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Abstract. In this paper, we develop a framework for the automatic de-
tection and segmentation of the ventricle and myocardium from multi-
slice, short-axis cine MR images. The segmentation framework has the
ability to deal with large shape variability of the heart, poorly defined
boundaries and abnormal intensity distribution of the myocardium (e.g.
due to infarcts). We integrate a series of state-of-the-art techniques into
a fully automatic workflow, including a detection algorithm for the LV,
atlas-based segmentation, and intensity-based refinement using a Gaus-
sian mixture model that is optimized using the Expectation Maximiza-
tion (EM) algorithm and the graph cut algorithm. We evaluate this
framework on three different patient groups, one with infarction, one
with left ventricular hypertrophy (both are common result of cardiovas-
cular diseases) and another group of subjects with normal heart anatomy.
Results indicate that the proposed method is capable of producing seg-
mentation results that show good robustness and high accuracy (Dice
0.908 ± 0.025 for the endocardial and 0.946 ± 0.016 for the epicardial
segmentations) across all patient groups with and without pathology.

1 Introduction

Accurate estimation of indices of cardiac function, such as ejection fraction and
wall thickness or thickening, is important in routine clinical applications as well
as in cardiovascular research aimed at better understanding the function of the
heart. In order to compute these measurements of cardiac function, one of the
essential steps is to identify the ventricles and the myocardium and to delineate
their boundaries. Manual segmentation tends to lead to significant inter- and
intra-observer variations and is extremely time-consuming, it is hence highly
desirable to develop an automated method to obtain a reproducible and unbiased
result.
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Model-based segmentation [1,2,3,4] achieves automatic delineation by deform-
ing the surface of a pre-constructed model towards the detected boundaries,
while at the same time constraining the model within a reasonable shape based
on a-priori knowledge of the model. The detection of candidate boundaries in
these methods is usually confined to a local region around the model surface.
Therefore, constructing an appropriate prior model, whose shape variability can
adequately capture the shape of the heart in unseen images, is crucial for seg-
mentation techniques in this category. An alternative technique for segmenta-
tion is to propagate a pre-constructed atlas to the unseen images using image
registration [5,6,7]. By using a locally affine registration method (LARM), this
technique is able to deal with large shape variations of the heart. However, the
segmentation accuracy reported using LARM is limited, in particular for the
segmentation of the epicardium [7]. This problem becomes particularly evident
when the intensities in the myocardium exhibit locally varying contrast, e.g. due
to infarction.

Voxel-based segmentation identifies differences between the intensity distribu-
tion of different tissues[8,9,10,11]. The method is able to achieve sub-voxel accu-
racy but requires a good initialization. However, the lack of geometric information
makes it difficult to achieve such a good initialization due to the large shape vari-
ation of the heart within a given population of subjects. Furthermore, most of the
automatic segmentation methods, including model-based and atlas-based meth-
ods, assume homogenous tissue intensities. This leads to problems when segment-
ing subjects with myocardial infarction, as the infarcted myocardium often has a
heterogeneous intensity distribution in contrast to normal myocardium which is
characterized by a more homogeneous intensity distribution. These problems are
further compounded by the fact that these heterogeneous intensity distributions
are difficult model using prior knowledge since the position and intensity of in-
farcted myocardium varies across different subjects.

In this paper we propose an integrated framework (Figure 1) to deal with
the challenges described above. This framework includes a Haar feature-based
cascade classifier for heart detection, image registration for propagating prior in-
formation built from a group of healthy subjects, and a multiple component EM
(MCEM) estimation and graph cut-based method for segmentation refinement.
Using Gaussian mixture modelling in the EM estimation has been proposed by
[12] to cope with partial volume voxels which exist at the interface between differ-
ent tissue classes. We extend this approach with spatial weighting to emphasize
on that the components are clustered and choose number of Gaussian models
explicitly from number of potential components (for example myocardium con-
sist of normal and infarcted myocardium and background consist of blood tissue
and air).

In the following sections, the proposed method is described in Section 2,
validation results are presented in Section 3, and finally the conclusion and
discussion can be found in Section 4.
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Fig. 1. Workflow of the automatic segmentation framework and MCEM against EM

2 Methods

2.1 Initial Atlas-Based Segmentation of the Heart

Once a region of interest containing the cardiac anatomy has been located via
variant of the object detection approach proposed by Viola and Jones [13], we
use image registration to propagate an atlas to the unseen images. Zhuang et
al. [6,7] proposed a locally affine registration method (LARM) to address the
large local shape variability of cardiac anatomy, commonly seen across large
populations with pathologies. LARM is integrated into the registration process as
an intermediate registration step between a global affine registration and a fully
non-rigid registration. Compared to traditional registration schemes, LARM is
capable of providing a good initial alignment between the images of patients
with pathologies and the atlas constructed from normal subjects.

2.2 Multi-component EM Estimation

To enable voxel-based classification, we propagate a probabilistic atlas to the
unseen images using the result of the previous registration process as a spatial
constraint. We then use the EM algorithm [5] to classify each voxel into 3 labels
Λ = {Lk, Lb, Lm} for background, blood pool, and myocardium respectively.
The probabilistic atlas has been constructed from 25 healthy subjects and is
used as a-priori information for the EM algorithm. However, the probabilistic
atlas has been constructed from healthy subjects. In normal anatomical MR
images, the intensity of myocardium is relatively homogeneous and the EM-
based segmentation is able to segment normal myocardium in healthy subjects
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with high accuracy (mean distance and standard deviation reported in [5] is
2.05±2.19mm). For the subjects with myocardial infarction, the intensity of the
infarcted region can be significantly different from the healthy myocardium. This
leads to inaccurate delineation of the myocardium in the infarcted region when
using the traditional EM-based algorithm as the example in Figure 1 shows.

We propose to use a multiple component EM (MCEM) algorithm to cope with
this abnormal intensity distribution. The MCEM algorithm models the myocar-
dial tissue using multiple Gaussian distributions and thus can better adapt to
the heterogeneous intensity distribution. Let K be the number of labels and
n be the number of voxels in the image. Let G(yi, μ, σ) represent a Gaussian
distribution where yi is the intensity, and μ and σ are the mean and standard
deviation respectively. Furthermore let pm

L (i) be the probabilistic estimate of the
segmentation of vi for label L at the m-th iteration; patlas

L (i) is the prior prob-
ability propagated from the probabilistic atlas after the registration step. The
MCEM algorithm is then initialized as follows:
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The algorithm then interleaves the following E- and M-steps:. To estimate the

probabilistic segmentation, a spatial coefficient CLj which measures how close
vi is to the gravity center of label L’s component j is also computed. where vi

the location of the i-th voxel This is important to avoid misclassifying similar
intensities which are remote from the location of the infarction.
E-step:

CLj =

∑n
i=1 G(yi, μ

m
Lj

, σm
Lj

)patlas
L (i)vi

∑n
i=1 G(yi, μm

Lj
, σm

Lj
)patlas

L (i)
(4)

ωm+1
Lj

(i) =
1

||vi − CLj || + 1
(5)

pm+1
Lj

(i) =
G(yi, μ

m
Lj

, σm
Lj

)patlas
L (i)δm

Lj
ωm

Lj
(i)

∑K
k=1

∑|l|
o=1 G(yi, μm

ko
, σm

ko
)patlas

k (i)δm
ko

ωm
ko

(i)
(6)



Automatic Cardiac Segmentation 167
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The EM optimization iterates until the sum of the log likelihood of the Gaus-
sian estimation at every voxel converges and changes by less than a given small
value. As a result, areas of myocardial infarction can be segmented using the
Gaussian mixture model.

2.3 Segmentation of the Epi- and Endocardial Surfaces

Using the traditional EM-based segmentation, it is difficult to separate the pap-
illary muscle from the myocardium because of the lack of tissue contrast and
relatively high probability of myocardium in the area of the papillary muscle.
Therefore, we propose to use an energy functions based on Markov Random
Fields (MRF) in combination with graph cuts [14,10,15] to improve the smooth-
ness of the segmentation. The data term Dp(fp) is estimated using the previous
MCEM results.

To identify the endocardial contours and to remove the papillary muscle com-
pletely we computed the convex hull of the blood pool segmentation. This is
done in 2D since the cardiac longitudinal contour is not always convex. Then,

Fig. 2. Random selected segmentation results of different patients
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a Fourier representation of the epi- and endocardial contour is computed and
the first 6 harmonic phases are retained to obtain a final, smoothed segmenta-
tion [16,17,11]. A 3D surface model of the myocardium can be constructed using
shape based interpolation [18] and marching cubes [19]. Some example of the
segmentation results are shown in Figure 2.

3 Results

We acquired 90 subjects, using multi slice cine steady state free precession MR
sequence acquired voxel size 1.44× 1.44× 8mm. Images were divided into three
different groups according to pathologies, including patients with myocardial in-
farction (49 cases), patients with ventricular hypertrophy (30 cases), and healthy
subjects (11 cases). Manual segmentations were performed by a cardiologist to
extract myocardium and left ventricle, and then compared to segmentation re-
sults obtained via three different techniques: (a) the technique by Lorenzo et
al. [5] which uses affine and non-rigid registration of a probabilistic atlas fol-
lowed by EM-MRF segmentation, (b) the technique by Zhuang et al. [6] which
employs registration for atlas propagation, and (c) the technique proposed in
this paper. For comparisons between the methods we used the Dice metric,
D = (2||Sa ∩ Sb||)/(||Sa|| + ||Sb||) where Sa and Sb are the manual label seg-
mentation and automatic label segmentation, and the surface-to-surface distance
[7,20,1]. The results are summarized in Table 1 and 2.

Table 1. Validation results: The Dice overlap measure for the endocardial segmentation
(Lb) and epicardial segmentation (Lb + Lm) results between automatic and manual
segmentation”s label results

Group Segmentation Lorenzo et al.[5] Zhuang et al.[7] MCEM

normal
endocardial 0.921 ± 0.013 0.919 ± 0.016 0.927 ± 0.013
epicardial 0.935 ± 0.016 0.936 ± 0.013 0.946 ± 0.018

infarction
endocardial 0.841 ± 0.045 0.853 ± 0.036 0.899 ± 0.029
epicardial 0.932 ± 0.015 0.933 ± 0.012 0.950 ± 0.011

hypertrophy
endocardial 0.748 ± 0.228 0.917 ± 0.031 0.917 ± 0.028
epicardial 0.761 ± 0.210 0.929 ± 0.028 0.940 ± 0.023

Table 2. Validation results: The average surface-to-surface distances for the endocar-
dial surfaces and epicardial surfaces between manual and automatic segmentation”s
surface results

Group Surface Lorenzo et al.[5] Zhuang et al.[7] MCEM

normal
endocardial 2.274 ± 0.115 2.119 ± 0.101 1.990 ± 0.150
epicardial 2.154 ± 0.167 2.122 ± 0.191 1.830 ± 0.185

infarction
endocardial 2.931 ± 0.545 2.637 ± 0.590 1.926 ± 0.342
epicardial 2.192 ± 0.325 2.326 ± 0.598 1.775 ± 0.195

hypertrophy
endocardial 6.738 ± 8.198 2.446 ± 0.459 2.349 ± 0.418
epicardial 7.581 ± 8.073 2.862 ± 0.528 2.162 ± 0.337
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The results indicate that our proposed segmentation scheme performed con-
sistently better than the other two methods. In our experiments, the global affine
registration failed for 8 out of 30 patients with ventricular hypertrophy, leading to
failures using the segmentation technique proposed by Lorenzo et al. [5]. On the
other side the registration-based approach by Zhuang et al. [6] uses the LARM
registration technique, thus the segmentation results were significantly better on
subjects with ventricular hypertrophy due to its ability to address the large local
shape variability. Furthermore, the proposed method outperformed both other
techniques due to its ability to model infarcted myocardium using multiple tis-
sue class components. Finally, the MCEM segmentation achieved high accuracy
for the fully automated segmentation across all three groups, which compares
favourably to other recent techniques [7,20,1].

4 Discussion and Conclusion

In this paper we have developed a framework for automatic segmentation of
MR images the cardiac anatomy with different pathologies. We evaluated our
proposed method using a test data set with a wide diversity including healthy
controls, patients with myocardial infarction and patients with cardiac myopa-
thy. The proposed segmentation algorithm was compared to two other, state-
of-the-art, segmentation schemes. The results showed a consistent improvement,
particularly in the segmentation of subjects with myocardial infarction for which
registration-based segmentation tends to perform poorly. Also, the voxel-based
techniques[5] alone did not demonstrated a robust performance without a good
initialization from LARM propagation in the group with ventricular hypertro-
phy. The proposed integration of registration- and voxel-based segmentation has
shown the ability to achieve both the robustness and accuracy. Finally, the seg-
mentation performance achieved by the proposed method is very competitive
and outperforms some other recent approaches [7,20,1], although a direct com-
parison is often difficult due to the different image data sets used.

This work was funded in part by EPSRC grant EP/H019847/1.
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