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Abstract: The diagnosis and treatment of cardiac diseases may rely on different cardiac imaging modalities. Clinical
importance of delineating heart wall boundaries is vital to identify the nature of myocardium. The automatic segmentation
methods with high accuracy play a major role in detection of the abnormality. A complete system for an automatic
segmentation of heart wall from cardiac Computed Tomography (CT) images using the shape information has been carried
out. The system follows a coarse-to-fine strategy by first localizing the heart wall and then deforming the heart wall surface
to refine the segmentation. Heart wall is localized as a salient component by using geometric and anatomical characteristics.
Finally segmentation is achieved by applying saliency map, to find the object portion, followed by extraction of heart wall
using region boundary segmentation along with Expectation Maximization algorithm.
Keywords: cardiac; expectation maximization algorithm; segmentation; cardiac; computed tomography.
I. INTRODUCTION
Cardiovascular diseases are the leading cause of death in the world [1]. The diagnosis and treatment of the diseases may
rely on different cardiac imaging modalities. The clinical importance of delineating the myocardial boundaries is vital
[2].Though this tedious task can be done manually in about 20 minutes with sophisticated interactive segmentation tools, the
intra- and inter-observer variability is still inevitable [3]. The automatic segmentation method with high accuracy plays a major
role in detection of abnormality. The focus is on the segmentation of the heart wall from Computed Tomography (CT) images.
Quantitative functions include myocardial ejection fraction, heart wall thickening over the cardiac cycle and myocardial
mass. To evaluate these measures, accurate delineation of the heart wall is required. Advanced imaging techniques in CT have
allowed for the imaging of the heart muscle at increasing spatial and temporal resolutions. Multi-section multiphase short-axis
cardiac CT images are the most suitable to assess myocardial function without drawing any assumptions about myocardial
geometry. Traditional methods of quantitative analysis required the manual delineation of the heart wall. Therefore, an
automatic segmentation of heart wall is desired.
Region-based methods are used to segment the image, commonly using no a priori information. The most basic form of
region-based segmentation is thresholding, which requires a high degree of supervision and background and may require some
additional post processing. Boundary finding algorithms like snakes [3], aspire to deform a local boundary curve and come to
rest on the high frequency data in an image, corresponding to edges. The extension of snakes to 3D (active surfaces) has also
been applied to cardiac segmentation. The aim is to perform an adaption algorithm based on image information and internal
constraints using a triangulated surface mesh. An additional coupling constraint is added to update energies, in order to maintain
the spatial separation of the inner and outer surface. As this method is derived from snakes, it is sensitive to initialization, local
minima and leaking through boundaries of low gradient and is not applicable to images where the cardiac muscle cannot be
represented by a smooth shape.
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II. HEART WALL SEGMENTATION

2.1 History
In the last decade, image processing and cardiac researchers have given immense attention to cardiac image analysis. The
state-of-the-art image processing techniques for myocardial segmentation during the second half of the twentieth century have
let a path for easy detection of abnormality [6]. The key characteristics of successful segmentation during the second half of
the twentieth century includes the following: (1) any one image processing technique is not sufficient for accurate segmentation
of heart wall; (2) fitting mathematical models for segmentation have dominated in the last 15 years; (3) knowledge extracted
from the ground truth has lead to very successful attempts for myocardial segmentation; (4) spatial and temporal behavior of
heart wall through different imaging modalities have yielded information that led to accurate segmentation [7]. The main
challenges in extracting the heart wall include large shape variability within cardiac cycles and between different patients, and
weak edges between epicardium and heart fat or soft tissues.
2.2 Principles of Heart Wall Segmentation
The principle states that if the cross-sectional area of the chamber is known, then the product of that cross-sectional area
and the mean flow velocity equates to the volumetric flow. As the heart is a pulsatile flow system, in which the flow velocity
occurs during systole, the volume calculated equals the forward left ventricle volume in the aorta. The system should follow a
coarse-to-fine strategy by first localizing the heart wall and then deforming the heart wall surface to refine the segmentation [8].
In particular, the blood pool of a CT image is extracted and represented as a triangulated surface. Then, the heart wall is
localized as a salient component using geometric and anatomical characteristics. After that, the myocardial surfaces are
initialized from the localization result and evolved by applying forces from the image intensities with a constraint based on the
initial myocardial surface locations.
III. LITERATURE REVIEW
J. S. Suri in 2000 proposed a survey on the different imaging modalities used in the medical field. Computer vision, pattern
recognition, image processing and cardiac researchers have given immense attention to cardiac image analysis and modeling.
The paper surveys state-of-the-art computer vision and pattern recognition techniques for Left Ventricle (LV) segmentation and
modeling during the second half of the twentieth century [8]. This paper presents the key characteristics of successful modelbased segmentation and modeling during the second half of the twentieth century. This survey paper concludes the following:
(1) any one pattern recognition or computer vision technique is not sufficient for accurate modeling of LV; (2) fitting
mathematical models for LV modeling have dominated in the last 15 years; (3) knowledge extracted from the ground truth has
lead to very successful attempts for LV modeling; (4) spatial and temporal behavior of LV through different imaging modalities
has yielded information which has led to accurate LV modeling; and (5) not much attention has been paid to myocardial
modeling.
S. Essafi et al., in the year 2009 presented a novel representation of prior knowledge for image segmentation, using
diffusion wavelets that can reflect arbitrary continuous interdependencies in shape data. The application of diffusion wavelets
has, so far, largely been confined to signal processing. In this approach, and in contrast to state-of-the-art methods, optimization
of coefficients, the number and the position of landmarks, and the object topology - the domain on which the wavelets are
defined - during the model learning phase, in a coarse-to-fine manner. This paradigm supports hierarchies both in the model and
the search space, which can encode complex geometric and photometric dependencies of the structure of interest, and can deal
with arbitrary topologies [5]. The results on two challenging medical data sets, that illustrate the impact of the soft
parameterization and the potential of the diffusion operator.
Van Assen HC et al., in the year 2006 proposed a technique SPASM (3D ASM) based on a 3D-ASM for automatic
segmentation of cardiac MRI image data sets consisting of multiple planes with arbitrary orientations, and with large under
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sampled regions. Model landmark positions are updated in a two-stage iterative process. First, landmark positions close to
intersections with images are updated. Second, the update information is propagated to the regions without image information,
such that new locations for the whole set of the model landmarks were obtained [3]. Feature point detection is performed by a
fuzzy inference system, based on fuzzy C-means clustering. Model parameters were optimized on a computer cluster and the
computational load distributed by grid computing. SPASM was applied to image data sets with an increasing sparsity
comprising images with different orientations and stemming from different MRI acquisition protocols. Segmentation outcomes
and calculated volumes were compared to manual segmentation on a dense short-axis data configuration in a 3D manner.
Mitchell SC et al., proposed in the year 2001, a fully automated approach to segmentation of the left and right cardiac
ventricles from magnetic resonance (MR) images [6]. A novel multistage hybrid appearance model methodology is presented in
which a hybrid active shape model/active appearance model (AAM) stage avoid local minima of the matching function. An
automated initialization method is introduced making the approach fully automated.
Liangjia Zhu, et al.,in the year 2014 worked on automatic segmentation of the left ventricle. In this paper, a complete
system for an automatic segmentation of the left ventricular myocardium from cardiac Computed Tomography (CT) images
using the shape information from images to be segmented. The system follows a coarse-to-fine strategy by first localizing the
left ventricle and then deforming the myocardial surfaces of the left ventricle to refine the segmentation. In particular, the blood
pool of a CT image is extracted and represented as a triangulated surface [10]. Then, the left ventricle is localized as a salient
component, using geometric and anatomical characteristics. After that, the myocardial surfaces are initialized from the
localization result and evolved by applying forces from the image intensities with a constraint based on the initial myocardial
surface locations.
Petitjean C and Dacher JN enhanced in the year 2010 proposed a work on segmentation of MR images in short axis. This
paper is a review of fully and semi-automated methods performing segmentation in short axis images using a cardiac cine MRI
sequence [11]. Medical background and specific segmentation difficulties associated to these images are presented. For this
particularly complex segmentation task, prior knowledge of images are analysed. An original categorization for cardiac
segmentation methods, with a special emphasis on what level of external information is required (weak or strong) and how it is
used to constrain segmentation are evaluated.
Paragios N. in the year 2003 proposed a prior anatomical knowledge that can improve performance of segmentation
algorithms to physically corrupted and incomplete data. In this paper, the objective is to introduce such knowledge-based
constraints while preserving the ability of dealing with local deformations [12]. Toward the end, a variational level set
framework that can account for global shape consistency as well as for local deformations has been described. In order to
improve performance, the problems of segmentation and tracking of the structure of interest are dealt with simultaneously by
introducing the notion of time in the process and looking for a solution that satisfies that prior constraints while being consistent
along consecutive frames.
Lynch M, et al.,in the year 2010 worked on an automatic method based on active contours without edges, used for left and
the right ventricle cavity segmentation. Two standard metrics are used for quantitative error measurement. Segmentation results
are comparable to previously reported values in the literature. Since different points in the cardiac cycle and different slice
levels were used in the study, a detailed error analysis is possible. Better performance is obtained at end diastole than at end
systole, and on mid-ventricular slices than apical slices [2]. Localization of segmentation errors were highlighted through a
study of spatial distribution.
John M, Rahn N in the year 2005 suggested a method to extract heart structures from CTA and MRA data sets, in
particular the left atrium. First, the segmented blood pool is subdivided at narrowings in small components. Second, basic
components are merged automatically in different heart structures. The resulting cut surfaces has a small diameter compared to
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the diameter of the neighboring heart chambers. Both steps are controlled by only one fixed parameter [7]. The method is fast
and allows interactive post-processing by the user. Experiments on various data sets show the accuracy, robustness and
repeatability of the approach.
Lynch M, et al.,in the year 2005 worked out on a coupled level-set segmentation of the myocardium of the left ventricle of
the heart using a priori information. From a fast marching initialisation, two fronts representing the endo-cardium and epicardium boundaries of the left ventricle are evolved as the zero level-set of a higher dimension function [9]. The segmentation is
supervised both with a coupling function and using a probabilistic model built from training instances [4]. The robustness of the
segmentation scheme is evaluated by performing a segmentation on four unseen data-sets containing high variation and the
performance of the segmentation is quantitatively assessed.
IV. PROPOSED SYSTEM
4.1 Proposed System Architecture

Fig 4.1 Proposed block diagram

4.2 Image Preprocessing
Bicubic interpolation is often chosen over bilinear interpolation or nearest neighbor in image resampling. Bicubic
interpolation considers 16 pixels (4×4). Images resampled with bicubic interpolation are smoother and have fewer
interpolation artifacts. The bicubic algorithm is frequently used for scaling images. It preserves fine detail better than the
common bilinear algorithm. Bicubic-interpolation increases apparent sharpness and can be desirable.
4.3 Geometric Active Contour
Regions in an image are a group of connected pixels with similar properties. Contours split and merge depending on the
detection of objects in the image. These models are largely implemented using level sets, and have been extensively employed
in medical imaging techniques. Active contour use edge information for image segmentation. The edges are identified first and
they are linked together to form required boundaries. This technique does not assume homogeneity of image intensities, and
thus can be applied to images with intensity in-homogeneities. The Neumann boundary condition is a type of boundary
condition, when imposed on an ordinary or a partial differential equation; it specifies the values that the derivative of a solution
is to take on the boundary of the domain.
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4.4 Saliency Mapping
Saliency at a given location is determined by the degree of difference between that location and its surrounding. The
leading models of visual saliency may be organized into three stages:

»

Extraction: Extract feature vectors at locations over the image plane

»

Activation: Form an "activation map" (or maps) using the feature vectors

»

Normalization/combination: Normalize the activation map (or maps, followed by a combination of the maps into a
single map).

»

The three conspicuity maps are normalized and summed into the final input S, to form a saliency map.
(4.1)

4.5 Extraction Of Heart Wall
Extraction of myocardial wall is done using lambda-µ-sigma method. The lambda-mu-sigma (LMS) method, is to model
the data, smooth the model parameters, and then estimate smoothed percentiles from the model parameters. The LMS method
models the entire distribution taking into account degree of skewness (L), central tendency (M), and dispersion (S). The L, M,
and S parameters are estimated and then smoothed using any of a variety of methods. Any desired percentile or z score can then
be calculated from the smoothed L, M, and S parameters. Its advantages are that it permits calculation of z scores as well as
percentiles and allows calculation of any desired percentile. Accurate estimation of percentiles from the LMS method relies on
the assumption that after transformation and smoothing, the variables of interest are normally distributed.
4.6 Proposed Method
The input cardiac CT image is pre-processed using bi-cubic interpolation by considering 16 (4X4) neighborhood pixels.
Initial contour is set using geometric active contour, Neumann boundary conditions are used to trace the outline of the image to
achieve active contour without edges. Followed by saliency mapping, which finds the object portion present in an image.
Finally the lambda-mu-sigma (LMS) method extract the myocardial layer in the cardiac image.
4.7 Expectation Maximization Algorithm
An expectation–maximization (EM) algorithm is an iterative method for finding maximum likelihood or Maximum a
Posteriori (MAP) estimates of parameters depending on un observed latent variables. The EM iteration alternates between
performing an Expectation (E) step, which creates a function for the expectation of the log-likelihood evaluated using the
current estimate for the parameters, and a Maximization (M) step, which computes parameters maximizing the expected loglikelihood found on the E step. These parameter-estimates are then used to determine the distribution of the latent variables in
the next E step. EM algorithms can be used for solving joint state and parameter estimation problems. The EM algorithm is used
to find the maximum likelihood parameters of a statistical model in cases where the equations cannot be solved directly.
Typically these models involve latent variables in addition to unknown parameters and known data observations. That is, either
there are missing values among the data, or the model can be formulated more simply by assuming the existence of additional
unobserved data points. Filtering and smoothing EM algorithms arise by repeating the following two-step procedure: The E step
operates a Kalman filter or a minimum-variance smoother designed with current parameter estimates to obtain updated state
estimates.
The M step uses the filtered or smoothed state estimates within maximum-likelihood calculations to obtain updated
parameter estimates. Suppose that a Kalman filter or minimum-variance smoother operates on noisy measurements of a singleinput-single-output system. An updated measurement noise variance estimate can be obtained from the maximum
likelihood calculation.
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An iterative method for finding maximum likelihood.

»

This method depends on unobserved latent variables.

»

The EM algorithm alters between an expectation step (E) & maximization step (M).

»

For a given set of observed variables X ,a set of unobserved latent variable Z and a vector of unknown parameter θ,
with a likelihood function function given by
(4.2)

»

The maximum likelihood estimate (MLE) is given by
(4.3)

»

Expectation step is given by
(4.4)

»

Proof of correctness is given by
(4.5)

The above equation is applicable for any Z with non-zero probability

.

4.8 Region Based Segmentation
Region based segmentation consists of region growing by pixel aggregation, region meging, region splitting, split and
merge. The main goal is to find coherent (homogeneous) regions in the image. Coherent regions contain pixel which share some
similar property. The major advantage is region-based techniques are generally better in noisy images (where borders are
difficult to detect). Region growing should satisfy the conditions of complete segmentation and the maximum region
homogeneity conditions.
V. CONCLUSION RESULTS AND DISCUSSION
The proposed algorithm for extraction of myocardial wall was implemented in MATLAB. The image used for the process
was cardiac CT 4-chamber image, in order to view the entire heart wall. The performance of the proposed work was
implemented on image which contained abnormalities namely atrial septal & ventricular septal defect, pericarditis, calcific
pericarditis, pericardial mesothelioma.
5.1 Quality Metrics
The mean and standard deviation are used as performance matrices for evaluation.
5.2 Image Results
Image
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cardiac CT image
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Fig 5.6 Mean and standard deviation.

VI. CONCLUSION AND FUTURE SCOPE
The proposed method presented a complete system for automatic segmention of the heart wall from cardiac CT images. It
follows the coarse-to-fine framework by first detecting the heart wall, and then refining the result by employing contour
evolution techniques with a shape constraint. The work was also laid on different images with rare abnormalities like atrial and
ventricular septal defect, pericarditis, calcific pericarditis, pericardial mesothelioma. The future scope is to detect numerous type
of rate abnormalities in the heart wall by using clustering and data mining.
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