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a b s t r a c t
The current challenge for electrophysiology procedures, targeting the left ventricle, is the localization
and qualiﬁcation of myocardial scar. Late gadolinium enhanced magnetic resonance imaging (LGE-MRI)
is the current gold standard to visualize regions of myocardial infarction. Commonly, a stack of 2-D
images is acquired of the left ventricle in short-axis orientation. Recently, 3-D LGE-MRI methods were
proposed that continuously cover the whole heart with a high resolution within a single acquisition. The
acquisition promises an accurate quantiﬁcation of the myocardium to the extent of myocardial scarring.
The major challenge arises in the analysis of the resulting images, as the accurate segmentation of the
myocardium is a requirement for a precise scar tissue quantiﬁcation. In this work, we propose a novel
approach for fully automatic left ventricle segmentation in 3-D whole-heart LGE-MRI, to address this
limitation. First, a two-step registration is performed to initialize the left ventricle. In the next step, the
principal components are computed and a pseudo short axis view of the left ventricle is estimated. The
reﬁnement of the endocardium and epicardium is performed in polar space. Prior knowledge for shape
and inter-slice smoothness is used during segmentation. The proposed method was evaluated on 30
clinical 3-D LGE-MRI datasets from individual patients obtained at two different clinical sites and were
compared to gold standard segmentations of two clinical experts. This comparison resulted in a Dice
coefﬁcient of 0.83 for the endocardium and 0.80 for the epicardium.
© 2017 Elsevier Ltd. All rights reserved.

1. Introduction
About 26 million people worldwide are suffering from heart failure (HF) (Ponikowski et al., 2014). The symptoms of HF typically
include shortness of breath, signs of ﬂuid retention, fatigue, exercise intolerance, and depression (Shea and Sweeney, 2003). The
underlying cardiac cause of HF is most often a myocardial infarction (McMurray et al., 2012). According to Dickstein et al. (2009) at
least 51% of patients suffering from HF have an ischemic history.
The viability assessment of the myocardium after a myocardial
infarction is very important for diagnosis, therapy planning, success prediction of the therapy, and patient prognosis. Especially,
the location and quantiﬁcation of a patient’s scar burden promises
to increase the success rate of different therapies, such as ablation
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of ventricular tachycardia or cardiac resynchronization therapy
(Dikici et al., 2004; Karim et al., 2013). Late gadolinium enhanced
magnetic resonance imaging (LGE-MRI) is the clinical gold standard for non-invasive assessment of myocardial viability (Börnert
and Jensen, 1995; Kellman and Arai, 2012; Rashid et al., 2015; Shin
et al., 2014). The LGE images are acquired around 10–20 min after
contrast agent injection. LGE-MRI uses the difference in contrast
agent accumulation between viable and damaged tissue. In clinical routine, 2-D short axis (SA) slices along the left ventricle (LV)
are acquired, with a large slice thickness in the range of 5–10 mm
(Ciofolo and Fradkin, 2008). See Fig. 1(a) and (b) for an example of
a 2-D SA LGE-MRI data set.
Recently, LGE-MRI was extended to 3-D, to continuously cover
the whole heart with a high resolution of up to (0.7 × 0.7 × 1.5) mm3
in a single acquisition. This scan promises an accurate quantiﬁcation of the myocardium to the extent of myocardial infarction (Shin
et al., 2014), see Fig. 1(c) and (d) for an example. The 3-D LGE-MRI
sequence is currently in medical research, nonetheless it has the
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Fig. 1. (a) 2-D late gadolinium enhanced short axis slice of the left ventricle, with a myocardial infarction (orange arrow). (b) Long axis view of the 2-D SA data, with
a bad inter-slice resolution because of the large slice thickness and distance between the slices. The 2-D LGE-MRI sequence has the following parameters: pixel spacing
(1.77 × 1.77) mm2 , slice thickness 8 mm, spacing between the slices 10 mm, number of slices 10. (c) 3-D LGE-MRI reorientated in a pseudo short axis view. (d) 3-D LGE-MRI
in a pseudo long axis view. With the 3-D LGE-MRI an accurate quantiﬁcation to the extent of myocardial scarring is possible, the orange arrows are pointing to the MI. The
3-D LGE-MRI sequence has the following parameters: pixel spacing (1.30 × 1.30) mm2 , slice thickness 1.30 mm, number of slices 120. (For interpretation of the references to
color in this ﬁgure legend, the reader is referred to the web version of this article.)

potential to become clinical routine, because of the detailed visualization of MI. Besides the technological improvements regarding
image acquisition and the clear clinical demand (Bilchick et al.,
2008), the challenge arises in providing automatic tools for fast
image analysis.
In clinical routine, manual outlining of the left ventricle’s
myocardium is commonly the standard for performing the LV
segmentation. However, such a segmentation is tedious, time
consuming, prone to user errors, and intra- and inter-observer
variability (Frangi et al., 2001). Considering the 3-D LGE-MRI data,
one would have to annotate about 80 slices to cover the left ventricle. The amount of annotations renders methods, based solely
on manual interaction impractical. However, most scar quantiﬁcation algorithms require an accurate segmentation of the LV
myocardium.
The main issue with processing LGE-MRI data is the nonhomogeneous intensity distribution within the myocardium,
resulting from the different accumulations of contrast agent in the
damaged tissue. Therefore, often the CINE MRI is segmented and
the contours are registered to the LGE-MRI. The registration and
ﬁtting from the CINE MRI to the LGE-MRI has several problems.
The global position of the heart may change during the acquisitions
due to patient movement. The cardiac phases from the CINE MRI
may not precisely match to the LGE-MRI. Inter-slice shifts can arise
from multiple breath-holds. Even though these shifts may appear
minor, they can lead to signiﬁcant errors in the myocardial scar
quantiﬁcation.
Moreover, the 3-D whole heart acquisition does not allow a
direct use of any ring or circular shape prior, as commonly used
for 2-D SA images. To overcome these issues, we propose a novel
approach for fully automatic left ventricle segmentation using
solely 3-D LGE-MRI data. The novelty of the method lies in the combination of an edge array and a scar exclusion step, to initialize a
minimal cost path search in polar space. Furthermore, no anatomical scan is required for the segmentation and no user interaction.
2. Previous work
The delineation of the myocardium is a prerequisite for automatic scar quantiﬁcation (Karim et al., 2016). Segmentation
methods to extract the endocard and epicard of the left ventricle using 2-D SA acquisitions most often rely on the registration
of the LGE-MRI to an anatomical MRI scan (Ciofolo et al., 2008;
Dikici et al., 2004; Tao et al., 2015; Wei et al., 2011) or shape priors
(Albà et al., 2014). CINE MRI scans have an uniform texture and the
wall delineation is more visible compared to LGE-MRI, therefore,

the segmentation of CINE MRI has been well studied in literature
(Petitjean and Dacher, 2011; Suinesiaputra et al., 2014). However,
little research has been done for fully automatic myocardium segmentation using solely LGE-MRI.
Dikici et al. (2004) uses a non-rigid variational approach to register the CINE MRI with the LGE-MRI. Afterwards, active contours are
used to optimize a parametric afﬁne transform of the propagated
parameters. Ciofolo et al. (2008) proposed to deform a geometrical template to ﬁt to the myocardial contour for each MRI slice. In
addition, the LV was divided into four quadrants and those likely
to contain large areas of myocardial scarring were treated differently. The contours from the CINE MRI were then aligned to the
geometrical template of the LGE-MRI. Wei et al. (2011) uses a model
based approach for the LV segmentation that comprises several
steps. Inter-slice shifts in CINE MRI images are corrected and the
LGE-MRI is registered to the CINE MRI. The CINE MRI contours are
further deformed by features in the LGE short or long axis images.
Tao et al. (2015) proposes a four step algorithm to segment the LV
from LGE-MRI. The LGE-MRI is aligned to the CINE MRI. The endoand epicardial borders from CINE MRI are ﬁtted to the LGE-MRI,
optimized in 3-D and reﬁned based on the LGE-MRI.
Albà et al. (2014) proposed a modiﬁed graph cut approach to segment the LV using 2-D LGE-MRI. Therefore, six rules were deﬁned:
(i) the blood pool appears bright, (ii) the blood pool has a circular
shape, (iii) the blood pool is continuous in the longitudinal direction, (iv) the myocardium can include dark and bright voxels, (v)
the myocardial thickness changes smoothly, and (vi) the 3-D global
shape of the myocardium is smooth. The method from Albà et al.
does not use information from CINE MRI. The direct segmentation
using LGE-MRI avoids segmentation errors caused by the use of
the 2-D CINE MRI and a misalignment between the sequences. In
addition, it allows for a faster segmentation approach. Hence, the
direct segmentation based solely on LGE-MRI is desirable. All the
presented methods use 2-D SA LGE-MRI scans.
To the best of our knowledge, there has been little research
aimed using 3-D LGE-MRI images. The ﬁrst semi-automatic solution
for myocardial segmentation using solely 3-D LGE-MRI was proposed by Kurzendorfer et al. (2015). The segmentation comprises
three steps. First, an initial seed-point within the LV cavity had to
be selected by the user. An approximation of the endocardium was
achieved using morphological active contours without edges. The
SA view was estimated using principal component analysis. Next
the endo- and epicardial contours were reﬁned in polar space using
edge information.
Our work is distinct from the aforementioned, also when compared to Kurzendorfer et al. (2015), in several aspects. First, the
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Fig. 2. Overview of the segmentation pipeline. First, the left ventricle is initialized using a registration based approach. In the next step, the short axis view is estimated with
the help of principal component analysis. In the third step, the endocardial contour is reﬁned in polar space. In the fourth step, the epicard is extracted. In the ﬁnal step, the
contours can be exported as surface meshes and used for further processing.

method is fully automatic, where the initial seed-point and the
active contours segmentation is replaced by a two-step registration
approach. Furthermore, prior knowledge, in terms of constraints for
shape and inter-slice smoothness is used for the myocardial segmentation. And solely the 3-D whole heart LGE-MRI data set is used
for the segmentation.
3. Methods
Our approach comprises of ﬁve steps: First, a two-step registration is performed for an initialization of the LV. Second, the principal
axes of the LV are computed and a pseudo SA view is estimated.
The endocardium is reﬁned in polar space considering the edge and
scar information and applying a minimal cost path search along the
cost array. Fourth, the epicardium is estimated, starting from the
endocardium and considering the edge information. Prior knowledge, such as shape and inter-slice smoothness constraints, is used
during the reﬁnement step. Finally, the endocardial and epicardial
contours are exported as 3-D surface meshes using the marching
cubes algorithm. Fig. 2 provides an overview of the segmentation
pipeline.
3.1. Registration
For the initialization of the left ventricle within the 3-D whole
heart scan, a two-stage registration to an atlas volume A is performed (Unberath et al., 2015). The segmentation of the atlas
volume A was done manually, resulting in a labeled mask L. First, a
multi resolution rigid registration is performed to roughly align the
atlas volume A to the input volume I, see Fig. 3(b) for the registration result. The transformation T can be decomposed into scaling,
rotation and translation. However, regarding cardiac image regis-

tration, more variations need to be allowed, to match the complex
deformations and anatomical changes between different patients.
Therefore, a non-rigid multi resolution registration is performed,
the result is depicted in Fig. 3(c). Nevertheless, a rigid transform
has to be applied prior to the non-rigid registration for an initialization, as non-rigid transformation most often cannot handle large
scaling, translation or rotation.
The matching of the transformation is depending on the similarity measure. A mutual information based similarity measure
is employed, where the image intensities are understood as random variables with a certain probability density function (Thévenaz
et al., 2008). A random coordinate sampler is used, which is not limited to voxel positions. During the registration a linear interpolation
is utilized. Regarding the non-rigid transformation, B-splines are
applied for the parameterization to describe the local deformation
of the left ventricle (Rueckert et al., 1999). B-splines are locally controlled which makes them computationally efﬁcient even for larger
number of control points. The spacing of the control points deﬁnes
how local or global the non-rigid registration will be. Therefore, the
proposed approach from Rueckert et al. (1999) was applied, using a
hierarchical multi-resolution approach, were the number of control
points vary according to the scale-space pyramid.
In the last step, the transformation of the two-stage registration
is applied to the labeled mask L of the atlas volume A, resulting in
a registered mask M (Klein et al., 2010).

3.2. Short axis estimation
After the initialization of the left ventricle through the two-stage
registration approach, the short axis view of the left ventricle can be
estimated using principal component analysis of the transformed
atlas mask M (Jolliffe, 2002). The contour points of the mask M

Fig. 3. (a) Checkerboard image before the registration, showing the thorax in a sagittal viewing plane. (b) Checkerboard image showing the registration result after the rigid
registration. (c) Final result after the non-rigid registration.
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Fig. 4. (a) 3-D LGE-MRI of the three orthogonal imaging planes, sagittal, coronal and axial. (b) Approximated cavity of the LV through the registration to the atlas data. The
principal components are visualized, with the ﬁrst principal component in blue and the second and third principal components in black. (c) Cropped pseudo short axis view
after the principal component analysis. (d) Short axis view with the contour of the transformed mask in red. (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article.)

are extracted using the marching cubes algorithm (Lorensen and
Cline, 1987), resulting in a set of vertices v ∈ RN×3 , where N is the
number 
of vertices. The covariance matrix  is calculated, with
N
1
 = N−1
(v − v̄), where v̄ is the mean vector of all vertices
i=1 i
v. Having the covariance matrix , the singular value decomposition is applied, which results in  = USVT . U is a 3 × 3 matrix,
where the columns are orthogonal unit vectors. The ﬁrst column
corresponds to the largest eigenvalue and has the largest variation
among the transformed mask, i.e. the short axis orientation. In the
next step, the offset to the rotation center is calculated. Then, the
afﬁne transformation is applied to the volume I and the mask M,
to align the coordinate axis with the unit vectors of U. See Fig. 4(b)
for an illustration, with the ﬁrst principal component marked in
blue. The short axis view is commonly used for most segmentation approaches reported in literature, as most algorithms rely on
standard 2-D LGE SA acquisitions. Having the short axis view, prior
knowledge such as circularity and convexity of the contour points
can be taken into account for the segmentation.

3.3. Endocardial contour extraction
As the rough outline of the left ventricle is known, the rotated
volume I and the rotated mask M can be cropped around the region
of interest and the further image processing steps are just performed on the cropped volume. The cropping of the volumes is done
for computational efﬁciency. After a pseudo short axis view of the
LV is estimated, the algorithm starts with the slice that corresponds
to the center of mass of the transformed mask M. The contour points
C ∈ RN×3 of the transformed atlas mask M are extracted using the
marching cubes algorithm (Lorensen and Cline, 1987), where N is
the number of newly extracted vertices in short axis orientation.
Fig. 4(d) depicts the slice, that corresponds to the center of mass
with the contour of the transformed mask M in red.
In the next step, the polar image is calculated, where the origin of
the polar image corresponds to the center of the found contours C,
i.e. the center of mass. The polar space is useful for several reasons,
the contours that we are looking for, has a roughly circular shape,
therefore, all the contours in polar space have the same length, no
matter which radius. Moreover, the image size is smaller, which
allows for a faster processing. Fig. 4(c) shows the SA slice that corresponds to the center of mass with the extracted contours Cs of
the marching cubes algorithm, where s is the current slice index.
For the particular slice s, Fig. 5(a) is the analogue image in polar
space. Through this mapping the Cartesian image coordinates (x, y)
are converted to polar coordinates (r, ). The maximum radius r is
selected to cover all potential myocardium boundaries and  ∈ [0◦ ,
360◦ ]. The contours Cs from the transformed mask are converted

to polar coordinates and used to reﬁne the boundaries of the endocardium.
The edge information of the polar image is extracted by applying
the Canny edge detection (Canny, 1986). To extract minor edges, a
Gaussian smoothing with a standard deviation of  = 2.5 is applied.
The lower bound of the hysteresis thresholding was set to 10% of
the maximum and the upper bound to 20%. The result is depicted
in Fig. 5(b). In addition, the mean intensity of the blood pool bp
and the standard deviation  bp are estimated. Having these values,
a scar threshold  st can be deﬁned as  st = bp +  bp . In the next
step, all the pixels above this threshold are deﬁned as potential scar
candidates. Having the scar candidates all pixels with increasing
radius are labeled with 1, resulting in a scar map, see Fig. 5(c). The
scar map is then logically combined with the edge image, which
derives the cost array P for the minimal cost path (MCP) search,
as depicted in Fig. 5(d). Six equally distributed points are selected
from the contour Cs and a MCP search algorithm is used to ﬁnd
the optimal contour (Dijkstra, 1959). The number of initialization
points for the MCP was chosen heuristically. The MCP ﬁnds the
distance weighted minimal cost path through the cost array P. The
cost path is simply calculated as the sum of the costs for each move
of the path. Where edge pixels have 0 costs and non-edge and scar
pixels 1. The cost of one step from point pi to pj is calculated as
follows:

c(pi , pj ) =

d
d
∗ P(pi ) + ∗ P(pj ),
2
2

(1)

where d is the distance between the two points pi and pj , which
are two neighboring points in the cost array P. The diagonal versus
horizontal or vertical steps are of different length and therefore,
the path costs are weighted accordingly. The result of the MCP is
visualized in Fig. 5(e) and (f). After the reﬁnement, the contours
Cs are converted back to Cartesian coordinates, as illustrated in
Fig. 6(a). As the result is frayed and papillary muscles close to the
endocardial border may be included, the convex hull is calculated
for the estimated points. This assumption is based on the fact that
the left ventricle’s cavity is convex. The ﬁnal endocardial contour
Cf ∈ RNs ×2 is derived from the smallest convex polygon, as shown
in Fig. 6(b). After the ﬁrst contour Cf is reﬁned, the result is used
for further improvement of the silhouettes in the lower and upper
pseudo SA slices till the base and apex is reached. The reﬁnement
is performed in polar space as previously described. The distance
between the previously found contour Cf and the silhouette from
the transformed atlas mask Cs ∈ RNs ×2 is calculated. If the distance
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Fig. 5. Endocardial contour reﬁnement in polar space. (a) Input image after polar transformation and the contour points in polar coordinates (red). (b) Edge information from
Canny edge detector with a Gaussian smoothing of  = 2.5. (c) Scar map. (d) Cost array for the minimal cost path search, combining the scar map and the Canny edge image.
(e) Cost array with the found contour from the minimal cost path search. (d) Final result of the MCP in the polar image. (For interpretation of the references to color in this
ﬁgure legend, the reader is referred to the web version of this article.)

is larger than a margin  dist the contour point of the transformed
mask is not considered for the further improvement,



j
C s

=

j

j

j

Cs

if Cf − Cs < dist

{}

otherwise,

(2)

where j denotes the jth contour point and C  s the updated contour of Cs . In the next step, the contour points Cf and C s are
merged, Cm = Cf ∪ C s and afterwards sub-sampled with a sampling
rate of  = 4. The sub-sampling is performed in order to obtain
a smoother contour and to remove single outliers. Afterwards,
additional reﬁnement steps for the endocardial contour Cm approximation are performed. The polar image is extended to the left
( < 0◦ ) and right ( > 360◦ ) with  ∈ [30◦ , 60◦ , 90◦ ]. From these
enlarged polar images, the edge information is extracted, using the
Canny edge detector, with a Gaussian smoothing of  = 3, to extract

more dominant edges. The Gaussian smoothing of  was chosen
heuristically. Furthermore, the scar map is calculated, by applying
 st . The cost array is derived from the scar map and the edge image.
In addition, the sub-sampled silhouette points Cm are extended to
the left and the right with the corresponding . The enlargement
of the polar image is done, to avoid errors at the border of the edge
image, in particular if papillary muscles or myocardial infarctions
are present. As before, six equally distributed points are selected
from the extended contours Cm for the initialization of the minimal cost path search, for all three cases with respect to . First,
the shortest path for each of the three cases is chosen. Second, the
length of the path is normalized with respect to the corresponding enlargement . The ﬁnal contour Cf is selected from the results
by choosing the solution with the minimal costs. This outline is
then transferred back to Cartesian coordinates. The convex hull is
computed for the reﬁned points Cf .
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Fig. 6. Final steps of endocardial reﬁnement. (a) Contour points after conversion from polar to Cartesian coordinates. (b) Convex hull of the endocardial outline in (a).

A round shape of the left ventricle in short axis view is assumed
(Azancot et al., 1983; Duann et al., 1999; McLeod et al., 2015). For
the inter-slice smoothness criteria, the shape of the previous contour to the newly found contour is compared. If the difference of
the two contours is bigger than a certain margin  diff , the previous
contour will be considered. Depending on the apical or basal direction, erosion is applied to the contour, as the convex hull slightly
enlarges the contour, and in apical direction the radius is decreasing. For further improvements different constraints are considered
depending on the apical or basal direction.
For the apical direction the center cpre of the ﬁnal contour and
the radius rpre of the semi-axis from the previous slice are examined. As a high resolution is given through the 3-D acquisition
technique, the center of the new curve cnew has to be within a
certain distance  C to the center of the previous curve cpre . To be
precise, a shift between two pseudo SA slices is not possible as they
are computed from the same 3-D volume. Furthermore, the radius
rnew should always be equal or smaller to the radius rpre from the
previous reﬁned slice for the apical direction. If one of these constraints is not met, the previous contour is taken and erosion is
applied, to achieve a slightly smaller radius


Cf =

Cf

if cpre − cnew < C ∪ rnew ≤ rpre

E(Cpre )

otherwise,

(3)

where E denotes the erosion. The apical iteration ends if the radius
rnew of the semi-axis falls below a threshold  r . See Fig. 7(b) for an
illustration of the apical reﬁnement direction.
Similar conditions apply for the basal direction. Here, the center
cnew of the new curve and the center cpre of the curve from the
previous slice and the previous contour shape are considered as
well. If the distance between the centers is greater than a threshold
 C , the endocardial contour is approximated as follows,


Cf =

Cf

if cpre − cnew < C

Cpre

otherwise.

(4)

The basal iteration either stops if the maximum point from the
transformed mask is reached or the difference of the areas of the
previous contour Cpre and the newly found contour Cf is greater
than a threshold bmax . In this case, the outﬂow tract is reached. See
Fig. 7(a) for an illustration of the basal reﬁnement direction.

3.4. Epicardial contour extraction
For the epicardial contour extraction the previously found endocardial points are used. The contour extraction is performed in
polar space for the same reason as mentioned for the endocardial reﬁnement. The edge information is extracted, using the Canny
edge detector (Canny, 1986). The standard deviation  of the Gaussian ﬁlter kernel is set to  = 2,where  was chosen heuristically. As
the epicardium has to be greater then the endocardium, the radius
is enlarged by  epi , as depicted in Fig. 8(a). In addition, all edges
that fall within the endocardium are erased, see Fig. 8(b). Having
the enlarged endocardial contour, the closest edge with increased
radius is searched for in the Canny edge image. A polynomial is
ﬁtted through the found points to remove outliers. In the next
step, the extracted contour points are transformed back to Cartesian coordinates. As the result might be frayed, the convex hull is
estimated to smooth the contour. Due to the smoothing operation,
the epicardial contour is slightly enlarged, hence, erosion is applied
to shrink the outline. The result of the endocardial and epicardial
contours are shown in Fig. 9(a).
For the basal end, the iteration stops with the reﬁnement of the
endocardium. In the apical direction, there is no endocardial contour anymore, as the endocardial iteration stops if the semi axis
falls below a certain threshold  r . Therefore, the previously estimated epicardial contour is used for the reﬁnement with decreasing
radius. The epicardial reﬁnement for the apex is stopped when the
semi-axes of the epicardium falls below a threshold repi .

3.5. Mesh generation
In the ﬁnal step, the segmented endocardial and epicardial contours are extracted as 3-D surface meshes. For the mesh generation
the marching cubes algorithm is used to obtain the iso-surfaces
of the contours (Lorensen and Cline, 1987). The output of the
algorithm is a triangular mesh consisting of a set of vertices and
connected faces. The extracted vertices and faces, as well as face
normals are then saved in the stl-ﬁle format. Fig. 9(b) depicts an
example of such a mesh, where the endocardial surface is red, the
epicardial surface is yellow and the scar is visualized in purple.
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Fig. 7. (a) Reﬁnement for the basal direction, considering the shape and center of the previous contours to guarantee for inter-slice smoothness. (b) Reﬁnement for the apical
direction considering the radius, shape and center of the previous contour to guarantee for inter-slice smoothness.

Fig. 8. (a) Final endocardial contour in red and enlarged epicardial contour in yellow. (b) Edge image, showing only the remaining edges after the exclusion of the endocardium.
(For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

4. Evaluation and results
4.1. Data description
The automatic segmentation of the LV endocardium and epicardium was evaluated on 30 clinical MRI data sets from individual
patients acquired at two clinical sites. The two clinical sites are
distinguished in cohort 1 and cohort 2.
From the ﬁrst clinical site, the data was acquired using a MAGNETOM Skyra 3T scanner (Siemens Healthcare GmbH, Erlangen,

Germany). The free-breathing whole heart 3-D LGE-MRI was performed based on a protocol adapted from Forman et al. (2014).
The main difference is, that the sequence is inversion prepared.
The patient speciﬁc TI time was adjusted with a TI scout scan
prior to the 3-D LGE acquisition. For acceleration, the Cartesian
variable-density spiral phyllotaxis sampling pattern was set up
for a net acceleration of 7.7 relative to the fully sampled kspace. The acquisition utilizing a GRE sequence, had the following
parameters: TR/TE 4.0/1.5 ms, radio frequency excitation angle 20◦ ,
FOV 247–270 mm × 270 mm × 135–180 mm3 , voxel size 1.3 mm3
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Fig. 9. (a) Final result of the endo- and epicardial contour in Cartesian coordinates. (b) Final result in 3-D. The endocardial surface is visualized in red and the epicardial
outline is visualized in yellow, with a myocardial infarction visualized in purple. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to
the web version of this article.)

isotropic and a receiver bandwidth of 401 Hz/Px. The acquisition
window of the ECG-triggered sequence was adapted to the patient
speciﬁc cardiac resting phase in mid-diastole. Image reconstruction
was fully integrated on the scanner and performed with a regularized SENSE-type iterative reconstruction as described in (Liu et al.,
2012). For all data sets, the regularization parameter was ﬁxed to
0.002 and image reconstruction was terminated after 20 iterations
of the mFISTA algorithm.
From the second clinical site, the data was acquired using two
different clinical scanners, MAGNETOM Verio 3T and MAGNETOM Espree 1.5T (Siemens Healthcare GmbH, Erlangen, Germany).
The acquisition utilizing a GRE sequence had the following
parameters: TR/TE 2.76–4.02 ms/1.38–2.01 ms, radio frequency
excitation angle 13–14◦ , FOV 379–384 × 379–384, voxel size
(0.66–0.85 × 0.66–0.85 × 1.5–1.7) mm3 and a receiver bandwidth
of 349–755 Hz/Px. Image reconstruction was performed using parallel imaging (Griswold et al., 2002).
Fig. 10 shows an example data set for each cohort, (a) and (c)
shows the short axis view and (b) and (d) the long axis. In the second
cohort no additional fat suppression was applied, which leads to
various enhancements, especially in the apex, see Fig. 10(d). The
different resolution of cohort 1 and 2 in the z-axis has no inﬂuence
on the algorithm.

4.2. Evaluation
Gold standard annotations of the LV endo- and epicardium were
provided by a physician as well as a clinical expert. The annotations
were performed using Slicer (Fedorov et al., 2012) or Seg3D (CIBC,
2015). The observers were asked to segment the endocardial and
epicardial contour separately.
For the segmentation of the endo- and epicardium several
parameters hat to be chosen heuristically. A summary of all the
parameters is provided in Table 1.

4.2.1. Metrics
Given the gold standard annotation, the segmentation was evaluated using two different measures. First, the Dice coefﬁcient (DC)
as a quantitative score of the segmentation quality is evaluated, as it
measures the proportion of the true positives in the segmentation.

Table 1
Parameters for the left ventricle segmentation. These parameters were chosen
heuristically.
Parameters for LV segmentation
Description

Symbol

Value

Distance between contour points
Sub-sampling rate
Difference between areas
Difference between centers
Base reached
Enlargement for epicard
Apex reached epicard

 dist

 diff
C
bmax
 epi
repi

4
4
±25%
5
≥188%
6
<2

Dice scores ranges from 0 to 1, with 1 corresponding to a perfect
overlap. The metric is deﬁned as
DC(A, B) =

2|A ∩ B|
,
|A| + |B|

(5)

where A is the segmentation result and B is the gold standard
annotation. For the Dice coefﬁcient the whole 3-D volume was
considered.
The second evaluation method is the average surface distance
(ASD) between the surface voxel of the binary mask A and their
nearest surface voxel of binary object B, averaged over all contour
points and all slices of the volume.
4.2.2. Assessment
The two different measures were applied to the whole volume, differentiating the endo- and epicardium. Furthermore, the
inter-observer variability between the observers was investigated.
In addition, the volume was separated in three parts, base, midcavity and apex, by dividing the gold standard annotation into equal
thirds, perpendicular to its long axis (Ma et al., 2012).
4.2.3. Smoothing
As the gold standard annotation was done in the sagittal, coronal
and axial plane the results look frayed in the short axis orientation,
see Fig. 11(a) for an example. To overcome this issue, the gold standard annotation was post-processed by applying the convex hull
to the contour points for every slice in the short axis orientation.
To be more precise, the convex hull was estimated in 2-D for each
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Fig. 10. (a) and (b) shows one example data set of the ﬁrst cohort in a short and long axis orientation. (c) and (d) depicts an example data set of the second cohort. Here the
voxel spacing is not isotropic and no additional fat suppression was applied. This results in further enhancements in the apical region of the left ventricle.

Fig. 11. (a) Example of the original non-smoothed (NS) gold standard (GS) annotation in the short axis orientation. It can be seen that the contours are very frayed. (b)
Smoothed (S) gold standard annotation GS after applying the convex hull to the contour points.

slice without considering the overall 3-D shape. An example of the
smoothed contour is shown in Fig. 11(b).
4.2.4. Scar volume
As already mentioned, LGE-MRI is used to visualize regions
of ﬁbrosis and myocardial infarction in the myocardium. This
information can be important for treatment planning and success
prediction.
There exist already various of different methods that can be
used for scar segmentation, e.g. threshold based methods with a
ﬁxed number of standard deviations from the mean intensity of
the healthy myocardium, full-width-at-half-maximum approach
or clustering methods (Karim et al., 2013, 2016; Rajchl et al., 2014).
As the amount of scar tissue is an important information, however the scar tissue segmentation itself is out of scope of this
journal, a simple but widely used threshold based approach was
implemented to compare the difference in scar volume. The scar
segmentation requires the prior delineation of the myocardium.
From the myocardium, an intensity histogram is computed. It is
expected, that the histogram is bi-modal in case of a myocardial
infarction. One mode for the viable tissue and the other one for the
enhanced scar tissue. The threshold  mode between the two modes
is determined using Otsu’s method (Otsu, 1979). The threshold of
the scarring  scar is then deﬁned as follows:
scar = l + 2 · l ,

(6)

where l is the mean intensity of the lower mode of the intensity
histogram and  l the standard deviation of the lower mode. After
the scar tissue is quantiﬁed the total scar volume compared to the
volume of the myocardium can be computed. The scar volume is
estimated for the two gold standard annotations as well as for the
fully automatic segmentation approach.
4.3. Results
4.3.1. Gold standard annotation comparison
Fig. 12 compares the two different gold standard annotations
obtained from the clinical experts, from base to apex. In the ﬁrst
row, the smoothed gold standard annotations from the endocardium are shown. In the second row, the smoothed gold standard
annotations from the epicardium are shown. In this data set a huge
myocardial scarring is present. It can be seen that the contours differ especially in the apex and at the left ventricular outﬂow tract.
These regions also show the largest differences compared to the
fully automatic segmentation.
In addition to the inter-observer variability, the DC and
ASD between the smoothed gold standard annotation and nonsmoothed annotations was evaluated. The endocard had a mean
DC of 0.96 ± 0.01. The best segmentation overlap had a Dice of
0.97 and the worst a DC of 0.89. The epicard had a mean DC of
0.96 ± 0.02. The best match yielded a DC of 0.98 and the worst a
DC of 0.92. Using the average surface distance, the endocard had a
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Fig. 12. Comparison of the segmentation result for the two observers. The ﬁrst row depicts the smoothed gold standard annotation from the endocardium, where the lighter
orange contour is from the physician and the darker contour from the clinical expert. The second row shows the smoothed gold standard annotation of the epicardium,
where the light green contour is from the physician and the dark green from the clinical expert. (For interpretation of the references to color in this ﬁgure legend, the reader
is referred to the web version of this article.)

Table 2
Comparison of the smoothed gold standard annotation to the non-smoothed gold
standard annotation, using the Dice coefﬁcient (Dice) and the average surface distance (ASD). The results are shown separately for the endocardial (Endo), epicardial
(Epi) contour.
Smoothing effect
Description

Dice

ASD (mm)

Endo
Epi

0.96 ± 0.01
0.96 ± 0.02

0.68 ± 0.32
0.79 ± 0.40

mean distance of 0.68 mm ± 0.32 mm, with a minimum of 0.36 mm
and a maximum of 2.41 mm. For the epicard a mean distance of
0.79 mm ± 0.40 mm was evaluated, with a minimum of 0.33 mm
and a maximum distance of 1.92 mm. The results for the smoothing impact are summarized in Table 2. As the smoothing has no
big inﬂuence for the Dice coefﬁcient as shown in Table 2 and the
results seem more physiologically meaningful compared to the
non-smoothed results as seen in Fig. 11, only the smoothed gold
standard annotation is considered for the further evaluation.
4.3.2. Dice coefﬁcient
For the smoothed gold standard a DC of 0.84 ± 0.04 was
achieved. The best segmentation result had a DC of 0.91 and the
worst a DC of 0.72. For the epicard, an overall DC of 0.80 ± 0.06 was
achieved. The best segmentation of the epicardium yielded a DC of
0.91 and the worst a DC of 0.68. The inter-observer variability of
the post-processed data resulted in a DC of 0.92 ± 0.04. In Table 3
a distinction between the two different clinical cohorts is made. It
can be seen that the results for the endocardial contour extraction
are similar with a Dice coefﬁcient of around 0.84. However, the DC
for the epicard is worse for the second cohort, with a mean of 0.78.
Furthermore, the Dice coefﬁcient of the basal, mid-cavity and
apex was evaluated separately considering the endocardium and
the epicardium together regarding the smoothed gold standard
annotation. The algorithm performs best for the mid-cavity area,
where a DC of 0.86 ± 0.05 was achieved. The error is larger for the

Fig. 13. Considering the endocardium and epicardium together, an average Dice
coefﬁcient of 0.82 ± 0.05 was achieved. Furthermore, the LV was divided into three
parts, base, mid-cavity and apex. For the basal region a DC of 0.75 ± 0.09 was
achieved, for the mid-cavity a DC of 0.86 ± 0.05 and for the apex a DC of 0.77 ± 0.10.

basal area and the apex, where a DC of 0.75 ± 0.09 and 0.77 ± 0.10
was achieved. This is visualized in Fig. 13.

4.3.3. Average surface distance
For the smoothed gold standard annotation, the endocard had
a mean distance of 2.75 ± 0.73 in mm, with a minimum of 1.49 mm,
and a maximum of 4.48 mm. The epicard had a mean distance of
4.29 ± 1.18, with a minimum average of 1.90 mm, and a maximum
average of 6.72 mm. The inter-observer variability between the two
observers resulted in a mean ASD of 1.35 ± 0.73 mm. In Table 4 there
is a distinction for the two different clinical cohorts. Here, the same
observations can be seen as for the Dice coefﬁcient.
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Table 3
Quantitative results of LV segmentation, using the Dice coefﬁcient and the smoothed gold standard annotation. The results are shown separately for the endocardial (Endo)
and epicardial (Epi) contour. Furthermore, it is distinguished between the two different clinical cohorts.
Dice coefﬁcient for smoothed annotations
Description

Mean

Observer 1

Observer 2

Observer overlap

Cohort 1

Endo
Epi

0.85 ± 0.06
0.85 ± 0.06

0.84 ± 0.06
0.83 ± 0.06

0.85 ± 0.06
0.86 ± 0.06

0.96 ± 0.02
0.94 ± 0.02

Cohort 2

Endo
Epi

0.84 ± 0.03
0.78 ± 0.04

0.83 ± 0.03
0.78 ± 0.04

0.84 ± 0.03
0.78 ± 0.05

0.91 ± 0.04
0.87 ± 0.05

Table 4
Quantitative results of LV segmentation, using the average surface distance in mm and the smoothed gold standard annotation. The results are shown separately for the
endocardial (Endo) and epicardial (Epi) contour. Where observer 1 corresponds to the physician and observer 2 to the clinical expert.
Average surface distance for smoothed annotations in mm
Description

Mean

Observer 1

Observer 2

Observer overlap

Cohort 1

Endo
Epi

2.65 ± 0.96
3.42 ± 1.20

2.73 ± 0.90
3.72 ± 1.22

2.58 ± 1.06
3.13 ± 1.17

0.83 ± 0.50
1.42 ± 0.51

Cohort 2

Endo
Epi

2.79 ± 0.61
4.65 ± 0.96

2.88 ± 0.60
4.90 ± 0.80

2.70 ± 0.63
4.41 ± 1.06

1.57 ± 0.71
2.97 ± 1.19

4.3.4. Qualitative results
Fig. 14 shows an example for a qualitative evaluation for one
clinical data set of the ﬁrst cohort. The ﬁrst row shows the pseudo
SA slices from basal to apical direction without any contours. The
second row depicts the gold standard annotation without smoothing from the physician, where the endocardium is marked in orange
and the epicardium in green. The third row illustrates the gold
standard annotation with smoothing, where the endocardium is
marked in orange and the epicardium in green. The fourth row
delineates the ﬁnal result of the presented segmentation algorithm,
where the endocardial contour is red and the epicardial contour
is yellow. It can be seen that the presented result matches well
with the smoothed gold standard annotation. However, the manual annotation looks frayed. Furthermore, it can be observed that
the biggest variance of the annotations is in the apex, which is also
shown in Fig. 13, regarding the DC.
4.3.5. Scar volume results
The myocardial scar volume was evaluated for the segmentation
result as well as for the two gold standard annotations. The measure
is in percentage compared to the total myocardial volume. The scar
volume evaluation shows that all the 3-D LGE MRI scans contain
scar. Fig. 15 compares the percentage of scar volume for all 30 data
sets.
4.3.6. Parameter sensitivity
As many parameters were set, as shown in Table 1, the sensitivity of these parameters was evaluated, see Fig. 16. It can be seen that
sensitivity of the parameters is low and the mean value is always
in the same range.
5. Discussion
The runtime is an important factor for the employment in
clinical practice. The current implementation is single threaded
only, without any optimization. The evaluation was performed on
an Intel i7 with 2.80 GHz equipped with 16 GB RAM. The whole
segmentation pipeline needs less than 5 minutes, implemented
with Python. The proposed method achieved a Dice coefﬁcient of
0.84 ± 0.04 for the endocardium and 0.80 ± 0.06 for the epicardium.
The results for the base and the apical regions are worse compared
to the mid-cavity. For the base, this can be attributed to the fact that
the transition from the LV to the outﬂow tract is smooth. Therefore,
the slice where the segmentation algorithm stops is not deﬁned by

the volumetric data set, compared to regular 2-D LGE-MRI. Furthermore, the clinical experts annotated the data in the axial, sagittal
and coronal planes, so the transition of the outﬂow tract is even
harder to delineate. In the apex the endocardium gets very small.
If there is a myocardial infarction it is even harder to delineate
between myocardium and blood pool, especially if the annotation
is not done in the short axis orientation. This is another reason,
for the reduced Dice coefﬁcient in the apical region. Furthermore,
for the data of the second cohort, no additional fat suppression was
applied, therefore various enhancements in the apex appeared. The
last two columns of Fig. 14 depict the apical region without scar,
however it can be seen that there the biggest differences occur
compared to the gold standard annotation.
Approaches as presented in Peters et al. (2007) or Zhuang et al.
(2010) are not suitable for our case. First of all the two data sets
differ. Furthermore, the optimization of such models is difﬁcult as
there is no clear boundary between the myocardial infarction and
the blood pool. Therefore, no model based approach was applied. To
improve the results for the base, a cutoff parameter could be deﬁned
to make an identical decision for the outﬂow tract. Furthermore, it
can be seen that the results for the epicardium segmentation of
cohort two is worse compared to cohort one. This can be explained
by the insufﬁcient fat suppression of the MRI data.
A comparison across different studies is difﬁcult to perform, as
data sets differ. Also, all work was performed on 2-D LGE-MRI, but
the focus of this study was on 3-D LGE-MRI only. Nevertheless, the
proposed algorithm achieves similar or better results, in particular
when compared with the results by Albà et al. (2014). They reported
a Dice coefﬁcient of 0.81 ± 0.05, solely using 2-D LGE-MRI. In the
following the advantages of the presented approach compared to
the reported methods are identiﬁed.
First, Dikici et al. (2004) and Wei et al. (2011) only consider
the 2-D slices without taking the longitudinal axis into account.
This can lead to inter-slice shifts and to discontinuous 3-D shapes.
In comparison, in this work the center, radius and shape of the
previously found slices are considered, which allows for an interslice smoothness.
Second, Ciofolo et al. (2008) used a 3-D deformable mesh for
the LV segmentation, where the meshes were only attracted to features in the SA slices. As there were no features considered in the
other slices, this approach can lead to inter-slice shifts. Wei et al.
(2013), who also deformed 3-D meshes, worked in a 3-D framework and considered the long axis of the image. This approach
added more features for the deformation and resulted in a smoother
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Fig. 14. Comparison of the segmentation result for one data set. The ﬁrst row shows the pseudo SA slices from basal to apical direction without any contours. The second
row depicts the gold standard annotation from the physician without smoothing, where the endocardium is marked in orange and the epicardium in green. The third row
depicts the smoothed gold standard annotation, where the endocardium is marked in orange and the epicardium in green. The fourth row delineates the ﬁnal result of the
presented segmentation algorithm, where the endocardial contour is red and the epicardial contour is yellow. (For interpretation of the references to colour in this ﬁgure
legend, the reader is referred to the web version of this article.)

shape. Our method, while computational simple, uses the pseudo
SA slice and considers the propagation in the succeeding slices to
deal with potential misalignment and avoid segmentation errors,
without the need to segment any long axis or CINE images.
Although the gold standard annotation was obtained from a
physician and a clinical expert, it still involves inaccuracies regarding the manual delineation of the myocardium. To some extent,
this is due to a lack of good annotation tools. This issue is also
conﬁrmed by the larger inter-observer variability. We have tried
to compensate this by an additional smoothing of the gold standard annotations. The effect of the smoothing is rather minimal,
as shown in Table 2. The Dice coefﬁcient changes only about 0.04
and the ASD is not notably affected (less than 1 mm). It has to be
noted that the smoothing is only in the pseudo-short-axis slices and
therefore, does not consider the 3-D shape of the ventricle. Hence,
this can lead to some stepping artifacts. Furthermore we could not
compare our segmentation results to previous methods as stated
in Section 2, as there is none available for 3-D LGE-MRI.
For the precise scar quantiﬁcation, a prerequisite is the accurate
and reliable segmentation of the left ventricle. However, the scar
quantiﬁcation heavily depends on the technique applied (Karim
et al., 2016; Rajchl et al., 2014). We investigated the scar volume,

by applying a simple threshold based approach. The evaluation
showed, that all 30 data sets contain myocardial scarring. And
that the algorithm is able to segment regions of myocardial scarring properly. Having the segmentation of the scar, the myocardial
infarction itself can be analyzed further. For example the infarct
size and mass can be estimated. As the total scar burden is a good
predictor for the success of a therapy. In addition to that, the type
of scarring is of interest. In clinical practice, three types of ﬁbrosis are differentiated: endocardial, epicardial and transmural scar.
Having the segmentation of the endocardium and epicardium the
transmurality of the scar can be classiﬁed precisely (Reiml et al.,
2016).
The beneﬁt of the presented method is the independence of any
user input. The algorithm requires only the 3-D LGE-MRI volume.
This results in a more robust segmentation. However, a graphical
user interface is provided in case the user is not satisﬁed with the
segmentation result and the contours can be edited manually.

6. Conclusion
The purpose of this study was to provide an automatic, accurate, and stable left ventricle myocardial segmentation method for
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Fig. 15. Comparison of the scar volume in percentage for all 30 cases, considering the segmentation result and the two gold standard annotations.

Fig. 16. Parameter variability evaluation. (a) Variability evaluation of the distance between points  dist . (b) Variability evaluation of the sub-sampling rate . (c) Variability
evaluation of the distance between areas  diff . (d) Variability evaluation of the distance between centers  C . (e) Variability evaluation of base threshold bmax . (f) Variability
evaluation of the enlargement of the epicard  epi .

3-D LGE-MRI sequences. Segmentation of the LV endo- and epicardium has been studied in literature, but only a few methods
focused solely on LGE-MRI data. None of them consider 3-D LGEMRI, based on our knowledge. The presented work solely uses 3-D
LGE-MRI for the segmentation, unlike most related work, which
make use of CINE MRI for the LGE-MRI segmentation.

Future work includes the investigation of scar quantiﬁcation
methods and an application of the presented algorithms to other
segmentation tasks, such as the right ventricle. In the course of
this work, an automatic segmentation method for the left ventricle
endo- and epicardium has been presented that provides accurate
and consistent results for 3-D LGE-MRI. Our method achieved an
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overall Dice coefﬁcient of 0.84 for the endocard and 0.80 for the
epicardium. Using the average surface distance the endocard had
a mean error of 2.75 mm and the epicard had a mean error of
4.29 mm. However, the scar quantiﬁcation depends on the technique applied (Rajchl et al., 2014) and also on the preferences of the
physician. Therefore, we did not focus on a new scar quantiﬁcation
approach in this work. A clear beneﬁt of the presented method is the
independence from an anatomical scan and from user interaction.
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