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Multi-atlas segmentation of cardiac regions and total infarct scar (MA-SOCRATIS) is
an unsupervised automatic pipeline to segment left ventricular myocardium and scar
from late gadolinium enhanced MR images (LGE-MRI) of the heart.

We implement two different pipelines for myocardial and scar segmentation from
short axis LGE-MRI. Myocardial segmentation has two steps; initial segmentation and
re-estimation. The initial segmentation step makes a first estimate of myocardium
boundaries by using multi-atlas segmentation techniques. The re-estimation step re-
fines the myocardial segmentation by a combination of k-means clustering and a geo-
metric median shape variation technique. An active contour technique determines the
unhealthy and healthy myocardial wall. The scar segmentation pipeline is a combi-
nation of a Rician-Gaussian mixture model and full width at half maximum (FWHM)
thresholding, to determine the intensity pixels in scar regions. Following this step a
watershed method with an automatic seed-points framework segments the final scar
region.

MA-SOCRATIS was evaluated using two different datasets. In both datasets ground
truths were based on manual segmentation of short axis images from LGE-MRI scans.
The first dataset included 40 patients from the MS-CMRSeg 2019 challenge dataset
(STACOM at MICCAI 2019). The second is a collection of 20 patients with scar re-
gions that are challenging to segment. MA-SOCRATIS achieved robust and accurate
performance in automatic segmentation of myocardium and scar regions without the
need of training or tuning in both cohorts, compared with state-of-the-art techniques
(intra-observer and inter observer myocardium segmentation: 81.9 and 70% average
Dice value, and scar (intra-observer and inter observer segmentation: 70.5 and 70.5%
average Dice value).

© 2021 Elsevier B. V. All rights reserved.

1. Introduction

Sudden death associated with cardiac arrhythmias remains a significant global health problem. Patients with regions of ventricu-

lar fibrosis or scar are at elevated risk of ventricular arrhythmias (Nelson et al., 2019; Martin et al., 2018), and accurate identification
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of scar is important for both risk stratification and guiding interventions (Pashakhanloo et al., 2018). Cardiac MRI with late gadolin-
ium enhancement (LGE) is routinely used for imaging scar in patients (Kurzendorfer et al., 2017). However, scar segmentation from
LGE images is challenging (Wu et al., 2001) because there is variability in the size, heterogeneity, and intensity of scar, as well as
low resolution and image noise in LGE images (Tao et al., 2010).

The end point of the segmentation process is a set of contours for the left ventricular (LV) endocardium and epicardium, and the
edge of scar regions. Current practice is manual segmentation, which relies on sketching contours slice by slice using a pointing
device such as mouse or trackball. Three dimensional LGE-MRI can include as many as one hundred slices, and so manual
segmentation is time consuming, tedious and limited by inter- and intra observer variability (Yushkevich et al., 2006; Top et al.,
2011). Automated segmentation can overcome these limitations, and methods have been developed for automated scar segmentation
in atrial (Xiong et al., 2020; Karim et al., 2013) and ventricular (Amado et al., 2004; Detsky et al., 2009; Lu et al., 2012) images.

Methods for automated myocardium segmentation include active appearance models (Cootes et al., 1995; Mitchell et al., 2002)
and active contour methods (Kass et al., 1988; Pluempitiwiriyawe;j et al., 2005). More recent developments include region based
techniques (Chen et al., 1998; Zhang et al., 2001; Kang et al., 2012), deformable models (Rueckert and Burger, 1997; Ecabert et al.,
2008; Ecabert et al., 2006), atlas models (Lorenzo-Valdés et al., 2002; van Rikxoort et al., 2010), statistical shape models (Kang
et al., 2012), graph cut methods (Meyer, 1993; Lu et al., 2011), and deep learning (Zheng et al., 2018). Although combinations
of these approaches can achieve improved performance (Hennemuth et al., 2008; Bai et al., 2016), segmentation of myocardium
in noisy LGE-MR images remains challenging and the performance typically depends on the signal to noise ratio in the image
(Ukwatta et al., 2016).

Proposed approaches for automated scar segmentation include fuzzy clustering (Detsky et al., 2009), models of pixel intensity
distributions (HdKon and Samuel, 1995), threshold-based methods (Karim et al., 2016a), and deep learning (Moccia et al., 2018;
Tao et al., 2019). While these approaches are promising, manual correction is often needed (Lu et al., 2012).

Quantitative methods that take into account variability in both manual and automatic observations are key for evaluating auto-
mated methods, and a thorough review of methods relevant to cardiovascular imaging is provided by (Popovi¢ and Thomas, 2017).
Repeatability of measurements derived from images is a further concern, and this was addressed in a clinical study of infarct size
(McAlindon et al., 2015). Manual identification of scar contours by experienced experts resulted in a low intra- and inter-observer
variability compared to semi-automated methods (McAlindon et al., 2015).

The present paper describes the development and evaluation of a novel automatic segmentation pipeline to identify both the

myocardium and regions of scar from LGE images of the left ventricle.
Our main contributions are:
e An unsupervised automatic segmentation pipeline, which does not need training or tuning.

e A robust unsupervised combination of Rician-Gaussian mixture models and watershed techniques for automatic scar seg-

mentation of LV LGE-MRI images.
o Evaluation against an unbiased manual segmentation taking into account intra- and inter- observer variability.

e Overestimation or underestimation of the accuracy of an automatic pipeline can result if the evaluation is based on biased

manual segmentation ground truth.
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e Evaluation of the robustness and generalization of our myocardium automatic segmentation pipeline; tested in two unrelated

and challenging LGE-MRI cohorts without any training, tuning or transfer learning.

2. Related work

The end point of the segmentation process is a set of contours for the left ventricular (LV) endocardium and epicardium, and the

edge of scar regions. We review each of these steps in turn.

2.1. Myocardial imaging and segmentation

Myocardial segmentation in LGE-MRI images of LV with scars is difficult. Even expert radiologists need to examine the cine-
MRI pair images of the patient to define the boundaries of LV endocardium and epicardium in LGE images. This is a result of
the overlap intensity histogram pixels of dead tissue (scar) and blood pool regions, especially in cases of endocardial scar. Many
different approaches to automated myocardium segmentation have been developed, and these include active appearance models,
edge and contour detection, region-based, graph-cuts, model fitting and deep learning.

One of the earliest techniques described in the literature was three dimensional active appearance models (AAM) (Cootes
et al., 1995; Mitchell et al., 2002). This technique was initially developed to locate rigid objects in images, and is a very good
method for generalised detection of an object. However, it has been found to be less successful for identifying specific objects
(Cootes et al., 1995; van Assen et al., 2008). The main limitation of 3D AAM is the assumption that the training data are 3D.
However, typical MRI is a stack of 2D slices, which may not align perfectly because the patient may fail to hold their breath during
the imaging procedure. Another important drawback, common to many approaches, is dependence on training set. The model
learns only the variation of MRI images in the training data, so an outlier may not be detected correctly if it is not represented in
the training data.

Active contour methods are another promising technique for edge and contour detection. The idea of ’snakes’ was introduced
by (Kass et al., 1988), who described a technique related to energy minimizing models that detect contours and edges in images. In
this approach an energy function related to the spatial topology of the image is minimised. There is an extension of this technique
applied to cardiac segmentation (Pluempitiwiriyawej et al., 2005; Kass et al., 1988; Zhuang et al., 2020). Plenty of studies used
active contour for segmentation of Left Ventricle (LV) from short-axis cardiac magnetic resonance images (Yang et al. (2017b),Yang
et al. (2017a), and left ventricle myocardial contrast echocardiography (LVMCE) images(Guo et al. (2017),Zhu et al. (2021)). There
are some studies that highlights the robustness and high performance of level-set and active contour techniques contrary to CNN
networks, without the need of any training dataset (Shi and Li (2021),Zhu et al. (2021)). Furthermore, Arrieta et al. (2017) studied
the feasibility of applying a level-set based methods for parallel segmentation of both left and right ventricles from MR images fast
and accurate in normal and abnormal heart regions (even in congenital heart diseases). Yang et al. (2017a) implemented a level
set method. They used two different steps a convexity preserving mechanism to keep the shape of the evolving contour convex
stable, and a two-layer level set method to define the endocardial and epicardial boundaries. They validated their methodology on
a public dataset and they further observed that the level set methodology can be used in many other potential applications (medical
and computer vision). Also Shi and Li (2021) utilized a convexity preserving mechanism to ensure the curvature, and non-linearity
(convexity) in the relationship of the segmented contours of LV. They tested the performance of the level-set pipeline in the scenario
where there is no training dataset available. Finally, variational level sets are extensions of the technique (Kass et al., 1988) and
have been applied for segmentation of different organs from MR images (Gogeri et al. (2014); Goceri (2013)). Even if the active

contour and level-set method are very robust and high performance unsupervised techniques, the main drawback of these methods
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are the need for manual intervention when the image intensity of epicardium and surrounding tissues (mostly lungs and liver) is
similar. The reason for this was the sensitivity of computed gradient values to noise, since gray areas in scanning modality images
tend to magnify noise.

Region based techniques are related to active contours, and define the region of interest based on global homogeneity within a
region. Region based techniques include k-means, fuzzy c-means and the expectation-maximization (EM) algorithm (Goceri, 2016;
Zhang et al., 2001; Kang et al., 2012). The main drawback of this method is the possibility to be trapped in local minima, which do
not give correct image segmentation. Moreover, other limitations of region based techniques are sensitivity to initialisation, noise,
and inhomogeneities in image intensities.

Another common automatic segmentation technique is model fitting algorithms. A predefined statistical shape model can be
fitted to a specific patient image. The most common algorithms of this technique are deformable models (Rueckert and Burger,
1997; Ecabert et al., 2008; Ecabert et al., 2006), atlas models (Lorenzo-Valdés et al., 2002; van Rikxoort et al., 2010), and statistical
shape models (Kang et al., 2012). The main advantage of model fitting algorithms is the ability to deform edges where there is poor
resolution of boundaries (weak edges). Because of this, these approaches are more flexible than AAM. However, these methods
have high computational cost in terms of memory and time, and they require landmarks from expert or other complex prior shape
algorithms such as AAP or ASP. Finally, generalisation of these methods is difficult because performance can be tied to specific
vendors and patient groups (Heimann and Meinzer, 2009).

The idea of graph-cut techniques was developed by (Greig et al., 1989), who used maximum posteriori estimation (MAP) to
determine the maximum flow of a binary image. In graph cut techniques, the user determines seed points in the background and
region of interest. Based on these, the algorithm solves MAP and determines the best optimal solution. The algorithm establishes
a network with a graph of nodes (pixels) and edges (region of pixels) that are connected to each other, and an optimum cut is
determined. Generally, these techniques are accurate. However, the main limitations are the need to manually determine seed
points and the over-segmentation effect (Kang et al., 2012). A common technique linked with graph cut is watershed (Meyer, 1993;
Lu et al., 2011). Several studies have combined watershed with other segmentation techniques, reducing the effects of noise and
over-segmentation (Hennemuth et al., 2008; Bai et al., 2016).

There is an increase trend to use deep learning algorithms for cardiac automatic segmentation. The results of supervised
methods are better than those obtained by the use of machine learning and computer vision algorithms. In last cardiac segmentation
challenge of MICCAI 2017 nine out of ten segmentation methods were based on deep learning (Zheng et al., 2018). One of the
main drawbacks of deep learning techniques is overfitting to training data (Goceri (2019)). As a result the model fits the noise of the
training set and loses the generalisation of model that can be robust to variation in vendors and cardiac shape-structure. To achieve
a valid generalisation a large labelled training set is required from different vendors and with variation of patients (such as abnormal

or healthy cases, sex, age). Obtaining this kind of dataset is difficult.

2.2. Automated scar segmentation

Automated segmentation of cardiac scar is challenging, because there is variation of size, shape and location between patients.
Several methods have been developed and evaluated for LV scar.

Others used fuzzy clustering techniques to identify infarct scar in multi-contrast delayed enhancement (MCDE) images of left
ventricle (Detsky et al., 2009), and a graph cut segmentation technique to separate scar from healthy LV myocardium (Lu et al.,
2012). The advantages of these automatic methods were high speed compared to manual segmentation, no false detection of scar

region (common in FWHM manual methods) and automatic detection of scar. The limitation was the need for manual correction in
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66/136 images, due to misalignment deformation between the DE-MRI (Lu et al., 2012).

Tao et al. (Tao et al., 2010) evaluated a segmentation method which combined intensity and spatial information to segment LV
scar. Their approach was based on theoretical density model theory, which assumes that intensity of normal myocardium follows
a Rician distribution (HaKon and Samuel, 1995) and scar follows a Gaussian distribution. The authors recommended this method
for accurate identification of scar. Moreover they suggested this as useful tool for quantitative assessment of scar burden in late
gadolinium enhancement (LGE) MRI.

Karim et al. (Karim et al., 2016a) evaluated six fixed-threshold methods and five scar segmentation algorithms using an LV
data-set from human and porcine hearts. An overlap metric and volumetric-based metric (Dice metric) were used to evaluate the
algorithms against expert manual segmentation. (Karim et al., 2016a) concluded that the best segmentation algorithm was the
conditional Markov random field (MCG) (Kamnitsas et al., 2017; Kridhenbiihl and Koltun, 2011). A mixture model with watershed
transformation algorithm (Hennemuth et al., 2008) had low accuracy (MV=0.48). Some limitations of this study were the small
number of subjects (30 patients) and the bias effect of ground truth (one expert). Moreover there was high intensity variation across
the images due to coil shading effect, and these segmentation methods measure the portion of scar tissue. However about cardiac
disease treatment, the specific location of scar of LV is significant.

In the last decade, deep learning networks have been used for automatic supervised scar segmentation (Moccia et al., 2018; Tao
et al., 2019). Deep learning is a promising method that is capable of accurate results. However there is a need for pre-processing
steps with training-testing datasets. Moreover there can be a bias in the training dataset if labelled images for supervised approaches

rely on only one expert.

2.3. Observer variability and evaluation metrics

Quantitative methods to take into account variability in both manual and automatic observations are key for evaluating auto-
mated methods, and a thorough review of methods relevant to cardiovascular imaging is provided by (Popovi¢ and Thomas, 2017).
Repeatability of measurements derived from images is a further concern, and this was addressed in a clinical study of infarct size by
(McAlindon et al., 2015). Manual identification of scar contours by experienced experts resulted in a low intra- and inter-obseverver
variability compared to semi-automated methods.

Inter- and intra- observer variability determine the variation arising from different observers (inter), and from the same observer
at different times (intra). The need for a generalized unbiased ground truth to evaluate an automatic segmentation technique is
crucial. (Li et al., 2011) compared different methods of ground truth extraction with inter-observer variability from eight experts,

and the best voting threshold method was found to provide the most accurate outcome.

2.4. Our pipeline

Based on the review of methods summarised above, we have constructed an automatic pipeline for LV myocardium and scar
segmentation as described below.

Myocardium segmentation involves two steps; initial and re-estimate segmentation. The initial step includes a multi-atlas
initial segmentation technique (Bai et al., 2013; Kurzendorfer et al., 2017). The re-estimate step uses a combination of k-means
thresholding and a level-set active contour segmentation method (Ngo et al., 2017; Lee et al., 2010). Combining these methods
enables their limitations to be overcome. The parameters of active contour are determined from the initial step, which overcomes
a limitation of the active contour scheme, and the use of active contours overcomes the effects of noise and image artifacts on a

k-means pixel-wise classifier.
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Fig. 1. Workflow for automatic unsupervised segmentation pipeline: (a) myocardium segmentation, (b) scar segmentation. In (a) 1,2,3, denote the three
binary circle masks with different radius, BP is blood pool, PS are possible scars, and HM is healthy myocardium. In (b) TR is threshold Rician, TG is
threshold Gaussian, and PS are possible scars.

Table 1. Improved accuracy of myocardial segmentation in MA-SOCRATIS with re-estimation compared with the Multi-Atlas segmentation alone, using
the MS-CMRSeg 2019 dataset.

Intra-Inter observer results
Region Dice (%) Sensitivity (%) Specificity (%) Compared against
MA-SOCRATIS 70.0 £5.5 90.5+7.0 93.0+1.7 MS-CMRSeg 2019 challenge
Multi-Atlas 654 +7.0 57.8 £4.6 978+ 1.4 MS-CMRSeg 2019 dataset

For automated segmentation of scar we use an algorithm that combines mixture models histogram fitting and constrained
watershed segmentation using an automatic seed point for the scar region. This approach is based on (Hennemuth et al., 2008)
with some amendments, so the performance of watershed segmentation is improved. A limitation of the method described by
(Hennemuth et al., 2008) was the use of Rayleign-Gaussian mixture models. Other studies have assumed that healthy myocardium
is described by a Rician distribution (Tao et al., 2010; Roy et al., 2012). Thus our approach involves the use of Rician-Gaussian
mixture models. In addition, the re-estimation of myocardium can deliver automatic seed points for the scar region with good

spatial accuracy.

3. Methodology development

The aim of this study was to create a computational pipeline to process a stack of LGE MR images with 8-bit resolution and size
256256 pixels, to obtain contours representing the LV endocardium, LV epicardium, and scar edge. We separated the problem into
two stages; myocardial segmentation and scar segmentation. These pipelines are illustrated in Figures 1a and 1b, and we describe

each in turn. Full details are given in the supplementary information.
3.1. Myocardium segmentation
Myocardium segmentation (Figure 1a) involved two steps; an initial segmentation step and a re-estimate segmentation step.

3.1.1. Myocardium segmentation: Initial step
The pipeline for the initial segmentation step is shown in the left hand column of Figure l1a. The comprehensive review of

(Chen et al., 2020b) describes a combination of machine learning techniques and shape models as a way to increase the robustness
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Fig. 2. Comparison of initial and re-estimation steps in three example images. LGE-ROI shows the region of interest, with the LV towards the centre of the
image. ATLAS shows the result of initial segmentation with the multi-atlas method. Manual shows manual segmentation of myocardium (green) and scar
(red). Re-estimate shows the result of the re-estimation step.

of a segmentation pipeline. This is a very common idea in the literature. The idea of using an atlas pipeline for initial myocardium
segmentation was described by (Kurzendorfer et al., 2017). A cine-MRI atlas with deformable registration was used to estimate the
LV endocardium and epicardium with scars from 3D LGE-MRI images. A multi-atlas segmentation technique was used by (Yang
et al., 2017c) for left atrium segmentation. Since this approach yielded better performance than a single atlas, we used multi-atlas
segmentation to initially estimate the myocardium in LGE-MRI images.

The multi-atlas segmentation was based on a method with registration refinement described by (Bai et al., 2013). Landmarks in
the LGE-MRI images were manually annotated, although an automated process for generation of landmarks has been described by
(Oktay et al., 2017). The multi-atlas segmentation yielded a 256 X 256 myocardial segmentation Iy 45—myo- A 100 x 100 pixels ROI

image Irp; was then obtained from the center of /44— my, image by cropping the raw image Iyg;.

3.1.2. Myocardium segmentation: Re-estimation step

Figure 2 shows three example LGE images in the first column, and the results of LV myocardium segmentation based on the
initial step alone in the second column. The third column is the manual segmentation of myocardium based on expert radiologists
and the forth the MA-SOCRATIS results after the re-estimation step. Table 1 shows the Dice accuracy of MA-SOCRATIS and
initial myocardium step (Multi-atlas), demonstrating improved accuracy of our pipeline (MA-SOCRATIS). This improvement of
the resolution and performance of myocardium segmentation was based on the central column of Figure 1a. There were four main
phases to this re-estimation step; circle estimation, active contour, k-means thresholding, and a geometric phase.

Circle estimation: The initial myocardium segmentation was used to estimate three circular binary masks enclosing different
parts of the chamber. The centre of each circle was the origin of the endocardial contour in the initial multi-atlas segmentation. We
defined two additional radii, a maximum and a minimum. The maximum was calculated as the half of Euclidean distance between

minimum and maximum points of the initial epicardium plus an offset. The minimum radius was calculated from the endocardial
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Fig. 3. This is the re-estimate myocardium phase based on k-means. There are three different k-mean clusters of a variation of different (5-12, 2-7 and 3-9)
areas of determination. Each of these clusters are focusing in a different region of interest (ROI). Respectively from up to down, the first is focusing in the
whole LV region histogram, the second in blood pool histogram and the third in initial scar region. Based on these 3 k-mean clusters the BP, PS, HM and
IS are defined in the end of this step, where: BP: blood pool, PS: possible scars, HM: healthy myocardium, IS: initial scars

contour in a similar way (equations/Fig. in supplementary material). The endocardial and epicardial circles (first and second masks)
were used as binary masks to constrain an active contour segmentation method described below. The third circle was used to define
maximum intensity of the blood pool region as part of the k-means thresholding (Goceri and Dura (2018)).

K-means thresholding: Figure 3 shows the k-means structure we used in our pipeline. The framework is a combination of
three k-means clusters with a variation in the initial number of regions. The first k-means cluster has 5 to 12 regions, the second 2
to 7, and third 3 to 9 (The k-means cluster are determined by fixed intensity pixel values from 10 to 200 bytes, equally split with

respect of the number of clusters). The variation in number of regions is determined by the histogram intensity in each image.

max

The first k-means cluster was used to create an homogeneous image, so an FWHM threshold could be computed (using radius?,

BP

mask). The second k-means cluster was used to define the maximum intensity of the blood pool area (using radius,. .

mask).
Given the homogeneous image from first k-means cluster, a third k-means cluster computed the FWHM threshold for possible scar.
Based on this FWHM threshold, the blood pool and regions of possible scar were defined. If the threshold of the blood pool in
the second k-means cluster was greater than the highest mean value of the first cluster then it was assumed that there was no scar
present. In this case, the FWHM threshold of the first k-means cluster defines only healthy myocardium and blood pool regions
(lower and higher respectively) and the third k-mean was not computed.

The outputs of the k-means framework were therefore estimates of the pixel intensity thresholds for healthy myocardium, blood
pool and possible scar regions.

Geometric phase: The geometric phase is shown in Figure 4. The thresholds estimated from the k-means framework were

used to compute a healthy myocardium image I,’;’yo, a possible scar surface image 7,77 and a blood pool image Igp. Iror Was used
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to initialise an active contour without edge detection method (Chan and Vese, 2001). This was combined with the first and second
binary circle masks to restrict endocardium and epicardium areas. A framework to process redefined binary myocardium mask

I,i’é'ff,g(, based on an object removal filter (Lehmann, 2007), median smooth filter and binary filter was used. Lastly, pre-processing

binary . . . .
filters were used on Lyeyy, to reduce noise and artifacts in the image.

Combine images
Active Contour E
*———>
: j H W cpP ‘
3 1 1 . |
= 4 = L Imyo l

Geometrical shape

Define median Add
A
P

thickness

A A
larger larger Max Max
volume volume distance distance
symmetry symmetry from center | | from center

Fig. 4. Detailed workflow for final step of re-estimation of myocardium segmentation. The outer circle mask (1), healthy myocardium (HM), possible scar
(PS), and blood pool (BP) were combined, a further geometrical mask was applied (see text for details), and a final myocardial binary mask /,,y, was
computed.

After k-means thresholding we estimated median myocardium thickness (Figure 4), the last component of the re-estimation
step. We split I,Z;U and its associated epicardial contour into four quadrants. We extracted two maximum volumes of I,QCU between
the mirror sub-parts. A median ventricular wall thickness was then computed. Four arc masks were created based on the two
median thicknesses. These arc masks were located at the maximum distance of the correspond epicardium sub-parts. Each arc
mask was added to I;’;o so the I,%To myocardium mask of geometric phase was extracted. Finally I,IZW and I,,G,§0 were combined, so

the myocardial binary mask I,,,, could be computed.

3.2. Scar segmentation

The pipeline for scar segmentation is shown in Figure 1b. The pipeline has two detection components, threshold and geometric,
and is designed to take into account the variation in pixel intensity histograms and the geometrical shape-size of the LV.

Threshold detection component: We used a Rician-Gaussian mixture model (Tao et al., 2010; Roy et al., 2012) to estimate
the intensity threshold of normal myocardium and scar. First, we defined a threshold for scar in each myocardium region. We used
four different mixture models of Rician-Gaussian (RG) distributions (RG, RGG, RRG and RRGG), and these are shown in Figure 5.
For each LGE-MRI image, we tested each combination of RG mixture model. Then we sorted the mean values of each RG model
from maximum to minimum. The maximum value was defined as Gaussian threshold (TG) and the minimum as Rician threshold
(TR). We assumed two different cases of mixture model initialisation; fixed mean values (at 0, 60, 100, 200) and initial mean values

based on (Hennemuth et al., 2008). We defined the threshold for scar region as the FWHM of maximum (Gaussian mean value) and
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Fig. 5. Details of workflow for automatic scar segmentation, showing the Rician-Gaussian mixture model framework combined with watershed seed point
technique. See text for details.
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minimum (Rician mean value) sorted mean values. Lastly, these thresholds of Rician (TR) and Gaussian (TG) distributions were
used to define a linear partial volume model (Hennemuth et al., 2008) (more details are provided in supplementary material).
Geometric segmentation component: For the geometric component, we used a graph cut technique to identify the geometrical
shape of scars. We used a morphological watershed segmentation technique, with initial seed points computed automatically
with respect to the linear partial volume model equation and Euclidian distances dist,,yiqion between endocardium and epicardium
contours (Beare R., 2006) (more details are provided in supplementary material).
The seed points and the image from the p(x) equation were the input of a watershed segmentation algorithm (Meyer and Beucher,
1990), which provided an initial estimate of the scar region /;;,.. The minimum of the RGMM threshold and the k-mean threshold
obtained in the re-estimation phase of myocardial segmentation was used as a threshold to convert the image from the p(x) equation
to a binary image as shown in Figure 5. The final scar binary image Iy, was then extracted by combining the binary p(x) image

and Iinizm, .

4. Implementation
4.1. Cardiac MR images and image analysis
4.1.1. Training and test data

We assembled a new dataset of short-axis LGE-MR images from 20 patients. All images were acquired, anonymised and stored
in DICOM format. All patients gave informed consent. The region of interest (ROI) was defined on the center of the endocardium
region of each image. For myocardium regions, we evaluated our system on the data of 20 patients we collected and on the data of
40 patients of MS-CMRSeg 2019 challenge (STACOM at MICCAI 2019). The LGE-MRI dataset was obtained from a collection

of three different MRI machine vendors with a variation in the initial settings used for a Philips MRI scanner. The images from



Table 2. Summary of automatic segmentation of myocardium and scar compared to intra- and inter-observer ground truth. Scar segmentation performance
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was measured with either manual (MM) or automatic myocardium segmentation (AM). MCC is Matthew’s correlation coefficients

11

Intra-Inter observer results
Region Dice (%) Sensitivity Specificity MCC (%) F1 score (%) || Compared against
(%) (%)

Myocardium 81.9+94 919+ 11.0 959+1.2 80.0+10.0 | 819+94 Intra Ground Truth
Myocardium 78.1+9.3 942 +11.8 95.1+1.2 76.3+£9.6 78.1+9.3 Inter Ground Truth
Myocardium 70.0£5.5 90.5+7.0 93.0+ 1.7 68.1 £5.8 70.0 £5.5 MS-CMRSeg 2019

Scar 705 £ 11.7 | 75.0 +12.5 99.6 + 0.3 68.2+12.1 | 705+ 11.7 Intra Ground Truth (MM)
Scar 29.5 £ 8.0 31.6 £9.0 98.1 £0.7 24.6 £ 8.9 29.5 £ 8.0 Intra Ground Truth (AM)
Scar 705+172 | 85475 99.6 +0.2 683 +17.7 | 70.5+17.2 Inter Ground Truth (MM)
Scar 244 +9.0 36.5+11.2 | 98.0+0.7 20.0+10.0 | 24.4+9.0 Inter Ground Truth (AM)

each patient comprised between 8 and 12 short axis slices. Three experts segmented these images by identifying the LV endocardial
and epicardial surfaces, and the borders of scar. Segmentation was done using MASS (research version 2017; Leiden University

Medical Center, Leiden, the Netherlands).

4.1.2. Ground truth estimation

To assess inter- observer variability, each of the three experts segmented the myocardium and scar in each slice from each of the
20 patients. The experts were independent and they did not know the structure of our automatic segmentation pipeline. To assess
intra-observer variability, one expert repeated the segmentation three times. Ground truths (GTs) were then determined based on
the best voting threshold assessment described by (Li et al., 2011). GT masks were given by k = (J+1)/2 where k was the threshold
values of agreement among observations, and J the total manual observers-observations.

To evaluate the performance of the processing pipeline, for each scar and myocardium region we computed the Dice, Sensitivity

and Specificity metrics.

4.2. Software and hardware details

The code implementation is available on a public repository with url: https://github.com/INSIGNEO/MA-SOCRATIS. The
code is implemented in C++ and python. For automatic segmentation of myocardium-scar regions of our dataset, we used an
Intel(R) Core(TM) i5-4570 CPU @ 3.20GHz with 8GB RAM. The automatic segmentation pipeline needed 8.55 minutes for each
patient of the test LGE-MRI data set (8-12 slices of LGE-MRI images, around 40 s per slice). This level of performance was
considered suitable for the present proof of concept study, but we would expect significant improvement if the code is adapted for

GPU or other multi-threading hardware.

5. Results
5.1. Automated segmentation of myocardium and scar

The automated segmentation of myocardium and scar was evaluated against both intra- and inter-observer GTs, and these
comparisons are summarised in Table 2. The overall accuracy is given as a mean Dice, sensitivity, and specificity score with
standard deviations, which were evaluated over all 167 MR images included in the test set. The Dice score measures the overall
similarity of the pipeline and ground truth classifications, whereas the sensitivity and specificity measure how well the pipeline
identifies regions of myocardium and scar relative to the ground truth. To further evaluate the accuracy and robustness of our
myocardium automatic pipeline in different cohorts we tested it in the 40 patients cohort of MS-CMRSeg 2019 challenge dataset
(STACOM at MICCAI 2019). Table 2 shows the results.
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Overall, the Dice scores for myocardium segmentation were higher than for scar segmentation, with only small differences
between comparisons with intra- and inter-observer ground truths. In MS-CMRSeg 2019 dataset the accuracy reduced to 70 %.
MA-SOCRATIS achieved these results without the need of training, tuning or transfer learning in both cohorts. The Matthew’s
correlation coefficients for the three cases (inter, intra, and MS-CMRSeg-2019) is slightly lower than the average Dice value (-2%).
The F1 score is the same as the average Dice values. As the F1 score is the harmonic mean of precision and sensitivity, and Dice is
the harmonic mean of specificity and sensitivity, we assume that the specificity is equal with the precision.

The accuracy of automated scar segmentation was the same for both intra- and inter-observer ground truths. The accuracy
of scar segmentation depends on the myocardium segmentation, and so we used the intra- and inter-observer ground truths for
myocardium segmentation before applying the scar segmentation pipeline. The sensitivity of scar segmentation was lower than
for myocardium segmentation, whereas the specificity was very high. This can be explained because the binary scar region has a
smaller number of pixels compared to the number of pixels classified as myocardium. The sensitivity will therefore have a higher
variance as sensitivity is calculated from the number of white pixels, and the shape, size and location of scars is less smooth than
myocardium.

Figure 6 illustrates the performance of automated myocardium segmentation with respect to inter-observer variability in three
cases where accuracy (mean Dice) was lower than average (<70%), close to the average (70-80%), and higher than average (>80%).
Although the top two rows show good accuracy with respect to the manual observations, our automated method has identified
papillary muscle as myocardium whereas this has been ignored by the manual observers. This is an advantage of the pipeline as
in (Duchenne et al., 2018) and (Rajiah et al., 2019) verify the importance of papillary muscle as part of ventricle myocardium
detection. In the bottom row the myocardium is very clear on the image, but the low intensity of surrounding tissue has resulted in
patchy automated segmentation. These observations are consistent with the examples of myocardial segmentation compared with
intra-observer variability shown in Figure 7, where the detection of papillary muscle by the automated segmentation is even more
pronounced.

Scar segmentation is illustrated in Figures 8 and 9, for inter- and intra-observer variability respectively. For large scars (top row
in both figures), the accuracy of the automated pipeline is high, and the consistency of between and within manual observers is also
high. For smaller scars, it becomes harder for both automated and manual segmentation to distinguish between scar and noise in

the image.

5.2. Accurate myocardium segmentation is important for subsequent scar segmentation

In our pipeline, segmentation of an LGE image proceeds in two stages: segmentation of the myocardium and then segmentation
of scar regions. In the results reported above, we have treated these two parts of the pipeline separately. When we combined
automated myocardium segmentation with automated scar segmentation then we found that errors in automated myocardium seg-
mentation were associated with a loss of accuracy for scar segmentation, and these findings are summarised in Table 2. The accuracy
of our scar segmentation pipeline based on manual segmentation was 70.5% with respect to inter- or intra-observer ground truth
(see Table 2), but the accuracy fell to less than 30% when our automatic myocardial segmentation pipeline was used.

The reasons for this finding are illustrated in Figure 10, which shows a set of images for a single patient where myocardium
was segmented automatically with high accuracy relative to manual myocardium segmentation. The four columns on the left of
the figure highlighted in blue show that the myocardium is distinct in the raw LGE-MR image, and there is generally a good
correspondence between the automatic segmentation and the inter- and intra-observer ground truths. The four columns highlighted

in orange show the inter- and intra- observer ground truths for scar, together with the automatic scar segmentation based on the
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Fig. 6. Myocardium segmentation and inter-observer ground truth. Comparison of automatic segmentation, manual segmentation by 1st and 3rd observer,
and overall inter-observer ground truth for images where the automated myocardial segmentation showed high accuracy (top row), mid-range accuracy
(middle row), and low accuracy (bottom row) compared to ground truth. Right hand column shows the image ROI in each case.

manual myocardial (MM) segmentations shown in columns 2 and 3. The final column shows automatic scar segmentation based on
the automatic myocardium (AM) segmentation shown in column 1.

With automatic myocardium (AM) segmentation more scar pixels are identified close to the endocardial surface compared
to both manual scar segmentation and automatic scar segmentation based on manual myocardium (MM) segmentation. In this
example, the endocardial pixels account for the differences in scar segmentation with the AM and MM approaches, and this effect

can be traced back to the myocardial segmentations in column 1 of Figure 10.

6. Discussion
6.1. Robustness of pipeline in different GT cases

To illustrate the differences in manual segmentation between and within individual experts, Figure 11 shows an example of
manual myocardial and scar segmentation by three independent observers. In Figure 11(a), the inter-observer differences for
myocardial segmentation can be clearly seen in the upper row, and the lower row illustrates how these differences were resolved
using the best threshold approach to provide the ground truth. Figure 11(b) shows that the inter-observed differences for scar
segmentation were greater than for myocardial segmentation. The intra-observer variability was generally less than inter-observer
variability.

In addition Table 3 shows the effectiveness of GT determination. As it can be observed there is a consistent variability within the
three observers (inter-variability) and the three observations (intra-variability). The manual myocardium segmentation was much

more repeatable than scar segmentation.
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Fig. 7. Myocardium segmentation and intra-observer ground truth. Comparison of automatic segmentation, manual segmentation with 1st and 2nd
observations, and overall intra-observer ground truth for images where the automated myocardial segmentation showed high accuracy (top row), mid-
range accuracy (middle row), and low accuracy (bottom row) compared to ground truth. Right hand column shows the image ROI in each case.

Table 3. Summary of intra- and inter-observer variability in manual segmentation of myocardium and scar compared to overall ground truths (GT)

Observation/er || Intra Myo Dice (%) Intra Scar Dice (%) Inter Myo Dice (%) Inter Scar Dice (%)
First 90.9 50.5 90.5 44 4
Second 85.2 41.6 86.4 38.2
Third 88.7 44.8 89.6 43.6
GT 100 100 100 100

To check the robustness of our pipeline, we evaluated them with respect to both single expert observations and each intra
observation of scar and myocardium lesions (single-case). By this method, we could capture variation in sensitivity, accuracy and
specificity metrics of our two pipelines.

Figures 13 and 12 show the variation of sensitivity specificity and Dice value results by changing the ground truth inter and
intra base. We used the terminology: Myo_Sens_GT for myocardial sensitivity total ground truth, Myo_Spec_O1 for myocardial
specificity observer/ation one ground truth and Myo_Dice_O2 for myocardial Dice observer/ation two ground truth.

Figures 12 and 13 show that the sensitivity, specificity and Dice metrics are less robust in cases of both one observation and one
observer compared to the total GT. The standard deviation, especially in the sensitivity metric was also higher in single observations
and with a single observer compared to the total GT, and the mean values of the metrics are in some cases an overestimation or
underestimation regarding the total GT.

Figures 6, 7 show examples of myocardium segmentation with a variation between different observers and observations. By the
extraction of an unbiased truth we can evaluate our pipeline in a more generalized way. So our pipeline accuracy is less sensitive

to observation bias, something that can be problem with other automated segmentation techniques such as deep learning networks.
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Fig. 8. Scar segmentation and inter-observer ground truth. Comparison of automatic segmentation of scar, manual segmentation of scar with 1st and 3rd
observer, and overall inter-observer ground truth for images where the automated scar segmentation showed high accuracy (top row), mid-range accuracy
(middle row), and low accuracy (bottom row) compared to ground truth. Right hand column shows the image ROI in each case.

Moreover, by the extraction of the unbiased GT the effect of noise is reduced between observations, especially in scar regions. In
the examples shown in figures 8 and 9, the variability of the first, second and third observation-observer and the reduced variability
of the GT can be seen in each case (intra-inter). The inter- and intra-observer variability that we observed highlights the difficulty
of obtaining a GT, and the importance of at least two different experts and at least two observations by one expert for constructing
a less biased GT.

These findings demonstrate the importance of reducing bias in GTs used to evaluate automatic segmentation pipelines.

6.2. Comparison with established and state of the art techniques

There are few publicly available cardiac LGE-MRI datasets with scar segmentation. Thus comparison of MA-SOCRATIS
with established and state of the art techniques using the same dataset was challenging. We therefore compared our pipeline with
established automatic or semi-automatic segmentation methods of LV with scars; focusing on datasets with identically or almost
the same experimental conditions as our cohorts (20 patient testing cohort, LGE-MRI modalities). To the authors’ knowledge
the datasets used to evaluate the methods which we compared with MA-SOCRATIS are not published. An exception is the MS-
CMRSeg challenge of 2019, which we included as a cross-institute validation dataset.

The established methods we used have been evaluated with datasets which followed a specific pre-processing and tuning
methodology ((Karim et al., 2016b), (Moccia et al., 2018), (Liu et al., 2019)). So we had to utilize the same procedures or none in
our datasets. We chose not to do any tuning in either our own LGE-MRI dataset of 20 patients, or in the MS-CMRSeg challenge
of 2019. We did not use any supervision from experts, so the pipeline was totally automatic. Moreover, we used an initial noise

reducing pre-processing step for both datasets, as described in the supplementary material (Pre-processing and post processing
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Fig. 9. Scar segmentation and intra-observer ground truth. Comparison of automatic segmentation, manual segmentation with 1st and 2nd observations,
and overall intra-observer ground truth for images where the automated scar segmentation showed high accuracy (top row), mid-range accuracy (middle
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row), and low accuracy (bottom row) compared to ground truth. Right hand column shows the image ROI in each case.

Table 4. Comparison of our myocardium and scar segmentation pipeline and established machine/deep learning techniques

Region Dice (%) Technique (cohort)

Myocardium 86.0 DL (Moccia et al., 2018) dataset
Myocardium 81.9 MA-SOCRATIS (our Intra GT dataset)
Myocardium 80.8 CNN (Liu et al., 2019) dataset
Myocardium 78.1 MA-SOCRATIS (our Inter GT dataset 80.5 median)
Region Median (%) Technique (cohort)

Scar 85.0 MCG (Karim et al., 2016b) dataset
Scar 75.5 MA-SOCRATIS (our Inter GT dataset)
Scar 74.0 KCL (Karim et al., 2016b) dataset
Scar 73.0 AIT (Karim et al., 2016b) dataset

Scar 72.5 MA-SOCRATIS (our Intra GT dataset)
Scar 44.0 MYV (Karim et al., 2016b) dataset

frameworks section).

Table 4 compares the performance of our MA-SOCRATIS pipeline with state of the art techniques for myocardium segmentation
of LV with scar from LGE-MRI images based on deep learning techniques. All of these state of the art techniques are supervised to
some extent, and the performance of our myocardial segmentation pipeline was comparable or better than the Dice metrics quoted in
these studies. The segmentation techniques described by (Moccia et al., 2018; Liu et al., 2019) all used deep learning myocardium
segmentation networks applied to LGE-MRI images. They used supervised techniques and still they did not achieve more than 86.0
% Dice value. In contrast out method MA-SOCRATIS is an unsupervised method with no tuning or transfer learning techniques,

yet achieved an 81.9 % Dice.




Michail Mamalakis et al. / Computerized Medical Imaging and Graphics (2021) 17

[ DICE 86-87% | DICE 85% | DICE 82% | [24%-22%)

| AUTO | [INTER| [INTRA| | LGE | | MM | INTER| MM |[INTRA | ]

Fig. 10. Images from a single patient showing comparison of automated myocardium segmentation with manual inter- and intra- observer ground truth
(blue); automated scar segmentation with manual myocardium segmentation (MM) compared to inter- and intra- observer ground truth (orange); and
scar segmentation with automated myocardium segmentation (AM, red).

In one of the studies listed in table 4, (Karim et al., 2016b) evaluated four different techniques with a test dataset of 20 patients.
Of the methods evaluated, the conditional Markov random field (MCG) had the best results following by Graph-cuts with EM-
algorithm technique (KCL) and support vector machines combined with a level set technique (AIT). All of these techniques were
supervised and some were semi-automatic. This means that there is a need of training in a specific cohort. The cohort has to be split
in testing (20 patient) and training (10 patient) patients. The only unsupervised technique was the EM-algorithm and watershed
transformation (MV), and these achieved a modest median accuracy of only 44%. Our scar segmentation pipeline is unsupervised,
and with our test dataset of 20 patients, we achieved a 72.5 and 75.5 % median Dice accuracy for intra- and inter-observer ground
truths respectively. The MV technique evaluated by (Karim et al., 2016b) and our scar segmentation pipeline are both based on the
study of (Hennemuth et al., 2008), although we have modified the approach of (Hennemuth et al., 2008) as described in the methods
section.

We also tested our pipeline using the open source MS-CMRSeg 2019 challenge dataset. Table 5 summarizes the results, and
compares the performance of MA-SOCRATIS with other published methods. The approach described by (Chen et al., 2020a,b;
Liu et al., 2020a; Chen et al., 2019; Wang et al., 2020b) used a multi-modal image translation network from balanced steady-state
free-precession (bSSFP) images to LGE images. In all case these methods need tuning or supervised training with the training
cohort of the MS-CMRSeg 2019 challenge dataset. (Chen et al., 2020a) used a cascaded segmentation for the bSSFP images.
Although they achieved an unsupervised segmentation of the LGE-MRI images, the cascade network required supervised training.
(Wang et al., 2020b) used manual ROI definition and they used all T2 cine-MRI and LGE in training process. They used an image

post-processing process; such as hole filling technique, connected component analysis and the largest connected component of
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Fig. 11. Extraction of unbiased inter-observer ground truth for myocardium (left) and scar (right).
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Fig. 12. Variation in sensitivity, Dice and specificity metrics of automatic myocardial segmentation by changing the intra observation ground truths.



100

Michail Mamalakis et al. / Computerized Medical Imaging and Graphics (2021)

Variation of Myocardial Segmentation based on different Inter GTs

I I
el [—
90 + .

19

(%)
i .
60
é& & S) & & S & & & » & &
S & & e &’ od i F g o4 &’ &’ &
< < & < K K <X = s oS S o
- i &7 § a7 -7 = - - - -

Fig. 13. Variation in sensitivity, Dice and specificity metrics of automatic myocardial segmentation by changing the inter observation ground truths

Table 5. Comparison of our myocardium segmentation pipeline and state of the art techniques in MS-CMRSeg 2019 published dataset based on average
and standard deviation (SD) Dice values (NM:not mentioned).

Region Dice +/- SD (%) Technique (MS-CMRSeg 2019 dataset)

Myocardium 83.0 +/- NM Unsupervised Multi-modal (Chen et al., 2020a)

Myocardium 82.7 +/- 6 SK-Unet (Wang et al., 2020b)

Myocardium 81.2 +/-6.1 Combining Multi-Sequence and Synthetic-LGE (Campello et al., 2020)
Myocardium 80.8 +/- NM Automatic Cardiac Segmentation Framework (Liu et al., 2020b)
Myocardium 80.1 +/- NM Adversarial Domain Adaptation Network (GFRM) (Wang et al., 2020a)
Myocardium 78.0 +/- NM Multi-Atlas-CNN noise images (Roth et al., 2020)

Myocardium 74.9 +/- 10.0 Supervised-Domain-Adaptation (Vesal et al., 2020)

Myocardium 71.4 +/-10.0 Deep-Learning-Framework (Zheng et al., 2020)

Myocardium 70.0 +/- 5.5 MA-SOCRATIS

Myocardium 68.6 +/- 7.8 Shape-Transfer GAN network (Tao et al., 2020)

Myocardium 654 +/-7.0 Multi-Atlas (Bai et al., 2013)

Myocardium 61.7 +/- 8.6 Pseudo-3D network (Liu et al., 2020a)

Myocardium 61.7 +/- NM CNN weak Domain Transfer (Chen et al., 2019)

Myocardium 61.0 +/- NM Adversarial-CNN-Domain-Adaptation (Chen et al., 2020c)
Myocardium 57.3 +/- NM 2D/3D-UNET Framework (Xu et al., 2020)

Myocardium 47.0 +/ 11.7 UNET++ Framework (Ren et al., 2020)

all slices in each patient. Segmentation areas that exceed the largest connected range were removed. The approach described by
(Chen et al., 1998; Liu et al., 2020a; Wang et al., 2020b) used a multi-modal image translation network from balanced steady-state
free-precession (bSSFP) images to LGE images. In all case they need tuning or supervised training in T2, bSSFP and LGE-MR
images in the training cohort of MS-CMRSeg 2019 challenge dataset.

In contrast to these studies, MA-SOCRATIS is free of any kind of multi-modal training in bSSFP or LGE-MRI images or
tuning, yet it still achieved 70.0 % accuracy against the MS-CMRSeg 2019 challenge dataset. It is important to mention that our

pipeline achieved the most robust results as the standard deviation of the results was the smallest (5.5 %) of all methods.
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6.3. Limitations of pipeline

The detection of the initial position and size of endocardial and epicardial regions was not always accurate (multi-atlas initial
segmentation step). This is the main limitation of our myocardium pipeline. A possible explanation could be the shape variation of
multi-atlas process combined with the fact that we used the method for a cross-modality application (cine-MRI to LGE-MRI). As
a result, the MRI slices of some of the patients were miss-align with respect of the multi-atlas slices (registration error). The low
accuracy of myocardium segmentation in some patients, can explain the big difference between AM and MM scar segmentation
results (29.5 to 70.5 % respectively). Finally, the time needed for the MA-SOCRATIS to deliver the myocardium and scar automatic

segmentation, was a lot (almost an hour per patient), as the registration step of multi-atlas method was time consuming.

7. Conclusion

In this study, we have presented an automatic unsupervised segmentation pipeline (MA-SOCRATIS) which achieved impressive
results when evaluated with two different datasets (STACOM at MICCAI 2019, our collection of 20 patients with challenging scar
regions and LV area). Hence, we have tested the adaptability of our pipeline with new cohorts, and assessed performance without the
need for training, tuning or changes to the initial hyper-parameters. The robustness and generalization of this pipeline are therefore
demonstrated, and our unsupervised method achieved Dice metrics comparable with state-of-the-art supervised techniques.

In this study we have highlighted the importance of correct detection of myocardium boundaries in LGE-MRI from patients
with infarct tissue, in both automatic and manual segmentation. Furthermore, we elucidated the sensitivity of our two pipelines with
GT from both repeated observations and different experts. As a result, we clarified the robustness of our pipeline, which produces
generalize and accurate results free of intra-inter observer bias effects. We demonstrated a robust unsupervised combination of
Rician-Gaussian mixture models and watershed techniques for automatic scar segmentation of LV in LGE images. Lastly, we
justified the importance of an unbiased ground truth to evaluate an automatic pipeline; thus no overestimation or underestimation
effects of metrics results be occurred.

As future work, we will evaluate our pipeline in further cohorts of LGE images using again unbiased extractions of the ground

truths so the results of our pipeline can be more robust and credible.
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