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a b s t r a c t 

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 

82.3 ± 7.4% (P < 0.05) and mean boundary error decreased from 2.91 ± 1.51 mm to 1.62 ± 0.80 mm (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 ± 2.64 mm to 1.77 ± 0.86 mm (P < 0.05) between native and enhanced sequences (dataset 1 and 2). 

Overall, the native T1 SD error decreased from 67.32 ± 32.57 ms to 58.11 ± 21.59 ms (P < 0.05), enhanced SD 

error from 30.15 ± 25 ms to 22.74 ± 8.94 ms (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. 
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1. Introduction 

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
∗ Corresponding author at: KU Leuven, 30 0 0 Leuven, Belgium. 

E-mail address: sofie.tilborghs@kuleuven.be (S. Tilborghs). 
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f T1-weighted images, acquired over multiple heart cycles, us-

ng a dedicated imaging protocol e.g. the Modified Look-Locker

nversion recovery protocol (MOLLI) ( Messroghli et al., 2004 ) or

he free-breathing multislice slice-interleaved T1 sequence (STONE)

 Weingärtner et al., 2015 ). In MOLLI, 2D T1-weighted images are

ypically acquired using two or three inversion pulses with multi-

le read-outs after each inversion pulse, while in STONE, a single

mage is acquired after each inversion, in theory eliminating distur-

ance of the relaxation curve by multiple read-outs. Additionally,

n ECV map ( Kellman et al., 2013 ) can be constructed by combin-

ng the T1 map before (native) and after (enhanced) gadolinium

ontrast injection. 

Motion artifacts in the pixel-wise T1 map, and consequently

n the pixel-wise ECV map, appear when the sequence of T1-

eighted images is misaligned due to involuntary patient motion,

https://doi.org/10.1016/j.media.2018.12.004
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2018.12.004&domain=pdf
mailto:sofie.tilborghs@kuleuven.be
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breathing multi-slice protocol ( El-Rewaidy et al., 2018 ) 
ardiac motion and/or respiratory motion. Despite ECG-gating and

cquisition in mid- or end-diastole, artifacts can result from heart-

ate related triggering errors or drifts, which appear as stochas-

ic non-rigid motion over the images. Respiration related motion is

enerally more continuous in time and is often limited by impos-

ng breath hold during acquisition, although also a trend towards

ree-breathing acquisition, using a respiratory navigator, is notable.

owever, even in breath-held acquisitions, respiratory-related mo-

ion artifacts cannot be eliminated completely due to the subject’s

nability or noncompliance to repeated breath-hold instructions in

 usually long cardiac MRI exam, diaphragmatic drift or septal

hifts resulting from pressure differences between both ventricles

uring a breath-hold. Retrospective non-rigid motion correction is

hus imperative for correct quantification of T1 in the whole my-

cardium. 

The use of off-the-shelf state-of-the-art generic data-driven im-

ge registration approaches ( Viergever et al., 2016 ) for this ap-

lication is complicated by the intrinsic complexity of the image

ata, including contrast inversion, partial volume effects and signal

ulling for images acquired near the zero crossing of the T1 relax-

tion curve ( Xue et al., 2012 ), such that dedicated approaches are

eeded. Furthermore, obtaining a motion-free set of T1-weighted

mages requires aligning more than two images implying that also

 registration strategy (i.e. pairwise to reference or groupwise)

hould be specified. 

In Roujol et al. (2015) , a local non-rigid registration frame-

ork based on optical flow was developed that simultaneously es-

imated the motion field and the intensity variation to cope with

he large variations in contrast. All images are transformed to a

eference image, which is chosen to be the image with the largest

r second largest inversion time (TI). In Huizinga et al. (2016) ,

 groupwise method for quantitative MRI, including T1 mapping,

as proposed whereby all images are registered simultaneously

o a mean space by minimization of a cost function based on

rincipal component analysis (PCA), assuming a non-specific low

imensional signal model. This method was validated on human

ardiac data in Tao et al. (2018) . Guyader et al. (2016) uses a

heoretically-derived total-correlation-based metric instead of the

mpirically-determined PCA-based cost in the same framework.

ecently, Zhang et al. (2018) proposed to perform motion cor-

ection in T1 mapping by maximizing the similarity of normal-

zed gradient fields between the reference image (the image with

ongest TI) and any other image, combined with an elastic regular-

zer. The same algorithm is used to perform registration between

he native and enhanced T1 map. 

Model-based approaches on the other hand exploit the under-

ying T1 relaxation model, such that direct registration between

mages with largely different or inverted contrast can be avoided.

n Xue et al. (2012) , motion free-synthetic images resembling the

riginal contrasts are constructed based on a crude initial T1 es-

imate to guide the registration. This initial T1 map is estimated

rom two images with respectively the shortest and longest TI,

hich have been registered to avoid motion artifacts. Alignment

etween the synthetic and original images is achieved with a

ast variational non-rigid image registration framework. In Van De

iessen et al. (2013) , the error on the exponential curve fitting,

hich is assumed to increase in case of misalignment, is directly

sed as registration criterion to spatially align the images ob-

ained from a Look-Locker sequence. In this acquisition sequence,

o ECG-gating is performed and more T1-weighted images (typ-

cally 30) are used. In practice, this is implemented as an itera-

ive approach, which alternately fits the exponential curve pixel-

y-pixel through the datapoints and minimizes the error between

he model intensities and the real intensities. Both steps use the

um-of-squared differences as optimization metric. A limitation of

hese model-based algorithms is however that a good initialization
or T1 is required, which in practice involves a sufficiently accu-

ate initialization of the registration. Furthermore, relying on the

odel is complicated by the need for signal polarity restoration

hen magnitude-reconstructed images are used. 

A third category of registration methods, besides data-driven

nd model-based approaches, is a segmentation-based registra-

ion approach. In such approach, correspondence of segmenta-

ions of myocardium or other structures among the different im-

ges is used as similarity criterion for motion correction. An

xample for native T1 mapping was recently presented in El-

ewaidy et al. (2018) where a segmentation of the myocardium in

very T1-weighted image is obtained using an active shape model

ASM). Registration is subsequently achieved by estimating rigid-

nd non-rigid transformation parameters to align all contours to

he reference contour, which is chosen to be the contour of the im-

ge with maximal contrast (shortest TI). A registration based on a

lobal segmentation of the myocardium alone has as main disad-

antage that correspondence of images is only enforced at endo-

nd epicardium, which is an important limitation in case of focal

iseases (e.g. focal fibrosis or myocardial infarction). 

Related to the problem of motion correction for T1 mapping is

otion correction in myocardial perfusion imaging ( Gupta et al.,

012 ), for which a challenge has been organized at STACOM

014 ( Pontre et al., 2016 ). In perfusion imaging, also a set of

1-weighted images with different contrast is available, although

here are typically more images ( ∼ 40-60), thus requiring a longer

reath-hold (45-50s) ( Gupta et al., 2012 ). Furthermore, whereas

or T1 mapping the intensity of the left ventricle (LV) and right

entricle (RV) blood pool can be assumed to be identical in one

mage, this is not the case in perfusion imaging. For this prob-

em, also model-based approaches have been presented e.g. by

ikhite et al. (2015) . In their method, they construct model images

ased on a diffusion model, which requires the arterial input func-

ion from the RV blood pool. The model is thus not only dependent

n the intensity values of a single pixel as is the case for T1 map-

ing and requires a prior segmentation. 

In this paper, we present a model-based registration method

or T1 mapping, which iteratively minimizes the errors on the T1

urve fit by registering each image to its corresponding model de-

ived from estimated parameters during T1 curve fitting. Compared

o existing model-based algorithms, we propose a robust data-

riven initial registration to avoid large bias in the initial T1 es-

imate in cases with large motion. Robustness is assured by au-

omatically determining an optimal registration sequence for each

mage and by exploiting specific knowledge about the acquisi-

ion to identify the low-signal images in the sequence that are

ifficult to register, requiring specific attention. Additionally, we

hoose to use a two parameter exponential model instead of a

hree parameter model during registration to further increase ro-

ustness. Finally, we also integrate co-registration of the native

nd enhanced images in the framework to obtain motion free ECV

aps. We validated our algorithm on different in-vivo datasets us-

ng both segmentation-based error metrics and metrics directly

epresenting the reliability of T1 and ECV values. An initial ver-

ion of this work was presented in Tilborghs et al. (2017a) and

ilborghs et al. (2017b) . New contributions in this paper are: 

• Two parameter instead of three parameter model for model-

based registration to increase robustness and convergence 
• 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-
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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 n and ns e 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. 
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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 1 to I ns 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 a and I b , which takes into account 1) the consistency

C c ( a, b ) between their forward T a → b and backward T b → a affine

registration transformation and 2) the similarity C s 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: 

(a, b) = (C c (a, b) + C c (b, a )) + w · (C s (a ) + C s (b)) , (1)

where 

 c (a, b) = 

∥∥(T b→ a · T a → b − I ) · c a 
∥∥ (2)

with c a a set of samples in image I a on which the registrations are

evaluated and 

 s (a ) = 

1 ∑ 

i MI(T (a ) , i ) + MI(a, T (i )) 
(3)
he inverse of the total mutual information ( MI ) of image I a with

ny other image I i . The two terms are balanced by the weight w

o have a more or less equal contribution to the cost C ( a, b ). The

loyd-Warshall algorithm ( Floyd, 1962 ) is subsequently applied to

he cost matrix C to determine the sequence of pairwise image reg-

strations for which the total accumulated cost C opt ( a, b ) to trans-

orm any image I a to any image I b is minimal. For example, the

ost C ( a, b ) of transforming I a → I b might be larger than the sum

f the cost to transform I a → I c and I c → I b , resulting in C opt (a, b) =
(a, c) + C(c, b) in this case. Finally, the cost for choosing every im-

ge I a as reference image is calculated as C tot (a ) = 

∑ 

i C opt (i, a ) . The

mage I r for which C tot ( r ) is minimal, is selected as reference image.

The required pairwise registrations are subsequently refined by

on-rigid registration. Each image is then warped to the reference

mage by concatenating the transformations according to its opti-

al registration sequence. 

Because images with low signal were found to be difficult to

egister with any other image, they are treated differently to in-

rease registration robustness. These images are automatically de-

ected in the scan based on their average signal intensity over the

egion of interest (ROI) ( Section 2.3 ) and are initially only aligned

ffinely with the reference image, based on the affine registrations

f their adjacent images in acquisition order, assuming the affine

otion component to be continuous. 

odel-based registration. The intensities s ( t ) in corresponding pix-

ls of the images of a T1-weighted scan, acquired at timepoints t

fter the inversion pulse, follow an exponential model of T1 relax-

tion. For the MOLLI acquisition protocol ( Messroghli et al., 2004 ),

 three parameter model is commonly used: 

 (t) = A − B · e 
− t 

T app , (4)

here A and B are dimensionless parameters, T app is the apparent

1 and the true T1 is T 1 = T app · ( B − 1) . From the estimated pa-

A 
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ameters A, B and T app in Eq. (4) , ideal model images I m 

t can be de-

ived for every timepoint t in the sequence with similar contrast as

he original images I t , but with reduced motion artifacts ( Fig. 2 b).

ence, it is expected that in case of misalignment, the difference

etween I m 

t and I t will increase ( Mewton et al., 2011 ). Following

his hypothesis, refinement of the registration can be achieved by

ransforming I t to minimize a similarity cost between I m 

t and I t and

terating the estimation of model parameters and the transforma-

ion step ( Tilborghs et al., 2017b ). 

However, since in practice relatively few images are obtained

n the initial, most steeply ascending part of the exponential T1

elaxation curve, the intensities in the images with low inversion

ime t will dominate the estimation of A, B and T app . In case of

isalignment of one or few of such images, the appearance of cor-

esponding model images will be dominated by the actual image

tself, such that no or only slow convergence of motion correction

an be achieved. 

To improve convergence, we propose to use a more robust

odel ( Fig. 2 ) to calculate our model images I m 

t , which contains

nly two parameters ( Weingärtner et al., 2015 ): 

 (t) = A 

∗ · (1 − 2 · e −
t 

T1 ∗ ) , (5)

here A 

∗ is a dimensionless parameter and T 1 ∗ is an estimation for

1. The optimal parameters are estimated using the Nelder-Mead

implex direct search algorithm ( Lagarias et al., 1998 ). Because

agnitude-reconstructed images are used in our experiments, the

xponential curve cannot be fitted directly through the image in-

ensities as the polarity of the signals is unknown. Hence, we use

 multifitting approach ( Nekolla et al., 1992 ) where for each pixel,

ve curve fittings are performed (none, one, two, three or four first

oints inverted). The curve fitting with the lowest squared error is

onsidered to be the correct one. 

We iteratively repeat the calculation of model images using the

wo parameter model and the non-rigid registration of the actual

mages to the estimated model images. In every step, a new T 1 ∗

ap and new model images with reduced motion artifacts are ob-

ained. 

.1.2. Motion correction for ECV mapping 

To obtain a motion free ECV map, alignment of the native and

nhanced T1 map is required. We propose to perform a joint reg-

stration of T 1 ∗ maps and images of the A 

∗ parameter of Eq. (5) by

inimizing the sum of mutual information between both image

airs: 

 co (T co , T 1 

∗
n , A 

∗
n , T 1 

∗
e , A 

∗
e ) = MI(T 1 

∗
n , T co (T 1 

∗
e )) + MI(A 

∗
n , T co (A 

∗
e )) 

(6) 

here T co is the transformation applied to the enhanced images

nd the subscripts n and e refer to the native and enhanced scan

espectively. By exploiting the complementary information in both

mages, a more robust motion correction can be achieved. Fur-

hermore, since both images are readily available from the model-

ased registration for motion free T1 maps, no additional T1 calcu-

ation step has to be performed. 

.2. Construction of T1 and ECV maps 

After motion correction, motion free T1 maps can be con-

tructed using the most appropriate relaxation model for the

dopted acquisition protocol, e.g. the three parameter model ( Eq.

4) ) for MOLLI acquisitions or the two parameter model ( Eq. (5) )

or STONE acquisitions. The chosen model for the final T1 map is

ndependent of the model used for registration. 
Motion free ECV maps can additionally be obtained by combin-

ng native and enhanced T1 maps: 

CV = (1 − HCT ) ·
( 

1 
T 1 e 

− 1 
T 1 n 

1 
T 1 blood,e 

− 1 
T 1 blood,n 

) 

(7) 

here HCT is the hematocrit of the patient, i.e. the percentage of

ed blood cells in the blood. The subscripts n and e refer to native

nd enhanced respectively and blood to reference blood T1 values

btained from a manually selected region in the left ventricular

lood pool. 

.3. Implementation 

The proposed framework is implemented in Matlab and has

een executed on an iMac with 3.5 GHz Intel Core i5 processor and

2 GB RAM. The pairwise registrations are calculated using Elastix

 Klein et al., 2010 ). 

Prior to registration, a rectangular ROI around the heart is man-

ally selected on the first image of each sequence in order to fo-

us the registration on the heart only and to decrease computa-

ional complexity. The co-registration additionally uses a registra-

ion mask representing the heart. This mask is automatically seg-

ented from the native T1 map obtained after initial data-driven

egistration using low level segmentation techniques. 

The non-rigid transformations are parameterized using a B-

pline ( Rueckert et al., 1999 ) regularized with a rigidity penalty

 Staring et al., 2007 ), which constrains deformation identically over

he whole image domain. The mutual information similarity mea-

ure is used for data-driven initialization and co-registration. For

he set of samples required to evaluate the pairwise affine regis-

rations ( Eq. (2) ) in the data-driven initialization only one sample,

he center point in the ROI, is used, as using more points was not

ound to influence overall performance. The model-based motion

orrection minimizes the normalized cross-correlation between ev-

ry corresponding actual image and model image since their in-

ensities are expected to be similar. We perform five steps of the

odel-based motion correction. 

Computation time to obtain two registered T1 maps (native and

nhanced, typically about 10 images per scan) and a registered ECV

ap with this implementation, which is not optimized for speed,

s about fifteen minutes. The model-based registration, including a

ew curve fitting in every iteration, takes about 80s per iteration

nd thereby consumes major part of the time. 

.4. Evaluation 

.4.1. Phantom experiment: Two versus three parameter model 

To demonstrate the improved performance of our two parame-

er model registration versus a more straightforward three param-

ter model registration, we compared the two methods on a phys-

cal phantom. The phantom was constructed using three cylinders

epresenting respectively the native T1 of blood, myocardium and

at ( Fig. 3 a). Two native MOLLI-scans, shifted 5mm in the vertical

mage direction, consisting of 10 T1-weighted images (repetition

ime = 2.06 ms , echo time = 0.93 ms , FOV = 300 × 300 mm 

2 , acqui-

ition matrix = 152 ×150, reconstructed pixel size = 1.17 ×1.17mm,

lice thickness = 8 mm , flip angle = 35 ° and sensitivity encod-

ng factor = 2) and assuming a heart rate of 66 BPM were ac-

uired with a 1.5T MR scanner (Ingenia, Philips Healthcare, Best,

he Netherlands) following the 5s(3s)3s MOLLI scheme. The two

cans are used to create 10 new sequences where for each se-

uence, one image is displaced with respect to the others. We ap-

lied the model-based step of our registration method (thus with-

ut data-driven initialization) to each of the new sequences and

alculated the remaining average displacement error of the shifted

mage 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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Fig. 3. (a) T1-weighted phantom images in order of increasing TI. (b) Residual displacement, for an initial translation of 5mm in the vertical direction of each image 

separately, after registration using a three (top) or two parameter (bottom) model. (c) Result when shifting the first image (shortest TI) only (left panel) or the second 

image (2nd shortest TI) only (right panel). Both panels show from left to right: ground truth image; original image (after initial displacement); recovered image with three 

parameter model; recovered image with two parameter model. The bottom row shows the corresponding (three parameter fitted) T1 maps. The larger residual displacements 

of the three parameter model shown in Fig. 3 b result in a disturbed T1 map, especially for image 1. 

2

 

d  

1  

i  

h  

y  

l  

R  

T  

o

 

1  

l  

6  

r  

(  

5  

2  

u  

i  

1  

2  

t  

=  

p  

i  

p  

=  

c  

a  

a

 

e  

p  

(  

b  

H  

a  

t  

t  

t  

1  

s

 

(  

o  

o  
.4.2. In vivo validation 

For the validation of our registration framework we used three

ifferent datasets: (1) a dataset of healthy, young athletes (n =
5, males (M) = 7, age = 16 + / −1 years), (2) a dataset contain-

ng all T1-weighted image sequences from our CMR database with

istologically confirmed cardiac amyloidosis in a period of two

ears (n = 29, M = 24, age = 72 + / −10 years) and (3) the pub-

icly available dataset of free-breathing T1 mapping data of El-

ewaidy et al. (2018) (n = 210, M = 134, age = 57 + / −14 years).

he use of datasets 1 and 2 was approved by the ethical committee

f our hospital (S60774). All datasets were processed identically. 

The 2D + time scans of dataset 1 and 2 were recorded using a

.5 T MR scanner (Achieva (athletes) and Achieva or Ingenia (amy-

oidosis patients), Philips Healthcare, Best, the Netherlands) and a

-channel (Achieva) or 32-channel (Ingenia) cardiac phased array

eceiver coil. For the enhanced scans, 0.15 mmol/kg of gadobutrol

Gadovist, Bayer Schering) was administered to the subjects. The

s(3s)3s and the 4s(1s)3s(1s)2s MOLLI schemes ( Messroghli et al.,

004; Kellman and Hansen, 2014 ), imposing breath-hold, were

sed for the native and enhanced scans respectively. Follow-

ng these schemes, 7 to 16 images per native scan and 9 to

6 images per enhanced scan were obtained (repetition time =
.24 ± 0.10 ms , echo time = 1.03 ±0.05 ms , flip angle = 35 °, sensi-

ivity encoding factor = 2). The typical image geometry was FOV
 300 × 300 mm 

2 , acquisition matrix = 152 × 150, reconstructed

ixel size = 1.17 × 1.17 mm 

2 and slice thickness = 10 mm , although

n about 12% of the image sequences a different FOV, matrix and

ixel size was used e.g. FOV = 348 × 348 mm 

2 , acquisition matrix

 176 × 174 , reconstructed pixel size = 1.09 × 1.09 mm 

2 . The mid-

avity short-axis images of dataset 1 and short-axis (SAX) images

t three levels (base, mid and apical) as well as horizontal long

xis (HLA) views of dataset 2 were used for validation. 

The third dataset contains native SAX images at five lev-

ls from apical to basal for 210 patients with known or sus-

ected cardiovascular disease, acquired using the STONE sequence

 Weingärtner et al., 2015 ). The scans were recorded under free-

reathing condition using a 1.5 T MR scanner (Achieva, Philips

ealthcare, Best, the Netherlands), a 32-channel cardiac phased

rray receiver coil and a respiratory navigator using prospective

racking with navigator tracking slice factor of 0.6. Each scan con-

ains 11 T1-weighted images with repetition time = 2.7 ms , echo

ime = 1.37 ms , flip angle = 70 °, sensitivity encoding factor =
.5, FOV = 360 × 351 mm 

2 , acquisition matrix = 172 × 166, recon-

tructed pixel size = 1.13 × 1.13 mm 

2 and slice thickness = 8 mm . 

The endo- and epicardium were manually delineated on every

non-corrected) T1-weighted image by two different, independent

bservers to assess the inter-observer variability (dataset 1), or one

bserver (dataset 2 + 3). After registration, the segmentations were



218 S. Tilborghs, T. Dresselaers and P. Claus et al. / Medical Image Analysis 52 (2019) 212–227 

Fig. 4. (a) From left to right: native T1, enhanced T1 and ECV maps and corresponding SD errormaps ( Kellman et al., 2013 ) of dataset 1 before ( ORIG ) and after ( REG ) 

registration. In this subject, septal shift motion can be observed before registration. (b) From left to right: native T1, enhanced T1 and ECV maps before ( ORIG ) and after 

( 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. 
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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, l ) in a na-

tive or enhanced scan: 

DSC M 

= 

∑ ns 
k =1 

∑ ns 
l =1 ,l � = k DS C(k, l) 

ns · (ns − 1) 
, (8)

with 

DSC(k, l) = 

2 · (S k 
⋂ 

S l ) 

S k + S l 
, (9)

where S k 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, l ) averaged over all native-enhanced image

pairs is used: 

DSC M,co = 

∑ ns n 
k =1 

∑ ns e 
l=1 

DSC(k, l) 

ns n · ns 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: 

DSC G = 

ns · (S 1 
⋂ 

S 2 . . . 
⋂ 

S ns ) 

S 1 + S 2 + . . . + S ns 
. (11)
dditionally, the mean distance between endo- and epicardial con-

ours of different images is calculated (Mean Boundary Error, MBE )

nd averaged over all possible image pairs identically as for DSC M 

nd DSC M, co . 

To assess the influence of the motion correction on actual

1 and ECV values, accuracy of native and enhanced T1 values

s well as of ECV values is determined for the different car-

iac segments proposed by the American Heart Association (AHA)

 Cerqueira et al., 2002 ) before and after registration. The differ-

nt segments are obtained by manual delineation of the refer-

nce image. Segmental T1 and ECV accuracy are calculated simi-

arly as in El-Rewaidy et al. (2018) to be the mean of the differ-

nce between the pixelwise T1/ECV values in the segment of inter-

st and a ground truth T1/ECV value for this segment. To calculate

he ground truth T1/ECV values, a ground truth image alignment

s first obtained by warping all T1-weighted images to the refer-

nce image (see Section 2.1.1 ) using a thin-plate spline transfor-

ation model to exactly align the manually delineated contours.

he pixelwise T1/ECV values of these warped images are calcu-

ated inside the manual segmentation of the reference image and

 single ground truth value per segment is obtained by averag-

ng. Additionally, standard deviation (SD) error, calculated accord-

ng to Kellman et al. (2013) , is used. This metric represents the SD

f T1/ECV estimate in T1/ECV units for every pixel separately to

onstruct so-called SD maps (see Fig. 4 a) and is obtained by trans-

orming the SD of the error on the curve fit into the SD of the
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Table 1 

DSC M , DSC G and MBE for dataset 1 before motion correction ( ORIG ), after model-based motion correc- 

tion without data-driven initialization ( REG noDI ) 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 noDI 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 

DSC M [%] 

ORIG 79.1 ± 9.2 84.8 ± 7.7 76.4 ± 17.3 81.1 ± 1.3 39.4 ± 20.7 52.5 ± 21.5 

REG noDI 85.8 ± 4.0 87.5 ± 2.8 84.7 ± 8.6 87.1 ± 7.1 80.1 ± 5.2 83.2 ± 3.8 

REG 85.7 ± 3.7 87.0 ± 3.4 86.0 ± 5.8 88.0 ± 4.9 80.5 ± 4.0 83.6 ± 2.8 

DSC G [%] 

ORIG 53.1 ± 17.9 63.7 ± 16.3 49.1 ± 26.8 58.8 ± 24.4 11.3 ± 9.8 24.4 ± 15.2 

REG noDI 62.1 ± 9.5 67.1 ± 7.2 57.2 ± 18.1 64.5 ± 18.5 42.1 ± 15.9 50.4 ± 15.3 

REG 61.1 ± 8.3 64.9 ± 8.7 60.2 ± 13.7 66.9 ± 12.2 41.3 ± 13.2 51.24 ± 9.9 

MBE [ mm ] 

ORIG 1.17 ± 0.48 1.21 ± 0.53 1.40 ± 1.29 1.58 ± 1.41 3.76 ± 1.81 3.74 ± 1.96 

REG noDI 0.68 ± 0.18 0.86 ± 0.17 0.75 ± 0.57 0.96 ± 0.58 ∗ 0.97 ± 0.29 1.20 ± 0.27 

REG 0.68 ± 0.16 0.88 ± 0.22 0.67 ± 0.31 0.88 ± 0.39 0.94 ± 0.22 1.15 ± 0.17 
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stimated parameters (i.e. T1, ECV). The transformation of SD was

erived analytically in Kellman et al. (2013) . The SD error was av-

raged per segment and reported similarly as for accuracy. We fur-

her calculated the septal T1 and ECV values (segments 8 and 9)

n dataset 1, using the contours of the reference image, to define

heir range in this healthy group. 

The statistical significance of all obtained results is assessed us-

ng the two-sided Wilcoxon signed rank test with a significance

evel of 5%. 

.4.3. Robustness 

Robustness of the different steps of our approach is shown

hrough four separate experiments: 1) To demonstrate the need for

ata-driven initialization, DSC M 

, DSC G and MBE are additionally cal-

ulated for a registration approach where the data-driven initial-

zation is omitted. 2) We illustrate the improved performance of

ur data-driven initialization compared to a simpler initialization,

hich performs a pairwise registration of each image to the image

ith maximal TI, with an example. 3) The robustness of a two pa-

ameter model compared to a three parameter model is evaluated

n the native scans of dataset 1 (n = 15). Similar to the phan-

om experiment, data-driven initialization was omitted. 4) The ro-

ustness of our co-registration approach is shown for two cases for

hich native and enhanced scans are difficult to align using one of

he two most straightforward registration approaches: registration

f native and enhanced T1-weighted image with maximal TI and

egistration of native and enhanced T1 map directly. 

. Results 

.1. Phantom experiment 

Fig. 3 a and b show respectively the different T1-weighted im-

ges in the phantom scan (in order of increasing TI) and the re-

aining displacement error in vertical direction after model-based

egistration with a two or three parameter model when the corre-

ponding image is initially translated. The translation of images 3

o 10 can be equally well corrected by both models, but while the

wo parameter model is able to obtain an average accuracy smaller

han 1 mm for all images, the three parameter model completely

ails to restore alignment if the first image (lowest TI) is displaced

 Fig. 3 c). 
.2. In vivo validation 

The DSC M 

, DSC G and MBE for the three datasets and for differ-

nt observers or slices are given in Table 1 –3 . All results are given

s mean value ± standard deviation (std). The three datasets are

onsiderably different in prior motion, which is reflected in their

SC M 

, DSC G and MBE values before motion correction. 

Dataset 1 contains notable motion, in particular also septal shift

e.g. Fig. 4 a). For native scan, enhanced scan and co-registration,

ignificant improvement is obtained after registration. Further-

ore, a significant difference can be observed between the values

or the different observers: the inter-observer DSC , evaluated be-

ore motion correction, is equal to 79.0 ± 5.1% and 76.9 ± 6.7% for

ative and enhanced images respectively. Additionally, the endo-

ardial MBE equals 1.15 ± 0.36 mm and 1.30 ± 0.39 mm and the epi-

ardial MBE 1.64 ± 0.36 mm and 1.71 ± 0.42 mm respectively. These

alues for the inter-observer variability are typically lower ( DSC ) or

igher ( MBE ) than the average results obtained after registration. 

Dataset 2 is generally characterized by limited motion and a

hicker myocardium resulting in larger initial DSC M 

and DSC G . Sta-

istically significant increase of DSC M 

was only obtained for the

ative mid-cavity SAX image set, for the enhanced HLA image set

nd for the co-registration of apical and mid-cavity SAX. DSC G only

mproved for co-registration of apical and mid-cavity SAX image

ets. A statistically significant decrease in MBE was additionally ob-

ained for the enhanced mid-cavity SAX image set. It can also be

bserved that registration accuracy, as assessed by DSC M 

and DSC G 
 MBE ) based on manually defined contours, is lower (higher) for

pical slices, which is likely due to the more complicated and vari-

ble appearance (e.g. papillary muscles) of the apex complicating

oth the registration as well as the manual segmentation. 

Dataset 3, acquired under free-breathing condition, contains the

argest motion of the three datasets. Statistically significant im-

rovement after motion correction is observed for all slices for

SC M 

, DSC G and MBE . Similarly to dataset 2, DSC M 

( DSC G ) and MBE

re respectively lowest and highest for apical slices. Furthermore,

BE after motion correction is higher for dataset 3 compared to

ataset 1 and 2 since free-breathing data is more challenging to

egister e.g. because of a higher prevalence of out-of-plane motion.

he results also show that DSC G is a more conservative measure

ompared to DSC M 

. 

The final purpose of motion correction for T1 and ECV mapping

s to obtain more accurate T1 and ECV values. The visual improve-
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Table 2 

DSC M , DSC G 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 noDI ) 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 noDI 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 

DSC M [%] ORIG 82.9 ± 7.4 87.2 ± 7.1 88.6 ± 5.4 89.4 ± 4.9 

REG noDI 83.4 ± 6.8 89.2 ± 4.5 89.9 ± 2.8 90.7 ± 2.9 

REG 83.2 ± 7.0 89.7 ± 2.9 89.8 ± 2.7 90.0 ± 3.0 

DSC G [%] ORIG 56.2 ± 16.9 67.1 ± 16.4 67.9 ± 16.0 72.1 ± 13.0 

REG noDI 53.8 ± 18.5 70.0 ± 12.1 72.2 ± 7.6 75.1 ± 8.2 

REG 53.2 ± 19.3 71.1 ± 9.0 71.4 ± 7.5 72.5 ± 8.3 

MBE [ mm ] ORIG 1.22 ± 0.38 1.27 ± 0.78 1.09 ± 0.44 1.16 ± 0.49 

REG noDI 1.14 ± 0.32 1.04 ± 0.46 0.97 ± 0.23 1.01 ± 0.25 

REG 1.15 ± 0.32 0.98 ± 0.24 0.98 ± 0.23 1.08 ± 0.2 

Enhanced n 12 22 11 23 

DSC M [%] ORIG 82.9 ± 7.9 84.9 ± 10.0 87.4 ± 9.0 87.5 ± 6.1 

REG noDI 83.9 ± 5.5 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 

DSC G [%] ORIG 55.3 ± 17.5 61.7 ± 21.1 67.6 ± 17.7 66.3 ± 16.0 

REG noDI 53.9 ± 14.6 65.0 ± 15.3 68.0 ± 18.0 70.4 ± 9.9 

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 1.37 ± 0.66 

REG noDI 1.23 ± 2.35 1.18 ± 0.54 1.13 ± 0.53 1.11 ± 0.34 

REG 1.24 ± 0.36 1.12 ± 0.42 1.10 ± 0.44 1.13 ± 0.35 

Co-reg n 9 19 10 21 

DSC M [%] ORIG 54.3 ± 19.6 70.0 ± 17.5 72.0 ± 20.2 75.3 ± 15.4 

REG noDI 71.0 ± 10.3 82.1 ± 6.1 81.6 ± 9.3 80.9 ± 7.9 

REG 70.7 ± 10.2 82.8 ± 4.6 81.5 ± 9.4 80.2 ± 8.0 

DSC G [%] ORIG 25.5 ± 19.6 40.2 ± 20.8 45.8 ± 25.7 49.9 ± 18.5 

REG noDI 32.2 ± 17.2 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 2.58 ± 1.44 2.64 ± 1.80 

REG noDI 2.25 ± 1.90 1.71 ± 0.65 1.78 ± 0.84 2.10 ± 1.07 

REG 2.24 ± 0.90 1.64 ± 0.49 1.78 ± 0.87 2.14 ± 1.02 

Table 3 

DSC M , DSC G and MBE for dataset 3 before motion correction ( ORIG ), after model-based mo- 

tion correction without data-driven initialization ( REG noDI ) 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 

REG noDI with ∗ . All five views of 196 patients were used for validation. 

Dataset 3 1 (apical) 2 3 4 5 (basal) 

DSC M [%] 

ORIG 64.9 ± 11.5 68.8 ± 11.1 71.3 ± 10.2 72.2 ± 10.4 73.8 ± 9.9 

REG noDI 75.6 ± 9.5 79.5 ± 7.8 82.0 ± 6.6 ∗ 82.1 ± 7.4 ∗ 83.1 ± 6.9 ∗

REG 75.8 ± 9.2 80.2 ± 6.7 82.8 ± 5.4 83.0 ± 5.9 83.9 ± 5.5 

DSC G [%] 

ORIG 17.9 ± 16.1 23.9 ± 17.6 27.6 ± 18.4 29.7 ± 18.2 32.3 ± 18.9 

REG noDI 39.6 ± 17.6 47.4 ± 15.6 53.2 ± 14.4 ∗ 52.7 ± 15.9 ∗ 54.8 ± 15.6 

REG 39.3 ± 17.3 48.2 ± 15.0 54.5 ± 13.3 53.9 ± 15.2 55.7 ± 14.7 

MBE [ mm ] 

ORIG 3.28 ± 1.49 3.19 ± 1.39 3.19 ± 1.36 3.34 ± 1.47 3.15 ± 1.35 

REG noDI 2.04 ± 1.09 1.83 ± 0.91 ∗ 1.72 ± 0.81 ∗ 1.83 ± 0.92 ∗ 1.74 ± 0.86 ∗

REG 2.01 ± 1.73 1.73 ± 0.76 1.61 ± 0.64 1.71 ± 0.74 1.63 ± 0.73 
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ment of T1 and ECV maps after motion correction is shown for the

three datasets in Figs. 4 and 5 . Fig. 4 a 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. 4 b. The increased native T1, in-

creased ECV and higher heterogeneity in the myocardium are all in
greement with the diagnosis of cardiac amyloidosis in these pa-

ients. Since dataset 3 is acquired under free-breathing condition,

he increase in image quality after motion correction is even more

ronounced ( Fig 5 ). 

Mean septal (native) T1 and ECV in dataset 1 significantly de-

reased respectively from 1046 ± 71 ms and 37 ± 9% before regis-

ration to 1010 ± 24 ms and 26 ± 2% after registration. The accu-

acy 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 noDI ) 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. 
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igs. 6 and 7 according to the AHA convention ( Cerqueira et al.,

002 ). Due to frequent occurrence of septal motion in dataset 1,

he improvement in enhanced T1 accuracy is significant for seg-

ents 8 and 9. Improvement in ECV accuracy is significant for all

egments in dataset 1, with an average accuracy below 1.9% for

ach segment. This can be explained by the larger motion between

ative and enhanced scans compared to the motion between the

mages in one scan, illustrating that registration is crucial for ECV

apping. Accuracy is also improved in dataset 2, except for the

pical segments. Furthermore, the SD error decreases significantly

or all segments, except for native T1 of segment 11 in dataset 1

nd ECV of segment 2 in dataset 2. Due to the increased motion in

ataset 3, significant improvement after motion correction is ob-

ained for every segment for both accuracy and SD error. 

.3. Robustness 

Additionally, the motion correction was performed without

ata-driven initialization ( REG noDI in Table 1 –3 and Figs. 5 and 7 ).

his did not show any statistically significant deterioration com-

ared to the proposed method for the datasets acquired under

reath-hold condition (dataset 1 and 2), except for the MBE of en-

anced scans of observer 2 in dataset 1. Because of the increased

nitial motion in dataset 3, initialization is more important in this

ataset. For this dataset, omitting the data-driven initialization re-

ulted in a significant deterioration of accuracy in 15 out of 28 seg-

ents and of SD error in 11 out of 28 segments ( Fig. 7 ). 

Fig. 8 shows two examples of T1-weighted image sets before

nd after motion correction and illustrates the wide variety in con-

ent and global image appearance. Especially the low-signal images

fourth image in both sets) are difficult to register with general

urpose registration methods, but are successfully handled by our

ethod. This is further illustrated in Fig. 9 , which shows the re-

ult of our method and of a similar approach with an alternative

ata-driven initialization. This alternative initialization registers ev-

ry image to the image with maximal TI. In the latter case, the

econd image (low signal image) is erroneously deformed. 
The robustness of our two parameter model-based approach

ompared to a more straightforward three parameter model-based

pproach is evaluated on the native scans of dataset 1, using re-

pective model-based approaches without data-driven initializa-

ion. The improvement with the two parameter model was sig-

ificant for DSC M 

(85.8 ± 4.0% vs 83.8 ± 5.9%), DSC G (62.1 ± 9.5% vs

6.7 ± 15.6%) and MBE (0.68 ± 0.18 mm vs 0.78 ± 0.29 mm ). 

Fig. 10 illustrates the robustness of our model-based similar-

ty function for co-registration ( Eq. 6 ) compared to more standard

o-registration approaches, including registration of native and en-

anced images with longest TI or registration of native and en-

anced T1 map directly. In Fig. 10 a, the epicardium is difficult

o perceive in the long TI images due to fluid around the heart

hereas in Fig. 10 b the registration of the two T1 maps directly

ill fail due to the increased enhanced myocardial T1 shortening

n amyloidosis patients. Joint registration of A 

∗ and T 1 ∗ map avoids

hese issues in both cases. 

. Discussion 

In this paper, we presented a method for motion correction for

1 and ECV mapping, which combines a model-based approach

ith a data-driven initialization. In model-based registration ap-

roaches, the underlying T1 relaxation model is exploited such

hat direct registration between images with largely different or

nverted contrast can be avoided, which is the main challenge

hen performing registration on a set of T1-weighted images. A

ifficulty in this model-based approach is that the model is esti-

ated for every pixel separately from a set of images, which is

enerally suboptimally aligned before motion correction, such that

otion artifacts will also be present in the model images in case of

arge motion (e.g. Fig. 2 b, second image of three parameter model).

o circumvent motion artifacts in the model, Xue et al. (2012) pro-

oses to do an initial registration between the image with the

hortest TI and the image with the largest TI and uses these im-

ges to calculate the initial model images. However, decreasing the

umber of sample points for curve fitting will negatively affect the

ccuracy 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 noDI ) 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 REG noDI , 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. 

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. 
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t  
ith a contrast that deviates from the actual image. Consequently,

ue et al. (2012) adds an additional minimization process to create

he final synthetic images used for registration, in which also sim-

larity of contrast to the actual images is enforced. The construc-

ion of reliable model images based on curve fitting alone, is thus

ssentially a compromise between on the one hand a higher simi-

arity in contrast with the actual images by using more images and

n the other hand a motion-free model by using only the images
hat are initially aligned by e.g. a standard data-driven registration

ethod. 

In our method, the model-based registration is preceded by a

lobal data-driven initialization approach such that the initial mo-

ion is already partially corrected and convergence of the model-

ased registration is accelerated. The data-driven approach tries to

stimate the suitability of each image pair for pairwise registra-

ion 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, REG LongTIinit ). This alternative initialization registers every image to the image with maximal TI. For REG LongTIinit , 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 TI. Only images of the first inversion are shown. 
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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 TI.

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,

Weingärtner 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 2 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
nly about 40 − 56% of MOLLI breath-held datasets according to

ue et al. (2012, 2013) and Roujol et al. (2015) ), such a quality

valuation metric might also be useful to judge whether motion

orrection is a priori necessary. 

For the registration of native and enhanced T1 maps to obtain

 motion-free ECV map, two different approaches are found in

iterature: (1) registration of native and enhanced T1 map directly

 Zhang et al., 2018 ), (2) registration of native and enhanced images

ith the longest TI ( Kellman et al., 2012 ). We proposed to perform

o-registration by optimizing a similarity function, which is the

um of the mutual information between images of the A 

∗ and

 1 ∗ parameters of Eq. 5 to optimally exploit the information of a

omplete set of T1-weighted images, since both images contain

omplementary information. This especially improves the regis-

ration result in cases where different structures appear equally

ntense in one of the images. For example, the epicardium can

e difficult to perceive in images with long TI when the heart

s surrounded by fluid ( Fig. 10 a) or the enhanced T1 map can

ave low contrast between myocardium and blood pool in case of

myloidosis ( Fig. 10 b). The reason to choose the T 1 ∗ and A 

∗ images

ver the T 1, A and B images, which could be obtained from Eq. 4 is

hat both image sets contain similar information, that the former

s readily available in our framework and that including both

 and B images will lead to increasing computation time while

he additional benefit was found to be very limited in an initial

experiment. 

As no direct registration ground truth is available, we validated

ur method using manual segmentations, as Xue et al. (2012) ,

oujol et al. (2015) , Huizinga et al. (2016) , Guyader et al. (2016) ,

an De Giessen et al. (2013) , and El-Rewaidy et al. (2018) . These

re inherently biased by the segmentation strategy of the observer

s can be appreciated from the large inter-observer variability on

ataset 1 ( Table 1 ). The obtained DSC M 

( DSC G ) of observer 1 is con-

istently smaller than that of observer 2. Furthermore, since it is

ifficult to delineate the myocardium in low contrast images or

ow signal images, also intra-observer variability is likely in these

egmentations, which can introduce additional bias on DSC M 

, DSC G 
nd MBE . Nevertheless, we included the segmentations of all im-

ges as alignment of these images is also crucial for accurate T1

stimation since their pixel intensities are located in the initial,

ost steeply ascending part of the exponential T1 relaxation curve

see Section 2.1.1 ). In our results, we found significant improve-

ent of DSC M 

, DSC G and MBE after motion correction. However,

he significance of the difference between the values before and

fter motion correction is not only dependent on the registration

lgorithm 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 T 1 ∗ 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. 
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n the images. For data with little or no motion, the purpose can-

ot be to significantly increase DSC , but rather not to deteriorate it.

n Table 1 –3 , both DSC M 

and DSC G are shown where DSC M 

repre-

ents the average overlap between any two images and DSC G gives

he percentage of myocardial area in which there is overlap for all

mages used to construct a T1/ECV map. In this sense, DSC G might

eem a more valuable measure to judge the quality of T1 and ECV

ut it might be too rigorous since misalignment of every image

as not the same effect on calculated T1 and ECV. To obtain a

ore valuable measure of motion correction, which directly rep-

esents the improvement of T1 or ECV accuracy, the deviation in

1 due to misalignment of every image should be determined and

hould be taken into account in the validation measure. Due to the

arge variation in image contrast, TI and T1 among images and pa-

ients, this is however a difficult task. As an alternative, segmen-

al T1 and ECV accuracy and SD error were calculated. To calculate

he accuracy, a ground-truth reference T1 and ECV value is needed,

hich we obtained by assuming perfect image alignment if the

anual contours exactly overlap, while as discussed before, these

ontours suffer from inter- and intra-observer variability. Addition-

lly, since correspondence of the contours is only enforced at endo-

nd epicardium, no constraints are available from the data itself on

ow the transformation should act inside the myocardium. Hence,

e forced this transformation to be smooth by using a thin-plate

pline model. Furthermore, the SD error for ECV map is a scaled

um of the native and enhanced T1 error and is therefore limited

n capturing registration errors between native and enhanced T1,

or example, around the septum. 

We compared our results with the results of El-Rewaidy

t al. (2018) by using their dataset and manual contours (dataset 3)

nd found similarly improvement of DSC (5% increase in their DSC

nd 11% in our DSC M 

on dataset 3) and MBE (a decrease of 1 mm

nd 1.5 mm respectively), although the actual values differ. This is

robably due to a slightly different definition of both metrics. A

horough comparison of performance of the data-driven method of
oujol et al. (2015) , ARCTIC, is difficult, but we will highlight two

ifferences. First, whereas our method requires only an indication

f a ROI around the heart, which should be easy to automate in

he future, ARCTIC requires a delineation of LV in the reference

mage for both steps of their algorithm (global motion estimation

nd local non-rigid motion estimation). Second, we defined an au-

omatic procedure to determine the reference image in de data-

riven initialization. Roujol et al. (2015) in contrast heuristically

efined the image with the second longest TI (native images) or

ongest TI (enhanced images) to be the reference. Although these

re valid choices, they are chosen for the specific acquisition se-

uences and thus not transferable to other acquisitions since the

erformance of registration algorithms is dependent on the choice

f reference image as demonstrated in Huizinga et al. (2016) . Fur-

hermore, ARCTIC treats the registration of every T1-weighted im-

ge as a separate problem, instead of our groupwise approach. This

econd comment also applies to the method of Zhang et al. (2018) ,

ho chooses the image with the longest TI as reference. In con-

rast, Huizinga et al. (2016) did propose a groupwise approach that

s based on the assumption of a non-specified low signal model

n the data. Because this method directly minimizes a similarity

etric over all images, it is more computationally efficient than

ur two-step iterative approach of model-fitting and registration.

owever, we showed that in case of large motion, initialization

s crucial before application of a model-based method. Contrary

o Xue et al. (2013) who uses phase information for motion cor-

ection and Menini et al. (2015) who performs motion correction

ointly with MR image reconstruction, our algorithm is completely

etrospective. An advantage of our framework is also that if new

cquisition schemes are developed that require a different model

e.g. Shao et al., 2015 ), it is in principle possible to simply adapt

he fitting function. 

Every attempt to increase the accuracy of the T1 and ECV tech-

ique will impact clinical practice since a smaller range of normal

nd 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 24 ms ) and ECV (std from 9 to

2 ms ) 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 ( ∼15 min . ) 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 DSC M 

, 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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