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Abstract:

Automatic identification of endocardial and epicardial
boundaries of LV has been a focus of research attention in
the development of computational methods and computer
support for cardiologists in identifying clinical heart
disease and their diagnosis. Among heart imaging
techniques,  echocardiography  offers  significant
advantages because of its low cost, portability, minimal
discomfort, the absence of ionizing radiation, and its
possible application for patient monitoring through real
time processing. However, images generated from
echocardiogram data are of poor quality. This paper
presents the initial work in the development of a data
mining approach for computer-assisted detection of
myocardial ischemia, which includes Left Ventricle (LV)
wall boundary identification, segmentation and further
comparative analysis of wall segments in pre- and post
stress echocardiograms.
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1. Introduction

The main objective of many efforts in cardiac imaging
and image analysis is to access the regional function of
the Left Ventricle (LV) of the heart. The general
consensus is that the analysis of heart wall deformation
provides quantitative estimates of the location and extent
of Ischemic Myocardial Injury (IMI) [10]. Regional LV
deformation can be determined using all of the principal
imaging modalities, including contrast angiography,
echocardiography, radio nuclide imaging, cine computed
tomography (CT) and magnetic resonance (MR) imaging.
Automatic identification of endocardial and epicardial
boundaries of LV has been a focus of research attention in
the development of computational methods and computer
support for cardiologists in identifying clinical heart
disease and their diagnosis.

Echocardiography offers significant advantages over all
other imaging techniques. The technique is attractive
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because of its low cost, portability, minimal discomfort,
the absence of ionizing radiation, and its possible
application for patient monitoring through real time
processing [6, 11]. From a data mining point of view, data
collected by echocardiograph systems includes sequence
data of the heart behaviour.

Myocardial ischemia is a heart disease induced by the
obstruction of one or more coronary artery. LV is affected
accordingly, which present the change of contractibility of
certain segments of LV in echocardiograms images but
very rarely on the whole ventricle. The abnormalities can
be detected by detailed examination of the dynamics of
each segment of LV walls and the coordination between
them.

Echocardiography is versatile; it may be combined with
exercise, pharmacological, and other stressors and used in
availability of circumstances less favorable to other
techniques. The stress echocardiography provides a
means of identifying myocardial ischemia by detection of
stress-induced wall motion abnormalities by comparison
of pre- and post stress images. The accuracy of stress
echo cardiology in detecting significant coronary stenoses
has proved to be from 80% to 90% depending on the
population studies [11]. The technological revolution of
ultrasound and digital technology brought this modality
from a research to a clinical tool, but the interpretation of
these studies remains still on subjective observation.

From data mining point of view the echo data can be
viewed as video data, which consists of a sequence of
echo images, synchronized by the ECG signal. The basic
requirement of quantitative analysis of echo images is the
complete determination of inner (endocardial) and outer
(epicardial) boundaries of the LV wall. In computer
vision terms the finding of LV wall boundaries in echo
images is an object detection problem. An object
detection process typically involves image-processing
algorithms for information extraction from images and
further analysis of extracted information using priori
knowledge of problem domain. A typical configuration of
LV wall detection system is shown in Figure 1 [3]:
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Figure 1. Typical configuration of an LV wall detection system

Algorithms that detect spatial features such as intensity
edges [7] and those that detect temporal events such as
image motion can provide information for the extraction
of LV wall boundaries. Attributes of detected features and
events are also useful in interpretation processes. A
control strategy manipulates the output from the image
processing algorithms to determine the boundary location.
An example of the operation taken by the control strategy
is the classification of each detected image edge segment
as either part of the inner LV wall (endocardial
boundary), part of the papillary muscle, part of outer LV
wall (epicardial boundary), or an artifact due to noise.

Further, the paper discusses the background of the
assessment of regional wall motion abnormalities, the
data preprocessing and analysis techniques, the
interpretation of the output and further work in the project

2. Assessment of Regional Wall Motion
Abnormalities

The American Society of Echocardiography has
recommended the use of 16 segment model of LV for
assessment of wall motion abnormalities and grading the
severity of segmental dysfunction of LV. In 16 segments
model, LV is divided into three levels that are further
subdivided to produce a total of 16 segments [2]. The
three levels such as basal, mid and apical of LV are
divided into three equal lengths using the papillary
muscles as anatomical landmarks, as shown in Figure 2.
The basal and mid levels are divided into six equal
segments while the apical level is divided into four equal
segments, as shown in Figure 3. The three levels of LV
can be captured using parasternal short axis views of the
LV in 2-dimensional echocardiography.

a. Basal

b. Mid ¢. Apical

Figure 3. Parasternal Short Axis views at Basal, Mid and Apical levels
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Recognition of the coronary blood supply to each
individual segment of the 16 segment left ventricle aids in
the identification of myocardial ischemia. Each
myocardial segment can be classified by three coronary
artery distributions (anterior, inferior and lateral). The
obstruction of one or more coronary artery presents the
change of contractibility of certain segments of LV in
echocardiography images. The contractility of a segment
can be correlated with the level and severity of
obstruction or narrowing of relevant coronary artery.
Coronary artery distribution to the 16 segment model of
the LV is given in Table 1 [2]:

The normal response of the LV to stress is a uniform
increase of regional wall motion, thickening and a
reduction in end-systolic LV cavity size, with minimal
changes in diastolic size[10]. The distinction between
resting and stress induced regional wall motion
abnormalities  fundamentally  differentiates  prior
myocardial infarction (MI), identified by resting akinesis
(systolic increase in free wall thickness is less than
normal) or dyskinesis (outward movement of wall during
systole with associated systolic wall thinning) from
induced ischemia, characterized by either new or
worsening wall motion abnormalities.

Level Segment No. Segment Name Coronary arteries and Branches
BASAL 1 Anterior LAD
2 Anterolateral LAD
3 Inferolateral CF or OM
4 Inferior RC or RM
5 Inferoseptal RC or RM
6 Anteroseptal LAD
MID 7 Anterior LAD
8 Anterolateral LAD
9 Inferolateral CF or OM
10 Inferior RCorRM
11 Inferoseptal RC orRM
12 Anteroseptal LAD
APICAL 13 Anterior LAD
14 Lateral LAD
15 Inferior LAD
16 Septal LAD

Table 1. 16 Segment Model of LV and Coronary Artery supply to each segment.
Where LAD = left anterior descending; CF = circumflex; OM = obtuse marginal; RC = right coronary and RM = right

marginal.
4. Data analysis technique

Detection of myocardial ischemia is mainly based on the
quantitative analysis of the thickness of ventricle’s walls
in different stages of the heart cycle. The process of
detection can be split into two parts — the identification of
the wall boundaries, their approximation and
segmentation; and the estimation of quantitative
indicators based on dynamic behaviour of the segments of
the LV wall in different stages of the heart cycle.

The quantitative analysis of pre- and post stress sequences
of echo images are based on the identification of the
complete inner (endocardial) and outer (epicardial)
boundaries of the LV wall. The poor quality of the
images, due to intrinsic limitation of echo imaging such as
speckle noise, image drop outs, boundary discontinuity,
and disturbances in the images by valves, papillary
muscles, etc., makes difficult the automatic boundary

identification in echocardiograms. High noise levels are
also present due to other artefacts like translation and
rotation of imaging object. These noisy effects plaguing
2D data raise real troubles to any computer based feature
extraction [3]. Some of the major problems are illustrated
in Figure 4. As a result of the clustering threshold a
typical boundary detection algorithm will produce, in the
context of ventricle wall identification a number of
regions that need further steps for identification and
approximation of the wall boundaries:

o Closed contours on the ventricle wall — such
regions require aggregation into a larger cluster

e Closed contours inside the ventricle — for the
analysis of such regions do not belong to the
wall in consideration and have to be filtered

e Parts of the wall that are not detected, i.e.
contours that include part of the wall as an
internal part of the cluster
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e  Parts of the wall that are identified as boundaries
of the ventricle, but are not separated from the
rest.

As illustrated in Figure 4, due to the limitations of current

echo imaging technology the straight forward application
of bitmap clustering and comtour detection algorithms

Closed contours on  [§
the ventricle wall i

Closed contours :
inside the ventricle

may identify only parts of the ventricle wall. Hence, the
proposed object extraction technique in echocardiogram
images includes the following stages:

o Image data pre-processing and cleaning
e  Contour detection and segment computation

Figure 4. Issues in the identification of ventricle boundaries in echocardiographic images

Image pre-processing

Echo images have very poor signal-to-noise ratio because
of the above-mentioned limitations of echo imaging. Pre-
processing is required to reduce noise level and to make
homogeneous regions uniform. Image pre-processing
includes adjusting of colour (in the case of echo images -
grey-scale) balances and tonal corrections by adjusting
the values of the highlight and shadow pixels in the
image, setting an overall tonal range that allows for the
sharpest detail possible throughout the image (in extreme

cases this can be a black/white separation with respect to
a particular threshold, as illustrated in Figure 5, where the
threshold for the clusters is computed on the basis of the
grey values of the pixels in the corresponding cluster).

There are several implementations of filters but
mathematical morphology [7] using opening and closing
concepts proved to be more effective technique for
emphasizing the epicardial and endocardial boundaries of
LV walls in end systolic and end diastolic frames of pre-
and post stress echocardiograms.

image of the rest of the heart tissue

Figure 5. Example of simple image pre-processing step that facilitates the contour detection.

After filtering, the first step is to find the coordinate
centre in interior of the cavity where wall contours are
being searched. Further the images are converted from
Cartesian coordinate system to polar coordinates. Once an
image is converted to polar form the so called distance
function is found, by defining some special characteristic
(first maximum, maximum value, etc.) for each radius and
drawing the resulting function [9]. A different distance
function is evaluated for each contour. The starting
function for inner contour (endocardium) where
maximum value of each radius has been used to define the
distance function. The goal of the algorithm is to find the

best possible functions for both the inner and outer
contours from these starting distance functions.

Contour Detection and

Computation

Segment

Several approaches for detection of LV boundaries in 2D
echocardiographs have been reported such as optical
flow[9], snakes[4], simulated annealing[5], dynamic
programming[8] and possibly others, but unfortunately
none of them are effectively applicable to real application
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due to their respective inherent complexity and
applicability problems. Nevertheless these techniques in
echocardiogram images suffer mainly from usual poor
quality of images. Also they are computationally intensive

[6].

The algorithm used in this paper combines the detection
of endocardial and epicardial boundaries, and the
computation of the area of a segment of LV wall. It is
based on a modified form of two-phase relaxation active
contour detection technique [1]. The algorithm for
detection of contours and computation of area of
segmental wall of LV has the following steps:

1. Detection of initial points on epicardial and
endocardial boundaries in the image using two
different threshold values.

2. Closing the contour using active contours.

3. Dividing the area covered under epicardial and
endocardial boundaries in to equal six or four
segments depending on the level of image view
(e.g. six segments in basal level image of LV).

4. Computation of pixels covered in one segment.

As a result of this algorithm we can approximate the area
of a segment of LV wall, which can be further used for
2D or 3D modelling of the LV.

Object analysis, evaluation of the LV
condition and interpretation of results

The area value of a segment in an end systolic image and
in an end diastolic image of pre- and post stress (peak)
echocardiograms are most important for monitoring LV
wall motion. The effective change of LV wall from rest to
stress echo is wuniform at all segments. These
measurements have obvious medical importance in
detection of ischemic effect of heart. The detection
algorithm has been explained as follows:

Let Contractility of segments of LV wall be
C={ES,ED, S, A Ad"}, where ES indicates an

“End Systolic” image; ED indicates an “End Diastolic”
image; S, is number of segments of epicardial boundary
(either 4 or 6); A, is the area covered between the
epicardial and endocardial boundaries in N-th segment in
the “End Systolic” image; Ay, is area covered between the
epicardial and endocardial boundaries in N-th segment in
the “End Diastolic” image. C can be expressed as

C= |Am —A | Let Cy and C,, be the contractility of

segment n in pre (r) and post (o) stress images
respectively. Then the variance in contractility A of
segment N is expressed as follows:

A =Con -Cny

sn?

If A, is zero then segment N may have ischemic affect. If
A, is negative then segment N may have ischemic affect
and requires further comparison between A, and A,,

where me (S,, —n),m #n to evaluate the scale of

damage of a segment. If A, is positive then segment N
may be normal but further A, should be compared with

A, where me (S" — n),m # n for confirmation. Even

if a segment has shown the positive variance of
contractility but the contractility of that is less than the
other ones the segment may have affect of ischemia.

Change of contractility of segments in stress echo images
in comparison to rest echo images should be uniform. A
segment may have variation in contractility with reference
to other segments due to abnormalities in the LV [2].
Based on the above ratios the segmental wall motion can
be classified as follows:

¢ normal - if normal motion at rest with
normal/increased wall motion after stress;
akinesis - if there is absence of inward motion;
dyskinesis - if paradoxic wall motion in systole;
hypokinesis if marked reduction in endocardial
motion.

A test can be considered positive if wall motion is other
than normal. The quantitative measurements can be
correlated with the severity of myocardial infarction of
the LV wall, which may be induced by narrowing or
obstructions of connected coronary arteries to the
segment.

5. Discussion and future work

The paper presents the initial work in the development of
a ‘smart cardiographer’ to assist cardiologists, based on
the analysis of echocardiogram images and video
sequences. The wall detection algorithms utilise the video
sequence data, when the actual analysis is based on the
ratios between the wall contours on a specific images
(“End Systolic” and “End Diastolic” images). The
proposed algorithm provides scope of quantitative
analysis of segmental LV function for more accurate
clinical diagnosis and management of ischemic affect of
heart. Another important perspective of this study is the
evaluation of the role of continuous non-invasive
monitoring of arterial blood pressure and restriction.

The work on the ‘smart cardiographer’ includes also the
development of media integration model and visual
presentation of the results. The media integration is
connected with data modelling for multimedia data. The
visual presentation of the results involves the analysis of
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human computer interaction issues related to the medical
experts in the area.
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