that the initial mo-
tion is already partially corrected and convergence of the model-
based registration is accelerated. The data-driven approach tries to
estimate the suitability of each image pair for pairwise registra-
tion to avoid registration failures. However, this is insufficient for
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Fig. 9. T1-weighted images, in order of increasing TI, and T1 map after the proposed motion correction (top, REG) and after registration with an alternative data-driven
initialization (bottom, REGengminit). This alternative initialization registers every image to the image with maximal TI. For REGyngrinir, Misregistration is observed in the
second image (black arrow), which results in a disturbed T1 map. The chosen reference image according to our method (REF) shows an increased contrast at the epicardium
(white arrows) compared to the image with maximal TL. Only images of the first inversion are shown.

accurate motion correction on itself since the appearance of im-
ages is too variable. For example, fat is perceived as high inten-
sity structure in nearly all images, except for images with very low
TI. Images that are prone to registration failure are discarded for
data-driven registration to increase robustness. Different to our ap-
proach, Van De Giessen et al. (2013) performs model-based regis-
tration of a Look-Locker image sequence without initialization.
Furthermore, as shown in Figs. 2 and 3, using a two instead of
three parameter model for construction of model images decreases
the motion artifacts in the model images and thus increases the
robustness of motion correction, especially in images with low TL
The three parameter model however theoretically better describes
the evolution in successive T1-weighted MOLLI images than the
two parameter model, such that intuitively, motion correction ac-
curacy will be further increased when a model-based registration
step with the three parameter model is performed after our pro-
posed method. Since our initial experiments did not show clini-
cally relevant improvement with this approach, it was not ana-
lyzed further. For the data acquired using the STONE sequence,
Weingdrtner et al. (2015) showed that the two parameter model
is more precise but less accurate than the three parameter model.
A drawback of our current method is the relatively long pro-
cessing time. The cost function in data-driven initialization is con-
structed using the consistency of pairwise forward and backward
affine registration transformations, implying that ns? affine regis-
trations should be performed of which only few (~ns) are finally
used for transformation. However, this has only a limited effect on
the total computation time since the main part of it is attributed
to the repeated pixelwise curve fittings in each iteration step. This
dominance of the curve fitting process on computation time was
also reported by Xue et al. (2012) for their method. In this re-
spect, we expect the computation time for both methods (in sim-
ilar implementations) to relate to each other proportionally to the
number of iterations performed, which was five for our method
and two for Xue et al. (2012). To circumvent the long curve fit-
ting times, the possibility to use convolutional neural networks
(CNNs) for T1 map regression, as was already done for diffusion
brain imaging (Golkov et al., 2016), could be investigated in the
future. Another point for further improvement is the fact that we
rely on a fixed number of iterations in our current approach, while
depending on the prior motion and available contrasts in the im-
age set, convergence speed might vary. It would therefore be use-
ful to include a stopping condition, e.g. based on the SD error in-
side the heart (see Fig. 4), that automatically evaluates the quality
of image alignment and the improvement of image alignment in
subsequent iteration steps. Since discernible motion is present in

only about 40 — 56% of MOLLI breath-held datasets according to
Xue et al. (2012, 2013) and Roujol et al. (2015)), such a quality
evaluation metric might also be useful to judge whether motion
correction is a priori necessary.

For the registration of native and enhanced T1 maps to obtain
a motion-free ECV map, two different approaches are found in
literature: (1) registration of native and enhanced T1 map directly
(Zhang et al., 2018), (2) registration of native and enhanced images
with the longest TI (Kellman et al., 2012). We proposed to perform
co-registration by optimizing a similarity function, which is the
sum of the mutual information between images of the A* and
T1* parameters of Eq. 5 to optimally exploit the information of a
complete set of T1-weighted images, since both images contain
complementary information. This especially improves the regis-
tration result in cases where different structures appear equally
intense in one of the images. For example, the epicardium can
be difficult to perceive in images with long TI when the heart
is surrounded by fluid (Fig. 10a) or the enhanced T1 map can
have low contrast between myocardium and blood pool in case of
amyloidosis (Fig. 10b). The reason to choose the T1* and A* images
over the T1, A and B images, which could be obtained from Eq. 4 is
that both image sets contain similar information, that the former
is readily available in our framework and that including both
A and B images will lead to increasing computation time while
the additional benefit was found to be very limited in an initial
experiment.

As no direct registration ground truth is available, we validated
our method using manual segmentations, as Xue et al. (2012),
Roujol et al. (2015), Huizinga et al. (2016), Guyader et al. (2016),
Van De Giessen et al. (2013), and El-Rewaidy et al. (2018). These
are inherently biased by the segmentation strategy of the observer
as can be appreciated from the large inter-observer variability on
dataset 1 (Table 1). The obtained DSCy, (DSC;) of observer 1 is con-
sistently smaller than that of observer 2. Furthermore, since it is
difficult to delineate the myocardium in low contrast images or
low signal images, also intra-observer variability is likely in these
segmentations, which can introduce additional bias on DSCy;, DSCg
and MBE. Nevertheless, we included the segmentations of all im-
ages as alignment of these images is also crucial for accurate T1
estimation since their pixel intensities are located in the initial,
most steeply ascending part of the exponential T1 relaxation curve
(see Section 2.1.1). In our results, we found significant improve-
ment of DSCy;, DSC; and MBE after motion correction. However,
the significance of the difference between the values before and
after motion correction is not only dependent on the registration
algorithm itself, but also on the amount of motion initially present
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Fig. 10. Three different approaches for co-registration: registration of native and enhanced image with maximal TI (top), registration of native and enhanced T1 map (middle)
and joint registration of T1* and A* images (Eq. 6). The images that are registered in every approach are shown for a patient with fluid around the heart (a) and an

amyloidosis patient (b). The resulting ECV map after registration is also shown.

in the images. For data with little or no motion, the purpose can-
not be to significantly increase DSC, but rather not to deteriorate it.
In Table 1-3, both DSCy and DSC; are shown where DSC,; repre-
sents the average overlap between any two images and DSC; gives
the percentage of myocardial area in which there is overlap for all
images used to construct a T1/ECV map. In this sense, DSC; might
seem a more valuable measure to judge the quality of T1 and ECV
but it might be too rigorous since misalignment of every image
has not the same effect on calculated T1 and ECV. To obtain a
more valuable measure of motion correction, which directly rep-
resents the improvement of T1 or ECV accuracy, the deviation in
T1 due to misalignment of every image should be determined and
should be taken into account in the validation measure. Due to the
large variation in image contrast, TI and T1 among images and pa-
tients, this is however a difficult task. As an alternative, segmen-
tal T1 and ECV accuracy and SD error were calculated. To calculate
the accuracy, a ground-truth reference T1 and ECV value is needed,
which we obtained by assuming perfect image alignment if the
manual contours exactly overlap, while as discussed before, these
contours suffer from inter- and intra-observer variability. Addition-
ally, since correspondence of the contours is only enforced at endo-
and epicardium, no constraints are available from the data itself on
how the transformation should act inside the myocardium. Hence,
we forced this transformation to be smooth by using a thin-plate
spline model. Furthermore, the SD error for ECV map is a scaled
sum of the native and enhanced T1 error and is therefore limited
in capturing registration errors between native and enhanced T1,
for example, around the septum.

We compared our results with the results of El-Rewaidy
et al. (2018) by using their dataset and manual contours (dataset 3)
and found similarly improvement of DSC (5% increase in their DSC
and 11% in our DSCy; on dataset 3) and MBE (a decrease of 1mm
and 1.5mm respectively), although the actual values differ. This is
probably due to a slightly different definition of both metrics. A
thorough comparison of performance of the data-driven method of

Roujol et al. (2015), ARCTIC, is difficult, but we will highlight two
differences. First, whereas our method requires only an indication
of a ROI around the heart, which should be easy to automate in
the future, ARCTIC requires a delineation of LV in the reference
image for both steps of their algorithm (global motion estimation
and local non-rigid motion estimation). Second, we defined an au-
tomatic procedure to determine the reference image in de data-
driven initialization. Roujol et al. (2015) in contrast heuristically
defined the image with the second longest TI (native images) or
longest TI (enhanced images) to be the reference. Although these
are valid choices, they are chosen for the specific acquisition se-
quences and thus not transferable to other acquisitions since the
performance of registration algorithms is dependent on the choice
of reference image as demonstrated in Huizinga et al. (2016). Fur-
thermore, ARCTIC treats the registration of every T1-weighted im-
age as a separate problem, instead of our groupwise approach. This
second comment also applies to the method of Zhang et al. (2018),
who chooses the image with the longest TI as reference. In con-
trast, Huizinga et al. (2016) did propose a groupwise approach that
is based on the assumption of a non-specified low signal model
in the data. Because this method directly minimizes a similarity
metric over all images, it is more computationally efficient than
our two-step iterative approach of model-fitting and registration.
However, we showed that in case of large motion, initialization
is crucial before application of a model-based method. Contrary
to Xue et al. (2013) who uses phase information for motion cor-
rection and Menini et al. (2015) who performs motion correction
jointly with MR image reconstruction, our algorithm is completely
retrospective. An advantage of our framework is also that if new
acquisition schemes are developed that require a different model
(e.g. Shao et al., 2015), it is in principle possible to simply adapt
the fitting function.

Every attempt to increase the accuracy of the T1 and ECV tech-
nique will impact clinical practice since a smaller range of normal
and pathological T1 and ECV values will allow to better detect sub-
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tle changes not related to inaccuracies of the technique (e.g. in-
fluence of breathing). If our motion correction algorithm is able
to decrease these ranges, this will allow to improve early detec-
tion of certain disease, follow up of disease progression and mon-
itoring of the impact of therapies. In an experiment on a small
group of healthy subjects (dataset 1), we demonstrated that the
range of septal T1 (std from 71 to 24ms) and ECV (std from 9 to
2ms) decreased after motion correction. More research is necessary
to thoroughly evaluate the impact of motion correction on clinical
outcome. Co-registration of native and enhanced scans is generally
more critical to obtain accurate ECV values compared to the regis-
tration for T1 mapping with breath-held acquisitions, since patient
motion is more likely to occur during the time between the two
scans (~15min.) and since, for the breath-held acquisitions, both
scans are acquired in a different breath-hold. As a result, clinical
use of ECV maps lags the use of T1 maps and only few software
tools for research purpose exist (e.g. Altabella et al., 2017). Instead,
one ECV value for the septal region is usually calculated from one
septal native and enhanced T1 value. Motion correction allows to
construct more reliable ECV maps and thereby promotes the adop-
tion of ECV maps in the clinic.

5. Conclusion

In this paper, we presented a robust model-based method for
motion correction to obtain artefact-free T1 and ECV maps. Valida-
tion on 3 datasets showed a significant increase in DSCy, decrease
in MBE and improved accuracy for T1 and ECV mapping in cases
with notable motion. Motion correction in T1 and ECV mapping is
highly clinically relevant in cases with substantial motion such as
in respiratory-gated free-breathing data but also for ECV mapping
in breath-held acquisitions.
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