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Nonrigid Active Shape Model–Based Registration
Framework for Motion Correction of Cardiac T1 Mapping
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Purpose: Accurate reconstruction of myocardial T1 maps from
a series of T1-weighted images consists of cardiac motions
induced from breathing and diaphragmatic drifts. We propose
and evaluate a new framework based on active shape models
to correct for motion in myocardial T1 maps.
Methods: Multiple appearance models were built at different
inversion time intervals to model the blood-myocardium contrast
and brightness changes during the longitudinal relaxation. Myo-
cardial inner and outer borders were automatically segmented
using the built models, and the extracted contours were used to
register the T1-weighted images. Data acquired from 210
patients using a free-breathing acquisition protocol were used to
train and evaluate the proposed framework. Two independent
readers evaluated the quality of the T1 maps before and after
correction using a four-point score. The mean absolute distance
and Dice index were used to validate the registration process.
Results: The testing data set from 180 patients at 5 short axial
slices showed a significant decrease of mean absolute distance
(from 3.3 6 1.6 to 2.3 6 0.8 mm, P<0.001) and increase of Dice
(from 0.89 6 0.08 to 0.94 6 0.4%, P<0.001) before and after
correction, respectively. The T1 map quality improved in
70 6 0.3% of the motion-affected maps after correction. Motion-
corrupted segments of the myocardium reduced from 21.8 to
8.5% (P<0.001) after correction.
Conclusion: The proposed method for nonrigid registration of
T1-weighted images allows T1 measurements in more myocar-

dial segments by reducing motion-induced T1 estimation
errors in myocardial segments. Magn Reson Med 000:000–
000, 2018. VC 2018 International Society for Magnetic Reso-
nance in Medicine.
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INTRODUCTION

Myocardial interstitial diffuse fibrosis and extra-cellular
volume expansion are characteristic of many cardiac

diseases (1–4) and alter longitudinal relaxation time (T1)
values (4–6). Recent improvements in pulse-sequence

development allow reproducible measurement of myo-
cardial T1 values (7–10). In myocardial T1 mapping, a
series of T1-weighted (T1-w) images are acquired with
different saturation or inversion times (TIs) (11–14) and

are used to create T1 maps by voxel-wise fitting through
two- or three-parameter fit models (14–16). In the pres-
ence of respiratory and cardiac motion, voxels are not
aligned in different T1-w images and will cause errors in
T1 estimation. Therefore, motion correction is an essen-

tial step in myocardial T1 mapping.
To minimize motion artifacts, T1 mapping is often

acquired during a breath-hold scan (12,17). Free-
breathing T1 mapping sequences have also been devel-
oped by using slice tracking or navigator gating (14), but

residual motions can still be detected among different
T1-w images as a result of respiratory drifting or inability
of prospective slice-tracking technique to register the
images. To overcome this challenge, postprocessing

motion correction is used to align T1-w images (18,19).
Xue et al (18) proposed a motion-correction technique
that simulates contrast changes of T1-w images by gener-
ating free-motion images from an initial T1 estimate. The
synthetic images are then matched with the correspond-

ing inversion images to estimate the deformation field
and correct the motions, but this framework does not
account for T1 variations among different patients at the
same TI, where the blood-myocardium contrast can be

completely inverted for different cases at the same TI.
Roujol et al used a modified optical flow energy function
to estimate the elastic deformation field of the myocar-
dium with an additional term to avoid transient struc-
tures from through-plane motions (19). However,

estimation of the nonrigid parameters was affected by
different signal-to-noise and contrast-to-noise ratios of
T1-w images. Additionally, these methods were proposed
to register T1 mapping images acquired using breath-

holding acquisition protocols, in which the respiration-
induced cardiac motion is minimized. Furthermore,
these intensity-based image-registration techniques
require expensive computational power and time, so the
need to improve motion correction for T1 mapping is

still unmet.
Active shape models (ASMs) allow robust segmenta-

tion of myocardial borders and have been used in left
and right ventricular (LV/RV) segmentation from cine
MR images (20–22). In ASM, a training data set with pre-

delineated contours of the target object (e.g., LV) is used
to build shape and appearance models. The shape model
is built by estimating the mean shape of the object and
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intershape variations among different patients in the
training data set, as represented by the covariance matrix
(21,23). The appearance model is built to capture inten-
sity variations at the LV myocardial borders (21). A
matching algorithm is then used to search for the object’s
borders in testing images with the built models.

In this study, we propose a new ASM-based frame-

work for nonrigid registration of T1-w images to reduce

motion artifacts in free-breathing cardiac T1 mapping.

The epi- and endocardial boundaries of the LV are mod-

eled and segmented at different values of TI. Contour-

based image registration step is then used to estimate

rigid and nonrigid parameters from the extracted con-

tours, which are applied to T1-w images to reconstruct

motion-corrected myocardial T1 maps. Qualitative and

quantitative analyses are performed to evaluate the pro-

posed methods.

METHODS

The proposed motion-correction technique consists of

two steps: (i) extraction of the endo- and epicardial con-

tours of all images; and (ii) registration of T1-w images

using the extracted contours. The first step is based on

the active shape and appearance models (21,23,24). Gen-

eral shape and appearance model training is performed

only once (offline) and used to extract the epi- and endo-

cardium contours of any given T1-w image. In the second

step, the given set of T1-w images is registered using

both affine and nonrigid transformations, such that the

extracted contours of all images are aligned. In the fol-

lowing sections, we describe the steps involved in the

proposed motion-correction scheme.

Active Shape Model Construction

A modified formulation of the conventional ASM is used

to build a shape model that captures shape variations

among the LV boundaries in the given training data set.

The LV shape in every image in the training data set is

represented by a vector, x, containing the x- and y-

coordinates of each point on the endocardial and epicar-

dial contours, as follows:

x ¼ ½ðx1; x2; . . . xL=2Þepi; ðx1; x2; . . . xL=2Þendo;

ðy1; y2; . . . yL=2Þepi; ðy1; y2; . . . yL=2Þendo �
[1]

where ðxÞepi and ðyÞepi are the x- and y-coordinates of

the epicardial contours, respectively; ðxÞendo and ðyÞendo

are the x- and y-coordinates of the endocardial contours;

and L is the number of landmark points in both epicar-

dial and endocardial contour. To maintain the point cor-

respondences among the training contours, LV contours

are aligned by removing rigid transformations (i.e., trans-

lation, rotation, and scaling) using Procrustes transforma-

tion (23,25). Both epicardial and endocardial contours

are aligned simultaneously by applying Procrustes trans-

formation of the x vectors directly.
Having obtained a shape vector, xn, for each image in

the training data set (with n ¼ 1; 2;€; N , where N is the

number of images in the training data set), any given LV

shape can be represented by a shape vector, x, as follows

(23,24):

x ¼ �x þ Pb; [2]

where �x ¼ 1
N

PN
n¼1xn is the mean shape of the LV con-

tours in the training data set, b is the model parameters

(associated with the given shape, x), and P is a matrix

whose columns represent the principal components of

the covariance matrix, C ¼ 1
N

PN
n¼1ðxn � �xÞðxn � �xÞT . The

columns of the matrix P are also referred to as the modes

of variations (20,21,23), as they contain the most signifi-

cant variations that can be linearly added to the mean-

shape vector to represent a given LV shape. In this work,

only the first 12 eigenvectors of C are used as the princi-

pal modes of variations. This number is determined as

the smallest number of eigenvectors whose correspond-

ing eigenvalues represent 99% of the total variations

(represented by the summation of all eigenvalues) of C.

Appearance Model Construction

Similarly, an appearance model represents the local

intensity variations at the LV boundaries are built

(21,24). In ASM framework, this is done by modeling the

image intensity profile at each landmark point on the

given contours. Given the training data set of the images

and the corresponding myocardium contours, each land-

mark point is traced and a line segment perpendicular to

the contour is drawn such that it is centered at this point

and extends for a distance of ðZ=2Þ pixels on both sides

of the point (Fig. 1). The image intensity profile along

the line segment is stored as a vector y of length ðZ þ 1Þ.
At each landmark point, l : l ¼ 1 : L, the mean inten-

sity profile and the covariance matrix are computed as �g l

¼ 1
N

PN
n¼1gn;l and Ql ¼ 1

N

PN
n¼1ðgn;l � �gÞðgn;l � �gÞT , respec-

tively. The appearance model is then given by

gl ¼ �g l þ Slhl; [3]

where gl is the intensity profile captured at the lth. land-

mark point; Sl is a matrix containing the first rl eigen

vectors estimated from the covariance matrix Ql; and hl

denotes the appearance-model controlling parameters. In

this work, the number of eigenvectors, rl, is selected so

that 99% of the intensity variations at landmark l are

included in the model.
Given the highly varying contrast of the training

images as a result of different T1-weighting, this model

may only be used to represent a specific T1-w image

(e.g., a landmark in an image at a specific inversion

time). Therefore, different appearance models are needed

for the different T1-w images. To achieve this, the range

of all expected TIs is divided into a number of intervals,

K, and a separate appearance model is built to represent

the images at each interval (Fig. 1). First, the T1-w images

in the training sets are arranged into K groups depending

on their TI. Then, an appearance model is built for each

landmark point, l, and each interval, i, using Equation

[4], which is similar to Equation [3] but with the sub-

script, i, to indicate that there is a separate model for

each inversion time interval.
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gi;l ¼ �g i;l þ Si;l hi;l; [4]

To account for the large heart motion caused by patient
movement or breathing, a multiresolution model is consid-
ered in this framework (i.e., coarse-to-fine approach). The
finest appearance model (level 1) is built from the original
full-resolution T1-w images, whereas the following coarser

levels are built from down-sampled versions of the images
(21). Two down-sampling levels are used in this work, in
which a down-sampling ratio of 0.5 per level was used.

Left Ventricular Myocardial Segmentation

Given a set of T1-w images with different inversion times,
Iiðx; y ; TIiÞ, the image with the shortest inversion time (i.e.,
maximum contrast) is selected as a reference image,
Iref ðx; y ; TI1Þ. The shape model and the appearance model
(corresponding to the TIref interval) of Iref are used to

extract the myocardial boundaries in Iref . In this step, the
initial mean shape of the myocardium is manually depos-
ited on Iref by selecting one point inside the blood pool.
The initial contour is then evolved iteratively to delineate
the LV myocardium using the standard ASM searching
algorithm (21). In each iteration, the matching algorithm
uses the appearance models to update the location of the
contour points, such that the image-intensity profile at
each updated contour point is closest to the appearance
model (21). In other words, a displacement vector, d, is
estimated to minimize the following error measure:

e ¼ jjD�
1
2

i;l � Si;l �
�

�g i;lðpl þ dÞ � �g i;l

�
jj; [5]

where Di;l is a diagonal matrix containing the eigenval-
ues corresponding to the principal components (or
modes of variations) of the matrix Si;l, as estimated in

FIG. 1. Active shape model training includes building multiple appearance models for the myocardium at different inversion time inter-

vals. The expected range of inversion times is divided into a number of intervals, i. An appearance model, gi, is built to represent the
intensity variations around the myocardial borders in the T1-weighted (T1-w) images for interval, i. To achieve this, intensity profiles along
the perpendicular lines at selected landmark points, Lp, on the myocardial border are captured. The model is then built by calculating

the mean intensity profile and covariance matrix within a data set for each Lp. In addition, a shape model is built for the myocardium,
where epicardial and endocardial contours from different subjects are aligned and the mean shape and covariance matrix representing
the shape variations are calculated.
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Equation [4], and pl is the location of the lth landmark

point. The searching algorithm is restricted to window,
�g i;l; of 6 .8 pixels in a direction perpendicular to the con-

tour at the point pl.
Following the conventional ASM framework, the

resulting vector, d, which represents the updated dis-

placement of each contour point, is transformed to the
shape model space by removing all rigid parameters fol-

lowing the same alignment procedure as the shape

model construction. These updated displacements are

projected onto the trained shape model to produce a
smooth LV contour (21,23). The previous steps are per-

formed for a fixed number of iterations, and during the

search algorithm, the number of modes of variations is
dynamically varied to improve convergence characteris-

tics. Initially, a small number of modes of variations

(rl ¼ 5, representing approximately 97.5% of the total

shape variations in the training set) are used for faster
searching of a suitable transformation to bring the iter-

ated contour close to the myocardium boundaries. Next,

the modes of variations are exponentially increased so
that the model in the last five iterations includes 12

modes of variations (representing approximately 99% of

the shape variations in training set) to extract the fine

details of the myocardial boundaries. Detailed steps
of the whole algorithm are included in Supporting

Figure S4.
Having segmented the reference image, the extracted

reference contour, cref , assists faster and fully automatic

segmentation of the remaining T1-w images. First, a new
slice-specific shape model is built based on a set of sim-

ulated training contours. These training contours are

generated by applying scaling and local translations to
cref , to simulate shape deformations that could be caused

by respiratory motion. A simulated contour, xs, is com-

puted by the following equation:

xs ¼ r:cref þ t; [6]

where r is a scaling factor (random Gaussian distribution
with mean¼1 and empirically estimated standard devia-

tion (SD) of 3.5). Similarly, t is a vector of random dis-

placements (Gaussian distribution with zero mean and
SD of 2). In this work, a large number of contours

(¼ 500) are generated, smoothed, and used to build the

patient-specific model. Using the slice-specific shape

model and the previously obtained appearance model,
each image I i (i ¼ 2 : K) is then segmented (Fig. 2). The

resulting sets of LV contours, ci, are used to determine

the myocardium region of interest (ROI) and align the set
of T1-w images to the reference image.

Contour-Based Image Registration

In this step, the given set of T1-w images, Ii, is aligned

to the reference image, Iref , based on the estimated dis-
placement vector, d, that aligns the contour ci to cref .

The method is based on deforming the images such that

the segmented LV contours in each image are aligned to

those of the reference image, and is achieved through
two steps: First, a set of affine transformation parameters

is estimated that optimally minimizes the distance

between the extracted contour ci and the reference con-

tour, cref , using a simple algebraic method (26). The esti-

mated parameters are then used to globally align image

I i to Iref . Second, a nonlinear image transformation is

applied to I i such that all of the points within the myo-

cardium region are mapped to their counterparts in the

reference image. That is, given the displacement vector,

d, that maps contour ci to cref , a displacement field (for

the entire image, I i) is estimated through a linear inter-

polation algorithm. For this purpose, a mesh of a large

number of concentric contours is generated from the seg-

mented epi- and endocardium contours in both I i and

Iref . To generate such mesh, the contours cref and ci are

up-sampled at a high rate. Finally, a number of contours

are generated according to the following equation:

viðx; yÞ ¼ w1c
epi
i ðx; yÞ þw2cendo

i ðx; yÞ; [7]

where vi is a generated contour on image I i; cendo
i and

c
epi
i are the endo- and epicardial contours; and w1 and

w2 are weighting factors. For a contour generated within

the myocardium, 0 < w1 < 1 and w2 ¼ 1�w1; for a con-

tour within the blood cavity, w1 ¼ 0 and 0 < w2 < 1; and

for a contour outside the LV, w2 ¼ 0 and w1 > 1. This

results in a mesh of concentric contours (Fig. 3). This

meshing operation is done for the image, I i, and Iref , to

obtain two sets of contours (meshes), vi and vref ,

respectively.
The registration process is accomplished by transform-

ing the given image I iðx; yÞ into ~I iðx; yÞ, and aligning it

with the reference image. The transformation is repre-

sented by

~I iðx; yÞ ¼W
�

I iðx; yÞ
�
; [8]

where W is a B-spline warping that maps the mesh grid

viðx; yÞ into vref ðx; yÞ (27). The previous steps are

applied to all images in the T1-w set.

Algorithm Implementation

The proposed framework has been executed using paral-

lel central processing unit implementation on MATLAB

(version 2014b, The MathWorks Inc, Natick, MA, USA)

using a PC with intel-i7 quad-core processor and 16G

RAM. To maintain the smooth intensity profiles in the

segmentation step, each T1-w image in the training and

testing phases was convoluted with a Gaussian low-pass

filter of size 5� 5 pixels and a SD of 2.5. However, after

obtaining the myocardial contours, the nonrigid registra-

tion step was applied to original T1-w images (i.e., with

no smoothing filters applied) to preserve the spatial reso-

lution of the T1 maps. Building the multiresolution

appearance model was done through bicubic interpola-

tion of the original image to generate half the original

image size in the first level of coarse resolution.

Data Acquisition and Evaluation

Informed consent was obtained from each subject, and

the imaging protocol was approved by the institutional

review board. Imaging was performed using a 1.5T
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Philips Achieva system (Philips Healthcare, Best, Neth-
erlands) with a 32-channel cardiac coil. T1 mapping was
performed in 210 consecutive patients (134 males; age
57 6 14 years) with known or suspected cardiovascular
diseases referred for a clinical cardiac MR exam (avail-
able online at https://cardiacmr.hms.harvard.edu/down-
loads-0). The imaging protocol included a free-breathing,
respiratory-navigated, slice-interleaved T1 mapping
sequence (14) with the following parameters: repetition
time/echo time¼2.7/1.37 ms, field of view¼ 360�
351 mm2, acquisition matrix¼ 172� 166, voxel size¼
2.1� 2.1 mm2, linear ordering, sensitivity-encoding

factor¼1.5, slice thickness¼8 mm, bandwidth¼
1845 Hz/pixel, diastolic imaging, and flip angle¼ 70

�
.

Each patient data set consisted of five short axial slices
covering the LV from base to apex. At each slice loca-
tion, 11 T1-w images were acquired at different inversion
times, TIi, with i ¼ 1 : K , where K ¼ 11, equal to
(TIi¼1, 135, 135þRR, 135þ2 RR, . . .,135þ 4 RR, 350,
350þRR, . . .350þ 4 RR. ms) with 3-s rest periods
between the two inversions, and RR as the duration of
the cardiac cycle (14).

The epicardial and endocardial boundaries of all
images in the database (N¼ 11550 images) were

FIG. 2. Pipeline for myocardial segmentation from T1-w images. Appearance model, gref , for a selected reference image, Iref , is com-
bined with the general shape model, built in the training step to segment Iref in the given T1-w images. One point is inserted manually

at the middle of the blood pool of Iref to locate the initial left ventricular (LV) shape of the general shape model on Iref . The extracted
reference contour, cref , is used to generate the number of simulated LV contours. A new slice-specific shape model (SSSM) is built for
that set of T1-w images from the simulated contours. Each of the remaining appearance models, gi, built in the training step is com-

bined with the SSSM to segment the corresponding image, Ii, and generate new contour, ci.

ASM-Based Registration for Cardiac T1 Mapping 5
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manually delineated, with each contour starting from a

myocardium point closest to the anterior insertion of the

right ventricle into the LV. This unified beginning of

each contour allowed inherent alignment of the contours

and facilitated the contour handling in the training and

testing phases as will be described. Each contour was

then resampled to a fixed number of points, L ¼ 40, and

was subsequently stored for training and testing. For

model training purposes, a training data set of 30

patients (approximately 14% of the whole database) was

randomly selected and used to train the model, while

the remaining 180 patients (testing data set) were used to

evaluate the proposed method.
The manually segmented contours of the T1-w images

are used as the reference for evaluating the proposed reg-

istration framework by applying the estimated image

transformation, Wðx; yÞ, to the manually segmented con-

tour, ci, and obtaining the registered contour, ~ci, for

comparison to cref .
The MAD and Dice similarity index are used as quan-

titative measures for the accuracy of the registration pro-

cess (28,29). The MAD is calculated between the

registered myocardial contours, ~ci, and reference con-

tours, cref , as

MAD ¼ 1

L

XL

l¼1

jdð~pl; cref Þj; [10]

where dð~pl; cref Þ is the minimum Euclidean distance

between the landmark point, ~pl, and cref ; and ~pl is the

lth landmark point in ~ci. The Dice similarity index for

LV myocardial area is calculated as

Dice ¼ 2
jHafter \ Href j
jHafter j þ jHref j

; [11]

where Hafter and Href refer to the set of pixels within the
myocardial area in the T1-w images after registration and

the reference image, respectively.
Subjective T1 map quality was assessed to evaluate the

performance of registration. T1 maps were reconstructed

before and after motion correction using two-parameter

curve fitting of the T1-w images (19). Two experienced

readers independently assessed the image quality using a

1-4 score for each segment (19): Score 1¼nondiagnostic/

severe motion artifacts (the T1 map at the myocardium

should be completely distorted and T1 cannot be mea-

sured at any of its segments); Score 2¼ fair/large motion

artifacts (the myocardial T1 map could be partially dis-

torted or disappeared, but can still be used for diagnosis

in some segments); Score 3¼ good/small motion artifacts

(the myocardial T1 map completely appeared but a small

blur still exists; it is important to differentiate between

the blurring caused by the motion artifact and that

caused by partial-volume effect, as the latter can be

discovered by checking the T1-w images); Score

4¼ excellent/no motion artifacts (the myocardial T1 map

should be clear with sharp edges). Figure. 4 shows an

example of images scored by readers. In this evaluation,

all T1 maps have been anonymized and each reader has

FIG. 3. Nonrigid contour-based registration of a T1-w image (e.g., I3) to its reference image, Iref , starts with defining the point corre-
spondence between every pixel on both images. Two insertion points, Pref and P3, are automatically defined at the lower left-right ven-

tricular junction on both Iref and I3 images, respectively, and considered the first points on the extracted contours. A mesh of
corresponding points is generated on both images either by (i) the weighted average of both epi- and endocardial contours to generate
the myocardial points, (ii) down-scaling the endocardial contours to generate points in the blood pool, or (iii) up-scaling the epicardial

contour to generate background points. After sampling enough points to cover the whole region of interest, values of I3 are mapped to
their corresponding points on Iref , so the registered image with intensity values of I3 and shape of Iref is formed.
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separately been asked to give a score to each map and

determine the corrupted segments in each map, based on

the 16-segment model.
Accuracy and precision of T1 mapping within each

segment are assessed before and after motion correction,

and with respect to T1 values, were measured using the

ROI. To calculate the ROI-based T1 values, the manually

segmented LV contours are used to automatically select

the ROI from each myocardial segment in T1-w images.

The ROI-based T1 values are estimated by fitting the ROI

pixels within each segment across different T1-w images.

Similarly, ROIs are selected from T1 maps before and

after correction at each segment, to be compared with

the ROI-based T1 values. Accuracy and precision of T1

values are calculated as the mean and SD of Diff(T1),

respectively, where Diff(T1) is the difference between T1

values in the ROI-based T1 and corrected (or uncor-

rected) maps. Only T1 values within the range of the

myocardial relaxation time (i.e., 900<T1<1400 ms) are

included in this analysis (14).

Statistical Analysis

The average number of T1 maps in each quality score

from both readers before and after motion correction, in

addition to the mean SD, was statistically compared

using a paired student’s t-test. Interreader variability of
T1 maps scores before and after motion correction was
tested using intraclass correlation coefficients. Statistical
significance was defined at P< 0.05. The average of
MAD and Dice index measures before and after motion
correction were also compared using a paired student’s
t-test.

RESULTS

Figure 5 shows an example of T1 maps at five short axial
slices before and after motion correction. The corrupted
segments of myocardial T1 maps were restored after
applying motion correction despite the vague myocardial
borders and large motion at apical slice, as indicated by
the corrupted T1 map before correction. Registration of
11 T1-w images of the heart at basal slice is illustrated in
Figure 6 (and Supporting Fig. S1). Inner and outer myo-
cardial contours of the reference image are copied to all
other T1-w images in both uncorrected and corrected
sets. Improved correspondence of myocardial pixels of
all T1-w images showed improved registration, and the
proposed framework also showed a consistent perfor-
mance at images of low myocardial contrast, where dis-
placement and orientation of the myocardium was
preserved as indicated in the third and fourth images in
Figure 6.

FIG. 4. Sample images with different assessment scores of image quality.

FIG. 5. Myocardial T1 maps at five short axial slices of the left ventricle, from apex to base, before and after motion correction. Black

arrows point to corrupted myocardial segments with motion artifacts that have been restored after motion correction.

ASM-Based Registration for Cardiac T1 Mapping 7



Figure 7 illustrates the qualitative assessment of 900

myocardial T1 maps (Supporting Fig. S2). Before motion

correction, 68 6 0.2% of the T1 maps were considered

motion-affected maps (i.e., scores of 1, 2, and 3), with

7.5 6 3.5% of the maps with severe motions artifacts,

17 6 0.0% with large motions, and 43.1 6 17% with

small motions. After motion correction, 37% (P< 0.001)

of T1 maps were considered motion-affected maps with

only 2.6 6 1.4% (P< 0.001) with severe motions,

5.5 6 0.2% (P< 0.001) with large motions, and 29 6 8.5%

(P< 0.001) with small motions. Motion-corrected T1

maps showed improvement in 70 6 0.2% of the motion-

affected maps than before motion correction, whereas no

change occurred in 27 6 0.3% of the T1 maps before and

after correction, and T1 map quality was also degraded

for 3.2 6 0.2% of the maps after correction. T1 map qual-

ity at apical slices contributed to 59 6 10.7% of the non-

diagnostic score after motion correction, primarily

because of large motions and increased partial-volume

artifacts at LV apex. Intraclass correlation coefficients

between both readers of T1 maps scores were 0.86 and

0.82 before and after motion correction, respectively.
Figure 8 demonstrates the regional analysis of T1 maps

before and after motion correction. The bullseye depic-

tion of myocardial segments for five short axial slices

indicates a higher number of motion-corrupted myocar-

dial segments before correction (i.e., 21.8 6 10.4% of

total segments versus 8.5 6 4.8% (P< 0.001) after correc-

tion). An increased number of corrupted segments are

observed at apical slices versus basal or midcavity slices

before and after correction. The number of corrupted T1

segments at apical slice was significantly decreased

after motion correction to 15.6 6 7% from 30 6 8.6%

(P< 0.001). In addition, the number of corrupted seg-

ments in basal and midcavity slices significantly

decreased to 6.7 6 4.2% from 19.7 6 10.8% (P< 0.001)

after correction.
Figure 9 shows the accuracy and precision of the esti-

mated T1 values before and after motion correction with
respect to ROI-based T1 values within each segment.
Motion-corrected T1 maps showed significant increased
T1 accuracy and precision compared with uncorrected
maps (�8.2 6 33.9 and �36.8 6 62 ms, respectively;
P< 0.001). The MAD distance between extracted and ref-
erence myocardial contours significantly decreased from
3.3 6 1.6 mm to 2.3 6 0.8 mm (P< 0.001) after motion cor-
rection. In addition, the Dice similarity index signifi-
cantly increased from 0.89 6 0.08 before correction to
0.94 6 0.4 (P< 0.001) after the correction. The computa-
tion time of the proposed method to register the T1-w set
of 11 images was approximately 5 s.

FIG. 6. A T1-weighted set of 11 images

before motion correction (red contours)
and after motion correction (green con-
tours). Outer and inner myocardial con-

tours of the reference image Iref are
copied to each of the T1-w images to
show correspondence with the LV myocar-

dium. The automatic segmentation of the
LV myocardium in the reference T1-

w image is shown in the top image.
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DISCUSSION

In this work, we introduced an ASM-based framework
for motion correction of myocardial T1 mapping. The
proposed framework uses a two-step algorithm: segmen-
tation of the myocardial boundaries followed by a
contour-based registration of the acquired set of T1-
w images. Myocardial segmentation is automatically
achieved by applying ASM, which incorporates prior
knowledge from trained shape and appearance models.
In ASM, the appearance model guides an iterative search
process for the myocardium borders in the T1-w images.
In each iteration, myocardial contours are estimated and
then smoothed through projection on the trained shape
model. The computation time of this registration process
is 5 s per 11 T1-w images, which is less than that of cur-
rent conventional intensity-based registration methods
(110 or 10 s per 9 or 8 T1-w images as reported in (19)
and (18), respectively).

The high blood-myocardium contrast and brightness
variations at different TIs and among different patients
make the registration process of T1-w images challeng-
ing. In intensity-based methods, a matching algorithm is
applied to look for similar intensity patterns across the
T1-w images; however, contrast/brightness variations
among T1-w images hinder its performance. The varia-
tions in brightness at different TIs have been previously
addressed by applying variable-brightness tracking of
feature points on the myocardium (19); nevertheless, the
contrast/brightness also varies for different patients at
the same TI. In the proposed framework, both types of
contrast/brightness variations are handled through two
steps: (i) building multiple appearance models at differ-
ent TIs to take into account the variations among differ-
ent T1-w images, and (ii) building each appearance

FIG. 7. Graphical illustration of T1 map quality distribution (total of
900 T1 maps) based on a four-point scoring system for quality
evaluation averaged from two independent readers. Scores 1, 2,

3, and 4 indicate nondiagnostic, fair, good, and excellent T1 map
quality, respectively. The number of T1 maps at each score is dis-
played in purple and cyan for before and after motion correction,

respectively. The status of T1 maps before and after correction is
represented by arrows of varying thickness, according to the

number of T1 maps moving in a given direction. The enhanced T1

maps are represented by green arrows (i.e., T1 maps moved from
a lower score to a higher score). The T1 maps that moved from a

higher score to a lower score are represented by red arrows, and
T1 maps whose scores did not change are represented by blue

arrows.

FIG. 8. Bullseye representation of the number of corrupted segments of five short axial slices before and after motion correction. The

myocardium at basal and midcavity slices is divided into six standard segments, whereas the apical slice is divided into four segments.
We see a significant decrease in the number of corrupted T1 myocardial segments (represented by dark color) after motion correction

than before motion correction (represented by bright color).
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model from actual patient data to capture the intrapa-
tient T1 variations.

Different patterns of blood-myocardium contrast can

still be noticed at the same TI interval (i.e., intervals
near zero-crossing of MR recovery, such as at i¼ 3 or 4)

in different patients: brighter blood than myocardium,

fainter blood than myocardium, or blood and myocar-
dium with equal brightness. Modeling such contrast pat-

terns using one appearance model is challenging.
However, ASM is able to represent them in different

modes-of-variation vectors in the training phase. Addi-
tionally, the search algorithm, which depends on projec-

ting the intensity profiles of testing images onto the
appearance model, successfully recognizes these differ-

ent patterns during segmentation. These projection-based
matching criteria show better performance than correla-

tion and other edge detection methods in previous stud-

ies (21,23).
In our study, we chose a training data set of 30

patients (1650 T1 images). The optimal size of a training

data set for ASM is not fixed and depends on the com-
plexity and interpatient variations of the LV. In a pilot

study, we investigated the effect of choosing different
sizes of training data sets on registration performance.
The proposed models were constructed with a data set

representing 10 to 60 patients, and evaluated the perfor-
mance of the registration using MAD and the Dice index.

The resulting indices show that the performance reaches
a plateau with 30 patients and there is no significance
improvement in performance (Supporting Fig. S3). Fur-

ther studies are warranted to investigate the optimal size
of the training data sets.

The contour-based image registration allows efficient

use of both rigid and nonrigid transformations estimated
from the extracted contours. However, it is crucial to

preserve the point correspondence among all extracted
myocardial contours of T1-w images. The ASM maintains
a consistent arrangement of landmark points, similar to

that used in training (21,23). Because all of the manually
delineated contours extracted in training have the same

FIG. 9. Accuracy and precision of the estimated T1 values, with respect to region of interest (ROI) based T1 values, for each myocardial
segment at five slices before and after motion correction. Accuracy and precision of T1 mapping is calculated as the mean and standard

deviation of T1 differences between corrected/uncorrected maps and region of interest–based T1 at each segment, respectively. Both
accuracy and precision are reported for each segment.
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contour point arrangement, the resulting contours in the
testing step have the same arrangement. In this work, we
used the lower insertion point of LV and RV as a starting
point in the manual delineation, because of its fixed ana-
tomical characteristics, and a fixed number of landmark
points selected with equidistant steps from each contour.

The qualitative assessment showed motion artifacts in
68% of the T1 maps in our data set before correction.
After applying the proposed methods, the number of
motion-affected maps significantly decreased. T1 maps
with severe and large motions showed a significant
decrease after motion correction, which indicates the
ability of the proposed method to capture large motions
of the myocardium. Additionally, 63 6 0.3% of the
small-motion-scored maps completely recovered and
were assigned the no-motion score after correction, indi-
cating the ability of the proposed methods to correct for
fine myocardial deformation caused by cardiac motion in
the through-plan direction. However, small motion arti-
facts were noticed after correction in 10.6 6 4.5% of the
uncorrected motion-free maps (representing approxi-
mately 28 T1 maps) as a result of inaccurate segmentation
of the LV myocardium. Qualitative analysis of myocar-
dial segments also showed a significant decrease in the
number of motion-corrupted segments down to 8.5% of
all segments, with approximately 38.4 6 5.3% of the cor-
rupted segments at the apical slice. The increased num-
ber of motion-corrupted segments at apical slices is
primarily caused by the increased myocardial motions at
the LV apex and degraded myocardial contrast caused by
partial-volume artifacts. We also noticed an increased
average number of motion-corrupted segments for both
corrected and uncorrected maps at LV inferior wall in all
slices—basal, midcavity, and apical—as previously
reported (10).

The high variability of myocardial morphology caused
by different diseases (e.g., hypertrophic and dilated car-
diomyopathies) poses a challenge in building the shape
model. To circumvent this problem, patients with differ-
ent cardiac diseases should be sufficiently represented in
the training data set. In the proposed registration
approach, the contours for epicardium and endocardium
borders are extended and aligned instead of pixel-by-
pixel alignment. One potential disadvantage of this
approach, compared with intensity-based image registra-
tion, is that only contour information is used in registra-
tion. The registration of contours does not automatically
guarantee alignment of myocardial pixels and may cause
registration error within the myocardium. In addition, in
the proposed model-based framework, new training of
shape and appearance models is needed for images
acquired with different orientations (e.g., long axis view)
or different ranges of T1 (e.g., postcontrast T1 mapping).
Although the multiresolution implementation of the pro-
posed framework alleviates large motions of the myocar-
dium, there are still trade-offs in the model flexibility for
capturing the fine variations of the myocardium and cap-
turing the large motions. The parallel implementation of
this framework is found to be effective, because every
T1-w image within a given case (except for the reference
image) can be processed independently from others.
Thus, all T1-w images are segmented and registered

simultaneously on multiple processing cores, leading to

a shorter processing time by a factor of the number of

central processing unit cores (i.e., one-fourth in our

experiments) to the regular implementation time.

CONCLUSIONS

The proposed method for nonrigid registration of T1-

w images allows T1 measurements in more myocardial

segments by eliminating motion-induced T1 estimation

errors in the myocardium segments.
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SUPPORTING INFORMATION

Additional Supporting Information may be found in the online version of
this article.

Fig. S1. A T1-weighted set of 11 images before (with red contours) and
after (with green contours) motion correction. Outer and inner myocardial
contours of the reference image I ref are copied to each of the T1-w images
to show correspondence with the LV myocardium. The automatic segmen-
tation of the LV myocardium in the reference T1-w image is shown in the
top image.
Fig. S2. Graphical illustration of T1 map quality distribution (total of 900 T1

maps) based on a four-point scoring system for quality evaluation averaged
from two independent readers. Scores 1, 2, 3, and 4 indicate nondiagnos-
tic, fair, good, and excellent T1 map quality, respectively. The number of T1

maps at each score is displayed in purple and cyan for before and after
motion correction, respectively. The status of T1 maps before and after cor-
rection is represented by arrows of varying thickness, according to the
number of T1 maps moving in a given direction. The enhanced T1 maps are
represented by green arrows (i.e., T1 maps moved from a lower score to
higher score). The T1 maps that moved from higher score to lower score
are represented by red arrows, and T1 maps whose scores did not change
are represented by blue arrows.
Fig. S3. Effect of increasing training data set size on the performance of
the proposed model. The mean and standard deviation for the Dice index
and mean absolute distance are shown on both vertical axes with increas-
ing training data set size from 10 to 60 patients. Thirty patients were
selected as the optimal size of the training data set, as no significant
increase of the model’s performance is recorded with larger size.
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