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Abstract

Assessment of left ventricular (LV) function is clinically important. Diastolic and
systolic volumes and derived parameters, such as ejection fraction, are generally accepted
indicators of LV function. Echocardiography is a widely available clinical method which
allows measurement of these parameters. Precision and accuracy of echocardiographic
measurements is typically compromised by user’s subjectivity, limited windows of access
for obtaining echocardiographic scans, and ultrasound signal attenuation and scattering
resulting in image artifacts.
In the past decade, compared to single or biplane tomographic techniques that require
geometrical assumptions about LV shape, three-dimensional (3D) echocardiography has
been shown to provide more precise and accurate evaluation of cardiac volumes. This
is particularly relevant in patients with irregular LV geometry, detected during an initial
echocardiographic study through multiple tomographic projections. So far, however, the
3D technique has been limited to experimental use due to cumbersome image acquisition
(i.e., restricted access windows, long acquisition times, custom probes and special probe
holders), time consuming and subjective data processing (i.e., digitization from video
tapes and manual delineation of boundaries in numerous serial tomograms), the use of
special projections (i.e., parallel or rotational scans with specific incremental steps), and
mapping of endo- and epicardium to multiparameter (i.e., computationally intense and
subjective for required adjustment of multiple features) models that allowed only limited
objective utilization of a priori knowledge about LV geometry.
The objective of this research was to develop a clinically implementable method for
reliable assessment of LV volumes by 3D echocardiography.
The hypothesis of this research is that 3D echocardiographic reconstruction associ-
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ated with computer-driven, knowledge-based, and noise-resistant LV endocardial border
recognition provides precise, accurate and reproducible measurements of LV diastolic
and systolic volumes.
The methods presented in this thesis result in precise and accurate computation
of LV volume.

This is accomplished through a 1) quick image acquisition using

rotational (polar) scans with commercially available rotatable transducers, 2) analysis of
echocardiographic image resolution (i.e., resolution cell size measurement), 3) assessment
of textural properties (i.e., determination of discriminating power of various texture
features), 4) analysis of random and impulsive noise (i.e., design of a noise resistant
edge detector), and 5) computer-driven endocardial boundary recognition for LV volume
measurement (i.e., development of a trainable, knowledge-based system for endocardial
surface mapping).
The results indicate, that quick image acquisition of 6 – 9 spatially related tomograms is suitable for 3D reconstruction of endocardial surface. Determination of the
endocardium in individual serial echotomograms can be accomplished best through image classification using features related to varying pixel values (Mahalanobis distance
> 4.0) and 3D anatomical relationships in the reconstructed volume. Combination of
the quick acquisition and classification techniques with a trainable computer system for
LV cavity boundary delineation, that assimilates expert knowledge about realistic LV
shapes, provides clinically feasible (tests conducted during regular outpatient clinical
studies), precise (R2 > 0.96, p < 0.001, standard deviation < ±5.75 ml), accurate (root
mean squared error < 6.08 ml, negative bias < 2.4 ml), and reproducible (intraindividual
variability < 6.46%) estimations of end-diastolic and end-systolic volumes.
In conclusion, we developed quick 3D echocardiographic image acquisition and
knowledge-based recognition techniques (“a trainable computer expert”) for precise,
accurate and reproducible assessment of LV volumes.

Practical feasibility of these

techniques was shown through tests in clinical environment using typical (i.e., noisy and
artifact corrupted) diastolic and systolic ultrasound images of the heart. The potential
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clinical application to evaluation of LV function in patients with various congenital and
acquired heart diseases is beyond the tested application. Utilization for other cardiac
chambers, such as right ventricle, and in other areas of ultrasound imagery, such as
intracardiac echocardiography, is anticipated.
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1. Introduction

Accurate measurement of diastolic and systolic left ventricular (LV) volumes and their
derivatives, such as ejection fraction, is clinically important for management of patients
with a cardiac dysfunction, risk stratification after myocardial infarction, or optimal timing
of surgery. Current two-dimensional (2D) quantitative echocardiography requires image
acquisition from standardized scanning planes [1]. LV volume is usually calculated from
two planes (i.e., apical four-chamber and long-axis two-chamber views) using a disk
summation method [2]. This and other conventional methods are limited by geometric
assumptions about LV shape. Accuracy of these methods markedly diminishes when
ventricular function is regionally impaired. It has been shown that three-dimensional
(3D) echocardiographic techniques eliminate the need for standardized imaging planes or
geometric assumptions and allow more accurate volume measurement in ventricles which
is particularly advantageous with complex ventricular geometry [3–7]. These techniques,
however, involve 3D reconstruction of the LV using manually outlined endocardial
borders in multiple 2D tomographic views. Interactive delineation of the borders is
time-consuming, labor-intense, and associated with a large operator-to-operator variation
in the estimated borders. The task is even more complicated if the image contains noise,
inhomogeneous tissue regions, or discontinuous borders (i.e., “dropouts”), as are typical
of ultrasound scans [8, 9]. To deal with some of these problems, computerized border
detection algorithms have been proposed making use of automated thresholding, gradient
evaluation using radial search from the gravity center, energy minimizing functions for
continuous delineation of labelled edges, and image decimation (down-sizing) to reduce
the effect of noise and lower priority image details [10–15]. Sensitivity of thresholding
and gradient detection to inhomogeneities and noise, subjectivity of user-determined
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parameters, and adherence to a two-dimensional platform (no 3D relationships) has
significantly limited the precision and accuracy of these techniques.

1.1. Objective
The objective of the work described in this dissertation was to develop a quick 3D
image acquisition method; design a custom, edge-preserving and noise-resistant filter for
computation of the local probability of a presence of the cardiac boundary; and develop
a knowledge-based, trainable computer system for 3D mapping of the LV endocardial
surface. As compared to current approaches, these novel methods should be clinically
usable, require minimum operator interaction, and provide more reproducible assessment
of LV volumes.

1.2. Hypothesis
This research is based upon the following hypothesis: Quickly acquired yet adequately sampled 3D image data about endocardial surface associated with computerdriven (i.e., minimized human subjectivity), knowledge-based (i.e., specific to LV endocardium) and noise-resistant (i.e., avoiding errors due to ultrasound image artifacts)
LV cavity boundary recognition provides precise, accurate and reproducible estimates of
LV volumes.

1.3. Overview of the thesis
This thesis addresses several aspects of 3D ultrasound imaging described in separate
chapters.

Chapter 1 includes a review of literature. The review is divided into sections that
2
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correspond to individual chapters in the body of the thesis.
Chapter 2 establishes standard techniques for laboratory validation of 3D quantitative
echocardiography.
Chapter 3 describes a novel, quick image acquisition method for 3D echocardiography
making use of the state-of-the-art continuously rotatable transducers.
Chapter 4 includes a comprehensive evaluation of discriminating power of echocardiographic image relevant Markovian and run length texture features.
Chapter 5 analyzes properties of order statistic filters and introduces a custom filter
for determination of LV cavity boundaries. The filter is called “HiLomean”, because it
combines the means of ranks of high and low gray-scale values in a filter window.
Chapter 6 is the core of the thesis.

It presents a knowledge-based system for

left ventricular boundary mapping in three dimensions. The system includes a unique
learning algorithm, through which a computer gains statistical knowledge about spatial
LV geometry, and a performing algorithm, which uses modified, self-organizing map
techniques for delineation of the LV cavity boundary. The learning and performing
algorithms are associated with the preceding image acquisition, classification and filtering
procedures and organized into a knowledge-based system for LV boundary detection and
volume measurement.
Chapter 7 describes performance tests and feasibility of the system under laboratory
and clinical conditions.
Chapter 8 summarizes the results and primary conclusions.
Appendices A through C include basic concepts and definitions. Appendix D is a
diagrammatic summary of the thesis and provides practical pictorial review of individual
steps in this dissertation research.
An Index lists terminology and provides a quick reference for numerous abbreviations.

3
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1.4. Background
1.4.1. Laboratory validation of quantitative echocardiography
Investigators have validated quantitative 3D echocardiography in laboratory settings
using 1) different ultrasound transmission media, such as water or ethanol mixture, for
specimen scanning, and 2) different methods for true (reference, gold standard) LV
volume measurement.
(1) Water [3, 4, 16–18] and ethanol [19, 20] have been used as sound transmission
media in laboratory validation of 3D quantitative echocardiography.

A water bath

with corn starch added has been used to facilitate echo intensities [21].1 Conditions
(i.e., temperature of water, concentration of ethanol mixture) varied from laboratory to
laboratory or were not sufficiently described. However, the influence of temperature on
propagation speed of ultrasound is well known and has been published for distilled and
pure water [22, 23].
(2) King, Gopal, Sapin, Schroder, Smith and others [3, 4, 16, 17, 24] used latex
intraventricular sheaths, inserted into the LV in excised hearts and filled with water to
obtain reference volumes. This approach excluded the papillary muscles and smaller
trabeculae from measurement. The fluid in the sheath was subsequently replaced with
liquid plaster to produce an LV cast. This allowed the investigators to assess whether the
sheath had conformed to the inner surface of the ventricle. Handschumacher et al. [25]
injected a heated solution of 5% agarose in water into excised canine, human and bovine
hearts with the aortic and mitral valves sewn shut. The investigators did not discuss,
however, presumable difficulties to separate the cast from trabeculas and cords during
removal for volume measurement. Jiang et al. [18] validated 3D echocardiographic
measurement of aneurysmal LVs. In one portion of the study, they employed water
displacement by an agarose cast of the LV cavity as a standard. This approach not only
1

A literature search did not show the use of blood or blood substitutes as experimental
transmission media for 3D quantitative echocardiography validation.
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provided reference volumes but also allowed the investigators to compare complicated
LV shapes to the 3D reconstructions.
Chapter 2 describes standardized approaches to 3D quantitative echocardiography
validation.

1.4.2. Image acquisition in three–dimensional (3D) echocardiography
In the past three decades, we have witnessed the development of various tomographic
imaging systems, such as X-ray computed tomography (CT), single photon emission
CT (SPECT), magnetic resonance imaging (MRI), and ultrasonography.

Principles

and practice of 3D biomedical imaging involving these imaging modalities has been
summarized by Robb in 1995 [26]. Two fast CT systems stand out for they are capable
of repetitive volumetric scanning: the unique dynamic spatial reconstructor (Mayo
foundation) [27] and the commercially available Imatron C-100 [28]. A review of a
quantitative analysis of the heart and pulmonary circulation using the two scanners was
given by Ritman in 1995 [29].
The concept of 3D ultrasound data acquisition was first described by Baum and
Greenwood in 1961 [30]. They obtained serial parallel ultrasound images of the human
orbit and created a 3D display by stacking together sequential photographic glass plates
bearing the ultrasound images.
Using a transthoracic echocardiographic (TTE) approach, Dekker et al. [31] were
among the first to obtain a 3D computer matrix of ECG and respiratory-gated image data
with a probe attached to a mechanical arm which tracked its spatial motion. Images were
subsequently displayed as selected 2D sections. Geiser et al. [32] and other investigators
[33–36] have also employed mechanical location systems for their relative simplicity and
low cost.
Ghosh et al. [37] used a mechanical arm which allowed rotation of the transducer
about its imaging axis. Rotation was registered by a precision potentiometer. Although it
still relied on mechanical parts, this approach introduced a fixed polar coordinate system
5
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resulting in a proportionally sampled LV contour in 30 angular increments. Several
other investigators [38–42] have pivoted or rotated the transthoracic transducer at a single
location in an effort to obtain tomograms for 3D reconstruction of the LV from a single
acceptable acoustic window. The quality of these reconstructions was often limited by
the available window and an inconsistent contact of the transducer face with the skin
surface during acquisition.
Moritz et al. [43] introduced an acoustic position location system (“spark gap”).
They employed this device to obtain an arbitrary series of sector scans through the heart
which were used to create a computer 3D wire frame model of the LV and calculate
its volume [44]. King and his coworkers applied this system to image acquisition for
quantitative evaluation of LV volume, mass and surface [3–5, 16, 17, 45–48]. Other
investigators have also used the spark gap system for calculation of left ventricular volume [25, 49, 50], mass [51], and for determination of the mitral valve shape [52]. This
transducer location technique eliminated the physical connection between the transducer
and the reference system thus overcoming some of the restrictions imposed by mechanical transducer location systems. The technique, however, requires a clear line of sight
between the transmitting and receiving elements which may not be always feasible. Another disadvantage is that recording tomograms at arbitrary angles based upon operator’s
intuition may cause unnecessary oversampling of certain regions and undesired undersampling elsewhere.
Maehle and coworkers [53] evaluated a rotational acquisition system using only three
or four tomograms acquired in polar coordinates. The rest of the LV contour was restored
using spline interpolation.2 These “triplane” or “quadruplane” approaches, respectively,
have proven to be superior over single- or biplane methods. The limited number of
views, however, made these approaches sensitive to foreshortening of the LV apex and
unsuitable for reproduction of LVs with complicated shapes. This work highlighted the
2

Before computer graphics, draftsmen used a flexible wooden ruler, called a spline,
to obtain a smooth curve passing through data points. Spline interpolation is a piecewise
polynomial function which imitates this process.
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fact that a limited number of tomograms greatly reduces an elaborate outlining of an LV
contour while still providing valuable information about its function.
Transesophageal echocardiographic (TEE) techniques provided a new window to the
heart after clinical introduction in the 1980s [54, 55]. Close proximity of the transducer
to the heart allowed uniformly higher quality images than those provided by transthoracic
echocardiography. Kuroda, Greenleaf, et al. [19] described 3D LV reconstruction for
morphology and volume assessment using a set of sequential 2D tomographic longitudinal
images acquired by rotation of the shaft of a transesophageal probe.
Martin et al. [56–60] devised an endoscopic micromanipulator for multiplanar
TEE imaging. A modified transesophageal probe was used which allowed controlled
sweeping with the transducer, thus collecting a pyramidal volume of images. This system
capitalized on the unlimited ultrasound window available through the transesophageal
access. Currently existing commercial TEE probes with rotatable transducers provide an
alternative solution to transesophageal 3D image acquisition.
Pandian et al. [61] evaluated the first commercially available system (TomTec
Imaging Systems, Inc.), also called Echo-CT [62], for LV function assessment. This
personal computer-based system processed video signal from an ultrasound scanner and
featured a module for ECG and respiratory gating. It used a dedicated TEE probe
which is made straight and stiff after insertion for an incremental parallel scanning. A
special rotational adapter and articulated arm were provided for transthoracic applications.
Currently, this system generates dynamic 3D images and can be adapted to virtually any
acquisition geometry and imaging system [63–65]. However, complicated articulation of
the TEE probe, rather bulky mechanical adapters for TTE probes, and a complex user
interface made a routine use of this system difficult.
Von Ramm, Smith, Kisslo et al. pioneered a novel ultrasound signal processing
approach for volumetric imaging, called receive mode parallel processing. The system
features a 2D transducer array which allows a pyramidal volume to be scanned in real
time. The system, called Janus 1.0, is commercially available (3D Ultrasound, Inc.). It
7
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scans twenty-two pyramidal volumes (64 viewing pyramids) per second at 15 cm depth
of field. Each volume contains 4096 scan lines that are spaced approximately 1 apart in
azimuth and in elevation. The system is able to generate a C-plane images, i.e., crosssections perpendicular or oblique with respect to the scanning axis at various levels of the
3D viewing pyramid. It is currently also capable of storing 3 consecutive seconds worth
of volumic data which can be saved on a removable optical disk and further processed
by volume rendering, for example. Although the system currently represents the fastest
way of collecting 3D ultrasound data, it is limited in spatial and time resolution by the
finite speed of sound in a medium.
Variable plane (multiplane) transducers have been introduced only recently (Hewlett
Packard, Acuson, Aloka, Toshiba, etc.). A miniature transducer array is continuously
or incrementally mechanically rotated inside the probe tip by means of a micro motor.
Rotation can be controlled either manually (forward and reverse buttons on a probe
handle) or by system software. The latter typically allows incremental step setting and
ECG gating adjustment. This technology, although originally not designed for 3D image
acquisition, can be used for rapid 3D image collection without dedicated probes or bulky
adapters. The incorporated software control has a great potential for further development
towards an automated 3D image acquisition driver which would become a part of a
commercial ultrasound imaging system.
Chapter 3 introduces the use of a multiplane transducer for a quick TTE and TEE
acquisition of serial echocardiographic tomograms, suitable for left ventricular volumetry.

1.4.3. Tissue classification in echocardiography
Variation in material properties of tissue provide the basis for ultrasonic images and
subsequent information derived from them [66]. This information allows to determine
biological processes involving the tissue (inflammation, amyloid, cyclic changes in living
myocardium, etc.). Quantitative ultrasonic characterization of myocardium has been
explored by Miller, Perez, Skorton, Sobel and others in the mid-1980’s and early 1990’s
8
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[67–72].
A primary objective of tissue characterization in this thesis project is classification of
echocardiographic images into muscle and blood regions. Principles of tissue characterization in ultrasound images have been summarized by Greenleaf in 1986 [73]. Usefulness
of run length features for classification of myocardium versus blood has been stressed in
a review article by Greenleaf et al. in 1993 [74]. Chu et al. [75] explored run length
features for analysis of microscopic images of cancer cells and introduced two new features, called low-gray-level-run-emphasis and high-gray-level-run-emphasis, that made
use of the distribution of gray levels of runs. These two features have a high discriminative power for classification of myocardial and blood pool regions in echocardiographic
images as it will be shown in section 4.3.
Pressman [76] summarized mathematical definitions of 21 Markovian texture features
and evaluated their classification performance on images with normal and abnormal
cervical cell nuclei. These features were found useful also for classification in ultrasound
images in a work of Goldberg et al. [77], who improved specificity of breast tumor
detection by means of artificial intelligence involving texture analysis.
Brotherton et al. [8] considered 28 texture features for echocardiographic image
classification and found that comparable results can be achieved with just four simple
texture features: the mean, standard deviation, entropy and contrast.
Stuhlmuller et al. [78] stressed that results of texture analyses are substantially
affected by adjustment of instrument parameters, such as transmit power, compression and
postprocessing curves. Respecting their recommendations, the instrument controls were
set to clinical levels and kept unchanged over the course of all experiments. Comparability
of results was further facilitated by normalization of images to the same gray level range.
Taxt et al. [79] evaluated multispectral analysis techniques to automate recognition
of uterine cancer in magnetic resonance images. They generalized and practically applied
Mahalanobis distance as a metric for discriminative power measurement. They found that
9

1.

Introduction

the Mahalanobis distance over 4.0 indicates low classification error rates. This metric
has also been employed in this dissertation project.
Analysis of discriminating power of a large variety of Markovian and run length
features for classification of myocardium versus the LV blood pool in echocardiographic
images is described in chapter 4.

1.4.4. Order statistics filters in image processing
Image processing techniques include linear and nonlinear filters. Linear filters, such
as the mean filter, are extensively used for their mathematical simplicity and the existence
of unifying linear system theory which facilitates design and implementation. Although
linear filters satisfy requirements in a variety of applications, some problems, such as
impulsive noise removal, cannot be efficiently solved by using these techniques [80].
Speckle (see section 4.1 for definition) is a source of impulsive noise in ultrasound images.
Nonlinear degradation also occurs during image formation and transmission through
nonlinear channels [81]. Nonlinear filtering techniques emerged early in image processing
and substituted linear filters whenever a problem called for impulsive noise removal and
edge preservation at the same time. Nonlinear filters include a range of diverse techniques,
such as order statistics, homomorphic, and polynomial filters; mathematical morphology;
neural networks; and nonlinear image restoration [80]. Order statistics techniques support
design of a filter with edge detection capabilities that comprises desired properties of both
linear and nonlinear filters (i.e., Gaussian and impulsive noise removal, respectively).
This makes the family of order statistics filters a logical choice for ultrasound image
enhancement. Pitas and Venetsanopoulos [82] described a class of edge detectors based
on nonlinear means and medians and found that range order filters, such as max and
min filters3 and quasi range order filters4, when mutually subtracted and followed by
thresholding, work as robust edge detectors in noise-corrupted images. They showed, on
preliminary tests, that linear combinations of range and quasi range order filters, i.e., a
3
4

Operations with the maximum and minimum gray values within a filter window.
Operations with nearly the maximum and minimum gray values.
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dispersion edge detector (called ranked order filter)5 will further improve robustness with
respect to any kind of noise. Comparison of selected ranked order filters to a "classical"
Sobel edge operator, which also possesses noise reduction capabilities [83], was, however,
not quite convincing in terms of presumably better performance of the order statistics
filters. Additionally, the use of an arbitrarily selected threshold to define image edges
brought undesirable subjectivity to the process. Cavouras et al. [84] used a texture feature
involving calculation of the mean gray level in a sliding window to classify pulmonary
nodules in computer tomography. The investigators biased the feature towards highest
densities by calculating the mean of 32 highest density values and actually performed
nonlinear, order statistics filtering of the image. The reason for selecting just 32 highest
intensity levels and overall size of a filter window was not described. Our preliminary
tests suggested that an order statistic filter could be designed to define object edges by
the probability of being an edge point assigned to each pixel. Careful selection of a rank
extent and window size would then optimize noise removal and boundary preservation
performance. Chapter 5 describes the design of a custom filter with an optimized rank
of ordered values, no need for thresholding, and noise removal characteristics tailored
for ultrasound imagery.

1.4.5. Left ventricular (LV) boundary recovery from sparse image data
The problem of heart chamber segmentation is related to the inconsistency of image
data due to noise and artifacts, typically contained in ultrasound images, and an intrinsic
variability of biological shapes under normal and pathologic conditions.

A single

application of noise removal and edge detection operators results in sparse information
about cardiac boundaries. Additional a priori knowledge about the imaged structure is
required to recover the target shape (i.e., LV contour) from incomplete data. Various
avenues have been exploited to solve this problem and resulted in representation of

5

Operations with a selected range of maximum and minimum gray level values.
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cardiac shape by deformable models or implementation of neural network techniques to
recognition of image point valid for cardiac surface reconstruction.
General properties of deformable models suitable for fitting into sparse data were
studied by Terzopoulos and Metaxas [85]. Cohen [86] and Ranganath [87] have used
active contour models (“snakes”) and “inflatable balloons”, whereas Staib and Duncan
[88] employed parametrically deformable models based on Fourier decomposition of
the boundary to recover cardiac contours from magnetic resonance images. Faber et
al. [89] used a model-based detector for LV boundary recovery from gated SPECT
perfusion images and radionuclide ventriculograms. These efforts demonstrated that
boundary finding in sparse data through a deformable model fitting represents a general
optimization problem and the resulting surface geometry strongly depends on adjustment
of control parameters. In other words, the deformable models did not seem adequate, in
general, to utilize high-level knowledge, such as the one about the shape of a cardiac
chamber. Additionally, reducing the number of the control parameters, justification of
values of the remaining ones, and circumventing typical sensitivity of these methods to
the local minima (deformable models tend to conform to noise spikes) turned out to be
the primary tasks for further research in this field.
Coppini et al. [90] approached this problem by careful integration of standard computer vision algorithms with neural network techniques. The algorithms included conventional edge detection using Laplacian-of-Gaussian kernel and edge grouping through
a curvature analysis. A feedforward, two-layer neural network with single (thresholded)
output neuron was then trained on edge position, direction, length, angle, and other local
parameters to determine which edge was associated with the LV boundary. Finally, an
elastic, closed surface ellipsoidal model was used to form the endocardial surface by
fitting into the recognized edges. Parametrization of the model represented a significant
computer load and required user-guided adjustment of values controlling flexibility and
expansion of the model. The algorithm did not have the capability to learn about various
LV geometries. Rather, the system learned about LV-relevant edges and then fitted the
12

1.

Introduction

deformable “balloon”. Reproduction of LV geometry was influenced by elastic properties
of the model. The resulting volumes and ejection fraction were, however, very accurate.
Combination of lower-level preprocessing (edge detection) with higher-level decision
making (neural networks) represented a step towards a trainable “computer expert”.
Manhaeghe et al. [91] used self-organizing maps (SOM)6 to delineate myocardial
midwall in emission tomograms. SOM nodes distributed themselves according to the
probability density function of the input, represented by intensities in the emission images.
Connection of neighboring nodes resulted in a closed outline of the myocardial midwall.
Neighborhood relationships of nodes across adjacent tomograms prevented failure when
boundary data were missing. This unique application of the SOM algorithm to the
cardiac emission images implied that if noise- and dropout-prone cardiac boundaries in
serial echocardiographic images were represented by bands indicating probabilities of
the presence of the boundary, the SOM algorithm would automatically perform low-cost
boundary tracking. Only a few required control parameters and inherent deformability
and smoothing constraints of the SOM technique appeared to make LV boundary detection
less sensitive to user adjustments. Additionally, the SOM algorithm can easily inherit
a priori knowledge about the delineated shape which speeds up its convergence to the
target shape, facilitates its resistance to local minima, and prevents an unwanted escape of
nodes from LV boundary regions to unrelated edges if the image quality is compromised.
Chapter 6 introduces a novel system for delineation of the LV cavity boundary from
serial echo tomograms and spatial reconstruction of the cavity cast in diastole and systole.
The system includes two algorithms — learning and performing. During learning, the
system gains knowledge about various LV geometries. The performing algorithm employs
a modified SOM technique, which maps LV cavity boundary in 3D to generate its cast.
The cast is used for LV volume measurement. Precision and accuracy of the resulting
volumes is assessed in chapter 7.

6

The SOM algorithm is described in Appendix B.
13

2. Standard laboratory techniques for
quantitative 3D echocardiography

Various fluids can be used as sound transmission media in a laboratory model for
LV volume measurement by 3D echocardiography and different techniques exist for
determination of true LV volume in a specimen. The lack of standardized approaches
makes comparisons difficult [6] and can be a source of measurement errors. Tests
described in this chapter were performed to establish standard reference techniques for
validation studies involving quantitative 3D echocardiography.
In the first part, appropriate transmission media that match ultrasound system calibration are determined through sound propagation speed measurement in water at various
temperatures and in various concentrations of ethanol at constant temperature. The change
of propagation speed in a heart muscle is also addressed. Potential errors in LV volume
calculation is demonstrated if the propagation speed of ultrasound in the medium and
calibration of an ultrasound system do not match.
In the second part, precision and accuracy of LV volumes measured by three different
techniques are tested to establish the reference standard.

2.1. Assessment of various sound transmission media
Ultrasound systems are calibrated at 1540 m/s propagation speed, i.e., at speed of
sound in a soft tissue [92]. Selection of an appropriate transmission medium is, therefore,
critical for accurate laboratory measurements of distances, areas and volumes.
Water or ethanol solution are suitable transmission media for laboratory models
validating 3D quantitative echocardiography. Propagation speed of sound through a
14
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medium is determined by the characteristics of the material and not by the characteristics
of the sound, such as frequency. For a liquid medium, transmission speed cl is [93]

cl

=

E


;

(1)

where E is a factor related to elastic properties and  is the density of the fluid. The
propagation speed through the medium should match the calibration of an ultrasound
system (i.e., 1540 m/s) as closely as possible to avoid a measurement bias. Exact
temperature control of the test water bath and concentration of ethanol at constant
temperature are critical for correct results.
To measure the speed of ultrasound in water and ethanol, a 3.5 MHz, 19 mm diameter
focused transducer (KB-Aerotech) reflecting off a flat steel target has been used (Fig.
2.1). The time delay between two successive echoes from the target was measured

Td
1

2

3

Oscilloscope

1
2
3

Pulser/Receiver

Figure 2.1. Laboratory setup for propagation speed of sound measurement in a liquid
medium. The time delay, Td , measured between the two peaks denoted by numbers 2
and 3 on an oscilloscope screen corresponds to the second round trip of an ultrasound
signal. Thus, the time measurement is not influenced by a delay between an electrical
impulse generated by a pulser and associated mechanical response of a transducer crystal
resulting in the initial acoustical pulse denoted by number 1.

using an oscilloscope (TEK 2445B) having digital cursors for time measurement with
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0.1 s accuracy. The first echo resulted from the initial round trip through the medium.
Reflection from transducer surface has initiated the second round trip defined by the time
period between the pulse number 2 and 3 (Fig. 2.1). This approach circumvents potential
measurement errors due to the delay between the electrical and corresponding acoustical
pulse. The distance to the target, located approximately 10 cm away, was measured using
a micrometer. Speed of sound was measured 5 times for each temperature of tap water
and mixture of ethanol using a slightly different target distance each time. Temperature
of the tested media was adjusted immediately before and checked after each individual
measurement using a laboratory thermometer with a 0.1 C scale. Mixtures of ethanol
were freshly prepared for each experiment from standard laboratory 95% ethanol. Each
series of measurements at each concentration required 30 minutes to complete.

2.1.1. Speed of sound in water at various temperatures

Sound speed was measured in tap water at 10, 20, and 30 C. Comparison of these
measurements to those previously reported for distilled [94] and pure water [23] show
no significant difference (Table 2.1). Differences in mineral and metal content (i.e.,
theoretically slightly different densities) did not influence the propagation speed.
Table 2.1. Measured and reported propagation speed of ultrasound in water with different
purity and at various temperatures (T). Standard deviations (SD) were not available for
the reported values.
Propagation speed of ultrasound in degassed water (m/s ± SD)
T ( C)

Tap (measured)

Distilled [94]

Pure [23]

0

-

1402.7

1402.4

10

1447.6 ± 0.72

1447.6

1447.3

20

1482.3 ± 1.30

1482.7

1482.3

30

1509.2 ± 0.57

1509.4

1509.1

40

-

1529.2

1528.9

50

-

-

1542.6
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Figure 2.2 demonstrates a nonlinear relationship between temperature and propagation
speed of ultrasound for data combined from Table 2.1. As shown, in order to match a
typical ultrasound system calibration at 1540 m/s sound propagation speed, a water bath
should be kept at 47.2 C. The speed of ultrasound in water at 20 C room temperature
would be about 1482 m/s, i.e., 3.77% less than expected by an ultrasound system
calibration. Thus, distance measurements would have a 3.77% positive bias. This
Speed of Sound in Water
1550
1540

Propagation Speed
Speed (m/s)
(m/s)
Propagation

3.77%

1500

1482

1450

1400
0

10

20
30
Water Temperature (˚C)

40

47.2 50

Figure 2.2. Relationship between water temperature and propagation speed of ultrasound
using combined data from Table 2.1. Water would have to be warmed up to 47.2 C to
reach a typical ultrasound system calibration speed (1540 m/s). Speed of sound at room
temperature of 20 C would be 3.77% lower than required. (R2 = 0.99, RMSE = 0.87
m/s, p < 0.001, y = -0.0387x2 + 4.72x + 1403.10)

calibration error, which affects accuracy of distance measurement insignificantly, becomes
increasingly more significant when applied to area and volume measurement by 2D and
3D echocardiography, respectively. For example, assume a square and cube, both with
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a side a = 1. The true area of the square, At , and the true volume of the cube, Vt is

A = a2 = 1;
V = a3 = 1:
t

(2)

t

With a 3.77% calibration error e = 0.0377, the area and volume would be calculated as

A
V

e

= (a + e) = (1 + 0:0377) = 1:0768;

e

= (a + e) = (1 + 0:0377) = 1:1174:

2

2

3

(3)

3

Thus, area and volume measurements would be positively biased by approximately 7.7%
and 11.7%, respectively.

2.1.2. Speed of sound in variable concentrations of ethanol
At constant temperature, the propagation speed of ultrasound varies with concentration of a water solution of ethanol. A room temperature of 20 C was considered
comparable to other laboratories and was maintained over the entire experiment. Measurements of propagation speed in ethanol at various concentrations are shown in Table
2.2. A 20% concentration of ethanol, although often used [19, 20], would not be approTable 2.2. Propagation speed of ultrasound in various concentration of ethanol at 20.0 C.
Ethanol concentration (%)
Sound speed at 20.0 C (m/s)

5

10

15

20

1517.3

1545.7

1578.0

1605.5

priate at the room temperature because the corresponding propagation speed of 1605.5
m/s is 4.25% higher than the desired value of 1540 m/s. This calibration error would
result in 8.7% negative bias in area measurements by 2D echocardiography and in 13.3%
negative bias in volumes measured by 3D echocardiography.
There is a nearly linear relationship between ethanol concentration (within the
testing range from 5 to 20% at 20 C temperature) and speed of sound (Fig. 2.3).
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Propagation speed of 1540 m/s would be reached at 8.9% ethanol concentration. Resulting
Speed of Sound in Ethanol/Water Mixture
1610
1606
1600

PropagationSpeed
Speed(m/s)
(m/s)
Propagation

1590
1580
4.25%

1570
1560
1550
1540
1530
1520
1510

8.9
5

6

7

8

9

10
15
Ethanol Concentration (%)

20

Figure 2.3. Relationship between ethanol concentration at 20.0 C and propagation speed
of ultrasound using data from Table 2.2 denoted here by circles. This plot implies that
in order to reach 1540 m/s propagation speed at 20.0 C, the concentration of ethanol
should be 8.9% and not the typically used concentration of 20%. (R2 = 0.99, RMSE =
1.41 m/s, p < 0.001, y = 5.94x + 1487.40)

measurements done repeatedly within a period of 30 minutes showed no inconsistency
due to ethanol evaporation.

2.2. Speed of sound in a fixed heart muscle
The laboratory setup for speed of sound measurement in fixed heart muscle was
identical to that described in the previous section. An 8.9% ethanol/water mixture at
20 C was used as the transmission fluid. The measurement was carried out as it has been
suggested by Kuo et al. [95]. This approach utilizes time of flight calculation rather
19
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than tissue thickness measurement. It is advantageous because the muscle thickness
measurement may not be accurate due to its irregular surface and compressibility. The
speed of sound, cm , was calculated as

c

m=

T

f

m

T

=(t2

f

t1 ) c ;

(4)

where Tf and Tm are round trip times of flight from the transducer to the reflector in
a fluid medium without and with the muscle sample, respectively, t1 and t2 are round trip
times of flight from the transducer to the front and rear face of the sample, respectively,
and cf is ultrasound speed in the fluid bath. The propagation speed was measured in two
dissected specimens. Measurements from 5 different regions of the LV wall with 0.5 –
1.0 cm effective muscle thickness were averaged.
The results showed 1587.1 ± 1.56 m/s speed of ultrasound in a formalin fixed heart
muscle which is only slightly above the range from 1570 to 1580 m/s reported for the
fresh muscle [92, 94].

2.3. Assessment of LV volume reference techniques
Various approaches to determination of true LV volume have been reported (section
1.4.1) that make comparability of results difficult [6]. The purpose of the study described
in this section was to establish a suitable reference standard technique for determination of
a true LV volume in heart specimens. This standard was then used for in vitro validation
of 3D quantitative echocardiography.
Six dog hearts were pressure perfused and formalin fixed. The specimen preparation
has been described elsewhere [96]. Briefly, the left atrium (LA) and mitral valve (MV)
leaflets with chordae were removed while leaving the MV annulus intact. The aorta was
transected at the level of the aortic root so that the aortic valve (AV) was exposed.
20
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Three techniques for reference volume measurement in a heart specimen are illustrated in Fig. 2.4 and include:
The fluid technique
The LV was filled with tap water through the MV annulus. The heart was oriented
such that when the LV was full, the fluid approached the level of AV and MV annuli.
The fluid was then emptied into a graduated cylinder calibrated at 0.1 ml increments.
The sheath technique
A rim of the latex sheath was pulled over a rubber stopper and tightened with a rubber
band. Sufficient length of the sheath was left to allow unrestricted expansion of the sheath
in all directions towards the LV cavity surface (LV long axis length and diameter were
approximated through the MV opening). The sheath was introduced into the LV cavity

AV

MV A nnulus
Latex S heath and
G elatin /Formaldehyde
Mixture

Latex S heath
and Tap Water

LV
E ndocardium

Tap Water

"Fluid"

"Sheath"

"Cast"

Figure 2.4. Drawing of three reference techniques for true LV volume estimation. The
fluid technique involves direct LV cavity filling by tap water. The other two methods
utilize an elastic latex sheath filled either with tap water or a gelatin/formaldehyde mixture
to conform into LV shape. The former approach is called a sheath while the latter is
called a cast because the mixture hardens, thus resulting in an LV cavity cast.

and the stopper was attached to the LA side of the MV annulus and manually fixed. Two
holes in the rubber stopper, fitted with plastic tubes, allowed tap water filling and air
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to escape. The sheath was filled until no air remained. Then the air-releasing tube was
clamped and filling continued until the expanding sheath reached the visible AV level.
This could be observed through the transected aorta and indicated the end of filling.
We found by visual inspection that intracavitary pressure generated by the expanded
sheath does not cause deformation or further expansion of the stiff, formalin fixed heart
specimen. This pressure was sufficient, however, for adequate sheath expansion which
was checked with ultrasound. The content of the sheath was emptied into the graduated
cylinder. The volume of the sheath, although very small (typically less than 0.5 ml), was
added to the measured amount.
The cast technique
The preparation and filling process was same as in the sheath method, however, the
injected fluid contained a mixture of 70% water and 30% propylene glycol combined with
gelatin catalyzed with formaldehyde [97]. The gelatin content was 15% of the liquid by

Figure 2.5. Dissected left ventricle (LV) with an exposed gelatin cast. The cast closely
follows LV shape while surface with trabeculae is smoothed. Sufficient length of the
sheath must be inserted into the LV before filling to allow unrestricted expansion.
Excessive length, however, can cause unwanted wrinkles. The rubber stopper was left
attached to allow easy manipulation with the cast.
22
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volume. The setting time of this mixture could be varied by changing the percentage of
formaldehyde and the temperature of the liquid gelatin. By reducing the formaldehyde
content to 3% by volume, the setting time was optimized to allow the gelatin enough time
for injection into the LV cavity while still achieving a curing period of approximately 10
minutes. To facilitate gelatin hardening, the heart was placed in a laboratory refrigerator
for about 20 minutes. The LV was then dissected and the intact cast (now attached to
the rubber stopper) removed (Fig. 2.5). The cast was immersed into a beaker up to the
level of a visible interface between the gelatin and the stopper. The displaced volume
of water was measured in the graduated cylinder.
Two independent observers A and B measured LV cavity volume in each heart specimen using separately the fluid, sheath and cast techniques as described above. Five
measurements were carried out for each heart and technique to assess mean LV volume
and intraobserver variability (through calculation of standard deviation (SD)). Interobserver variability was evaluated by comparison of mean values of the corresponding
measurements between the two observers. Table 2.3 summarizes means and SDs each
heart specimen and method.
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Table 2.3. LV volume measurements in dog heart specimens by two observers.
Observer A (ml ± SD)
Dog heart

fluid

sheath

cast

1

102.8 ± 1.61

103.6 ± 0.82

94.0 ± 0.71

2

30.2 ± 0.27

27.6 ± 0.82

35.8 ± 2.04

3

87.1 ± 0.74

86.3 ± 1.30

87.8 ± 0.84

4

95.4 ± 0.96

90.2 ± 1.48

88.0 ± 2.00

5

53.2 ± 0.91

53.0 ± 1.17

53.0 ± 1.00

6

65.9 ± 1.03

62.8 ± 1.15

67.2 ± 2.05

Observer B (ml ± SD)
Dog heart

fluid

sheath

cast

1

104.2 ± 1.92

105.0 ± 1.58

101.1 ± 2.25

2

30.0 ± 0.71

29.4 ± 1.14

30.0 ± 1.58

3

86.0 ± 1.22

86.8 ± 1.30

87.2 ± 1.64

4

93.4 ± 0.89

92.6 ± 1.34

88.4 ± 2.30

5

53.0 ± 1.00

52.6 ± 0.89

53.2 ± 1.30

6

65.0 ± 1.73

64.8 ± 0.84

67.0 ± 1.58

Assessment of the precision
Precision7 of the three methods was described through intra- and interobserver
variability and correlation. Intraobserver variability was assessed using an average of
Table 2.4. Intra- and interobserver variability (%).
fluid

sheath

cast

Observer A

1.26

1.82

2.44

Observer B

1.85

1.89

2.80

Observer A versus B

1.59

1.47

5.78

7

Precision expresses a random error (a variance). It is a degree to which a variable
has nearly the same value in repeated measurements [98].
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coefficients of variation8 calculated for each heart. Interobserver variability was calculated
using coefficient of variation of differences between the two observers. The significance
of the differences in intra- and interobserver variability among the three LV volume
measurement techniques was tested with the F test for the equality of variances at p <
0.01 level. Results of the intra- and interobserver variability calculations are summarized
in Table 2.4. The slightly higher intraobserver variability in the cast method was not
significantly different from that related to the fluid and sheath techniques. Interobserver
variability of the cast method of 5.78% was, however, significantly higher (F test, p
< 0.01) than interobserver variabilities in the fluid and sheath techniques (1.59% and
1.47%, respectively).
Regression line for mean values of volumes by one observer versus the other is plotted
with 95% confidence bands9 and with horizontal and vertical error bars representing the
corresponding SDs (Figures 2.6, 2.7 and 2.8). Correlation values were excellent (R2 =
0.99) in all cases, demonstrating that measured volumes are highly correlated between
the two observers. The standard deviations were small, typically less than 2 ml (see also
Table 2.3 for numerical values of SDs).

8

Coefficient of variation = SD/mean

9

The confidence band for the regression line gives bounds on all plausible lines. The
confidence interval for the slope, which is often used interchangeably with the term
confidence band, means, by definition, a range of plausible slopes (i.e., is expressed
by two numbers rather than by two bounds) [From class handouts to Introduction to
Regression, HSR 5827, Mayo Graduate School].
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LV Volume by the "Fluid" Method
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x=y
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Observer B (ml)
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Observer A (ml)

80

100
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Figure 2.6. Correlation of mean left ventricular (LV) volumes measured by observer
A versus B using the fluid method, plotted with horizontal and vertical error bars
representing the corresponding standard deviations. The regression line (solid) is drawn
with a 95% confidence band (dashed). (R2 = 0.99, RMSE = 1.28 ml, p < 0.001, y =
0.99x – 0.47)

Assessment of the accuracy
Accuracy10 was estimated indirectly by mutual comparison of the three techniques
because there is no reference standard for measurement of the enclosed LV volume.
The techniques were considered equal candidates for LV volume measurement standards
and it was assumed that it was very unlikely that these different techniques could
simultaneously result in similarly wrong volume measurements.

10

The accuracy was

Accuracy expresses a systematic error (a bias). It is a degree to which a variable
actually represents what it is supposed to represent [98].
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LV Volumes by the "Sheath" Method
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Figure 2.7. Correlation of mean left ventricular (LV) volumes measured by observer
A versus B using the sheath method, plotted with horizontal and vertical error bars
representing the corresponding standard deviations. The regression line (solid) is drawn
with a 95% confidence band (dashed). (R2 = 0.99, RMSE = 1.17 ml, p < 0.001, y =
1.00x + 1.01)

assessed through limits-of-agreement analysis as recommended by Bland and Altman
[99] (i.e., evaluation of the mean of differences, representing the bias, and ±2SDs of the
differences, representing the limits of agreement) were determined for each technique
from data accumulated from both observers.

The results are summarized in Table 2.5. There was no statistically significant mean
of differences for any of the paired combinations among the three methods (paired ttest, p < 0.01). Agreement between the fluid and sheath techniques was excellent (a
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LV Volume by the "Cast" Method
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Figure 2.8. Correlation of mean left ventricular (LV) volumes measured by observer A
versus B using the cast method, plotted with horizontal and vertical error bars representing
the corresponding standard deviations. The regression line (solid) is drawn with a 95%
confidence band (dashed). (R2 = 0.99, RMSE = 2.99 ml, p < 0.001, y = 1.14x – 9.39)
narrow ±2SD range of ±2.76 ml. Wider range of ±2SD limits of approximately ±8 ml
demonstrated lower agreement when the cast technique was related to each of the two
remaining methods, suggesting that the cast technique is a primary source of variability.
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Table 2.5. Mutual comparison of the three volumetric techniques.
deviation).

(SD = standard

Mutually compared heart preparation methods (ml)
fluid vs. sheath

fluid vs. cast

sheath vs. cast

Bias

0.96

1.08

0.12

±2SD range

2.76

7.99

8.46

2.4. Discussion and conclusions
Propagation speed of ultrasound is identical in distilled, pure and tap water at the
same temperature and thus not affected by the different degrees of purity. Temperature
of water, however, significantly affects the propagation speed and accuracy but not
precision of measurements with ultrasound. Ultrasound propagation speed of 1540 m/s,
which matches typical calibration of echocardiographic systems, is reached in water at
47.2 C. This temperature is impractical (i.e., specimen impairment and special hardware
requirement to maintain the gradient between bath and room temperature). An appropriate
mathematical correction has to be introduced to compensate for differences between
the ultrasound system calibration and the actual propagation speed if an experiment is
conducted at more practical 20 temperature. It has been demonstrated that a relatively
small calibration error may translate into a significant bias in volume calculation by 3D
echocardiography.
An 8.9% ethanol solution represents a medium where ultrasound yields the 1540 m/s
calibration speed at 20 C. This medium is also readily available. If the calibration of a
particular ultrasound system is different, the propagation speed can easily be matched by
changing the ethanol concentration.
The somewhat higher propagation speed in a formalin fixed heart muscle should
be of concern only if the region of interest consists mostly of the muscle tissue (e.g.,
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myocardial mass measurement in a specimen, etc.).
The fluid and sheath methods are the most precise, accurate, and in particular,
reproducible. The fluid technique does not require introduction of an intraventricular
balloon or creation of an LV cast. Its disadvantage is that the fluid can escape through
various openings which may complicate measurement in hearts with congenital pathologic
communications such as a ventricular septal defect. It may also be difficult to fill a
particular heart up to the mitral valve and aortic valve annulus simultaneously. However,
comparison of volumes measured by two independent observers (Fig. 2.6) did not indicate
a presence of this pitfall in a statistically significant manner.
The sheath method requires more hardware and time when compared to the fluid
method. Selection of an appropriate size of the sheath which smoothly conforms to the
LV surface requires practice. If the sheath is too big, it tends to wrinkle which would
impair LV shape reproduction. If the sheath is too small, it may not entirely conform into
the LV cavity. Bulging of the sheath into the LV outflow (visible through the transected
aorta) appears to be a good indicator of an appropriate (mild) filling pressure. The mitral
valve leaflets and chordae were removed which prevented their bridging the sheath. This
technique appeared to be quite feasible after some practice.
The cast technique provides a gelatin cast that can be removed from the LV cavity
and serve as a reference of LV shape. It can also be dissected or sliced. As mentioned
in the Methods section, careful preparation of the gelatin mixture is critical to allow
enough time to fill the LV cavity while maintaining a reasonably short time for hardening.
Additionally, the specimen has to be dissected and thus damaged to remove the cast.
This compromises feasibility of this technique.
The slope of the regression line in Fig. 2.8 indicated a slight underestimation of the
smallest volume and overestimation of the largest volume by the observer B with respect
to the observer A. There was, however, no evidence for consistent differences between
the two observers because the line of equity was included within the plausible range of
correlated values delimited by the 95% confidence band.
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The reason for the significant interobserver variability in the cast technique can be
explained through the comparison to the sheath technique which exhibits no significant
interobserver differences and is similar to the cast method except for the phase when
the volume is actually measured: In the sheath technique, the liquid is emptied from the
sheath to a calibrated cylinder. In the cast technique, the cast is immersed (up to the level
of the stopper) into a beaker filled with water and the displaced amount is measured. We
noted during the repeated tests that when the gelatin cast was being immersed, the surface
tension of the water level in a beaker and around the latex surface of the cast prevents
continuous outflow of the fluid. Because measurements have been carried out at a 1 ml
level of accuracy, interobserver differences in filling the beaker and the decision as to
how deep each cast (held by the attached stopper) should be immersed caused detectable
interobserver differences.
The fluid and sheath techniques have similarly high precision which is superior to the
cast method (which exhibits higher interobserver variability). When mutually compared,
the accuracy of the two different techniques is excellent and both techniques are easy to
perform. Based upon these results, it can be reasoned that these two techniques accurately
reflect the true LV volume with comparable precision in cardiac specimens. They are,
therefore, recommended as reference standards. Employing the fluid or sheath techniques
is a matter of choice depending upon particular experimental conditions. The fluid method
is simple and is most useful when there is no concern about abnormal cardiac connections.
The sheath technique, on the other hand, prevents the contents from escaping through
openings. Validation studies employing either of the two methods will be comparable.
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To be clinically useful, image acquisition should be user-friendly, require minimal
time to complete, and should not introduce additional risk to the patient. Currently
available ultrasound cardiac probes with rotatable transducers can sweep an image plane
over 180 angular span within only seconds and thus allow 3D data collection at any
time during the examination. This chapter introduces a method for quick clinical image
acquisition, suitable for both transthoracic and transesophageal echocardiography.

3.1. Collection of tomograms with rotatable transducers
Image acquisition can be performed during a clinical study using “propeller” rotational imaging geometry11 (Fig. 3.1). An important characteristic of this geometry is
that the slice resolution is unchanged along the imaging axis at the same radial distances.
This property makes this technique particularly useful for reconstruction of the whole LV.
It has been reported that using rotational geometry with as few as three or four slices
yields accurate LV volumes [20]. The validation was, however, performed in vitro using
axially symmetrical latex balloons or mildly asymmetrically deformed balloons with a
smooth transition from deformed to intact regions. Under these circumstances, spline
interpolation, which has been used to fill the voids between adjacent slices, reproduced
endocardial surface adequately for accurate volumetric results. However, limited surface
sampling made this method sensitive to apical foreshortening, unsuitable for reproduction
of more complicated shapes, and improper for 3D anatomical reconstruction. Additionally, LV boundaries are often incomplete in ultrasound images due to signal attenuation
11

It is called “propeller” because the transducer face rotates in a “propeller” plane.
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and noise. Checking of adjacent slices may substitute information for adequate manual or computer-driven delineation of the LV cavity boundary. A large angular span
between adjacent tomograms (i.e., 45 or 60 using four or three slices, respectively)
may not provide sufficient sampling along the rotational circumference (i.e., insufficient
slice resolution) to approximate missing LV wall anatomy from the previous and subsequent tomograms. Visual comparison with a specimen revealed [37] that increase of
the number of long-axis rotational tomograms to six (i.e., 30 angular increments) can
improve approximation of object geometry. Our study justifies an appropriate sampling
density for reproduction of complicated endocardial surface and reconstruction of LV
anatomy, and introduces a new technique for quick acquisition of the required number
of tomograms. For a typical size of the papillary muscles or width of the left ventricular

rotatable transducer
90˚

LV

180˚

imaging axis

*

*

0˚

*

= LV long axis
= apex
= MV hinge points

imaging plane

Figure 3.1. Imaging geometry of a rotatable transducer. The transducer rotates in a 180
arc about its imaging axis acquiring cross sectional planes for 3D reconstruction. The
terminal 180 position of the imaging plane scans a mirrored image of the initial 0
position. In the transthoracic approach, for complete reconstruction of the left ventricle
(LV), the transducer is positioned close to the apex of the heart. Asterisks denote margins
of mitral valve (MV) hinge points which are located at the cross-section of the MV
annulus. The assumed long axis of the LV is defined by the annulus center and LV apex
and may not be parallel to the imaging axis of the transducer. The MV hinge and apical
points determine the spatial orientation of the LV.
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outflow tract (LVOT), the circumferential distance between boundary points should not
exceed 1 – 1.5 cm even in a dilated LV to sample these anatomic landmarks. Depiction of 3D anatomy using this level of slice resolution is termed here as “gross-anatomy
imaging”. Approximately 6 to 9 rotational tomograms over 180 rotation are required to
yield the circumferential distance from 1.5 to 1 cm, respectively, between adjacent slices
in a dilated LV with a short axis diameter of 6 cm. Assume that our hypothetical dilated
LV has hemiellipsoidal geometry and its long axis is 9 cm. Then the circumference of
the endocardium in each long-axis tomogram (i.e., the circumference of a hemiellipsis)
will be approximately 21 cm. This circumference can be divided into 14 to 21 segments
to match sampling by 1.5 to 1cm spans, respectively. This justifies boundary partitioning into 16 longitudinal segments in each long-axis tomogram for endocardial contour
mapping as it is detailed in chapter 6.
Stepwise rotation using 8 longitudinal tomograms (i.e., 22.5 increments) was used in
laboratory scans of specimens to yield the required slice resolution. Constantly rotating
TTE and TEE transducers were employed in clinical studies (detailed in section 7.2). No
reinsertion of the TEE probe or attachment of rotational devices for TTE scanning was
necessary. Rotation over 180 took only 6 seconds to complete. This short time allowed
a repeat of image collection during the course of a routine clinical study to achieve an
optimal viewing angle. This approach assumes a regular cardiac rhythm,12 which may
not be the case even in a normal subject where the heart rate increases and decreases
periodically with quiet inspiration and expiration, respectively, by approximately 5% (i.e.,
sinus arrhythmia) [100]. These slight irregularities in the cardiac rhythm may cause only
barely discernible distortion in the interpolated, gross-anatomical 3D reconstructions.
Only patients with a heart rate equal or greater than 60 beats/min (bpm) were
considered for data acquisition in order to collect at least 6 tomograms for sufficient slice
resolution. However, this did not represent an obstacle because most patients have the
12

The technique automatically distributes collected tomograms proportionally over the
circumferential span in the resulting 3D volume.

180
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heart rate above the 60 bpm limit. Rotatable transducers with adjustable rate of rotation,
which would remove this limitation, are under commercial development (Hewlett Packard,
Acuson). Post-priori ECG gating was used to interactively pick appropriate slices. We
found that 6-second breathholding was not practical in sedated patients examined by
TEE. Thus, respiratory gating was not used and adjacent slices were mutually registered
using a cross-correlation function [101] to compensate for transducer motion relative to
the heart during the respiratory cycle.

3.2. Gross-anatomy images and computer generated casts
As explained in the previous section, gross-anatomy imaging is not intended for
detailed anatomical assessment of the heart. However, serial tomograms sample 3D
cardiac morphology sufficiently for reconstruction of LV geometry. In addition, spatial
relationships of adjacent slices can frequently substitute clues in regions where signal
attenuation or noise result in limited or no image data. Figure 3.2 shows an example
of 8 serial tomograms collected during a TEE examination. Images were enhanced by
histogram equalization. Ultrasound signal attenuation (likely due to fibro-calcification of
the mitral valve) caused an image dropout in the apico-lateral region of the LV boundary
(slice 1, “D”). The preceding (mirrored) slice 8 and the subsequent slice 2 do not contain
this artifact and thus help to determine location of the true boundary even for a less
experienced observer. This important concept of finding a geometrical solution in sparse
data through 3D spatial relationships of acquired anatomy will be elaborated in description
of a computer algorithm for LV cavity delineation (in chapter 6).
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D
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8

Figure 3.2. A series of rotational tomograms using continuous transesophageal echocardiographic “propeller” acquisition. An image dropout (D) is present in the apico-lateral
region in slice 1. Information from adjacent slices, normally used by an observer to
recognize artifacts, should also be used by any automated computer algorithm. (The
images were enhanced by histogram equalization and stretching).

An operator, trained in echocardiography, outlined endocardial boundaries without
erroneous inclusion of the dropout area and subsequent 3D reconstruction of the outlines
resulted in a computer-generated cast of the LV (Fig. 3.3, left) which is useful for LV
volume calculation. Reconstruction of the heart in 3D (Fig. 3.3, right) provides sufficient
visual information for its spatial orientation. Merging the two components (i.e., the cast
and the reconstructed LV) together provides another means of visual inspection. In an
ideal case (i.e., no dropouts, etc.), the two complementary image volumes should fit
together perfectly.
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D
VS
RV

LW

LA

Figure 3.3. Diastolic 3D reconstruction of the in vivo human heart from tomograms
presented in Fig. 3.2. Left: A left ventricular (LV) cavity cast generated by computer
from manual outlines in 8 rotational long-axis tomograms. Right: The cast has been fitted
into the LV and shows that the LV cavity is artificially expanded in the apico-lateral region
due to 3D reproduction of an image dropout (D). (LA = left atrium, LW = lateral wall,
RA = right ventricle, VS = ventricular septum)

3.3. Discussion and conclusions
Quick image acquisition using a continuously rotatable transducer represents a clinically feasible method of data collection. The number of collected images during one
sweep is a product of a time of rotation and a frame rate. The requirement to obtain at
least six post priori ECG-gated images could be satisfied in most cases. A slower rotation
rate (and thus acquisition longer than 6 seconds) would allow collection of a sufficient
number of tomograms in patients with bradycardia or provide higher slice resolution (if
required) in patients with a heart rate over 60 bpm. Unlike conventional approaches to
serial image acquisition (see Introduction, section 1.4.2), where the scanning plane is incrementally rotated with respect to pre-determined ECG and respiratory gating limits, the
quick acquisition assumes a regular heart rate and negligible acceleration and deceleration
times of transducer rotation. Theoretically possible distortion of the reconstructed grossanatomy did not influence LV volume measurement in a statistically detectable manner
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as it will be shown in chapter 7. Information about the true instantaneous position of
transducer will be incorporated to this approach as soon as commercial scanners will
output appropriate data.
Continuous acquisition, although used as a resource for ECG-gated diastolic and
systolic 3D reconstructions of the heart in this dissertation work, actually collects images
throughout the whole cardiac cycle over the 6-second period and thus is a potential source
of quickly acquired four-dimensional (4D) data.
The method should also be useful for image acquisition from static organs (e.g.,
abdominal 3D ultrasound, etc.), where 6-second acquisition at 30 frames/sec with no
need for gating would result in 6

30 = 180 collected serial images and thus yield a

rapidly-acquired, high resolution 3D image with 1 slice increments. Potential exists for
biopsy guided by the rapidly acquired 3D image.
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Tissue classification is the first step required for any medical ultrasound system that
is designed to measure cardiac parameters, such as LV volume [8].
Echocardiography typically depicts the LV cavity blood pool as a darker area surrounded by a brighter muscle. This chapter analyzes discriminating power of 22 Markovian and 7 run length texture features which were considered suitable for automated
determination of the two classes in serial echocardiographic images.
Because image resolution is not constant within an echocardiographic tomogram,
resolution cell dimension of an ultrasound imaging system is assessed first to justify the
size of a rectangular sampling window to be used for the subsequent image classification.

4.1. Resolution cell size determination
Resolution cell (RC) size is a function of the axial distance from the transducer and
can be assessed through measurement of the impulse response (IR) of the scanner. The
dimension of the window used for local texture analysis or filtering should encompass at
least one (ideally more than one) RC at any image location where the object of interest
can occur. The goal of this study is, therefore, to determine the largest (by spatial
dimensions and area) RC occuring in the region of the LV in an ultrasound image and set
a rectangular sampling window size for texture analysis so that it contains at least one RC.
Definitions of the IR, RC, and terms related to tissue characterization are presented
first.
Impulse response (IR) for an imaging system is the output image resulting from an
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ideal point source input image.13
Resolution cell is the size of the IR of the imaging system and defines the smallest
bright area that will occur in the image. It can be considered the product of the axial,
lateral and transverse resolutions. The axial resolution depends on the bandwidth. The
lateral (i.e., perpendicular to the beam axis and within the scanning plane) and transverse
(i.e., perpendicular to the beam axis and to the scanning plane) resolutions are related
to the tranducer central frequency and aperture [102].

The transverse resolution is

responsible for a finite thickness of a scanning plane and is not discernible from an
echotomogram though structures in the transverse direction contribute to the echoes
displayed in the image [103].
Scattering, also called nonspecular reflections, is angle independent reemission of
ultrasound and is responsible for the internal texture of organs in the image [92]. These
nonspecular reflections have a strong insonating-frequency dependence. Scattering classes
are, therefore, associated with the imaging system, specifically with the IR of the system,
and not with the biologic classification [102]. The classes include: (1) scattering which
occurs in the presence of individual cells, such as blood cells, and is characterized by
high concentration of scatterers per RC (typically 25 or higher) often resulting in speckle
(defined below), and (2) scattering associated with tissues, such as the myocardium, in
which the connective tissue (collagen) or lipid components are scattered in concentrations
of 1 (or lower) per resolution cell.
Speckle is a result of scattering interference patterns and is affected by transducer
parameters (such as spatial pulse length (bandwidth), which influences axial speckle
size, and beam width, which affects lateral speckle size), attenuation, scanning procedure
(insonification angle), etc. Texture pattern (i.e., granular appearance of ultrasound images)
is an ensemble of small dots, i.e., speckle. Speckle reveals information on the underlying
tissue structure (as it is defined by scatterer formation), but it also largely depends on
a particular imaging system, especially on transducer parameters. Speckle analysis is,
13

The point source is a thin wire scanned in a perpendicular plane to its long axis.
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therefore, characterization of the investigated tissue through a unique imaging system
[104–106].
In this dissertation project, the RC size was studied using a Hewlett Packard Sonos
1500 cardiac ultrasound system equipped with an Omniplane TEE transducer with 5.2
MHz central frequency. Adjustment of gain, pre- and postprocessing was the same as
in the clinical studies. Two setting of depth of field (DOF), 12 and 16 cm, with the
focus at 8 and 10 cm depth, respectively, were tested to encompass various sizes of the
LV in adults.

point target #1 -->

point target #2 -->

point target #3 -->

point target #4 -->

point target #5 -->

Figure 4.1. A wire phantom scan with 12 cm depth of field setting. Five point targets
were imaged at various axial distances from the transducer. Small dots along the diagonal
at the left are 1cm calibration markers. Small arrowheads on both sides of the sector
image indicate the focal depth. An interactive window used to select individual targets
for analysis is shown.

A phantom with parallel 0.3 mm metal wires was placed in a tank filled with 8.9%
ethanol solution at 20 C to match ultrasound system propagation speed calibration (1540
m/s). The TEE transducer was positioned above the phantom so that the scanning plane
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was perpendicular to the long axis of the wires. Figure 4.1 is an example of a tomographic
scan through the wire phantom using 12 cm DOF. Dimensions of reproduced point targets
reflect the IR of the system and define RC size in various distances from the transducer.
A rectangular sampling window (see an example in Fig. 4.1) was employed to select a
particular IR. The RC size was calculated using the correlation length method [107, 108]
applied to each point target sample. This method required a zero background value.14
This was accomplished by setting all gray scale values ≤ 60 to zero. The threshold of
60 was found by a visual analysis of image histogram and line profiles through each
point target depiction. This analysis minimized the influence of thresholding on a size
of the point target image.
Dimensions of individual point target samples in x (i.e., lateral) and y (i.e., axial)
directions were taken as the correlation lengths Lx and Ly , respectively, defined as the
integral of the normalized autocorrelation function, i.e.,

Lx =

1
Rxx(0)

1
01

Rxx(x)dx;

(5)

Ryy (y)dy;

(6)

and

1
Ly =
Ryy (0)

1
01

where Rxx (0) and Ryy (0) are normalization values (i.e., the highest gray levels). Rxx (x)
and Ryy (y) are one-dimensional autocorrelation functions of a point target image employed
in x and y directions, respectively. The results of RC size measurements are summarized

14

Dimensions of the sampling window would be included to RC size calculation if the
background were non-zero.
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Table 4.1. Resolution cell (RC) size evaluation for a 12 cm depth of field (DOF) image
using 5 point targets. Dax is axial distance from the transducer. Lx and Ly are lateral and
axial dimensions, respectively, of the point target images measured through the correlation
length method. The broadest RC area and largest dimension are highlighted by light and
dark gray, respectively. (Calibration of the digitized image used for measurement: 1
pixel = 0.342 mm).
RC size at Dax in a 12 cm DOF image
Lx

Ly

Area (Lx

Ly)

RC

Dax (mm)

pixels

mm

pixels

mm

pixels

mm2

1

18.70

1.996

0.683

1.000

0.342

1.996

0.224

2

44.75

5.855

2.002

4.098

1.402

23.994

2.807

3

65.64

7.698

2.633

4.231

1.447

32.570

3.810

4

85.97

10.325

3.531

4.224

1.445

43.613

5.102

5

106.38

11.424

3.907

2.882

0.986

32.924

3.852

in Table 4.1 and Table 4.2 for 12 cm and 16 cm DOF, respectively. They demonstrate
that the change of RC size with axial distance from the transducer is not necessarily
monotonic which is primarily due to tranducer focusing. RC size can also be influenced
by gain adjustment and image processing in the ultrasound system. An area in pixels
Table 4.2. RC size evaluation for a 16 cm DOF image using 7 point targets. Abbreviations and symbols are the same as in Table 4.1. (Calibration: 1 pixel = 0.457 mm)
RC size at Dax in a 16 cm DOF image
Lx

Ly

Area (Lx

Ly)

RC

Dax (mm)

pixels

mm

pixels

mm

pixels

mm2

1

20.56

1.000

0.457

1.996

0.912

1.996

0.417

2

35.68

3.086

1.410

1.878

0.858

5.796

1.210

3

61.84

5.471

2.500

3.651

1.669

19.975

4.173

4

82.57

7.055

3.224

3.236

1.479

22.830

4.768

5

103.13

8.412

3.844

2.639

1.206

22.199

4.636

6

124.45

9.714

4.439

3.110

1.421

30.211

6.308

7

145.02

11.016

5.034

2.333

1.066

25.700

5.366
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and mm2 was used to calculate a number of RCs that can be comprised in rectangular
9 to 25

texture sampling windows ranging from 9

even the smallest texture sampling window (i.e., 9

25 pixels. Table 4.3 shows that
9 pixels) will encompass at least

one RC by area. The rest of the table demonstrates how the minimum number of RCs
increases with larger windows used in this thesis for texture (section 4.3) and endocardial
boundary (section 5.2.3) analyses.
Table 4.3. Window sizes from 9
9 to 25
25 pixels enlisted with minimum
corresponding number of resolution cells (RCs) expected in 12 cm and 16 cm depth
of field (DOF) scans with 1pixel = 0.342 mm and 1 pixel = 0.457 mm calibration,
respectively.
Minimum number of RCs per window
Window size (pixels)

12 cm DOF scan

16 cm DOF scan

9

9

1.9

2.7

11

11

2.8

4.0

13

13

3.9

5.6

15

15

5.2

7.5

17

17

6.6

9.6

19

19

8.3

12.0

21

21

10.1

14.6

23

23

12.1

17.5

25

25

14.3

20.7

4.2. Discussion and conclusions
Literature shows a rather liberal approach to selection of an appropriate size of
a texture sampling window. Brotherton et al. [8] used 11

11 pixel window for

analyzing 28 different texture measures applied to a cross-sectional echocardiographic
image of the heart. Coppini et al. [90] employed 16

16 pixel Laplacian-of-Gaussian

kernel to boundary detection in echocardiographic images. Basset et al. [109] used 64
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64 to 128

128 pixel windows to in an effort to analyze muscle texture. Stuhmuller

an coworkers [78] employed 80

80 pixel window and used 42 run length and gray

level difference texture measures to assess the effect of echocardiographic instrument
adjustment on the results of tissue characterization. The window size was often selected
intuitively or according to available settings in dedicated software. Pixel size calibration
was not reported.
We estimated appropriate window dimensions through RC size evaluation and found
that to encompass at least one RC by area the window should be of 9

9 pixels at 1

pixel = 0.342 to 0.457 mm calibration and 12 to 16 cm DOF. Therefore, the 9

9 pixel

window represents a minimum useful area for texture features based on a mean gray level.
The largest RC dimension was approximately 11 pixels for both tested DOFs. Thus, at
least 11

11 window represents a choice for those texture measures where the whole

run of gray values is to be captured uninterrupted. Indeed, the number of encompassed
RCs significantly increases in regions closer to the transducer, because the RC size gets
smaller (Tab. 4.1 and 4.2), and by using a larger window (Tab. 4.3). However, a window
larger than 25
8.5

25 pixels should not be used as it would cover the area of approximately

8.5 mm and 12.5

12.5 mm in 1 pixel = 0.342 mm and 1 pixel = 0.457 mm

calibrated images, respectively, and thus lose classification selectivity across the cardiac
wall. This can be observed in Fig. 4.2 where some of the 25

25 pixel windows are

superimposed over the left ventricular septum and essentially match its width.
Thus, 9

9 through 25

25 pixel sampling window sizes were determined as

appropriate for texture analysis in echocardiographic images using both 1pixel = 0.342
mm and 1 pixel = 0.457 mm calibration and 12 cm and 16 cm DOF. Performance of
different texture features applied to the 9

9 through 25

in the following section.
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4.3. Texture analysis of echocardiographic images
Texture features reported as relevant to tissue classification in ultrasound images [8,
76, 77] are summarized in Table 4.4 and defined in Appendix A. Analysis of their power
to discriminate myocardium from the blood pool area in echocardiographic images has,
however, not been done.
Table 4.4. Texture features relevant to classification in ultrasound images. Asterisks
denote features that do not require gray level probability matrix calculation and hence
are not quite typical Markovian features. (See Appendix A for mathematical definitions
of individual features)
Markovian features:

Run length features:

Angular Second Moment (AngSeMo)

Short-Run Emphasis (SRE)

Contrast

Long-Run Emphasis (LRE)

Correlation

Gray-Level Nonuniformity (GLN)

Standard Deviation* (SD)

Run-Length Nonuniformity (RLN)

Inverse Difference Moment (InvDifMo)

Run Percentage (RP)

Sum Mean (SuMean)

Low Gray Level Run Emphasis (LGRE)

Sum Variance (SuVar)

High Gray Level Run Emphasis (HGRE)

Sum Entropy (SuEnt)
Entropy (Ent)
Difference Variance (DifVar)
Difference Entropy (DifEnt)
Information measure A (InfMeA)
Information measure B (InfMeB)
Mean*
Coefficient of Variance (CoefVar)
Peak Transition Probability (PTraProb)
Diagonal Variance (DiaVar)
Diagonal Moment (DiaMo)
Second Diagonal Moment (SeDiaMo)
Product Moment (ProdMo)
Triangular Symmetry (TriSy)
Mean32*
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Texture analysis was performed using a Texture Sampler tool in AnalyzeTM [110].
This tool was customized for calculation of numerous texture measures using 9
17

17 and 25

9,

25 pixel windows, thus representing the range of sizes justified in

the previous section 4.1. Sampling of the three (mutually nested) window sizes was
done in automated succession. Serial echotomograms were collected from 6 consecutive
patients who underwent TEE examination and had no disease (such as amyloidosis,
myocarditis, etc.) that could affect the appearance of myocardial texture. Each series

Figure 4.2. Example of texture sampling. Rectangular 25
25 windows were
interactively placed over the image to represent class 0 (myocardium) and class 1 (blood
pool) regions in various distances from the tranducer (located at the bottom of the image.
17 and 9
9 pixels) were automatically centered within the
Smaller samples (17
25 pixel windows and taken in a quick succession by the Texture Sampler
initial 25
algorithm (AnalyzeTM ).

contained approximately 8 echotomograms acquired in propeller rotational geometry,
i.e., each series represented a 3D image of the LV. Individual samples were taken from
anteroseptal, lateral and posterior myocardial wall regions, constituting a class 0 set, and
from the blood pool region (i.e., LV and LA cavity), constituting a class 1 set. Multiple
samples were taken from various places within these regions so that scatterers located
closer to the transducer had a similar chance to be selected as those located farther away
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(Fig. 4.2). A total of 264 class 0 and 168 class 1 samples were taken for statistical
evaluation.
Discriminating power was tested using Mahalanobis distance (MhD) [111–113]. The
MhD represents a statistical distance in the feature space between each pair of tissue
classes, such as myocardium versus the blood pool. The statistic is based upon the
difference between the mean feature values for each class divided by the average standard
deviation, with a correction term to account for difference in standard deviation of the
two classes (i.e., a generalized MhD). The features with the longest MhD provide the
strongest discriminating power. A MhD of about 4.0 corresponds approximately to an
estimated error rate of 2.5% assuming normal distribution [79] and has been used as a
significance threshold in this study.
To evaluate not only discriminating power of individual features, but also their
sensitivity to high resolution image information, MFs were tested with 4 settings of
the step size L = {1, 2, 4, and 8 pixels}, while RLFs were tested at 4 gray level settings
M = {64, 32, 16, and 8}, i.e., using 6-, 5-, 4-, and 3-bit gray level images.
Results of the discriminating power evaluation are summarized in Tables 4.5, 4.6 and
4.7 for 9

9, 17

17 and 25

25 pixel windows, respectively. Only those features

are listed where the Mhd analysis demonstrated a significant discriminating power (i.e.,
MhD ≥ 4.0). The results can be summarized as follows:
1) Features with significant discriminating power were same for all 3 window sizes
tested and they include Mean, Mean32, SuMean, HGRE and LGRE (see Appendix A
for definition of these features).
2) Mean, Mean32 and SuMean are apparently mean-related features. None of the
typical Markovian features were found to be significant using the MhD ≥ 4.0 criterion.
Thus, the mean pixel intensity values of myocardial and blood pool regions represent a
strong differentiating factor.
3) Only 2 run length features, HGRE and LGRE, exhibited a significant discriminating
power. HGRE and LGRE are analogies of SRE and LRE, respectively (see Appendix
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A), and were designed to make the use of gray values associated with runs [75]. It
Table 4.5. Features with significant power to discriminate regions of myocardium and
9 window. Markovian features (MF) and run length features
the blood pool using 9
(RLF) are evaluated at 4 resolution levels. Runs were not defined for HGRE and LGRE
at the lowest gray level resolution which is denoted by NaN.
Mahalanobis distance using a 9 x 9 pixel window
Feature

MF - step size (pixels)

RLF - gray level number

1

2

4

8

64

32

16

8

Mean32

4.56

4.56

4.56

4.56

-

-

-

-

HGRE

-

-

-

-

4.45

4.46

4.49

NaN

Mean

4.43

4.43

4.43

4.43

-

-

-

-

SuMean

4.40

4.40

4.41

4.49

-

-

-

-

LGRE

-

-

-

-

3.50

3.65

4.03

NaN

Table 4.6. Features with significant discriminating power using 17
Mahalanobis distance using a 17
Feature

MF - step size (pixels)

17 window.

17 pixel window

RLF - gray level number

1

2

4

8

64

32

16

8

Mean32

5.28

5.28

5.28

5.28

-

-

-

-

HGRE

-

-

-

-

4.89

4.90

4.92

5.03

Mean

4.86

4.86

4.86

4.86

-

-

-

-

SuMean

4.84

4.83

4.81

4.85

-

-

-

-

LGRE

-

-

-

-

3.80

4.05

4.50

5.18
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Table 4.7. Features with significant discriminating power using 25
Mahalanobis distance using a 25
Feature

MF - step size (pixels)

25 window.

25 pixel window

RLF - gray level number

1

2

4

8

64

32

16

8

HGRE

-

-

-

-

5.05

5.05

5.04

5.12

Mean

5.03

5.03

5.03

5.03

-

-

-

-

SuMean

5.02

5.02

5.02

5.02

-

-

-

-

Mean32

4.98

4.98

4.98

4.98

-

-

-

-

LGRE

-

-

-

-

3.92

4.21

4.70

5.33

can be reasoned that heterogeneity in the two tissue classes (class 0 = myocardium,
class 1 = blood pool) overcame their run length (i.e., organized) textural characteristics.
Consideration of gray values made HGRE and LGRE, contrary to the rest of the RLFs,
discriminative as much as calculating pixel intensity means in class 0 and class 1 regions.
Table 4.8 shows the anticipated results — HGRE and LGRE are correlated to Mean and
SuMean features.
4) Mean32 has very high discriminating power but exhibits poor correlation with the
remaining mean-based features as well as with HGRE and LGRE (Table 4.8). That is
because this feature utilizes only first 32 brightest pixels in a window which makes the
resulting mean value biased.
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Table 4.8. Multiple correlation of texture feature parameters for class 0 (myocardium)
and class 1 (blood pool) regions (p < 0.001).
Class 0
LGRE

HGRE

Mean32

SuMean

Mean

Mean

0.752

0.998

0.649

0.999

1.000

SuMean

0.751

0.998

0.648

1.000

Mean32

0.540

0.641

1.000

HGRE

0.756

1.000

LGRE

1.000

Class 1
LGRE

HGRE

Mean32

SuMean

Mean

Mean

0.806

0.998

0.641

0.999

1.000

SuMean

0.810

0.997

0.628

1.000

Mean32

0.405

0.665

1.000

HGRE

0.796

1.000

LGRE

1.000

4.4. Discussion and conclusions
We found five texture features (Table 4.8) highly discriminative for separation of
clinical echocardiographic images into two classes, myocardium and the blood pool,
using windows of justified sizes (i.e., 9

9 through 25

25 pixels) and different levels

of resolution. The common property of these features (i.e., association to varying pixel
intensities rather than pixel runs) makes them mutually correlated, except Mean32 which
is biased towards high intensity values. This study did not attempt to compensate for
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variation of the RC size with axial distance from a transducer. This would lead to an
approach that would be applicable only for specific transducer focusing.
The results initiated the development of a ranked order filter which combines discriminating power of mean-based features and the desired sensitivity to both bright (i.e.,
myocardium) and dark (i.e., blood pool) regions with resistance to uniform and impulse
noise. The filter is described in chapter 5.
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This chapter introduces the concept of cavity-to-wall transition region (CWTR)
determination. Unlike conventional edge detection, this approach determines cardiac
boundaries indirectly: Image classification is employed to assess local probabilities of
cavity (i.e., blood pool) and muscle regions in each tomogram. These results are used
to compute probability for each image point to be located at the transition between the
cavity and muscle. Points with highest probabilities of transition values indicate position
of cardiac boundaries.
A family of order statistics filters is reviewed to demonstrate their desired properties,
such as noise reduction and edge preservation. Design and tests of a custom, ranked
order filter, called the “HiLomean”, follow. The filter combines high-mean and low-mean
values of gray levels which are typical for muscle and cavity classes, respectively, and
converts an anatomic image into a “CWTR image”. This image expresses the probability
of the CWTR location by pixel intensities, i.e., the CWTR occurs as a bright band
encompassing cardiac boundaries.

5.1. Concept of the cavity-to-wall transition region (CWTR)
Classification of echocardiographic images into two classes — the cavitary blood
pool, characterized by a low mean value of gray, and the myocardium, characterized by a
high mean value of gray — indirectly indicates cardiac boundaries as an interface between
the two classes. This interface, however, may not exactly match endo- and epicardium
due to artifacts compromising the depiction of cardiac boundaries in ultrasound images
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[8]. Major artifacts are caused by signal attenuation or parallel orientation of the beam
with respect to the boundary (Fig. 5.1). Conventional edge detectors are sensitive
to noise, typically contained in ultrasound images, and produce results with numerous
false edges. Complicated recognition methods and user-controlled thresholding are then
required to pick only edges that are related to the LV boundary [90]. Various noisefiltering techniques are available [10, 83]. However, they have to be used carefully to
prevent or at least minimize deterioration of true edges.

D
LV

Figure 5.1. Transesophageal echotomogram. Left ventricular (LV) cavity border is
inhomogeneous (arrows) and discontinuous due to an image dropout (D). These ultrasound
image artifacts caused by signal attenuation and presence of noise are the reasons for
the design of a custom filter described in this chapter. (This image is shown with no
enhancement; compare to an identical tomogram in Fig. 3.2, slice 1).

An alternative approach to cardiac boundary detection can be based on linear combination of two order statistics filters [82] where one would be biased towards the higher
mean intensity values and the other towards the lower mean intensity values. This capitalizes on results from the previous chapter 4 where features related to mean gray level
values were found as the most discriminative. Design of a detector is described in this
chapter that responds with higher output values whenever its window passes from the
cavity to muscle (or in opposite direction), thus defining a cavity-to-wall transition region
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(CWTR). Normalizing the output to [0, 1] gives local probabilities of a presence of the
CWTR. Multiplying the normalized values by 255 results in an 8–bit “CWTR image”
with brightest regions (bands) along cardiac boundaries. Simulations of linear combina-
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Figure 5.2. Simulation of two hypothetical order statistics filters translated across the
boundary between muscle and cavity regions. The filters respond with mirrored functions,
a and b (top panel). The function a symbolizes a feature which determines the cavity
region and approaches zero for the rest of the image. conversely, the function b primarily
defines the muscle region. Multiplication of the two functions results in a new function
(bottom plot). The function indicates the probability of the presence of the transition
region between the muscle and cavity.

tion of two hypothetical order statistics filters with various individual output functions,
a and b, to transition across the LV boundary are presented in Figures 5.2, 5.3 and 5.4.
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When the two output functions are employed as separate classifiers for muscle and the
cavitary blood pool, and approach zero for the rest of an image, then multiplication a
b can be used to design a new function. This function would indicate the boundary
by a peak. The example in Fig. 5.2 assumes the same slope for both functions and
perfect centering across the boundary. This would seldom be the case in a real situation.
The resulting maximum would then have different amplitude and shape. If, on the other
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Figure 5.3. Simulation of two order statistics filters generating mutually shifted functions
a and b across the region between the cavity and muscle (top panel). The shift is caused by
the bias of the function a towards lowest pixel intensities and function b towards highest
intensities. An absolute value of the two subtracted functions results in a maximum
which indicates the muscle-to-cavity transition region (bottom panel).
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hand, the two functions have similar characteristics across the boundary, except for a
mutual spatial shift, than the absolute value of their subtraction can be used to generate
a maximum indicating the boundary (Fig. 5.3). Such functional characteristics would be
typical for mean intensity calculation biased towards lowest and highest pixel intensities.
The last simulation in Fig. 5.4 also reflects behavior of two filters that produce the mean
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Figure 5.4. This simulation is similar to the previous one in Fig. 5.3, but the bias of
functions a and b towards lowest and highest intensities is more realistically simulated
as it will be seen later in Fig. 5.6 and 5.7 (top panel). The bias prevents the functions a
and b from reaching similar values within the muscle and cavity regions. This decreases
a dynamic range of the resulting peak (bottom panel).

intensity value biased towards lowest and highest intensities. However, this simulation
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accounts for the fact that the low-intensity biased filter would not reach the highest mean
values in a high intensity region and vice versa. This results in an additive (“dc”) component and a lower dynamic range. Amplitude of the resulting peak remains essentially
unaffected when compared to previous results in Fig. 5.3.

5.2. CWTR probability determination
Design of a ranked order (“HiLomean”) filter, customized for detection of a transition
region between high and low mean intensities in echotomograms is described in this
section. Functioning of the filter is tested using clinical images. The filter is then
incorporated into an image processing algorithm which responds with local probabilities
of presence of cavity-to-wall transition region and is called a CWTR detector.

5.2.1. Design of a custom ranked order filter
Ultrasound images typically have low signal-to-noise ratio and contain both impulsive
(specular) and additive (white) Gaussian noise. Significant signal attenuation, if present,
typically results in image dropout and further complicates image interpretation, especially
if the missing portion is related to object boundaries.
Linear and nonlinear digital image processing techniques are powerful and practical
tools for image enhancement. When carefully combined, their positive effects can be
additive [80, 83]:
Linear filters, such as a mean filter, are efficient when applied to images with the
Gaussian noise or with short-tailed noise distributions (i.e., uniform noise). The mean
filter is, however, very sensitive to outliers and hence susceptible to impulsive noise (i.e.,
speckle). It also (as a typical low-pass filter) does not preserve object edges.
Nonlinear filters, such as a median filter, perform well in images with Laplacian
noise, i.e., in images with long-tailed noise distributions. The median filter preserves
object edges and is particularly efficient at removing impulsive noise. This filter tends to
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produce regions of constant or nearly constant intensity. These regions, however, may
have a blotchy appearance depending upon the geometry of the filter window. This filter
also leaves more additive Gaussian noise than the mean filter in originally homogeneous
regions.
Development towards higher quality nonlinear filtering techniques resulted in a class
of filters based on order statistics [80, 114, 115]. Let X1 , X2 ,..., Xn be random variables.
If they are arranged in an ascending order of magnitude,

X

(1)

X

(2)

::: X n ;

(7)

( )

then X(i) is called the ith order statistic.
This class includes:
1) The ranked order filter. An rth ranked order filter of the signal xi is the rth order
statistic,

yi = rth order statistic of xi0 ; :::; xi; :::; xi  ;
+

(8)



of the signal within the filter window with a ± extent. The ranked order filter introduces a strong bias to the estimation of the mean, especially in long-tailed distributions,
and destroys structural and spatial neighborhood information. The rank must be chosen
carefully to yield properties of the input distribution and desired filter output.
2) The max/min filter. The maximum x(n) and minimum x(1) represent two extremes
of the ranked order filters.15 The max filter can effectively remove dark spots, but tends
to enhance bright spots. The min filter has an opposite effect. Max and min filters are
related to dilation and erosion, respectively, in terms of mathematical morphology [116].
3) The

-trimmed mean filter. As mentioned earlier, the mean filter suppresses

additive white noise better than the median filter whereas the median filter is superior at
15

Max and min values are related to image intensities; the brightest intensity is assumed
to be represented by the maximum image value.
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preserving edges and removing impulse noise. A desirable compromise is represented
by the

-trimmed mean filter [117]

yj =

n(1

n

1
2 )

j

0

n

= n+1

x(j );

(9)

where x(j) , j = 1, ..., n, are the order statistics of xi- , ..., xi , ..., xi+ . The -trimmed
mean filter rejects the smaller and the larger observation data. Data rejection depends
on the coefficient , 0 ≤

< 0.5. If

as an unrestricted mean filter). If
Therefore, the parameter

= 0, no data are rejected (i.e., the filter performs
is close to 0.5, all data but the median are rejected.

controls the performance of the filter on a scale between the

mean and median filters.
Importantly, the mean, median, ranked order, max/min, and -trimmed mean filters
represent a family of filters which can be generalized as [80]
n

yi =
j

=1

aj x(j ) ;

(10)

where x(j) , is defined as in 9 and appropriate selection of coefficients aj , j = 1, ..., n,
determines a particular special filter, such as, for example, the median filter, where

aj =

1
0

j = +1
:
j ==  + 1

(11)

The desired properties of the linear, nonlinear, and order statistic filters in particular
are:
1) additive white noise removal and region smoothing (the mean filter);
2) edge preservation and noise spike removal (the median filter, rank ordered filters);
and
3) adjustability of performance ( -trimmed mean filter).
Design of a special nonlinear filter can therefore be derived from the equation (10).
It has also been shown in chapter 4.3 that the local mean and mean32 values represent
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strong features, suitable for myocardium versus blood pool areas discrimination. These
facts constituted the foundation for development of a custom ranked order mean statistic
filter for CWTR detection, which, unlike the otherwise very effective high-pass discrete
gradient operators (e.g., Sobel operator, etc.) [83, 118], would
1) be insensitive to uniform and impulse noise;
2) be gradient direction invariant;16 and
3) compute the probability of a presence of the CWTR.
Setting aj in (10) to 1/n gives the ordered mean filter. This filter would act identically
as a conventional mean filter (i.e., mean calculated from non-ordered values) because all
≤ 1, yields rank ordered mean filter

n inputs are included. Substituting n by n, 0 <

yi =
where

n

1

x(j ) ;
n
j =1

(12)

defines the selected rank in the ordered input values x(j) . Assuming that

transition from black to white corresponds to a numerical transition from 0 to 255 in an
8-bit gray scale image, the filter defined by (12) will produce the mean biased towards
the lowest intensities (i.e., darkest pixel values) and has been termed the “Lomean” filter.
Filter operation can be adjusted through the parameter : Setting
min filter performance, setting

close to 0 will match

= 1 will result in the conventional mean filter.

Consequently, the filter

(10 )+1

n

yi =

j

=n

1

x ;
n (j )

(13)

will bias the mean towards high intensities as it sums the ordered input values x(j)
in the descending direction. This filter is called “Himean” filter. Setting
will match the max filter performance, setting

= 1 will, similarly to the Lomean filter,

result in conventional mean filter performance.
16

Gradient direction should not influence filter performance.
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Both Lomean and Himean filters were tested on clinical echocardiograms of the LV
to optimize parameter

setting. A rectangular sliding window with a side of m pixels

has been used that provided n = m

m inputs. Figure 5.5 shows an echotomogram with

a 31 pixel long horizontal line across the LV border. This line maps the pathway of the

0

30

Figure 5.5. Clinical echotomogram with a 31 pixel long pathway across the endocardial
17 window was translated along this pathway in direction
border of the LV. A 17
from pixel 0 to pixel 30 to test the Lomean and Himean filter. (The pathway line color
alteration is to enhance its visibility on a changing background).

center of a sliding 17

17 window used for calculation of Lomean and Himean values

in this example. Image contrast has been enhanced using histogram equalization and its
gray scale values normalized to the range from 1 to 250.17
In this practical implementation of the Himean and Lomean filters, the continuous

17

This gray scale normalization range is used throughout the entire dissertation project
because it fits to the 8-bit gray scale range of images used in AnalyzeTM and Khoros
[119], and allows to reserve 0 for background and intensities from 251 to 255 for unique
values of labels, outlines, etc.
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scale of n values was replaced by discrete ranking (i.e., 0, 1, 2, ..., m). The 0th rank

Himean

Resulting Intensity Value

250

Lomean

17
1

nk

0
Path

way

a
hR

i-t

(pixe

ls)

30

0

Figure 5.6. Boundary function of the Lomean and Himean filters. A 17 x 17 window
was translated across the LV boundary region (the horizontal line in Fig. 5.5). The
input values taken along this line from left to right correspond to the results along the
“Pathway” axis from pixel 0 to 30. The “ith Rank” axis denotes the number of pixels
accounted for in the rank ordered mean statistics (see text for details). Vertical axis shows
intensity values resulting from Lomean and Himean filter output.

means that only the lowest and highest pixel intensity value were included for filter
operation; the 1st rank means that 1
taken; the 2nd rank means that 2
etc., up to m

m lowest and highest pixel intensity values were
m lowest or highest intensity values were taken;

m values where both filters behave identically as conventional mean

filters. In other words, using a 17

17 window: 1, 1
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ordered pixel intensities were used in the rank ordered mean statistics. The results for
the 17

17 window are plotted in Fig. 5.6. The 0th rank lines of the Lomean and

Himean grids show fluctuation of lowest and highest gray scale values, respectively, as
the filter window moves along the LV boundary on the 31 pixel pathway. The 1st rank
lines are, however, smooth in both cases, although inhomogeneities and noise are present
in the image (Fig. 5.5). Most importantly, the lines still show a steep decrease of the
resulting intensities corresponding to the transition from the (bright) myocardium to the
(dark) blood pool. As the rank of the ordered mean statistics increases, the smoothing
effect becomes more intense, yielding performance of a low-pass filter. Eventually, the
boundary transition pattern is washed out at the mth rank and both Lomean and Himean
filters respond with identical (mean) values.
At low-rank levels, the responds of the Lomean and Himean filters differ not only in
the magnitude, but there is also a mutual shift (i.e., the Lomean values start to drop earlier
than the Himean values). This is due to the inherent bias of the two filters towards low
and high intensities, respectively. If first derivatives of the Lomean and Himean values
in the 1st rank were taken, then the resulting peaks (corresponding to the steepest drops
in both 1st rank curves) would demarcate the CWTR on the pathway. Consequently,
taking the absolute value of the difference between Himean and Lomean values would
result in a function, proportional to the probability of a presence of the CWTR. A filter
that calculates this function has been termed “HiLomean” filter and defined as

yi

=

n(1

0

)+1

j =n

1
x
n (j )

n

j =1

1
1
x(j ) =
n
n

0

n(1

)+1

n

x(j )
j =n

x(j ) :

(14)

j =1

A plot of the function produced by the HiLomean filter (using the same data as for
the plot in Fig. 5.6) is shown in Figure 5.7. The two arrows in this plot indicate the
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Figure 5.7. A plot of the HiLomean filter for the input data across the LV boundary
region shown in Fig. 5.5. The two vertical arrows indicate how peak values of the 1st
rank HiLomean filter delimit location of the CWTR along the pathway across the LV
cavity boundary.

range on the pathway across the LV cavity boundary that determines the location of
the CWTR. This result corresponds to what is intuitively obvious by visual inspection
of the Figure 5.5, i.e., approximately a center point of the line crosses the endocardial
border. Increasing of the rank facilitates a smoothing (low-pass) effect of the filter, but
the magnitude of a filter response simultaneously decreases. Eventually, at the mth rank,
the filter will constantly respond with zero, as there is no difference in output values
of its two (Himean and Lomean) components. This implies that for particular noise
conditions, the lowest possible rank should be used to obtain a maximum dynamic range
of the resulting values.
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Figure 5.8. A plot of the HiLomean filter response to the input data from anatomically
uniform regions. A) A blood pool region. The region sample (shown through the
pathway which maps the position of the center of a sliding filter window) does not contain
boundaries and thus the output of the filter is (at the 1st or higher rank) approximately a
constant signal. The signal amplitude approaches zero with an increasing rank as there
is no longer a difference between Lomean and Himean components of the filter. B) A
myocardium region. The pathway is within the ventricular septal wall but close enough
to septal edges for the 17 x 17 window to partially overlap the blood pool region on
either side of the septum. Thus, the central portion of the filter plot exhibits an expected
constant signal. Edges of the mesh (at 0th and 20th pixel) are significantly elevated, thus
indicating that the filter detected a boundary.
It follows from (14) that this filter is gradient direction invariant, i.e., when a filter
window passes an edge, pixel intensities are sorted in an ascending order which is an
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operation independent of edge direction. In regions representing only myocardium or
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Figure 5.9. A plot of a HiLomean filter response to an image with severely compromised
boundary conditions (attenuation, noise, parallel orientation of the boundary with the
beam). The pathway of the filter window and the corresponding plot demonstrate that
the resulting intensity values still exhibit a peak which would give limited clues about
the approximate location of the LV cavity boundary.

only blood pool, the response of the HiLomean filter will be approximately a constant
signal (depending on local noise levels); the filter window, however, must not be in
contact with a neighboring region (Fig 5.8).

The HiLomean filter was also tested on clinical echocardiograms with significantly
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blurred endocardial borders caused by signal attenuation, noise, and orientation of the
border parallel to the beam axis. This combined handicap challenged the performance of
the filter. However, even under these conditions, the filter responded with a small peak
in output intensity values, thus providing some clues for CWTR localization (Fig. 5.9).
These results demonstrated robustness of the filter under a realistic situation.
In summary, the HiLomean filter:
1) operates on noise data;
2) preserves edges if operated at a low-rank level;
3) is gradient direction invariant; and
4) produces an output function with peaks that map image regions with a likely
presence of the CWTR. The probability of the presence of the CWTR is defined by the
peak amplitude. Thus, the filter satisfies the requirements stated at the beginning of this
section.

5.2.2. Tests of the ranked order (HiLomean) filter
Tests using various ranks
It has been inferred from equation (14) and Fig. 5.7 that the dynamic range and
smoothing effect of the filter will vary with the selected rank. Because of its nonlinearity,
the filter will be prone to checkerboarding as the filter window will tend to produce values
regionally constant and replicate its square shape.
A9

9 HiLomean filter18 was tested with 0th through 8th ranks using a histogram

equalized echocardiographic image in Figure 5.5. This image contains impulsive noise,
especially noticeable in blood pool areas of the LV cavity, and is therefore useful for
evaluation of filter performance under realistic conditions. Histogram equalization equilibrates varying gray levels, apparent in bright (myocardial) regions, and thus facilitates
18

A 9 9 window was used here to match the smallest justified window (section 4.1)
and simultaneously match a window size of other available spatial filters in AnalyzeTM
for a comparison.
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image differentiation, but at a price of enhanced noise [120, 121]. The original echotomogram can be found in Fig. 5.1 for comparison. The image was trimmed to remove edges
of the sector scan which would otherwise bias filter functioning. Performance of the filter
is demonstrated in Figure 5.10. The number under each panel indicates the rank. At the
0th rank, the filter has strong tendency to checkerboarding, but responds with the highest
dynamic range. As the rank increases, the dynamic range decreases. The low-pass effect
of the filter can be increasingly appreciated starting at the 1st rank and resulting in more
homogeneous appearance of the LV boundary and background areas. At the 5th and
higher ranks, the resulting images can no longer be clearly differentiated, as the dynamic
range significantly decreases. The dynamic range was within 0 to 246 gray levels at the
0th rank and 0 to 27 gray levels at the 8th rank. The same HiLomean–filtered image, but
additionally normalized to a gray level range from 1 to 250, is demonstrated in Figure
5.11. This analysis shows that boundary detection is active until the highest (8th) rank
where, however, the limited number of bins19 enhances the inherent checkerboarding.
This indicates that appropriate rank selection allows control of the smoothing effect of
the filter, while its edge detection capabilities are not noticeably affected. Performance

19

Gray level partitions.
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Figure 5.10. Histogram equalized echocardiographic image (from Fig. 5.5) processed
by the 9 9 HiLomean filter using increasing rank ordered mean statistics. The rank is
indicated by the number under each panel. The image demonstrates changes in a dynamic
range and tendency to checkerboarding with respect to the selected rank.
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Figure 5.11. HiLomean–filtered and normalized images (corresponding to Fig. 5.10).
Numbers indicate the used rank. This comparison demonstrates that boundary detection
is preserved for the whole range of usable ranks.
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of the HiLomean filter can be compared to a Sobel edge operator. This operator is well
known and has been used as a benchmark for empirical comparisons [82]. It is based
on computation of horizontal and vertical differences of local sums. As such, the filter
also reduces the effect of noise in the data [83]. Using AnalyzeTM , the Sobel and 1.,
2. and 3. rank HiLomean filters have been applied to an identical, histogram equalized
input image. The same 9

9 pixel window was used in all cases, and the results were

normalized to a gray level range from 1 to 250 to make it a fair comparison. The resulting
images are shown in Figure 5.12 and indicate that both filters were able to successfully
identify the boundary, but the resistance of the HiLomean filter to the background noise
is superior for all three tested ranks. Checkerboarding in the HiLomean–filtered ultra-

HiLomean 9 x 9

1.

Sobel 9 x 9

2.

3.

Figure 5.12. Comparison of the HiLomean filter, using 1., 2. and 3. rank of ordered
mean statistics, with a Sobel filter. Although prone to checkerboarding (especially at
lower ranks), the HiLomean filter strongly suppressed background noise while preserved
edges. Gray scale range adjustment was, however, not attempted to keep the comparison
fair. Inferior resistance of the Sobel filter to impulse noise resulted in a “worm-like”
pattern in background areas. (The original images were normalized to a gray level range
from 1 to 250 gray levels; the Sobel filter rolled over in the highest-intensity areas).

sound images can be effectively suppressed by preprocessing through a median filter as
this filter removes impulsive (specular) noise (see section 5.2.1). This makes the filtered
images more visually pleasant and facilitates differentiation of boundaries which can be
appreciated in Figure 5.13.
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Figure 5.13. HiLomean–filtered and normalized image, preprocessed by a 9
9
median filter which prevents checkerboarding and facilitates separation of the border
and background (compare with Fig. 5.11).
In summary, adjustment of the rank controls smoothing of the HiLomean filter, while
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its desired boundary detection abilities remain virtually unaffected. Ranks from the 1st
to the 3rd seem to be best suitable for echocardiographic images. Preprocessing by a
speckle-reduction filter, such as the median filter, prevents checkerboarding and further
improves boundary detection.
Tests using various window sizes
Besides rank selection, performance of the HiLomean filter depends on window size,
as it follows from equation (14) and Fig. 5.8. A smaller window supports selectivity
of the filter (i.e., the resulting bounds defining the CWTR are narrower) and, from a
practical viewpoint, minimizes computational load (because sorting is computationally
demanding). A larger window may theoretically improve classification accuracy and
resistance to additive noise. However, by definition of the rank ordered mean statisticbased filter in equation (14), sensitivity to impulsive noise will remain.
The effect of a varying window size of the HiLomean filter was tested on clinical
echotomograms using 9

9, 17

17 and 25

25 pixel windows. Rationale for the

use of these window sizes has been given in section 4.1. All images were enhanced
by histogram equalization and normalized to the range from 1 to 250 gray levels for
comparability. A 9

9 median filter was used to suppress impulsive noise. The results

are shown with and without preprocessing by the median filter to assess functioning of
the HiLomean filter on original data.
Figure 5.14 illustrates a situation where boundary definition decreases from a welldefined septal wall through compromised definition of the apical boundary to an apicolateral region with strongly attenuated signal resulting in an image dropout.

The

HiLomean filter produced a highlighted band along the entire LV boundary and tended
to close the dropout. A larger window had a stronger noise removal effect, demonstrated
by more homogeneous appearance of the highlighted boundary band and the background
areas. This was, however, at a price of decreased selectivity: The thickness of the band
approached the width of the ventricular septum and tended to coalesce with the band on
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the opposite side of the septum. The 17

17 window and especially the 25

25 window

produced an image where an opened anterior mitral valve leaflet and both highlighted
septal edges fused into one conglomerate. This was an undesired effect, providing little
clues about the endocardial boundary.

Figures 5.15 and 5.16 are long-axis views where the quality of boundary reproduction
significantly differs on opposite sides of the LV cavity and drops abruptly at the apical
region. The HiLomean filter highlighted only anteroseptal boundary in Fig. 5.15, while
the opposite postero-lateral wall remained unrecognized, even at larger window sizes.
This occurred because the transition from the darker cavity to brighter myocardium was
very slow. Delineation of the postero-lateral LV boundary would require an a priori
experience about its possible profile and comparison with preceding and following serial
tomograms. Fig. 5.16 demonstrates an analogous situation along a posterior wall in a
different tomogram. However, due to slightly more expressed cavity-to-wall transition,
the filter performed better. The endocardial boundary of the posterior wall was quite
clearly labelled using the 17

17 window and also by the 9

9 window after

preprocessing with the median filter.

These results showed that the HiLomean filter with 9

9 through 25

25 is robust

with respect to noise and image artifacts. At the tested image resolution, the better
boundary detection performance was observed using windows larger than 9
while selectivity was better for a 17

9 pixels,

17 window size and less.

Functioning of the HiLomean filter was also assessed through analysis of line profiles
across the LV boundary. These results have been summarized in panel triplets denoted
by A, B and C in Figure 5.17:

Panels under A correspond to tomograms from Fig. 5.14 which were smoothed by a
9

9 median filter and processed by the 9
75

9 through 25

25 HiLomean filter. The

5.

Order statistics filters for cardiac boundary determination

original

histogram equaliz.

median 9 × 9

D
SW

LW

HiLomean 9 × 9

HiLomean 17 × 17

HiLomean 25 × 25

Figure 5.14. Testing of the HiLomean filter on an echotomogram with a well defined
septal wall (SW) and a dropout (D) in a lateral wall (LW). The top 3 tomograms represent
original, histogram equalized, and median-filtered images. Underneath are corresponding
slices processed with 9 9, 17 17 and 25 25 pixel HiLomean filter.
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original

ASW

histogram equaliz.

median 9 × 9

PLW

HiLomean 9 × 9

HiLomean 17 × 17

HiLomean 25 × 25

Figure 5.15. Testing of the HiLomean filter on an echotomogram with a well defined
anteroseptal wall (ASW) and suboptimal depiction of a posterolateral wall (PLW).

77

5.

Order statistics filters for cardiac boundary determination

original

histogram equaliz.

median 9 × 9

AW
PW

HiLomean 9 × 9

HiLomean 17 × 17

HiLomean 25 × 25

Figure 5.16. Testing of the HiLomean filter on an echotomogram with a well defined
anterior wall (AW) and a suboptimally visualized posterior wall (PW).
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HiLomean 9 × 9

SW

LW

ASW

PLW

HiLomean 17 × 17

HiLomean 25 × 25

A

B

PW

AW

C

Figure 5.17. Analysis of line profiles across the LV boundary generated by the HiLomean
filter using 9 9, 17 17, and 25 25 window sizes. The results can be compared to
Figures. 5.14, 5.15 and 5.16 which also use same abbreviations. (See text for a detailed
description).

line profiles showed that the HiLomean filter output provided significant peak values both
across the septal and lateral wall (SW and LW, respectively) at all three window sizes,
although definition of the LW boundary was suboptimal. There was a double peak,which
corresponded to boundaries on both sides of the SW. Distinction of the boundaries was
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excellent with a 9

9 window and still reasonable with a 17

17 window. It was

25 window. The 17

17 window, although

significantly poorer, however, with a 25

slightly less selective to the septal boundary, did a somewhat better job in noise filtering
(i.e., the baseline was smoother) when compared to the 9

9 window.

Panels under B correspond to median and HiLomean filtered tomograms from Fig.
5.15. The anteroseptal wall (ASW), similarly to the panels under A, caused a double
peak effect in the resulting line profiles, and was best distinguished by a 9
window. The posterolateral wall (PWL) was beyond recognition by the 9
but a 17

17 window and particularly a 25

9 HiLomean
9 window,

25 window reconstitute an apparent

peak. Contrary to visual assessment of filter functioning in Fig.5.15, the line profile
evaluation demonstrated that even under these extreme conditions the filter would generate
some clues about postero–later boundary location. The 25

25 window was, however,

hampered by poor selectivity in the anteroseptal region.
Panels under C correspond to median and HiLomean filtered tomograms from Fig.
5.16. The line profiles revealed that the filter determined both anterior and posterior wall
(AW and PW, respectively) boundaries at all three window sizes. However, the results
using 9

9 and 17

17 windows would be preferable because the largest 25

25

window was considerably less selective.
The results of this section indicated that optimal boundary function in echocardiographic images of the LV can be expected when the HiLomean filter operates with 9
9 through 17

17 pixel windows.

In summary, tests with various ranks and window sizes demonstrated that minimal
useful configuration of the HiLomean filter includes the 1st rank and operation with a 9
9 window applied to median-filtered images. Obviously, higher rank, larger window and
reiteration of median filtering could further improve robustness of LV boundary detection.

5.2.3. An algorithm for CWTR determination (a CWTR detector)
Based upon conclusions from the previous section 5.2.2, a CWTR detection algorithm,
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also called the CWTR detector, was designed. A flow diagram of the algorithm is in

Original image

Histogram equalization

CWTR detector

Median 11 × 11 filter
Median 11 × 11 filter
HiLomean 13 × 13 filter

Normalization to [0, 1]

Multiplication by 255

CWTR image

CWTR probability mapping

Figure 5.18. A flow diagram of the CWTR detection algorithm. The algorithm includes
2 iterations of the median filter to sufficiently suppress impulsive noise before activation
of the HiLomean filter. The HiLomean filter is followed by [0, 1] normalization to
translate its output intensity values into probabilities (i.e., CWTR probability mapping).
A CWTR image is created too (normalized to [0, 255]).

Figure 5.18. The HiLomean filter operates with 13
compromise between 9

9 and 17

13 pixel window which is a

17 window sizes. The HiLomean filter is preceded
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original image

CWTR image

A

B

C

Figure 5.19. CWTR algorithm application to the original testing images. Panels under
A, B and C can be compared to those in Fig. 5.17. The results demonstrate the capability
of the algorithm to label the CWTR in echocardiographic tomograms in proportion to its
probability at a particular image location.

by 2 iterations of median filtering with an 11

11 pixel window (this window size

represents a practical limit for operating the median filter using AnalyzeTM ). The number
of median filter iterations, which are necessary to converge to a root image20, is finite. It
can be estimated [122] and may represent tens or hundreds of iterations, depending upon
filter window and image size. Usually, substantially fewer iterations are required to obtain
20

A median root is an image (or a signal in a one-dimensional case) which is iterationinvariant, i.e., it does not change with subsequent iterations of median filtering.
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a median root than the estimated number [122]. We found experimentally (by inspection
of difference images) that only two iterations of the median filter are adequate for a noise
spike removal and result in appropriate functioning of the algorithm. There is also a
practical aspect: median filtering, because it involves ordering operations, is relatively
time consuming process, and thus the use of the least number of iterations is desirable.
The CWTR detector algorithm was applied to the original testing images and the
results are illustrated in Figure 5.19.

5.3. Discussion and conclusions
We found that minimal configuration of the HiLomean filter includes the use of the
1st rank of ordered values and a 9
iteration of a 9

9 pixel window. Preprocessing by at least one

9 median filter prevents the blotchy appearance of the resulting images.

The combination of the HiLomean filter with the median filter and other supporting
image operations (i.e., histogram equalization and gray scale normalization) forms a
CWTR detector. Tests, that were intentionally performed on average or suboptimal
quality images, demonstrated that noise resistence and edge preservation is optimal using
a 1st rank of ordered values and window size between 9

9 and 17

17 pixels (for 1

pixel = 0.342 to 0.457mm calibration, see Tables 4.1 and 4.2). The final configuration
of the CWTR detector thus uses a 13
9 and 17

13 window (i.e., a compromise between 9

17 pixel sizes). Two iterations of median filter preprocessing to prevent

checkerboarding and foster noise removal. The performance of the CWTR detector will
improve as image quality provided by ultrasound systems improves.
Recent modification of ultrasound scanners includes automatic boundary detection
(ABD), also called acoustic quantification (AQ), which permits instantaneous quantification of an LV area [68]. The ABD system analyzes the backscatter data along each scan
line for every frame, designating each pixel as either tissue or blood based on a userdetermined threshold (i.e., gain settings) [123]. Perhaps the greatest advantage of this
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system is that it enables automatic LV boundary tracking in a real-time (i.e., at a typical
frame rate of 30 frames/second) throughout the cardiac cycle, thus providing on-line information about a fractional area change. The method has, however, several drawbacks:
1) It requires high-quality images, not always attainable in routine clinical examinations.
Even typically high quality TEE examinations did not prevent failure of the system due
to the presence of acoustic shadowing and approximately one half of the studies were
inadequate for the ABD system [124]21; 2) It is inherently dependent on the settings for
transmitted power and time-gain compensation. The gain control settings are empirically
selected by the operator such that the automatically detected blood-endocardial interface22
is superimposed on the visualized endocardial border of the 2D image. This process is
subjective and inappropriately high gain setting results in underestimation of LV area
(and vice versa) [125] and time that was originally spent on an off-line analysis is now
spent adjusting gain settings [126]; 3) The system requires manual outline of the region
of interest, i.e., the LV. Too tight delineation may result in underestimation of diastolic
areas, too generous outline may result in overestimation of systolic areas (as the left
atrium enters the outlined region) throughout the cardiac cycle [126]; 4) Another source
of underestimation of LV areas, especially when scanning from the apical window, is
in a significant beam-width spread that causes echoes from the endocardium to impinge
on the LV cavity, creating an artificially smaller cavity [127]; 5) The method, similarly
to other 2D approaches, bears all constraints related to the need for assumptions about
LV geometry if volumes are to be calculated. For these limitations and despite an initial
enthusiasm, this technique did not see a routine clinical utilization.
The proposed custom ranked order filter, called HiLomean, determines the probability
of the presence of the CWTR region. This process has proven to be very robust with
21

Improvement of image quality, software equipment and digital signal processing in
commercial systems progressed dramatically in a past couple of years and, therefore, this
limitation (published in 1994) may no longer be substantial.
22 This is essentially what is called the cavity-to-wall transition region (CWTR) in this
thesis. The CWTR, however, includes both sides of the endocardial surface.
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respect to ultrasound image noise and artifacts. Expansion to 3D could further improve
filter performance. However, the 3D version would likely be sensitive to varying slice
resolution with distance from imaging axis and thus varying intensity of interpolation.
Anticipated special solution of this problem was beyond the scope of this project.
The CWTR detector algorithm involves automated image normalization, thus overcoming most of the problems with various adjustments of gain controls. There is no
need for manual outline of a region of interest (i.e., the LV) or threshold setting because
a higher computational level, knowledge based system (a “trainable computer expert”) is
employed to find an optimal 3D solution for LV boundary delineation. This system is
described in the following chapter 6.
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This chapter introduces a “trainable computer expert”. It represents a combination
of lower-level image processing techniques with a knowledge-based system for logical
determination of sparsely defined LV boundaries in serial echotomograms and results in
recovery of the LV cavity surface. In particular, the system evaluates images processed
through the CWTR detector (chapter 5) and, based on previously learned “average”
LV geometry and its variation, distributes nodes23 to map endocardial surface. The
knowledge about LV geometry is gained through repetitive learning from expert outlines
of the LV cavity boundary in various hearts. The distribution process, called node selforganization (see Appendix B for details), is multiiterative and autonomous. It converges
to an optimum represented by the closest distance of each node to loci with the highest
probability of the presence of the endocardium (i.e., shaping), and, at the same time, is
influenced by the closest neighboring nodes (i.e., smoothing). The system generates a
network of interconnected nodes that map geometry of the endocardial surface.
The trainable computer expert consists of two algorithms: learning and performing
(Fig. 6.1).
The learning algorithm requires as an input a set of serial tomograms with expert
outlines of the endocardium and labelled apical (AP) and MV hinge points.

The

algorithm generates an initial estimate of LV size and geometry by fitting a deformable
hemiellipsoid (represented by proportionally distributed nodes) into AP and MV points

23

Computer-generated, spatially linked points with defined 3D coordinates.
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in each echotomogram. A positional vector between each node and the nearest point on
Performing algorithm

Learning algorithm

Serial echo tomograms of the LV
with user labelled MV and AP
points.

Serial echo tomograms of the LV
with expert outlines and labelled
mitral valve (MV) and apical (AP)
points.

CWTR detector

Proportional distribution of nodes
to initial positions along the
hemiellipsoidal model.

Calculation of positional vectors
for each node to define average
distance, direction and variance
between initial node position and
a nearest point on the expert
outline.

Writing positional vector data
to a standardized database.

The system now gained knowledge
about LV geometry and its variance
with respect to user defined AP and
MV points. LVs with various sizes
and spatial orientation can be fitted.

Connection of the AP and MV points
by splines to create an initial 3D
hemiellipsoidal model.

Distribution of nodes to average
positions with respect to the initial
model and determination of
corressponding regions of interest
(ROIs).

Application of the gained knowledge

Learning iteration

Initial estimate of LV orientation
and size by fitting splines to MV
and AP points and creating
a hemiellipsoidal model.

Adjustment of node positions
through attraction to CWTR probabilities using a modified SOM algorithm.

3D mapping of LV surface by
a network of nodes (a wire frame
model).

Generation of LV surface
for geometry assessment.

Generation of a solid LV cast
for volume measurement.

Figure 6.1. Flow diagram of the knowledge-based system for left ventricular boundary
detection (see text for details).

the outline is calculated. This process is repeated for various LVs. A mean and 2SD
range of vector values is calculated with respect to the initial hemiellipsoid. The mean
vector value defines an average node position and its 2SD range determines a ROI where
to search for the CWTR.
In the performing algorithm, serial echotomograms with labelled apical and mitral
points are required. This initial user interaction is the only input in an otherwise automatic
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endocardial detection algorithm. The algorithm initially fits a flexible hemiellipsoid into
the AP and MV points and proportionally distributes nodes on its surface. Subsequently,
each node is relocated to its respective average position, defined by a positional vector.
Then, a CWTR detector (section 5.2.3) is activated and node positions are adjusted within
their corresponding ROIs through attraction of nodes towards spots with the highest
probability of the presence of the CWTR. This iterative process takes into account not
only the attraction to the CWTR, but also evaluates mutual neighborhood relationships of
nodes in 3D space (i.e., adjustment of a node position causes some positional adjustment
of its neighbors). All nodes are eventually connected with surface tiles using bicubic
spline interpolation and the entire object is filled with voxels (with known size), thus
creating a solid, computer-generated cast of the LV cavity with a known volume.
LV boundary recovery by the knowledge-based system is not completely automatic,
although the operator involvement is minimal: The performing algorithm requires interactive definition of the AP and MV points in each serial tomogram. Assuming a
typical number of 8 tomograms, 24 points have to be labeled which requires about 1
– 2 minutes. From here, the system works automatically. Average node positions are
determined using a priori knowledge gained during the process of learning and a final
adjustment of node position within a corresponding ROI is carried out over a course of
tens of thousands iterations. The automatic process thus greatly minimizes the subjective
aspect of the initial user interaction.
The novelty of the knowledge-based system is not only in its ability to learn about
a plausible LV geometry and its variation, but also in practical utilization of 3D spatial
relationship of individual nodes for parametrization of the LV endocardial surface. Most
of the figures in this chapter show — for illustrative clarity — only individual slices. It
should be kept in mind, however, that the nodes are interrelated not only within each
tomogram but also across tomograms. Any positional change of a node is reflected by
positional adjustment of its spatial neighbors. If a node is associated with a noise region
or an image dropout, and thus there is only a little or no clue for its final placement, its
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position is derived from spatial formation of its neighbors. Appendix D illustrates how
the system relates to the results from previous chapters.

6.1. Learning algorithm — gaining knowledge
about LV geometry
LV geometry varies considerably from a person to person, in each individual during
the cardiac cycle, and over the period of life. Particularly dramatic changes can be
associated with LV remodelling after myocardial infarction, for example.

It may be theoretically possible (with currently existing capacity of data storage media
and computer speed) to accumulate a variety of existing LV shapes and sizes, calculate
their volume, and then estimate volume of an examined LV by matching it with one from
the database. Hardware requirements and enormous efforts to build and maintain such a
database make this approach impractical. A more realistic solution would be to generate a
closed elastic surface and deform it according to LV boundaries determined by some edge
detection algorithm [90] or simulate an expanding balloon, formed locally by external
and internal pressure interaction [86]. These approaches, although generally operational,
bear only minimal or no knowledge about possible LV geometries and thus the resulting
delineation is prone to an escape from object boundaries if input data are incomplete.

This section describes a novel computer learning algorithm which capitalizes on
advantages of deformable contour models (i.e., elastic proportional fitting into spatial
constraints) and, additionally, incorporates statistical knowledge about variation of LV geometry. This prevents inappropriate global and local expansion or collapse of computergenerated delineation of the LV cavity boundary.
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Figure 6.2. A set of 8 tomograms representing the heart volume. Manual outlines of the
endocardium are superimposed. Circles approximately label mitral valve hinge points
(mitral valve leaflets were removed during specimen preparation) and squares label the
LV apex in each tomogram (The learning algorithm accepts only one-pixel labels. The
circles and squares are used here only for illustrative purposes).

6.1.1. Appropriate input for the learning algorithm
The learning algorithm requires serial (“propeller”) echotomograms as an input for
determination of LV geometry and its variation. Clinical tomograms must be collected
consistently, starting with a four-chamber image and rotating in a counterclockwise
direction (when looking at a TEE transducer face). Consistent spatial orientation has
to be maintained also in laboratory scans of specimens. This assures correct functioning
of the algorithm and supports consistent spatial relationship of individual nodes to LV
anatomy. A preprocessing step is required to normalize gray scale levels to a range
from 1 to 250. The rest of the 8-bit range is reserved for unique values of labels and
outlines. An echocardiography expert is asked to define MV and AP points, using 1
1 pixel labels, and outline endocardium in each tomogram (Fig. 6.2). At this point, an
automated learning cycle starts (Fig. 6.1).
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6.1.2. Determination of initial node positions
A spline, that starts at one of the MV points, continues through the AP point and ends
in the other MV point, is generated in each slice, thus creating a hemiellipsoidal contour
representing an initial outline of the LV boundary. Contours from all tomograms form a
hemicylinder, fitted into the MV and AP points. Individual nodes are then proportionally
distributed along the outlines and thus placed to so called initial positions. This completes

AP node
initial outline
49
er

sp

de

no
ur

nto

co

MV nodes
48 contours
Figure 6.3. A simplified scheme of initial node placement. One out of 48 hemielliptic
contours that form the initial hemicylinder is shown. Individual nodes are distributed
proportionally along each contour. Assignment of mitral and apical nodes supports spatial
orientation of the generated hemicylinder (see also Fig. 6.8 which shows mapping of
nodes in a rectangular 2D lattice). (MV = mitral valve, AP = apical)

an initial estimate of the LV cavity boundary surface. A total of 48 contours are generated
for each data set.

Because only 8 outlined tomograms are typically available, the

intermediate contours are generated using bicubic spline interpolation. Subsequently, 49
nodes are distributed proportionally along each contour dividing it into 48 partitions. First
and last (49th) nodes are called MV nodes, because they matched MV point positions,
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and the middle (25th) node is associated with the AP label and called the AP node (Fig.
6.3). The design with 48 contours and 49 nodes per contour provides a framework for
node mapping into a 2D lattice with 48 x 49 = 2352 elements (see also section 6.2.5 and
Fig. 6.8). This mapping represents a standard database for description of LV geometry
and its variation. No matter how many serial tomograms are actually collected, they are
always interpolated into the 48 x 49 lattice of nodes. This design allows sufficient slice
resolution [20, 53]: Assume the hypothetical dilated LV with a 30 mm radius from the
example in section 3.1. Collection of 48 rotational echo tomograms over 180 angular
span yields 3.75 increments, which represents 1.96 mm

2 mm angular distance along

the circumference. This is relevant to practically achievable tomogram thickness of an
ultrasound system. Thus, only minimum or no interpolation would be required in the
vicinity of the LV circumference. Regions closer to the rotational axis would be fully
sampled or oversampled.24

6.1.3. Calculation of average node positions
A positional vector from the initial node location to the nearest point of the expert
outline is calculated for each node in different LVs. The resulting mean value of the
vector defines an average (Fig. 6.4). A two standard deviation (2SD) range around the

24

If required, the maximal slice resolution can be adjusted by changing the default
number of 48 slices. The number of nodes per slice can be increased as well.
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AP node

positional vector
expert outline

initial outline

ROI
average node position
initial node position
MV nodes

Figure 6.4. Average node position calculation. The average node position is defined by
a mean vector between initial node position and the nearest point on the expert outline,
calculated for various LVs. A two standard deviation range of the mean vector defines
a region of interest (ROI) for each corresponding node (only two nodes are illustrated).
(MV = mitral valve, AP = apical)

mean positional vector values defines the ROI where to search for the CWTR.
Figure 6.5 demonstrates average node positions and their respective ROIs after the
learning algorithm processed 3 different outlined LVs. The nodes may not be necessarily
located on the expert outline as they acquire an average position calculated from the
previous learning iterations. However, the expert outline should be encompassed in
individual ROIs, thus indicating, that the system would look for the LV boundary at
appropriate locations. The extent of the individual ROIs shows the degree of variation
of LV geometry at each particular location. Individual ROIs may topologically overlap.
The algorithm, however, treats them separately.
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Figure 6.5. Placement of 49 nodes with associated regions of interest (ROIs) after 3
learning iterations using expert outlines of clinical images. Shape and size of individual
ROIs reflects the variability of left ventricular geometry in the particular location.

6.1.4. Generation of a knowledge database about LV geometry
A multidimensional standard database of node positional vectors is generated during
the first activation of the learning algorithm and updated whenever a new expert outline
is processed. The database has been designed with the following dimensions (Di ):
D1 — standardized number of 48 outlines;
D2 — standardized number of 49 nodes per outline;
D3 — number of examined phases, currently 2 (i.e., diastole and systole);
D4 — number of processed positional vectors per node and phase, currently 11 (i.e.,
number of patient data sets used for learning, see section 7.2); and
D5 — number of examinations per patient (currently 1).
Number of examined phases and number of examinations per patient could be
increased for dynamic and follow-up studies, respectively.
The database contains original positional vectors (rather than average node positions)
and their mean and 2SD values are calculated whenever requested. Thus, for example,
51,744 positional vectors are stored for the standard number of 2352 nodes and 2 phases
after 11 learning iterations. These data allow description of average LV geometry in
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3D, yet result in a very small memory load. The positional vectors do not define LV
shape directly. Rather, they define plausible spatial constraints in which the LV cavity
boundary should exist with respect to an initial estimate of LV geometry. The initial
estimate is carried out by fitting splines through MV and AP points, and creating the initial
hemiellipsoid. This gives the system the desired flexibility to deal with various LV sizes
and geometries. Naturally, computer knowledge can be only as good as the preceding
learning process. Separate databases may be required not only for diastolic and systolic
geometries, but also for intermediate phases or for various clinical pathologic entities.

6.2. Performing algorithm — LV cavity
boundary delineation by computer
The performing algorithm requires serial echotomograms collected using “propeller”
acquisition with AP and MV points interactively labelled.

6.2.1. Mitral and apical point detection (an initial LV model)
This step is analogous to that in the learning algorithm described in section 6.1.2. It
starts with an automated initial outline of the LV endocardial boundary using spline
interpolation through AP and MV points in each tomogram.

Then, an initial 3D

hemiellipsoidal model of the cavity is constructed. Because of limited initial input data
(i.e., only 3 points in each slice), the resulting contour represents a greatly simplified
reproduction of an LV cavity and would typically underestimate its volume, especially
in asymmetrically enlarged LVs (Fig. 6.6). The model provides, however, a foundation
for node distribution in a 3D space with respect to LV size and orientation.
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AP

MV

Figure 6.6. Spline interpolation through mitral valve (MV) and apical (AP) points which
are defined by the user. This operation determines orientation and size of the LV for
proportional distribution of nodes. The left ventricle bulges in the anteroapical region
(arrows). (Fig. 6.2, slice 1, processed by median filter, has been used in this example)

6.2.2. Node placement to average positions (an average LV model)
This step is analogous to the learning algorithm described in section 6.1.3. It has
been explained (in section 3.1) that 17 nodes are sufficient to define LV cavity boundary
in each long-axis tomogram. During learning about LV geometry, the system internally
describes the boundary through a standardized database with 49 nodes per slice (section
6.1.2). This number of nodes assures a reserve for potential higher spatial resolution
imaging. In the performing mode, the average position of each of the 17 nodes and the
size of the corresponding ROI are derived from this database. Neighboring nodes are
interconnected by splines. This completes an average outline of the LV cavity boundary.

6.2.3. Activation of the CWTR detector
The CWTR detector, described in section 5.2.3, is executed at this point and creates
a CWTR image. Pixel intensities in the CWTR image represent the probability of a
presence of the transition region between the cavity and wall25 which can be, however,
associated both with endo- and epicardium (Fig. 6.7, A). Automatic placement of nodes
25

The probability associated with each pixel has range from 0 to 1 and has been
multiplied by 255 to be visible as an 8-bit image.
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to average positions and assignment of corresponding ROIs (paragraph 6.2.2) restricts the
delineation process to the endocardial region. Selectivity of individual ROIs with respect

A

B1

C1

Original

B2

C2

Figure 6.7. Delineation of the endocardium by a computer algorithm. A: An image
processed by the cavity-to-wall transition region (CWTR) detector. B1: Delineation
by splines through 17 nodes (individual nodes are not visible) and placement of
corresponding regions of interest (ROIs) through which the CWTR image is visible to
the system. Status after 1 iteration of a modified self-organizing map (SOM) algorithm.
Nodes were moved from their average positions in the center of the respective ROIs
towards the brightest spots generated by the CWTR detector. C1: Terminal status
after 300 iterations. B2 and C2: Computer-generated outlines were superimposed onto
corresponding enhanced images of the LV for easier visual comprehension. Outlining of
missing parts of the wall (arrow) is determined primarily through the influence of the
3D neighborhood relationships of nodes. The original image is shown for comparison
(it is Fig. 6.2, slice 1).

to the endocardium depends on local variability of LV shape and wall thickness in images
used during learning about LV geometry. Theoretically, the ROI could encompass both
endo- and epicardium. If this happens sporadically, then the outline would be retracted
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to the endocardium during the self-organizing process by means of the neighborhood
relationship of nodes. Frequent expansion of the delineated contour towards epicardium
would indicate an inappropriate learning image set. Separation of the image set to
geometrical subgroups may be required.
Construction of an initial hemiellipsoidal model, calculation of average node positions
with respect to this model, and determination of corresponding ROIs represent a main
pathway in the processing algorithm. The CWTR detector is activated independently and
the resulting CWTR image is combined with ROIs (and average node positions) at this
point (see a flow diagram in Fig. 6.1).
Figure 6.7, panel B1 and B2, demonstrate placement of individual ROIs over an
image processed by the CWTR detector (panel A). Each ROI acts as a mask through
which the CWTR image is “visible” to the performing algorithm. This not only prevents
“prohibited” regions from consideration, but also significantly reduces computer load.

6.2.4. Adjustment of node positions (a final LV model)
A modified self-organization map (SOM) algorithm, which is implemented as a part
of the performing algorithm, is responsible for a final adjustment of node positions so that
they optimally fit into the CWTR, i.e., they fit into endocardial surface. This multiiterative
procedure relocates each node from a center of its ROI towards a location within this
ROI that represents the highest intensity values, i.e., starting with an average model it
forms a final LV model. This process respects node relationships (see section 6.2.5 for
more details about neighborhood relationships of nodes). This means that each node may
eventually not match the brightest spot (highest CWTR image intensity) in its ROI. This
“cost-minimizing” process is more elaborated in the following paragraphs.
Basic concepts of the SOM algorithm are detailed in Appendix B. If the SOM
algorithm were executed directly on CWTR images (without masking through ROIs),
the nodes would be spread all over the image to represent distribution of pixel intensities.
If restriction through the ROIs would be applied, but the node were allowed to move
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freely across the ROIs, they would tend to accumulate in those ROIs that contain pixels
with highest intensities (highest probability values). If the nodes were initially grouped
at one spot or placed randomly, as it is typical for the “classical” SOM algorithm, many
iterations of SOM training would be spent only to distribute the nodes closely to the
target contour. Proportionally less iterations would then be left for final adjustment of
node positions. Modifications of the original SOM algorithm include:
1) Introduction of a priori knowledge about LV geometry. This knowledge is gained
during the learning process and recalled when nodes are being placed to their average
positions. Thus, the distribution of nodes corresponds to LV orientation in 3D space,
geometry and size from the start of the SOM algorithm. This modification increases
speed of the algorithm and relates individual nodes to local anatomy. This is important
for anticipated studies on regional wall motion abnormalities, etc.
2) Restriction of each node to a ROI that represents local variation of LV geometry.
The nodes are allowed to move freely only within their corresponding ROIs. This prevents
an escape of nodes beyond the LV region and allows logical outline when boundary
definition is suboptimal.
3) During self-organization, only immediate neighbors in 3D space are considered
for position adjustment simultaneously with the winning node (there are eight immediate
neighbors mapped on a 2D lattice; the lattice is described above, in section 6.1.2, and
schematically shown in Fig. 6.8). This is because with typical angular increments  =
22.5 between echocardiographic tomograms, the neighbors beyond the immediate ones
are unlikely to be anatomically related.
4) Fractional adjustment of neighboring node positions is controlled not only by the
learning parameter , but is also a function of cos  which represents a vector component
of the winning node motion and effectively decreases translation of nodes in neighboring
slices (i.e., in elevation direction). Theoretically, for biplane imaging, where  = 90 ,
there would be no adjustment of neighbors across the tomograms (no matter how much
the winning node moved) because cos 90 = 0. Neighbors beyond the 90 angular
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distance are not considered for adjustment at all. Analogous rules apply to nodes within
each tomogram (i.e., in azimuthal direction).
At this point, a modified SOM algorithm is used to perform final delineation of the
LV boundary. This is accomplished through iterative spatial redistributing (organizing) of
winning nodes according to their attraction to the CWTR. The SOM algorithm represents
a tool for minimization of a total cost of antagonistically acting shaping and smoothing
effects. The shaping effect is caused by attraction of winning nodes to areas with highest
CWTR values. The smoothing effect relays this transition to neighboring nodes and
results in adjustment of their positions too (see more about neighborhood relationships of
nodes in section 6.2.5). Other cost-minimizing algorithms, such as active contour models
(balloons, snakes) [86, 87] and parametrically deformable models [85, 88], could be used
too, presumably with similar results. The SOM algorithm has numerous advantages:
1) It has general statistical nature of node distribution in 3D space (nodes to be adjusted
are selected randomly) and thus the distribution process (self-organization) of nodes
is not tied to a particular geometry (shape).
2) No specific direction of contour advancement (i.e., expansion or shrinking) needs to
be defined.
3) The strength of mutual neighborhood relationships of nodes allows easy control of
surface smoothing.
4) A priori knowledge about the target shape can be easily implemented by initial
placement of nodes to the a priori locations. Thus, the SOM algorithm could be
easily adapted for node distribution in various shapes.
5) It has far lower algorithmic complexity [91] than deformable balloons or snakes
which eases practical implementation.
6) Only a few control parameters need to be adjusted to optimize the applied selforganization process. Once the parameters are set, the behavior of the SOM is
consistent and does not require further user interactions. Optimization of the control
parameters is described in Appendix C and resulted in the following values:
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a) input vector weight wi = [1, 10], proportionally to CWTR values;
b) neighborhood radius r = 1;
c) number of training cycles t = 300; and
d) learning parameter

= 0.3 (and converging to 0.1).

The disadvantage of the SOM algorithm is that when employed to mapping of a
spherical (or ellipsoidal) shell, which — in general terms — the final CWTR model is, a
so called shift effect occurs [91]. This phenomenon influences the resulting node positions
so that they do not coincide with a shell mid-radius rm defined as

rm = (ro + ri)=2;

(15)

where ro and ri are outer and inner radii of the shell, respectively. Rather, the resulting
node positions tend to approach a radius rs which is smaller than rm . Intuitively, the shift
effect can be understood as a result of a straight neighborhood link across the spherical
shell which during self-organization biases position adjustment towards the inner shell
surface. The radius rs can be estimated for a classical SOM algorithm (described in
Appendix B) and a spherical shell sector as [91]

rs =

3
8

ro4
ro3

ri4
ri3

(1 + cos

);

(16)

where  is the angle of the spherical sector. There are, however, phenomena that minimize
or counteract the shift effect:
1) during training, both the fractional translation and number of considered neighbors
gradually decrease (being controlled by a learning parameter ) and, therefore, the shift
effect becomes negligible;
2) our modified implementation of the SOM algorithm inherently minimizes the
shift effect because it limits the neighbors considered for the position adjustment to the
immediate ones and controls their translation with respect to angular distance to the input
vector; and
3) volume of a sub-shell between the mid-radius and the outer radius is larger than
that between the mid-radius and the inner radius which partially compensates for the shift
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effect by increasing the chance of image points located outside of the mid-radius to be
presented during self-organization.
The shift effect explains the tendency of the algorithm to have a negative bias of the
resulting LV volumes in laboratory and clinical tests described in chapter 7.
Final fitting of the generated contour is accomplished after 300 SOM training cycles
applied to each ROI. Thus, for final adjustment of 17 nodes (and same number of ROIs)
in 8 slices, a total of 17

8

300 = 40,800 training cycles are required. This requires

approximately 2 minutes using the Sun SPARCstation 20. Figure 6.7, panel B1, shows
delineation through nodes at the start of self-organization. Panel C1 demonstrates the
status after 300 SOM iterations. The outline has approached brightest areas in individual
ROIs through node attraction (contour shaping). The resulting delineation is smooth
because of simultaneous adjustment of neighboring nodes. Panels B2 and C2 in Figure
6.7 demonstrate the starting and final delineation, respectively, superimposed onto an
enhanced image of the corresponding LV for easier visual appreciation. The outline
slightly bulges, but does not break through the area with missing LV wall. Restrictions
imposed by ROIs (see panel C1) prevent an escape of the contour out of bounds of the
LV. Formation of the outline through dropouts is influenced by a priori knowledge about
LV geometry and neighborhood relationships of nodes.

6.2.5. Three-dimensional design of the computer algorithm
The design of the algorithm, and the knowledge database about LV geometry in
particular, can handle any 3D spatial location of a node described by x, y, and z Cartesian
coordinates. If this were the only consideration, the design would be a trivial task,
however, the endocardial surface is mapped by serial, spatially related echocardiographic
images where:
1) tomograms are collected by a rotatable transducer in a polar coordinate system;
2) acquisition increments can potentially be irregular because of: a) sinus arrythmia;
b) acceleration and deceleration of transducer rotation; and c) increased sampling in a
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portion of the acquired volume26;
3) node internal state vectors are projected onto a 2D rectangular lattice, required by
the SOM algorithm to maintain neighborhood relationships of nodes (see Appendix B).
This relationship must be preserved within each acquired tomogram ( direct linking) and
across tomograms (cross-linking and diagonal linking) as illustrated in Figure 6.8.
Each of the variables (1 – 3) listed above sets different requirements for data presented
in 3D space. Satisfaction of all variables is accomplished through the design of a standard
database of nodes mapped on a 48 x 49 lattice (see section 6.1.2 for more details about
dimensions of the lattice). Manual outlines (during the learning phase) or computer
generated outlines (during the performing phase) are mapped through internal state node
vectors (Cartesian coordinates) onto the 48 x 49 lattice with links representing spatial
neighborhood relationships (Fig. 6.8). This is independent of the original acquisition
geometry as well as the size and irregularities of rotation increments.

26

Positions of irregular angular acquisition can be measured when positional data of
transducer are provided by ultrasound instrumentation.
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49 nodes per contour

1

MV nodes (two
in each contour)

AP node

48 contours
direct linking

2
mathematical "wrapping"
3
diagonal linking
4
cross-linking
25

49

a node containing information
about its position in 3D space
mapping of one contour

Figure 6.8. Schematic drawing of nodes mapped onto a rectangular lattice which defines
their neighborhood relationships. Direct linking represents neighborhoods along the
endocardial circumference within a slice, cross-linking connects neighborhoods across
adjacent slices, and diagonal linking is a neighborhood connection to a neighbor of
the node bridged by a cross-link. Each node has eight immediate neighbors, except for
mitral valve (MV) nodes which have five neighbors. The apical (AP) node in each contour
represents an identical locus (before the self-organization process starts) and internal state
vectors in its cross-linked neighbors are redundant. During self-organization, the apical
node in each contour attains slightly different locus, thus reflecting positional variability
of the user-specified AP points in each slice. Figure 6.9 illustrates how nodes and their
connection are topographically represented in 3D space.

LV images acquired with typically 22.5 increments (8 rotational tomograms) are
mapped to the lattice representing 3.75 increments (48 contours). All stages of endocardial boundary detection and formation (i.e., initial, average and final models), described
in previous sections, are generated within the framework of this lattice. Spline interpolation and vector component (of a node positional adjustment) calculation are employed
because spatial resolution represented by the lattice is substantially higher than that of
acquired data. A reverse process (from 3.75 to 22.5 slice resolution) is applied to
place nodes and generate outlines in original slices during execution of the performing
algorithm. This is demonstrated in Figure 6.9; apical views of the wire frame show
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regular increments between adjacent slices to conform to the currently used acquisition
technique. If the data were acquired with smaller incremental steps or with locally higher
slice resolution, they would occur with these increments.

6.3. Discussion and conclusions
This section describes a novel knowledge-based system for delineation of the LV
cavity boundary from sparse and noise prone data. System operation requires only minimal initial user interaction. The system consists of a unique statistical learning algorithm
about variability of LV shape and performing algorithm for automatic distribution of
nodes that represent the LV surface in 3D. The two algorithms are combined with quick
image acquisition and automatic CWTR detection to complete a knowledge-based system. The system has been applied to ultrasound images of the LV and acts as a trainable
expert for delineation of endocardial boundaries and LV volume calculation. Potential
applications are, however, wider since the system could be used for surface mapping
of any hollow object which on average maintains some general shape that can be represented by a deformable model. The actual object can then be parametrized through
differences from the general model. The differences are described by vectors and stored
in a standardized database. The major advantage of this concept is that a great deal of
geometrical variability (overall dimensions and orientation in 3D space) is covered by
adaptation of the initial general model, parametrized through node positions. Closer fit-
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imaging axis

LV axis
true LV apex

AP node region

MV nodes

Figure 6.9. A 3D wire frame model of the left ventricle generated by the computer
algorithm. Circles are spatial locations of individual nodes, lines represent direct and
cross-linking between neighboring nodes; diagonal linking is not shown for clarity of
the illustration (see section 6.2.5 and Fig. 6.8 for details about neighborhood linking
and placement of apical (AP) and mitral valve (MV) nodes). High slice resolution in
the vicinity of the imaging axis prevents foreshortening of the left ventricular (LV) apex
if imaging and LV axes are not identical (or nearly identical) and thus AP nodes do
not match with an anatomical apex. Top and bottom images correspond, the bottom
ones are with cross-linking connections removed to ease visual comprehension of the
complicated network. Left: Posterior view of the LV. Center: The same LV with apex
rotated 45 about horizontal axis towards an observer. Right: Apical view of the LV
after 90 rotation.
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ting is accomplished by relocating the nodes to their average positions with respect to the
model which is based upon knowledge gained through the learning process. Final fitting
is achieved by node position adjustment to regions with the highest probability of the
presence of the endocardium (i.e., the CWTR detector) using a cost minimizing function,
represented in our application by a modified unsupervised neural network algorithm (i.e.,
SOM). This three-stage process (i.e., initial model –> average model –> final model)
should be applicable to volumetry of the right ventricle (RV), for example.
Both learning and performing algorithms are associated with a special database that
accumulates data about 3D geometry of the and stores them in standardized format.
The database is capable of handling different angular increments during the learning and
performing modes. This is potentially useful for acquisition with arbitrary increments
and reconstruction with various slice resolutions, even within a single image volume.
The 3D design of the system supports correct identification of LV cavity boundary by
bridging gaps through neighborhood linking of nodes in ultrasound images with dropouts
and high levels of noise. Reproduction of LV surface from a multi-tomographic data set,
where nodes used for surface mapping are mutually interconnected, yields an averaging
(smoothing) effect, particularly desirable in the apical region with a high sampling density
(where smoothing prevents surface irregularities due to dense sampling). Unlike single
or biplane approaches, the 3D nature of the system prevents the need for assumptions
about LV shape.
Chapter 7 demonstrates feasibility of the system in clinical settings and precision,
accuracy, and reproducibility of the resulting estimated LV volumes.
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Feasibility, precision, accuracy and reproducibility of the complete 3D quantitative
echocardiography system have been tested in laboratory and clinical settings.
The laboratory tests compared LV volumes measured from manual and computergenerated outlines against the sheath reference method (established in section 2.3).
Volumes derived from corresponding computer and manual delineations have also been
compared mutually.
The clinical tests included assessment of routinely used LV volumetric parameters
such as end-diastolic volume (EDV), end-systolic volume (ESV), stroke volume (SV) and
ejection fraction (EF), compared to results obtained from expert outlines.27 In addition,
SV estimated by the computer algorithm was compared to results of a Doppler study
used in this dissertation as a clinical standard.
Precision was assessed in terms of correlation coefficient and standard deviation.
Accuracy assessment included evaluation of the root mean squared error (RMSE),
determination of the 95% confidence band for the regression line, and the limits-ofagreement analysis [99].
Reproducibility was evaluated by intraobserver variability (calculated through the
coefficient of variation of differences between the two observations). The significance of
the differences was evaluated with the F test for the equality of variances at p < 0.01 level.

27

SV = EDV – ESV, EF = SV / EDV
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7.1. Laboratory tests
Dog heart specimens (n = 6) with LV volume ranging approximately from 30
to 105 ml were scanned using the rotational (“propeller”) acquisition technique in a
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Figure 7.1. Delineation of the endocardium by an expert in an image series scanned
from a dog heart specimen.

1

2

3

4

5

6

7

8

Figure 7.2. Delineation of the endocardium by computer in the same image series as in
Fig. 7.1. The computer knowledge-based system was not trained on this image. The
resulting computer outlines are superimposed on the filtered input tomograms.
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bath with 8.9% ethanol.

Five out of the 6 dog hearts were also used during the

computer system training (these laboratory tests were primarily intended for assessment
of appropriate functioning of the whole system). Laboratory conditions did not prevent
image artifacts caused by signal attenuation (i.e., dropouts) and noise (i.e., suboptimal
boundary definition). This indeed contributed to closer simulation of a realistic clinical
situation. All serial images were enhanced by histogram equalization and gray levels
were normalized to the range from 1 to 250.
Manual expert outlines (Fig. 7.1) were carried out in serial tomograms oriented
with an LV apex upwards, towards the tranducer. This simulated transthoracic rotational
scanning. Attenuation of ultrasound signal with depth resulted in an artificially thin
appearance of the lateral and septal walls (Fig. 7.1 slice 2 through 4) and complicated
delineation of the endocardium. The left ventricular outflow tract (LVOT) was often
not depicted.
Figure 7.2 shows the same tomograms with computer-generated outlines after preceding edge preserving smoothing by the CWTR algorithm (section 5.2.3). The algorithm
removed most of the noise and made the images more visually pleasant and the edges
more distinctive. Such images are, however, not clinically relevant and, therefore, were
not used for expert outlines. The differences between computer and expert outlines are
due to the combined influence of 1) initial placement of the MV and AP points28, 2)
local determination of the CWTR, 3) the “2D” relationship of nodes within a slice, and
4) the 3D relationship of nodes across the image volume.

28

The MV and AP points are not visible in most slices due to down-sizing of original
images for reproduction in the manuscript and because of superimposed LV delineations.
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Table 7.1. LV volume measurement from serial (8 long-axis section) scans in 6 dog
heart specimens using manual and computer delineation of the endocardium. The sheath
method served as a reference.
LV volume in dog hearts in vitro (ml)
Specimen

Manual delineation

Computer delineation

Sheath reference

1

105

105

104

2

28

27

29

3

87

89

87

4

92

91

91

5

53

53

53

6

65

63

64

Table 7.1 summarizes the results of LV volume measurement in specimens using
manual and computer delineation, and a sheath method for reference. Visual inspection
of the data reveals that the corresponding volume measurements are essentially the same.
This was confirmed by correlation and limits-of-agreement analyses presented in Figs 7.3,
7.4 and 7.5. The limits-of-agreement analysis (i.e., [reference – manual] measurements
plotted against the mean LV volume) demonstrated mean differences in the order of only
1 – 2 ml in all cases. Difference plots in Figures 7.4 and 7.5 have a pattern which may
impose the possibility of overestimation of LV volumes by computer as a function of
increasing mean volume. However, the ±2SD range is in the the order of only ±3 ml
in both cases. A large sample would be required for sufficient statistical power to test
this hypothesis.

The results show excellent precision and accuracy of measured LV volumes in specimens using the computer algorithm when compared to the gold standard and confirmed
appropriate functioning of all system components. There were also no statistical differences between volumes generated by computer and an expert.
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Figure 7.3. LV volume measurement in dog heart specimens: Manual delineation of the
endocardium versus the sheath reference method. Top: Linear regression. The regression
line (solid) is drawn with a 95% confidence band (dashed). (R2 = 0.99, RMSE = 0.58
ml, p < 0.001, y = 1.02x – 1.27). Bottom: Limits-of-agreement analysis. The horizontal
(solid) line represents the mean difference (bias). The dashed lines represent ±2 standard
deviation (SD) limits of agreement adjusted for the bias. (See text for details).
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Figure 7.4. LV volume measurement in dog heart specimens: Computer delineation
of the endocardium versus the sheath reference method. Top: Linear regression. The
regression line (solid) is drawn with a 95% confidence band (dashed). (R2 = 0.99, RMSE
= 0.97 ml, p < 0.001, y = 1.04x – 2.87) Bottom: Limits-of-agreement analysis. The
horizontal (solid) line represents the mean difference (bias). The dashed lines represent
±2 standard deviation (SD) limits of agreement adjusted for the bias. (See text for details).
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Figure 7.5. LV volume measurement in dog heart specimens: Computer delineation of
the endocardium versus manual delineation by an expert. Top: Linear regression. The
regression line (solid) is drawn with a 95% confidence band (dashed). (R2 = 0.99, RMSE
= 1.43 ml, p < 0.001, y = 1.02x – 1.52) Bottom: Limits-of-agreement analysis. The
horizontal (solid) line represents the mean difference (bias). The dashed lines represent
±2 standard deviation (SD) limits of agreement adjusted for the bias. (See text for details).
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7.2. Clinical tests
Two groups of patients were required for clinical tests: 1) the training group and
2) the testing group. Consecutive patients, routinely scheduled for echocardiographic
examination for evaluation of LV function and for various referral diagnoses, such as
stroke (i.e., to rule out a cardiac source of systemic embolization), cardiac murmur,
and hypertension, were considered as candidates for each group. Informed consent was
obtained from each patient. Based upon independent judgment of a clinician, serial
image sets obtained by the quick acquisition method were rejected if poor image quality
substantially compromised definition of the LV contour or if imaging axis significantly
deviated from the LV long axis (i.e., severe foreshortening). We observed an approximate
25% rejection rate. Most of the rejected data sets were from patients scanned with a
developmental version of a rotatable TTE transducer (Hewlett Packard). This hand-held
prototype probe was not yet optimized for the best imaging performance. Nevertheless,
it provided a unique oportunity to learn about feasibility of quick 3D image acquisition
from an apical window without custom holders and additional control devices.29 Scans
with a rotatable TEE transducer (Omniprobe by Hewlett Packard) had consistently
good image quality. Two or three 6-second acquisitions were typically performed for an
optimal coverage of the LV boundary in all slices and alignment of imaging and LV axes.
(1) The training group provided images for expert delineations of LV endocardial
contours in diastole and systole. These delineations were used in the learning algorithm
(section 6.1) to generate a database describing the average LV geometry and its variations.
The group (n = 11, median age = 64 years [min = 45 years, max = 81 years] )
included 8 patients with normal LV size and function and 3 individuals with wall motion

29

From a total of 30,521 patients, examined in the Mayo Clinical Echocardiographic
Laboratory in 1995, only 3,026 underwent also a TEE study, i.e., just 10%. This
explains our efforts to include the transthoracic rotatable transducer even at a price of a
compromised image quality.
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abnormalities, suggesting aneurysmal expansion of the LV in anteroseptal and inferior
regions.
Table 7.2. Left ventricular volumetric parameters estimated from the same testing group
of patients (Pt) as in Tab. 7.3 by the computer algorithm. Estimation of end-diastolic
(EDV), end-systolic (ESV) volumes and derived parameters (stroke volume (SV) and
ejection fraction (EF) was carried out in two sessions (I and II), two months apart. This
allowed to evaluate the influence of the intraobserver variability introduced by an initial
interactive definition of apical and mitral hinge points which is required by the computer
algorithm.
Measured volumetric parameters in human hearts in vivo (ml)
Computer delineation I

Computer delineation II

Pt.

EDV

ESV

SV

EF (%)

EDV

ESV

SV

EF (%)

1

200

136

64

32

204

141

63

31

2

136

86

49

36

139

84

55

39

3

136

94

43

31

130

93

37

28

4

140

86

54

38

138

79

59

43

5

130

78

52

40

132

76

56

43

6

175

74

100

57

177

72

105

59

7

94

32

62

66

91

40

51

56

8

105

56

49

46

111

62

49

44

9

165

90

75

45

163

84

79

48

10

119

53

66

55

113

50

63

56

(2) The results of repeated measurements of EDV, ESV, SV and EF from the testing
group are summarized in Table 7.2. Two individuals (number 1 with inferior wall akinesis
and number 3 with anteroseptal hypokinesis) were shared with a training data set, the
rest of the group (i.e., 8 patients) were tested for the computer algorithm. Two patients
(number 6 and 7) were scanned using a prototype TTE rotatable transducer, the rest
of the group was scanned with a TEE rotatable transducer. Three labels (i.e., one AP
and two MV hinge points) were interactively defined in each tomogram by an observer
trained in echocardiography. No further interaction with the algorithm was necessary to
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obtain computer generated outlines. Figure 7.6 demonstrates enhanced clinical images
with computer-generated outlines. It is apparent by visual inspection that the computer
outlines closely match expert outlines (Fig 7.7). The algorithm did not fail in regions with
missing boundaries and was not falsely attracted to strong edges along the mitral valve.
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Figure 7.6. Computer-generated delineation of enhanced images clinical images. Compare to identical data set outlined by an expert in the Fig. 7.7.

Manual outlines of clinical images done by an expert and Doppler techniques for SV
measurement were used as the reference for estimated absolute volumes (EDV, ESV)
and derived functional parameters (EF, SV).
Manual expert outlines were performed similarly to laboratory tests (section 7.1).
A delineation line started at the posterior mitral valve hinge point, continued around
(not through) papillary muscles, was drawn through trabeculae (not along their cavitary
surface) and across the LVOT toward the anterior mitral leaflet. The contour was closed
automatically by a straight line. This delineation technique was adapted from studies
employing similar rotational acquisition geometry [20, 53, 128]. Manual outlines were
117

7.

Laboratory and clinical tests

done in each tomogram of a series (i.e., no computer interpolation of expert outlines was
involved). Figure 7.7 depicts an example of a manually delineated image set.
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Figure 7.7. Serial (“propeller”) clinical scans of the human heart with expert outlines.
Notice high levels of noise and an incomplete definition of borders.

Doppler studies were carried out in the usual way [25]. Briefly, stroke volume
across the aortic valve was calculated by multiplying the cross-sectional area at the level
of the aortic annulus by the time-velocity integral of flow across that valve. Area was
calculated from the peak diameter at the insertion of the aortic valve leaflets in the
parasternal long-axis view, assuming a circular configuration. Outflow velocities were
obtained by pulsed Doppler echocardiography from the apex with the sample volume at
the level of the measured diameter. The resulting SVs were calculated using an average
of 5 measurements.
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Table 7.3 contains reference measurements using manual expert outlines (i.e., EDV,
ESV, SV and EF) and the Doppler method (SVD).
Table 7.3. Reference left ventricular volumetric parameters assessed in the testing group
of 10 patients (Pt). End-diastolic volume (EDV), end-systolic volume (ESV), stroke
volume (SV) and ejection fraction (EF) were calculated from manual outlines by an
echocardiography expert. A reference stroke volume by Doppler (SVD) was averaged
from 5 measurements. Patient number 6 appears to have a significantly higher SV than
the rest of the group (see section 7.2.2 for comments).
Reference clinical measurements (ml)
Manual delineation

Doppler

Pt.

EDV

ESV

SV

EF (%)

SVD

1

200

132

68

34

66

2

144

95

49

34

48

3

148

97

51

35

62

4

139

85

53

38

59

5

134

74

59

44

57

6

173

70

102

59

107

7

93

30

63

68

67

8

104

65

40

38

40

9

160

95

65

40

61

10

129

60

69

53

73

7.2.1. Absolute volumes and ejection fraction
End-diastolic volume measured by computer was closely correlated to that derived
from expert data (R2 = 0.97, RMSE = 6.08 ml, p < 0.001). The agreement analysis
revealed a small systematic underestimation of EDV by the computer algorithm with
respect to an expert (bias = 2.4 ml). The standard deviation (SD = ±5.76 ml) was,
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Figure 7.8. End-diastolic volume (EDV) measurement in human hearts in vivo: Computer versus manual (expert) delineation of the endocardium. Top: Linear regression.
The regression line (solid) is drawn with a 95% confidence band (dashed). (R2 = 0.97,
RMSE = 6.08 ml, p < 0.001, y = 1.02x – 4.76). Bottom: Limits-of-agreement analysis.
Difference of each pair of manual – computer measurements of EDV plotted against the
mean EDV value. The horizontal (solid) line represents the mean difference (bias). The
dashed lines represent ±2 standard deviation (SD) limits of agreement adjusted for the
bias. (See text for details).
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Figure 7.9. End-systolic volume (ESV) measurement in human hearts in vivo: Computer
versus manual (expert) delineation of the endocardium. Top: Linear regression. The
regression line (solid) is drawn with a 95% confidence band (dashed). (R2 = 0.96,
RMSE = 5.75 ml, p < 0.001, y = 1.01x – 2.62). Bottom: Limits-of-agreement analysis.
Difference of each pair of manual – computer measurements of ESV plotted against the
mean ESV value. The horizontal (solid) line represents the mean difference (bias). The
dashed lines represent ±2 standard deviation (SD) limits of agreement adjusted for the
bias. (See text for details).
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Figure 7.10. Ejection fraction (EF) measurement in human hearts in vivo: Computer
versus manual (expert) delineation of the endocardium. Top: Linear regression. The
regression line (solid) is drawn with a 95% confidence band (dashed). (R2 = 0.88,
RMSE = 4.08 ml, p < 0.001, y = 0.93x + 3.59). Bottom: Limits-of-agreement analysis.
Difference of each pair of manual – computer measurements of EF plotted against the
mean EF value. The horizontal (solid) line represents the mean difference (bias). The
dashed lines represent ±2 standard deviation (SD) limits of agreement adjusted for the
bias. (See text for details).
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however, small (Fig. 7.8).
End-systolic volume assessment demonstrated correlation (R2 = 0.96, RMSE = 5.75
ml, p < 0.001) and agreement (bias = 1.8 ml, SD = ±5.43 ml) characteristics similar to
those observed with EDV evaluation (Fig. 7.9).
Ejection fraction comprises, by definition, variation of both EDV and ESV which
resulted in slightly lower yet still highly significant correlation (R2 = 0.88, RMSE =
4.08 ml, p < 0.001). Expectably, however, the limits-of-agreement analysis demonstrated
compensation of the mean difference to a negligible value with a standard deviation
similar to that of original EDV and ESV measurements (bias = -0.3 ml, SD = ±3.95
ml) (Fig. 7.10).

7.2.2. Stroke volume
Statistical analysis of SV by computer versus Doppler (Fig. 7.11) revealed the lowest
although still significant correlation (R2 = 0.74, RMSE = 8.94 ml, p = 0.0013) and widest
range of agreement limits (bias = 2.6 ml, SD = ±9.12 ml) when compared to the remaining
SV measurement comparisons (i.e., manual versus Doppler and manual versus computer).
Patient number 6 (Table 7.3) positively influenced the correlation because the other results
of SV measurement were scattered within approximately 40 to 75 ml range. He was the
youngest individual in the group (18 years of age) and the only one who represented
higher cardiac output (approximately 6.5 liters/minute) by generating a mean SV = 103.5
ml with a heart rate of 63 BPM. Validity of these data was confirmed by stroke volume
calculation using Doppler flow measurement through the mitral valve.
Analysis of SV by an expert versus Doppler (Fig. 7.12) showed excellent correlation
(R2 = 0.93, RMSE = 4.65 ml, p < 0.001) and agreement (bias = 2.10 ml, SD = ±4.65 ml).
Comparison of SV measurement by an expert versus computer (Fig. 7.13) demonstrated very good correlation (R2 = 0.88, RMSE = 6.27 ml, p < 0.001) and agreement
(bias = 0.50 ml, SD = ±5.99 ml).
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Figure 7.11. Stroke volume (SV) measurement in human hearts in vivo: Computer
delineation versus Doppler. Top: Linear regression. The regression line (solid) is drawn
with a 95% confidence band (dashed). (R2 = 0.74, RMSE = 8.94 ml, p = 0.0013,
y = 0.80x + 9.90). Bottom: Limits-of agreement analysis. Difference of each pair of
Doppler – automated SV measurements plotted against the mean SV value. The horizontal
(solid) line represents the mean difference (bias). The dashed lines represent ±2 standard
deviation (SD) limits of agreement adjusted for the bias. (See text for details).
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Figure 7.12. Stroke volume (SV) measurement in human hearts in vivo: Manual (expert)
delineation versus Doppler. Top: Linear regression. The regression line (solid) is drawn
with a 95% confidence band (dashed). (R2 = 0.93, RMSE = 4.65 ml, p < 0.001, y =
0.91x + 3.47) Bottom: Limits-of-agreement analysis. Difference of each pair of Doppler
– manual SV measurements plotted against the mean SV value. The horizontal (solid) line
represents the mean difference (bias). The dashed lines represent ±2 standard deviation
(SD) limits of agreement adjusted for the bias. (See text for details).
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Figure 7.13. Stroke volume (SV) measurement in human hearts in vivo: Computer versus
manual (expert) delineation. Top: Linear regression. Regression line (solid) is drawn
with a 95% confidence band (dashed). The line of equity is dotted. (R2 = 0.88, RMSE =
6.27 ml, p < 0.001, y = 0.93x + 3.92). Bottom: Limits-of-agreement analysis. Difference
of each pair of manual – automated outline SV measurements plotted against the mean
SV value. The horizontal (solid) line represents the mean difference (bias). The dashed
lines represent ±2 standard deviation (SD) limits of agreement adjusted for the bias. (See
text for details).
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7.2.3. Reproducibility
Reproducibility was tested through the assessment of correlation, RMSE, limits-ofagreement, and intraobserver variability of repeated measurements of absolute volumes
(i.e., EDV and ESV) and LV functional parameters (i.e., SV, and EF). The tests were
repeated 2 months after the first series to limit an influence of the previous experience.
The observer was asked to repeat marking of AP and MV points in the same set of
10 serial testing images. The rest of the procedure was performed by the algorithm
automatically, with identical setting of control parameters (i.e., the input weight wi ,
neighborhood radius r, number of training cycles t, and learning constant ; see section
6.2.4 for details).
Reproducibility of the EDV was excellent as shown in Fig. 7.14 from the high
correlation (R2 = 0.99), minimal RMSE = 4.30 ml, close agreement (bias = 0.20 ml, SD
= ±4.19 ml), and variability of only 2.99 % (Table 7.4).
Reproducibility of the ESV (Fig. 7.15) was also excellent with R2 = 0.97, bias =
0.40 ml and SD = ±5.06 ml. The RMSE = 5.23 ml was close to that of EDV. ESV is,
by definition, smaller than EDV (ESV represented 56% of EDV in our testing group).
The RMSE represented, therefore, a bigger fraction of the ESV. This is reflected by a
higher variability level (6.46%, Table 7.4).
Reproducibility of SV and EF (Figs. 7.16 and 7.17, respectively), although they, by
definition, combine variability of EDV and ESV, was high. Repeated assessment of SV
and EF showed R2 = 0.91 and 0.86, the RMSE = 5.81 ml and 4.15%, and variability of
9.13% and 9.76%, respectively. Limits-of-agreement analysis showed a negligible bias
(-0.3 ml and -0.1%, respectively).
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Figure 7.14. Reproducibility of the end-diastolic volume (EDV) estimated by the
user-initiated computer algorithm. Top: Linear regression. Regression line (solid) is
drawn with a 95% confidence band (dashed). The line of equity is dotted. (R2 =
0.99, RMSE = 4.30 ml, p < 0.001, y = 1.03x – 4.78). Bottom: Limits-of-agreement
analysis. Difference of the two EDV estimations plotted against the mean estimated
EDV value. The horizontal (solid) line represents the mean difference (bias). The
dashed lines represent ±2 standard deviation (SD) limits of agreement adjusted for the
bias. (See text for details).
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Figure 7.15. Reproducibility of the end-systolic volume (ESV) estimated by the
user-initiated computer algorithm. Top: Linear regression. Regression line (solid) is
drawn with a 95% confidence band (dashed). The line of equity is dotted. (R2 =
0.97, RMSE = 5.23 ml, p < 0.001, y = 0.96x + 2.74). Bottom: Limits-of-agreement
analysis. Difference of the two ESV estimations plotted against the mean estimated ESV
value. The horizontal (solid) line represents the mean difference (bias). The dashed
lines represent ±2 standard deviation (SD) limits of agreement adjusted for the bias.
(See text for details).
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Figure 7.16. Reproducibility of the stroke volume (SV) derived from computer-estimated
end-diastolic and end-systolic volumes. Top: Linear regression. Regression line (solid)
is drawn with a 95% confidence band (dashed). The line of equity is dotted. (R2 = 0.91,
RMSE = 5.81 ml, p < 0.001, y = 1.07x – 4.28). Bottom: Limits-of-agreement analysis.
Difference of the two corresponding SVs plotted against their mean value. The horizontal
(solid) line represents the mean difference (bias). The dashed lines represent ±2 standard
deviation (SD) limits of agreement adjusted for the bias. (See text for details).
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Figure 7.17. Reproducibility of the ejection fraction (EF) derived from computer-estimated end-diastolic and end-systolic volumes. Top: Linear regression.
Regression line (solid) is drawn with a 95% confidence band (dashed). The line of
equity is dotted. (R2 = 0.86, RMSE = 4.15 %, p < 0.001, y = 0.83x + 7.49). Bottom:
Limits-of-agreement analysis. Difference of the two corresponding EFs plotted against
their mean value. The horizontal (solid) line represents the mean difference (bias). The
dashed lines represent ±2 standard deviation (SD) limits of agreement adjusted for the
bias. (See text for details).
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Results of intraobserver variability of repeated measurements of EDV, ESV, SV, and
EF are summarized in Table 7.4 and compared to reported inter- and intraobserver variabilities of these parameters. The reported data indicated that variability of 3D echocardiographic functional evaluations by expert outlines is similar to 2D echocardiography
and cineventriculography, except of EF, where the 3D method performs better than 2D
echocardiography. The 3D computer system described in this thesis outperformed the
reported methods in reproducibility of EDV. Differences in the remaining parameters
were statistically insignificant.
Table 7.4. Comparison of reported and measured variability of end-diastolic volume
(EDV), end-systolic volume (ESV), stroke volume (SV) and ejection fraction (EF).
Reported techniques included cineventriculography (Cine) as a clinical standard, 2D
biplane echocardiography, and 3D echocardiography (a spark-gap system) with manual
outlines of serial tomograms. The results are presented in light-shaded [5] and
dark-shaded [7] cells. Data tested in this thesis represent intraobserver variability of
absolute LV volumes and functional LV parameters assessed through the computer
algorithm. (N/A = not available)
Variability (%)
Reported

EDV

ESV
SV
EF

Thesis

Interobserver

Intraobserver

Intraobserver

Cine

9.4

5.7

N/A

2D Echo

11.1

6.3

N/A

3D Echo

10.6

6.7

2.99

Cine

9.2

6.7

N/A

2D Echo

9.3

6.4

N/A

3D Echo

8.9

5.6

6.46

3D Echo

N/A

N/A

9.13

2D Echo

26.1

N/A

N/A

3D Echo

10.3

N/A

9.76
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7.3. Discussion and conclusions
The results of computer estimation of EDV, ESV, SV and EF demonstrated excellent
precision and accuracy when compared to corresponding measurements done by an
expert. A small systematic underestimation of absolute volumes calculated from computer
outlines (1.8 to 2.4 ml) is negligible from the clinical view point and can be explained by
an inherent tendency of the self-organization process to distribute nodes slightly closer
to inner surface of an ellipsoidal or spherical shell, represented here by the CWTR
(see description of the shift effect in section 6.2.4 for more details). The systematic
underestimation is expressed even less in the resulting EF and SV values.

These

functional parameters are known to partially compensate for the bias in absolute LV
volumes. A slight deviation of the regression line from the line of equity (more apparent
in the EF than in SV regression analysis, Figs. 7.10 and 7.13, respectively) suggests a
tendency to computer underestimation of the functional parameters with increasing heart
performance. However, this tendency was not statistically significant (high correlation at
p < 0.001, line of equity encompassed in corresponding 95% confidence bands).
Precision and accuracy of computer SV measurements were not as high as precision
and accuracy of expert SV estimations when compared to Doppler as a clinical reference.
Random errors in interactive definition of AP and MV hinge points in original EDV and
ESV image sets, especially in those with the compromised quality, could be partially
responsible. These pictures were, however, still quantifiable by the clinician’s judgment.
As far as the Doppler method used as the reference: Doppler velocimetry is considered a precise and accurate clinical method. Difficulties and controversies appear to lie
with determination of a relevant area of flow by noninvasive methods which may cause
up to 15% variability of measured SVs [129, 130]. Besides variability of the Doppler reference measurements, some differences could be due to the fact that the Doppler method
reflects a physiologic (beat-to-beat) change in cardiac output, while SV derived from
EDV and ESV corresponds to values obtained at a single point of time. The results
133

7.

Laboratory and clinical tests

indicate that expert estimation of SV is superior to computer measurement when Doppler
is used as a standard. Mutual comparison of expert and computer SV measurements
showed, however, very good correlation and agreement which (indirectly) indicates that
some of the disagreement between the computer and Doppler methods was caused by
the variability in Doppler measurements.
Reproducibility of absolute volumes and derived LV functional parameters was within
clinically useful ranges. Comparisons to a clinical standard (cineventriculography) as
well as 2D and 3D echocardiography involving manual LV outlines by an expert in
Table 7.4 showed that the computer algorithm generates data with same (ESV, EF) or
even lower (EDV) variability. We found (by a retrospective visual inspection of the
original serial images) that the intraobserver variability of ESV measurements was very
likely compromised by poor definition of MV hinge points in the two sets of systolic
tomograms acquired by the experimental TTE rotatable transducer. Future acceptance
criteria must include sufficient definition of MV hinge points for reliable interaction
with the algorithm. Repeated measurements of EF and SV exhibited a lower level of
correlation than each of the original parameters. This indicates that errors in repeated
assessments of EDV and ESV were random rather than correlated.
In conclusion, laboratory and clinical tests demonstrated that rapid image acquisition
combined with knowledge-based computer 3D reproduction of the LV cavity, which
involved only minimal user interaction, represents a feasible technique for assessment of
LV volumes. The 3D approach capitalized on mutual spatial relationships of individual
nodes that sample endocardial surface. Unlike single plane, biplane or non-interrelated
multiplane methods, the inherent smoothing (spatially averaging) effect of the modified
SOM algorithm provided stable results whenever high levels of noise or image dropouts
disguised the clues about true endocardial boundary.
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8. Summary of the results, discussion
and future directions

This dissertation work is a comprehensive analysis of 3D laboratory and clinical
quantitative echocardiography. The thesis 1) establishes standard procedures for quantitative 3D echocardiography validation, 2) describes new quick 3D image acquisition
techniques, 3) examines discriminating power between blood pool and muscle in numerous texture features which are relevant to ultrasound images, 4) derives a special order
statistic filter for computation of the probability of the presence of the CWTR region, and
5) introduces a new, trainable knowledge-based algorithm for LV cavity boundary mapping in 3D. The complete system is 6) tested on laboratory and clinical images through
calculation of diastolic and systolic LV volumes and derived functional parameters. A
diagrammatic review of the thesis research is provided in Appendix D.

8.1. Summary of the results
(1) An 8.9% solution of ethanol at 20 C best satisfies the requirement for a practical
transmission medium with 1540 m/s propagation speed of sound. The fluid and sheath
techniques are precise, accurate and reproducible reference standards for laboratory
validation of 3D quantitative echocardiography (section 2.4).
(2) We introduced six-second image acquisition using continuously rotatable commercial transducers. This approach represents a quick, clinically feasible method for
serial tomogram collection. The clinically negligible time requirement allows one to
repeat image collection if a better view is found and yet prevents undesired delay of
the echocardiographic exam. The current limitation to heart rates over 60 bpm could be
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overcome by controllable transducer rotation speed. The method is potentially useful for
4D cardiac imaging and high resolution imaging of static organs (section 3.3).
(3) We showed through measurements of the impulse response at various locations
in echocardiographic sector images with 1pixel = 0.342 to 0.457 mm calibration and 12
to 16 cm depth of field that windows of 9

9 to 25

25 pixels are optimal sampling

dimensions for texture analysis (and mathematical operations on images in general)
with respect to a resolution cell size. We found, by analysis of discriminating power
through measurement of Mahalanobis distance, that texture features related to overall
pixel intensities (rather than just to pixel runs, for example) are highly discriminative for
separation of the myocardium from blood pool areas (section 4.4).
(4) Using order statistic, we derived a ranked order filter, called HiLomean which
operates on noise data, preserves edges, is gradient direction invariant, and responds
with image intensities in proportion to the probability of the presence of the cavity-towall transition region (CWTR). A robust CWTR detector resulted when the HiLomean
filter was combined with median filtering, histogram equalization and gray scale range
normalization (section 5.3).
(5) We developed a novel knowledge-based system for delineation of the LV cavity
boundary in 3D from sparse and noise-prone data. The system combines quick image
acquisition and automatic CWTR detection with a a) learning algorithm, b) standardized
database, and c) performing algorithm (refer to Fig. 6.1).
(a) The learning algorithm creates a priori statistical knowledge about an average
LV geometry and its local variations, based upon iterative training on expert endocardial
outlines of various hearts.
(b) The standardized database is a lattice of 48

49 nodes. Each node represents

local spatial coordinates of LV endocardial surface. The database stores and retrieves LV
surface description with a various spatial resolution while keeping its internal architecture
(number and linking of nodes) constant.
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(c) The performing algorithm generates 3D mapping of LV endocardial surface. It
employs the a priori knowledge about various LV geometries to find out, from initially
user-defined AP and MV points, how is the LV oriented and what is its size in a
presented 3D input image. From this point, the algorithm operates automatically. Using
the CWTR detector and a modified self-organization process, it determines an optimal
position of each node in 3D space. Direct, cross, and diagonal links relay information
about individual positional adjustments of winning nodes to their immediate neighbors.
This 3D neighborhood relationship and the knowledge where to look for the LV boundary
establish resistence of the system to image noise and artifacts (section 6.3).
(6) Laboratory tests confirmed appropriate functioning of all components of the
system. Clinical tests demonstrated excellent precision and accuracy of EDV, ESV and
EF. Slightly lower precision and accuracy of SV could have been partly related to the
fact that Doppler measurements were used as the standard. Reproducibility of EDV was
significantly better than in other 2D and 3D echocardiographic method and in a clinical
standard (cineventriculography). Reproducibility of the remaining functional parameters
was comparably good (section 7.3).

8.2. Discussion
With respect to the previous art, the advantages and disadvantages of individual
components of the system can be discussed as follows.

8.2.1. Advantages
(1) Application of the developed standard techniques facilitates comparability of
results.
(2) The quick image acquisition technique is currently the most feasible and quite
sufficient method of 3D data collection for LV function analysis with commercial rotatable
transducers. The technique avoids special transducer holders, driving units, and electronic
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devices, thus making acquisition easy and preventing additional spending.
(3) Texture features based on mean gray levels are computationally inexpensive yet
demonstrated the highest discriminating power.
(4) The HiLomean filter combines the best properties of mean and median filters
and thus significantly reduces image noise and preserves edges. In addition, it exhibits
superior performance when compared to a conventional Sobel edge operator.
(5) The learning and performing algorithms capitalize on the 3D nature of acquired
data. The a priori knowledge about a possible LV shape is fully utilized without limiting
the system to specific LV shapes, sizes or ultrasound projections. More than just the
statistical description of the variance of LV geometry may, however, be necessary for
development of a fully automated system for LV function and shape analysis. A standardized database for geometrical description of the LV prevents storage of an enormous
amount of data related to the variability of the LV thus fostering an efficient performance.
The database is designed to accommodate data from scans with varying slice resolution.
Several separate databases may, however, be required to cover the wide variety of LV
shapes under various clinical conditions such as the normal versus locally dilated versus globally dilated LV. Appropriate database selection would be made according to the
referral diagnosis and routine echo examination. Minimized user interaction facilitates
objectivity of results and prevents time consuming and tedious manual delineation. The
modified self-organization process works completely autonomously with the initial set
of optimized parameters. The algorithm is designed for maximum flexibility and is thus
potentially applicable to other cardiac chambers.

8.2.2. Limitations
(1) The fluid reference technique is not applicable in hearts with pathologic communications and the sheath technique requires some practice (this, however, can hardly be
considered as a major disadvantage).
(2) The quick acquisition method assumes regular cardiac rhythm and negligible
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probe acceleration and deceleration times. Simultaneous reading of the actual rotational
position of the transducer will avoid this disadvantage.
(3) Classification based on mean gray levels does not utilize textural properties of
tissues. They, however, are affected by the presence of speckle in ultrasound images.
(4) The HiLomean filter exhibits a tendency to checkerboarding which is suppressed
by appropriate rank selection and image preprocessing by a median filter. Median filtering
is relatively computationally costly due to required ordering.
(5) The algorithm requires manual placement of three points in each slice which is
not very time consuming, but is a potential source of subjective errors. Ultimately, the
similarity of adjacent slices will allow to limit interactive labelling of these points only to
the first and perhaps last slices and an “auto-detection” algorithm will subsequently label
the points in remaining tomograms. A completely automated algorithm is imaginable too.

8.3. Clinical use of the results and future directions
Patients examined in the Mayo Clinical Echocardiographic Laboratory represent a
combination of a tertiary care referral practice and a local community-based population.
Ischemic heart disease (IHD) is quite prevalent and regional wall motion abnormalities
are identified in greater than 20% of all patients studied. Valvular heart disease is also
prevalent. For example, aortic stenosis is seen in 10% of patients studied and mitral
stenosis in 2%. Approximately 9% of patients have congenital heart defects including
atrial septal defects.
The novel 3D echocardiographic quantitation is expected to provide more accurate
measures of cardiac function and generate reproducible results in groups of patients
and in individual patients. The method will be used to quantify systolic and diastolic
LV volumes, regional wall motion abnormalities, and presumably the infarcted surface
area in patients with IHD to determine management approaches without waiting for the
139

8.

Summary of the results, discussion and future directions

natural development of the disease. 3D morphological and functional studies in patients
with cardiomyopathy, valvular disease or congenital heart defects should contribute to
decisions of medical versus surgical treatment as well as help evaluate the management
option. Using intra- and postoperative scans, the technique could be used for assessment
of cardiac performance in patients during and after surgery. Additionally, quick image
acquisition and processing should assist in investigative (biopsy) and therapeutic (electric
ablation, cryotherapy, etc.)

clinical interventions.

General approaches to computer

generation of a cavitary cast should be applicable to evaluation of cardiac chambers other
than LV and, after some modification, to determination of various cavitary or spherical
formations (cysts and tumors, respectively, etc.) visualized by a clinical ultrasound.
After appropriate clinical validation, 3D stereograms of the heart in various phases of
the cardiac cycle should become an integral part of the patient report to promote sharing
of information about complex anatomic relationships. Compressed complete 3D images
of the heart will be archived for retrospective morphologic and functional evaluations.
More comprehensible 3D images as well as more accurate and repeatable LV volumetry should have a major impact on cardiovascular research and clinical investigations.
Quantitative 3D echocardiography will ultimately improve the quality of diagnosis, treatment, and follow-up of patients with cardiovascular diseases, and is expected to reduce
the need for invasive studies thus decreasing risk to the patient.
This research was targeted to evaluation of volume as an indicator of LV function.
The knowledge-based algorithm generates, however, spatial (3D) and temporal (diastole,
systole) mapping of endocardial boundaries. Extension of this work to spatial and temporal assessment of LV shape in normal and diseased hearts would bring new qualitative
and quantitative information about morphology and function, respectively, such as LV
remodeling after myocardial infarction or endocardial surface area associated with ischemic region of myocardium. Detection of pericardium, in addition to endocardium,
would allow spatial and temporal mappping of LV wall contractility.
The dissertation work should initiate research aiming at a quick, user-friendly, highly
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automated, computer-assisted assessment of cardiac performance.

Multidimensional

quantitative analysis of the heart should not be limited to traditional dimensions involving
spatial and time components, such as dynamic 3D imaging. It should eventually go
beyond this limit and convey information which is currently difficult to assess, such as
expression of local functional differences in follow-up studies.
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Markovian features
Markovian features (MF) are based on a gray level transition probability matrix

PL (0=0) PL (0=1)
PL (1=0) PL (1=1)
:
:
:
:
PL (N=0) PL (N=1)

MMF =

:::
:::

PL (0=N )
PL (1=N )
;
:
:
::: PL (N=N )

(17)

where N is the number of gray levels and each matrix element PL (i/j) is defined as
the conditional probability of gray level i occurring L pixels after gray level j occurs [76].
Parameter L is called a step size; the bigger the step size the less high resolution texture
information is involved in calculation. (Names of individual features were spelled out
in Table 4.4).
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are the standard deviations of Px (i) and Py (i), respectively.

Run length features
Run length features (RLF) extract texture information from gray level runs in an
image. Consecutive pixels of the same gray value in a given direction constitute a run.
The numbers of runs of different lengths and gray values form a run matrix

MRLF

=

P (n; m); 1

n

N; 1

m

M ;

(18)

where M is the longest run and P(n, m) represents a number of runs having length m
at gray value n [75]. Reduction of the number of gray levels (N) speeds up the algorithm
(the run matrix MRLF is then smaller), but the high resolution information is reduced, too.
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High Gray Level Run Emphasis (HGRE ) =
where
s is a total number of runs in the image, and
z is a number of pixels in the image.
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Appendix B: The self-organizing maps
— basic concepts
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Figure B.1. Principles of the self-organizing map (SOM). The goal of SOM training
is to distribute its nodes so that they best represent target shape (here illustrated by an
ellipse). Panel A: A one-dimensional map with nodes k1–k9 organized in approximate
circular initial shape. Panel B: The node nearest to a presented input vector is declared
the winning node (*) and moved by a fractional distance, defined by an actual status of
a learning parameter , toward the input vector. Neighbors of the winner move too: the
parameter controls what fraction of nodes will move and by what part of the distance
toward the input vector (i.e., more remote neighbors move more, but not all of them are
necessarily activated). Panel C: After multiple training iterations, when approached
zero or almost zero, and all input points have been presented to the map many times, the
map conforms to the shape of the feature space (i.e., an ellipse). It makes no difference
if the nodes were initially placed inside or outside of the ellipse. They will eventually
conform in a same way and will tend to reside closer to the inner edge of the ellipse
(see shift effect, section 6.2.4).
The self–organizing map algorithm (Fig. B.1) was introduced by Kohonen in the
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mid–1980s [131]. Medical applications have been reported only recently [91]. The SOM
is a type of a neural network which maps input data, defined by input vectors, from an
n-dimensional space onto a lattice of nodes in an m-dimensional space (where m ≤ n) in
an ordered fashion. The geometry of the lattice is fixed, and the nodes have neighborhood
relationships defined on the lattice. Each node ki has an associated reference vector, called
an internal state vector, tki , which can be considered to be a position (i.e., a coordinate
of a node) in the n-dimensional input space. These internal state vectors ultimately
represent a vector quantization of the input space (i.e., a 3D distribution of image points
representing endocardium). The usefulness of the network is that the internal state vectors
fit themselves to the probability distribution of the input vectors while preserving local
neighborhood relations, i.e., nearby points in the input space tend to map to nearby
points on the lattice. The starting value of the internal state vector of each node may be
random or represent some initial shape. Adequately selected initial shape (i.e., circular,
cylindrical, ellipsoidal, etc.) represents a priori knowledge about target shape. This
knowledge facilitates the network training speed and the appropriate spatial distribution
of individual nodes in the input space.

Training the SOM consists of adapting the internal state vectors based on input data
samples. This is accomplished by presenting an input data sample Xj (i.e., an image
point) to the network. The Euclidean distances between this input vector and the internal
state vectors are calculated, and the closest node is declared as a winner. The internal
state vector of this winning node is adapted by being moved from its current position
toward the input vector by some fraction of the distance. This fraction is controlled by
a learning parameter

which monotonically decreases from its initial to final value as

training proceeds. Training can be described by the formula
tki

= tk + (Xj
i

) 0

tki ;

1;

(19)

where tki is a new internal state vector of a node ki , updated by a fractional distance
between the input vector Xj and the locus defined by the original internal state vector tki .
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Initial and final values of

are set by the user. The initial value of

in a general SOM

can be anywhere between 0.5 to 1.0 and the final value between 0 to 0.1, for example.
The actual status of

influences the magnitude of node position adjustment during SOM

algorithm iterations. If the target shape is a priori known, the initial value of

can be

even lower, say between 0.3 and 0.5, because the self-organization phase starting from
random internal state vectors is avoided. A finite number of iterations or training cycles
is also set by the user and guarantees that the algorithm will eventually stop. Nodes in
the lattice which are in the neighborhood of the winning node have their internal state
vectors adapted as well. The neighborhood radius influences smoothness of the resulting
contour and thus prevents an excessive position of a node. Weights can be associated
with the input vectors to force greater adaptation to samples representing the target (i.e.,
the endocardial border). The map is called self-organizing because the internal state
vectors of the nodes, even if initially random, organize themselves to approximate the
probability distribution of the object input vectors.
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Parameters which need to be set for appropriate self-organizing map (SOM) algorithm
functioning include:
a) input vector weight wi
b) neighborhood radius r,
c) number of training cycles t, and
d) learning parameter

.

(a) Input vector is weighted by the probability P of the presence of the cavity-to-wall
transition region. The weight is determined by the CWTR detector and valued from 0
to 1. To facilitate attractiveness of the CWTR region, the probability range is skewed
towards larger values by taking a square of the probability, i.e., P2 . In the implementation
of the algorithm, the weight is represented by repeated presentation of the input vector.
We found experimentally that for our configuration30 the attractiveness of an input vector
becomes significant if it is presented 10

more than the rest of input vectors. The

weight wi of an input vector i is calculated as

w = int
i

10P 2

;

(20)

where int() means an integer value. It follows from the equation (20) that an input
vector with the probability

P <

0:1

0:32 will not be considered for repeated

30

Average number of slices = 8, nodes per slice = 17, training cycles per node = 300,
and typical number of 10,000 to 100,000 input vectors (depending upon the size of the
ROIs).
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presentations. This effectively prevents unwanted movement of nodes towards locations
with small probabilities of being the CWTR region.
(b) Neighborhood radius is set to r = 1 by default. This means that only immediate 8
neighbors of a winning node are considered.31 We found experimentally, that this radius
represents an optimal trade-off between shaping and smoothing (see chapter 6.2.4). Actual
adjustment of neighborhood node position is calculated from azimuthal and elevation
components of the winning node vector. The azimuthal angle is measured across slices,
the elevation angle is measured within a slice along the outline. This adjustment is
limited by the corresponding ROI size — the neighborhood node is not allowed to move
beyond the ROI boundary in any direction.
(c) and (d) The optimal number of training cycles and value of the learning parameter
were found through a minimization process represented by convergence of geometry
of a computer-generated cast to an expert-generated cast. The convergence was assessed
through subtraction of the two binary coded image volumes. The image set has not been
previously used for learning about LV geometry (i.e., the LV was new for the computer
database). The difference image resulted in a 3D difference shell with locally varying
thickness. A total volume of the shell was assessed. The number of training cycles was
tested from 1 to 3000 and training parameter

was evaluated from 0.3 to 0.9 converging

always to 0.1, as it has been recommended [111]. The results are plotted in Figure C.1
and show that the modified self-organizing process converges to minimal volume of the
difference shell after 300 iterations. This number of training cycles was therefore used
in our experiments, although a relatively small difference shell volume was achieved
only after 100 cycles and than mildly undulated due to oscillation of nodes around their
final positions.

31

Each node is mapped on a rectangular lattice; its neighbors in diagonal directions
are, however, also considered.
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Figure C.1. Volume of the difference shall between an LV cast reconstructed from expert
outlines and a cast reconstructed from computer-generated outlines. Minimum shell
volume was reached after 300 iterations of the self-organizing process. Selection of the
learning parameter influenced the minimization process in initial cycles and was not
critical for final approach to the minimum.

Varying values of , which determine the rate of a node approach from the average
to final position, influenced the convergence process only in initial stages, approximately
up to the 10th iteration. After that, the results were independent of

value selection.

This can be explained by the fact that the node were after placement to average position
and executing only 1 iteration of the SOM algorithm already fairly close to the final
delineation (Fig. C.2). The smallest value (i.e.,
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A

B

Figure C.2. Computer-generated outline of a dog heart echo tomogram. A, An initial
outline after node placement to average positions and execution of 1 SOM training cycle.
B, Status after 300 self-organizing cycles. Delineation is driven not only by attraction to
the cavity boundary, but also by mutual relationship of immediately neighboring nodes.

Measurement of the difference shell volume was used to adjust control parameters
t and

. Similarity in absolute volumes would not help because shape and volume are

independent.32 Analogous study may be necessary to adjust the control parameters for
a different application of the algorithm (such as delineation of the right ventricle, etc.).
Modification of control parameters and algorithm execution can be easily done through
the user interface (Fig C.3) provided by a Khoros software environment.

32

Absolute volume of the expert outlined cast was 226,007 voxels while the computergenerated cast contained 227,397 voxels after 300 training cycles with = 0.3 (1 voxel
0.0002331 ml, difference in volumes = 1490 voxels 0.35 ml. Compare to the volume
of the difference shell which was in the order of 20.000 voxels).
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Figure C.3. User interface (Khoros) for adjustment of parameters controlling the
self-organization process. Optimal values were set as defaults and do not have to be
changed unless specifically required. The computer LV delineation system is activated
just by specifying appropriate input and output file names and clicking at the Execute
button.
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Figure D.1. A diagram of the thesis research. The core is a knowledge-based system
for LV boundary mapping which can be thought of as an apparatus with input (serial
echocardiograms, collected with rotatable transducers), output, and a switch between
learning and performing modes. Preliminary studies and validation tests are illustrated
in ellipses on the right side and at the bottom, respectively. (CWTR = cavity-to-wall
transition region, LV = left ventricle, RC = resolution cell, SOM = self-organizing maps)
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