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Chapter 1

General introduction

This first chapter presents a general introduction to this doctoral thesis. Section 1.1 deals
with the motivation for the application of quantitative thallium scintigraphy of the left
ventricle. The history of this noninvasive evaluation method for the myocardial function
is briefly outlined in § 1.2. The hardware, software, and the acquisition protocol applied
to gather the input data for the quantitation method described in this dissertation are
presented in § 1.3. Finally § 1.4 gives an introduction to the following chapters of this
dissertation.

1.1 Motivation

Coronary artery disease is one of the major causes of death in Western Europe and
the United States of America. Exercise electrocardiography has proven to be useful in
evaluating this disease, but does not give a precise indication of the position and size of
the affected myocardium. On the other hand coronary contrast angiography is a precise
method to detect artery lesions, but being an invasive method not suitable for screening
large numbers of patients or for serial studies. Myocardial imaging using radionuclides to
detect the severity and extent of coronary artery disease has become rather common in
cardiology. This scintigraphic imaging technique is especially of value in those cases where
the results of other noninvasive methods, e.g. (exercise) ECG analysis, are ambiguous or
suspect [Melin, 1984], or when quantitative measurements are required.

Although a skilled human observer can interpret the scintigrams visually, better
results can be obtained by computer aided analysis of the images [Maddahi, 1981). The
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computer programs used in this analysis provide us with a quantitative measurement of the
distribution of the radiopharmaceutical within the myocardium. In general, this computer
aided analysis of the scintigrams of the left ventricle is found to be more sensitive and
more specific for multi-vessel ischemic lesions than mere visual interpretation.

This dissertation describes the quantification of myocardial perfusion defects in planar
Thallium-201 scintigrams. Edge detection in low signal-to-noise images, and quantitation
of the distribution of thallium within the left ventricular myocardium are keywords in this
work.

1.2 Myocardium perfusion scintigraphy

Love (1954) first demonstrated the myocardial accumulation of radioactive potassium and
its analogs. Carr (1962) indicated the potential clinical application of this observation for
imaging the myocardium. They demonstrated that significant imageable radioactivity was
present in the normal left ventricle and that zones of decreased or no radioactivity could
be detected in the canine heart subjected to experimental myocardial infarction.

Table 1.1. Physical and biological properties of 201Tl.

physical half-life:

energy:
X-rays:
7-rays:

radiation burden:
whole body:
kidneys (critical organs):

effective (whole body) biological half-life:

95% blood clearance time:

extraction fraction during first pass
through coronary circulation:

73

68- 80
135 and 167

0.056
0.032

57

5

88

hours

keV
keV

/<Gy/MBq
jtGy/MBq

hours

minutes

%
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The regional myocardial uptake of radioactive potassium is based upon two inter-
related factors: regional blood flow (supply) and extraction. The latter, which depends
on energy utilization, membrane ATPase, and active transport, is also flow dependent.
Therefore acute myocardial infarction and ischemia -caused by total or partial occlusion
of a coronary artery- and scars of previous infarction can be visualized by radioactive
potassium [Zaret, 1977].

Kawana (1970) suggested the use of the radionuclide Thallium-199 in nuclear medicine.
The distribution within the organs [Gehring, 1967) and the neurophysical function [Mullins,
1960] of thallium is biologically similar to potassium. Other radionuclides proposed for
myocard scintigraphy are Cesium-129 and Rubidium-81.

Lebowitz (1975) and Bradley-Moore (1975) suggested the use of Thallium-201 (201Tl)
as a myocardial blood tracer, suitable for imaging using a gamma camera. Some of the
physical and biological properties of thallium are summarized in Table 1.1.

Fig. 1.1. 201Tl-scintigrams of a normal perfused and viable myocardium (left), and
an infarcted left ventricle (right).

Strauss (1975) demonstrated the relation between the distribution of 2O1T1 within
the left ventricle and the regional myocardial perfusion. Ischemic lesions and infarctions
appear as defects in the distribution of 201Tl (Fig. 1.1.). To distinguish between both
types of lesions, two images are required: one immediately after exercise, the radionuclide
being administered at peak exercise and a second after several hours of rest. Defects in the
exercise scintigrams which are not present in the redistribution images regard regions with
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mild to moderate ischemic lesions, while persistent defects are related to severe ischemic
lesions and irreversible necrosis.

Melin (1984) compared the sensitivity and specificity of this imaging technique to
the detection of coronary artery disease with the results of other noninvasive methods.
He found that scintigraphic imaging is especially valuable when the results of the other
methods are ambiguous or suspect. Scintigraphy also allows for quantitative measurements
of the affected myocardium.

Notwithstanding the low signal-to-noise ratio of these scintigrams, a skilled and
experienced human observer can visually interpret these images. Several methods to
enhance the scintigrams using computer programs, like filtering [Sebern, 1976] and
background activity subtraction [Goris, 1979; Watson, 1981], have been published. But,
even better results can be obtained by more sophisticated use of computers for the
analysis of the scintigrams, enabling quantitative measurements of the distribution of the
radiopharmaceutical within the myocardium [Maddahi, 1981].

Fig. 1.2. The distribution of thallium in the left ventricular wall (left) presented
as a circumferential profile (rigA.lt). Each curve point represents the mean density in a
radial segment.

Meade (1977, 1978) described quantitative methods to evaluate 2 0 ITl myocardial
perfusion images. Burow (1979) presented the use of circumferential profiles to describe the
distribution of 201Tl within the myocardium. To obtain these profiles the left ventricular
activity is measured along radii constructed from the center to each contour point of the
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left ventricle. These data are graphically presented as a function of the radial direction
(Fig. 1.2.).

Pretschner (1979) used a computer generated three-dimensional elliptical model of
the left ventricle to describe the distribution of 2O1T1 within the myocardium. Projections
of the model are computed by applying the measured point spread function of the whole
imaging system, consisting of the gamma camera collimator, the cristal and all electronics
inside, the connections between the gamma camera and the computer, and so on. These
simulated projections are then compared with the scintigrams of the real myocardium.
Prom the differences between the scintigrams and those simulated projections the activity
distribution function of the model is adapted, to produce projections of the model, which
are more consistent with the measured scintigrams of ths left ventricle. After some
iterations the model radionuclide distribution is assumed to bo equal to that of the left
ventricle.

23

- i 29

• A , .
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Fig. 1.3. The distribution of thallium in the left ventricular wall [left] presented as
a horizontal profile (right). The curve values represent the image densities at horizontal
lines.

Watson (1980) used horizontal profiles crossing preselected target regions of the
myocardium to temporally quantify the kinetics of 201Tl in the left ventricle (Fig. 1.3.).
Uptake and wash-out of the radiopharmaceutical are presented as a function of the time
passed since administration of the radionuclide. The curves are computed from the peak
activities in the profiles, assuming that those are the places of crossing the myocardium.
Numerical criteria for normal values and normal value ranges were established by analyzing
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the 201Tl distribution within the myocardium of 25 normal subjects [Watson, 1981). The
method was validated in a group of 140 patients with chest pain [Berger, 1981]. A
significant increase in sensitivity and specificity of the quantitative analysis compared
with the qualitative analysis, as well as the ECG analysis was shown.

Garcia et al (1981) also used circumferential profiles and established normal values
and ranges. The method was validated in a group of patients from their own institute [Van
Train, 1982] and in a multi-center trial [Van Train, 1986]. The latter study indicated that
standard normal limits can be applied using a variety of scintillation cameras without any
loss of accuracy.

Wackers et al (1985) presented a method comparable to the Garcia method (1981),
but concentrated on the analysis of the washout curve to be able to detect multi-vessel
coronary artery disease, showing a globally decreased uptake of thallium.

A more accurate localization of the distribution defects can be obtained by applying
a seven-pinhole collimator (Vogel, 1978], or a rotating gamma camera [Holman, 1979;
Maublant, 1979] for data acquisition. With these tomographic imaging modalities a three-
dimensional distribution of the radionuclide can be obtained. Qualitative comparison of
the tomographic and planar imaging techniques showed, at an equal specificity level, a
significant increase in the sensitivity in the case of the tomographic acquisition, except for
the 7-pinhole acquisition, for which it was remarkably lower. The overall accuracy of planar
and 7-pinhole acquisition showed nearly no difference, but was significantly increased when
using a rotating gamma camera [Tamaki, 1981; Maublant, 1982].

Garcia (1985) published some preliminary results of a method to quantify the
distribution of 201Tl in emission tomograms. Circumferential profile-analysis was applied
in oblique and sagittal slices and combined in a "bulls eye" image, a two-dimensional polar
representation.

1.3 Data acquisition and processing

The patient studies used to demonstrate the performance of the quantification method,
to be described in the next chapters, are acquired using a standard exercise and imaging
protocol. The required technical tools for the acquisition and analysis are described in the
next paragraphs.

The patient was stressed using a multi-stage bicycle protocol, increasing the load with
10 Watt per minute. Exercise was maximal, terminated only after the patient developed
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chest pain, exhaustion, serious arrythmia or hypotension. At maximum exercise a dose of
75 MBq (2 mCi) was injected intravenously and exercise continued for 60 seconds.

Imaging started 4 - 5 minutes after injection, beginning with an anterior view, followed
by a 35° left anterior oblique (LAO35) projection, finally a LAO70 view was taken. The
acquisition continued for a maximum of eight minutes or 500,000 counts, depending on
which was reached first. Redistribution scintigrams were acquired three to four hours after
2 0 l Tl injection.

Acquisition was performed using a low energy, high sensitivity parallel-hole collimator.
A 20 percent energy window was centered around the 80 keV mercury peak of 2 0 lTl.
No hardware zoom was applied. Data were stored in 128 x 128 matrices. No analog
scintigrams were recorded.

1.3.1 Gamma camera

The gamma camera used in this study is standard large field of view (35 cm) Toshiba
camera, type GCA 40A. The camera is equipped with 61 photomultiplier tubes and a 9.5
mm Nal(Tl) cristal. Almost all functions of this gamma camera, like window and energy
settings and nonuniformity correction, are still mainly performed by analog electronics.

1.3.2 Computer hardware

Data acquisition and analysis were performed by using a dedicated nuclear medicine
computer system. Its configuration consists of two MDS-A2 three terminal computer
systems, connected by the MDS Network (ethernet). Each system is also connected to the
hospital information system. This connection is mainly used for patient identification in
order to maintain a reliable patient data base on the A2-systems.

Each of the A2-systems consists of a NOVA-4 CPU of Data General with 128 kW
(16 bit) random access memory, hardware multiply/divide unit, three terminals, each with
a remote memory of 256 kW to be used for data acquisition, display and analysis. No
floating point hardware was available. One of the systems is also equipped with an array
processor.

For data storage the systems use 80 Mbyte disks. One of these disks is removable,
the other is of a fixed, Winchester type. Both systems are also equiped with one fixed and
one removable 5 Mbyte hard disk. A tape unit for longterm storage and exchange of data
is also available.
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Four gamma cameras and a dual photon bone mineral densitometer are connected to
this configuration.

1.3.3 Software

All acquisition and display software, the general purpose analysis programs and a part
01 the special organ analysis programs of the A2-configuration, as well as the interface
programs to the hospital information system were supplied by the system-manufacturer.
Furthermore the computer can be programmed using the FORTRAN-IV and assembler
language. User program development is supported by a large subroutine library to be used
for data analysis, display and input/output functions.

1.4 Introduction to the other chapters

Before proceeding to the quantification of the distribution of 201Tl within the myocardium,
the left ventricle must be delineated. Many contour detection methods commonly used
in scintigram analysis make use of local differences in count densities between object and
background. These differences do not exist or are less pronounced between regions with
perfusion defects and the background. Therefore, methods whose performance depends
strongly on those differences, cannot be applied in delineating the myocardium. To
determine the edges of the myocardium inclusion of prior knowledge of the shape of the left
ventricle seems to be necessary. In chapter 2 a general solution to the contour detection
problem based on the Hough transformation and an elliptical model of the left ventricle is
presented.

The application of the results of chapter 2 in an algorithm to detect the contour of
the left ventricle is described in chapter 3. Methods to select pixels for transformation and
to estimate the probability density function of the axis lengths of the elliptical model are
also described in this chapter. Finally, some results will be presented and discussed.

The distribution of the radionuclide within the contour can be described by application
of circumferential profiles. By comparing the computed circumferential profile with those
of normal subjects, humans with no evidence of coronary artery disease, segments of
the left ventricle with decreased bloodflow can be detected. Chapter 4 deals with this
quantification of the distribution of 201Tl within the myocardium. Some clinical examples
are presented.
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In practice, however, there is no real standard to compare with, and due to noise
and biological variations, it is not always possible to make a definite decision regarding the
presence of a defect in the distribution of the radionuclide. The value and limitations of the
developed quantification procedure are discussed in chapter 5. Some future developments
are suggested.



Chapter 2

Object delineation

The perfused and viable myocardium can among other things be imaged by the use of the
radionuclide thallium-201 [Strauss, 1974; Ritchie, 1977). IschemiC lesions and infarctions
then appear as defects in the distribution of thallium within the myocardium. This
scintigraphic imaging technique is especially valuable in those cases where the results
of other noninvasive methods, i.e. ECG-analysis, are ambiguous [Melin, 1984], or when
quantitative measurements are required. To quantify the distribution of the radionuclide
it is necessary to delineate the left ventricle, a process generally called image segmentation.
In this chapter a contour detection algorithm is derived based on the Hough transformation
[Hough, 1960).

Scintigrams are in general noisy, low resolution images. This noise, inherent to the
applied acquisition technique, can disturb the object delineation. Section 2.1 describes the
noise in scintigraphic images, and the acquisition factors which are of influence.

Many image segmentation techniques for medical and non-medical images have been
proposed. Some are very general applicable, others are designed for only a special
segmentation case. In § 2.2 a brief overview of contour detection methods is presented
taking in consideration both the signal-to-noise ratio in scintigrams and the aim of this
study.

When the shape of the contour to be found is analytically known, a transformation
can be applied to determine the unknown parameters. Section 2.3 introduces the Hough
transformation. Section 2.4 deals with the modelling of the left ventricular contour. In
§ 2.5 the feature vector transformation for elliptical objects is derived. Chapter 3 describes
an algorithm to implement the feature vector transformation of 2.5.
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2.1 Noise in scintigraphic imaging

The scintigraphic images are obtained by counting the events detected by the gamma
camera in a particular square area of camera cristal corresponding with the pixel location in
the image matrix. The number of events counted depends on the decay of the radionuclide.
The time interval between two events has a negative exponential distribution and thus the
number of counts acquired in a given period has a Poisson distribution. Therefore the
signal-to-noise ratio of these images is proportional to the square root of the counts per
pixel. This count density can be affected by the duration of the acquisition, the dosage of
radioactivity administered, the cristal area allocated to the pixel and several other patient
and gamma camera dependent factors. The latter may be different from patient to patient
and the kind of gamma camera used, but cannot be controlled in a given combination of
patient and gamma camera.

24 hours after injection approximately 50 % of the initial thallium activity remains
in the myocardial regions [Ritchie, 1978]. The effective whole body biological half-time
of Tl-201, is equal to 57 hr, with the kidneys being the critical organs [Atkins, 1977].
This long biological half-time implies a relatively high radiation burden and therefore the
amount of the radionuclide to be administered to the adult patient is limited to 75 MBq
(2 mCi). This radiation dose is considered to be "harmless" to the patient. Toxicity has
not been observed with this quantity of thallium. Toxic symptoms have been noticed at
about 10,000 times the dose normally given as radiopharmaceutical [Bradley-Moore, 1975],

Because of the rapid redistribution of thallium within the myocardium, leading to
decreasing visibility of the defects, the first acquisition, starting immediately after exercise,
must be finished as soon as possible [Makler, 1985]. Normally the acquisition will be
finished within 30 minutes after administration of the radionuclide. But even in this short
period of time there is already considerable redistribution of thallium within the muscle of
the left ventricle. The only possibility left to influence the signal-to-noise ratio is the pixel
allocated cristal area. The smaller this area, the more the scintigram will be degraded by
noise. When the allocated cristal area is increased by a certain factor, the signal-to-noise
ratio is increased by the square root of this factor. But by increasing this area the image
resolution is decreased.

The above-mentioned conflicting constraints result in rather noisy images. Pixel
densities in patient studies range from 25 counts in background areas to 100 counts in
normal perfused and viable myocardium, and thus the signal-to-noise ratios range from 5
to 10 counts per pixel in these studies. The mean object-background ratio in these studies
is close to 2. Even in this noisy environment the contour detection algorithm must be able
to find the right contour.
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2.2 Contour detection methods

Image segmentation techniques are widely applied in medical and nonmedical areas. Many
techniques have been proposed. Yearly an almost complete bibliography on picture
processing is published by Rosenfeld (1986).

Another survey [Fu, 1981] summarizes some popular techniques applied in biomedical
image processing. The relevant techniques are classified into three classes, (1) characteristic
feature thresholding or clustering, (2) edge detection, and (3) region extraction. The first
and the last group of methods are based on similarity of features, the methods of the second
group look for discontinuities in features. The first group of methods tries to define feature
thresholds in order to find pixels with similar features. This threshold can be defined
globally, or is based on some local properties of a pixel. Often the gray level of a pixel is
used as feature. In nuclear medicine an optical segmentation to support image reading, is
often performed by displaying only those pixels which have densities higher than a user
defined threshold. Other methods being proposed make use of a more objective threshold
selection scheme. Fu (1981) gives an overview of global and local threshold selection
methods. Segmentation methods based on characteristic feature thresholding are not very
sensitive to noise. Thresholding gives closed boundaries, although it is sometimes necessary
to smooth noisy boundaries. Clustering of characteristic features can be considered as the
multi-dimensional extension of thresholding.

The last group of methods locates regions with similar features. This group can be
divided into three subclasses, (1) region merging, (2) region dividing, and (3) a combination
of the first two subclasses (split and merge algorithms). A disadvantage of the merging
methods is their mostly sequential structure, making the results dependent on the starting
point and the order in which the regions are merged. All contour detection algorithms
based on region extraction are iterative methods and usually consume a lot of computer
resources.

Edge detection methods look for discontinuities in features. An edge can be defined as
a sudden change of a feature. This group can be divided into two subclasses, (1) parallel
techniques, and (2) sequential methods. Parallel edge detection means that the decision
whether or not a point is classified as boundary point depends only on its feature value
and the feature values in some neighborhood near that point. Sequential techniques also
take into account decisions made for previously considered image points, and therefore
will depend on the selected starting point and search direction. In general parallel edge
detection techniques can be broken down into two steps (1) edge element extraction and
(2) edge element merging. The first step highlights the change of the selected characteristic
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feature, and is performed in parallel. High emphasis spatial frequency filtering, gradient
operators and functional approximations are commonly applied methods. The second step
is generally carried out by (1) dynamic programming and heuristic search algorithms, (2)
relaxation techniques, and (3) line and curve fitting. Some of these merging methods can
also be performed in a sequential way. Most of the fully sequential techniques include edge
element extraction as part of the algorithm and therefore there is no need for a separate
process to extract edge elements. Because of their sequential structure the final result will
depend on the chosen starting point of the algorithm. Edge element extraction makes the
edge detection methods in general sensitive to noise.

Fig. 2 .1. The contour of this infarcted myocardium is only partially visible, due to
a decreased uptake of thallium.

Most of the methods used to delineate objects find the contour as it is visualized.
However, in our case where the size of the infarct or the ischemic lesion is to be determined,
it is the contour of the left ventricle that has to be found, which may be different from
the contour of the visualized part, especially in infarcted regions (Fig. 2.1). Inclusion
of some preliminary knowledge can guide the contour detection algorithm, but the final
result can still be a rather irregularly shaped, non-physiological contour. The more a-priori
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information about the contour to be found is added, the better the results to be expected,
but in most cases the algorithm also looses its generality. It can only be succesfully applied
for a selected class of objects.

The most important piece of a-priori information is the shape of the contour. This
information can be restrictive -like roundness, convexity, or the length of the perimeter- or
descriptive -for example circular, or elliptic- or it can be in a fixed form, i.e. a template.
When the shape is described by a model, only the position and orientation of the contour
and some scaling factors have to be determined, resulting in a contour with the shape of
the model and not necessarily of the object as it was visualized in the scintigram. The use
of parametric models to describe the contour will change the detection algorithm into a
parameter estimator.

The method described in this dissertation uses parallel edge element extraction,
followed by fitting an elliptical model.

2 3 The Hough transformation

Many methods to assess the parameters of a model using feature measurements have been
proposed. They can be classified into (I) global methods, and (2) local estimators. Global
methods use all available feature measurements in one single estimate of the parameters.
Most of these methods are based on minimizing cost functions. A widely used method is
the minimum squared error estimate, in which the sum of the squared differences between
the measurements and the model is minimized. Well-known problems entailed by these
methods are inversions of large (and often ill-conditioned) matrices.

Image

space

feature parameter

space space

prepro- Hough-like
ceasing transformation

cluster
analysis

parameter

value

Fig. 2.2. The Hough transformation maps feature vecton into the parameter space of
a set of parametric models. The transformation can be derived by inverting the general
parametric description.



16 Chapter 2: Object delineation

Local methods make use of only one feature vector measurement to estimate the
parameters of the model and then combine all the single feature vector measurement based
estimates into a final estimate of the parameters. The Hough transformation [Hough, I960],
which maps feature vectors of the object space into a subspace of the parameter space,
is an example of such a local method (Fig. 2.2). This transformation can be defined by
inverting the parametric form of the contour; then the parameters are a function of feature
vectors. In order to produce these feature vectors the image must usually be preprocessed.
The transformation will map feature vectors corresponding to the same contour into the
same point or region in the parameter space. Next clustering techniques are applied to
the parameter space. The resulting clusters correspond to contours in the original image.
Hough (1960) gave the first example of such a transformation used for detecting straight
lines.

All points on a line (Fig. 2.3) satisfy y = m^x + m2, for a certain value of (mi, m2).
Suppose an image is preprocessed by a local edge detection operator to produce a set of
feature vectors (X, Y, Y')r, where Y' reflects the direction of the edge at the point (X, Y).
The next two transformations can be defined:

m, = Y', (2-1)

and
m2 = -Y'X+Y. (2-2)

This transformation maps each feature vector into one point in the parameter space. All
feature vectors originating from the same line will map onto the same point (mi,m2) in
the parameter space. Each of point of the parameter space corresponds to a straight line
in the original image. After transformation of all feature vectors clustering techniques can
be applied to the parameter space to determine the best fitting parameter.

The Hough transformation and Hough-like transformations are mostly used as a
mean to detect lines. Duda and Hart (1972) have extended the transformation to detect
circles. Shapiro (1978) has published the following general scheme to develop a Hough-like
transformation for two-dimensional curves.

In general, consider a two-dimensional curve of arbitrary form:

y = F(w,x), (2-3)

where w is the n-dimensional parameter vector. When the feature vectors have the form
(X, Y, Y')r , where Y' = $£, two equations result:

Y = F(w,X), (2-4)
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Fig. 2.3. The line y — m.\X + mj will be mapped into a singie point {mi,mo)
of the parameter space. Noisy feature vectors, but originating from the same line, will
map into points close to (mi, ma), but not necessarily into one point. Cluster analysis
can be applied to determine the best fitting line.

and

V =
dF(w,x)

dx
(2-5)

x = X

Each feature vector leads to a (n — 2)-dimensional subspace of the parameter space. From

the intersection of all subspaces the best parameter vector can be estimated.

The two-dimensional contour of an object in an image can be viewed as a closed
curve. This type of curves are a subset of the set of all possible two-dimensional curves. If
a contour can be described in a parametric form, this scheme can also be used to develop
a transformation to find that contour in an image.
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2.4 Models of the left ventricle

Models of the left ventricle are used for several purposes, e.g. ejection fraction determi-
nation on contrast angiograms, wall stress analysis and computation of other parameters
related to the contraction and relaxation of the left ventricle, and for analysis and sim-
ulation of the distribution of thallium-201 within the myocardium. Dodge (1960,1966)
suggested an ellipse of revolution as model of the left ventricular volume. Davila (1966)
compared several models including (a combination of) spheres, cylinders and ellipsoids to
assess the volume of the left ventricle. An ellipsoid of revolution proved to be a reliable
and accurate reference figure. Rackley (1974) showed that this model can also be used to
describe the outer contour of the myocardium.

Fig. 2.4. The axis intersect definition of a plane in a threedimensional space. For
f0 = 0 the plane goes through the point (0,0,0).
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The models used for description of the mechanics of the left ventricle can be divided
in two groups: (1) mathematical models, and (2) irregular models. The latter are mostly
based on computer tomographic measurements of the myocardium in humans or animals
[Pao, 1976, 1978; Heethaar, 1977; Perl, 1986]. The mathematical models include spheres
and cylinders [Aarts, 1979; Feit, 1979; TSzeren, 1983], providing for a detailed description
of the mechanics, and ellipsoids of revolution [Streeter, 1970; Janz, 1974; Moskovitz,
1978; Yettram, 1979], emphasizing the geometric accuracy, but resulting in a less detailed
description of the mechanics.

A moving thick wall ellipsoid of revolution has also been applied for the description
of the activity within the myocardium. This model was used to simulate the scintigraphic
imaging of the left ventricle to study imaging parameters [Vos, 1982], and to assess the
influence of (partial) perfusion, scatter, and photon energy on the detection of lesions [Vos,
1986].

Pretschner (1979) used a static thick wall ellipsoid of revolution to describe the activity
of the myocardial wall. This model was used to estimate the three-dimensional distribution
of thallium within the myocardium.

The static three-dimensional ellipsoid is also adopted as model for the left ventricle
in this study. The acquired scintigrams are projections of this ellipsoid on an arbitrary
plane in the three-dimensional space. The contours of these projections can be derived as
follows.

Define the function S of x, y, and z:

where a, b, and c are the lengths of the semi axes of the ellipsoid, defined by £(x, y, z) = 0.

Define an arbitrary projection plane V (Fig. 2.4) in the three-dimensional space:

v0 - ViX - t>2y - v3z = 0 (2-7)

The normal vector v on this plane will be equal to

v = (v l ,v 2 ,v 3 )T . (2-8)

The contour of the projection of the ellipsoid on V will consist of the projection of the
subset W of points of the ellipsoid ( £ = 0 ) , whose gradients are orthogonal to the normal
vector v of the projection plane (inner product of v and gradient vector equal zero):

W={{x,y,z)\ £ = 0AtT-V£=0}. (2-9)
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For the inner product follows

„ „. dS d£ dt
v- V t = tii — + «2— + v3 —dx dy dz

= « 1 ^ + v 2 ^ + « 3 J = 0, (2-10)

which defines another plane in the three-dimensional space, passing through the center of
the ellipsoid. If t>3 is assumed to have a finite value unequal zero, then the next expression
for z can be derived:

[ ^ ) (2-11)
3 a

Substitution of Eq. 2-11 in Eq. 2-6 results in

4
a2

which can be rewritten as

The general form

« i i 2 + «2zy + «3y2 + u*x + u5y + u0 = 0, (2-14)

defines an elliptical cylinder in the direction of the /-axis, if (u?, -4uiU3) is less than zero.
Equation 2-13 fulfills this requirement. Any intersection of this cylinder and a plane, the
latter not being parallel to the Z-axis, defines a two-dimensional ellipse. The projection of
this ellipse on an other plane will again be an ellipse. Thus the contour of the projection
of the ellipsoid will be an ellipse.

The parameters of the ellipse to be determined are the length of the short and long
axes, the X- and Y- coordinate of the ellipses center and its orientation. The last parameter
can be defined as the smallest positive angle between the X-axis of the coordinate system
and the axes of the ellipse (Fig. 2.5).

2.5 A feature vector transformation to determine ellipses

In this paragraph a feature vector transformation shall be derived, which can be used to
compute the length of the axes of an ellipse. First it will be assumed that the object is
centered at the origin of the coordinate system and with the axes parallel to those of the
coordinate system. In § 2.5.1 an Hough-like feature vector transformation will be derived
for these ellipses. Rotated and non-centered ellipses will be dealt with in § 2.5.2. The
preprocessing of the image to produce feature vectors, to be used with the transformation,
will be presented in § 2.5.3. In § 2.5.4 the sensitivity of the transformation to small
disturbances is analyzed.
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2.5.1 Non-rotated ellipses with center at the origin

If an elliptical object is assumed centered at point (0,0) and its axes are parallel to those
of the coordinate system, the contour of the object can be described by

where a and 6 are the lengths of the semi axes of the ellipse. Differentiation of Eq. 2-15
results in

y'=-\-. (2-16)
a2 y

Prom Eqs. 2-15 and 2-16 the length of both axes of the ellipse can be computed:

a2 = a . 2 _ £ ^ ) (2-17)

and
b2 = y2-zyy'. (2-18)

If the image is preprocessed to produce feature vectors / = (X, Y, Y')r the following
transformations can be defined:

-o XY

and
B2(X,Y,Y') = Y2~XYY'. (2-20)

If a contour point is located on one of the axes, Y' becomes indefinite (plus or minus
infinity) or equal to zero. In that case the transformation can only be partially applied: if
the contour point is located on one of the axes, the other axis cannot be determined. The
transformation described by Eqs. 2-19 and 2-20 will map any feature vector / = (X, Y, Y')T

of which Y', the direction of the tangent in (X, Y), is determinable into a single poic* of
the parameter space.

Due to discretization of the image, the counting acquisition process (Poisson noise),
and other noise contained in the image, not all feature vectors will map into one single
point in the parameter space. Instead of an exact computation of the length of both axes
by means of Eqs. 2-19 and 2-20, the length must be calculated from the estimated location
of an edge point and the estimated direction of its tangent.

All single feature vector point based estimates of the axes can be combined in an
estimate of the probability density function (pdf) of the lengths of the axes. With this pdf
the maximum likelihood estimate can be determined.
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X

Fig. 2.5. Definition of the parameters of an arbitrary ellipse.

2.5.2 General non-centered, rotated ellipses

Equation 2-15 of the ellipse used to derive the transformation holds only for ellipses
centered at point (0,0) of the object space with their axes parallel to those of the coordinate
system. In general these conditions are not met in scintigrams of the left ventricle. But,
these restrictions can be easily removed. The first constraint can be eliminated by replacing
X and Y in Eqs. 2-19 and 2-20 by (X-Xc) and (Y-Yc), where (Xc, Yc) are the coordinates
of the center of the ellipse. The direction of the tangent {Y') will not be changed by this
translation.
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The second constraint can be eliminated by rotating the coordinate system until it
is parallel again to the axes of the ellipse (Fig. 2.5). In addition to the coordinates of
the pixels, also the tangent in an edge point is rotated. The new direction of the rotated
tangent can be computed as

Y*' = tan(/? - a)

tan/3 — tana
1 + tan/? tan a

Y' - tan a
(2-21)

1 + K'tana
So, both restrictions implicitly contained in Eq. 2-15 of the ellipse can be removed by
applying coordinate transformations, at least if the coordinates of the center (Xe, Ye)
and the orientation a of the ellipse are known. If these parameters are unknown, the
transformation maps each feature vector into a 3-D subspace of the 5-D-parameter space.
Then a 5-D pdf has to be (partly) estimated.

2.5.3 Detection of the tangent direction

The derived transformation maps feature vectors / = {X, Y, Y')T into the parameter space.
The required feature vectors consist of the coordinates of a potential contour point and
the direction of the tangent in this point. To produce these feature vectors the image must
be preprocessed.

Assuming an object with a constant density against a background with also a constant,
but lower density the tangent will be orthogonal to the gradient vector. The latter can be
estimated by applying two orthogonal gradient operators to the image, resulting in two
derivative images Dx{x,y) and Dy{x, y), together the gradient vector image G(x, y). The
gradient size will be proportional to the difference in gray level. Each separate vector will
point to the pixels with a higher gray level, i.e. towards the inside of the object, taking
ir' account the above-mentioned assumed densities. Then the direction of the tangent
can be computed as

Y' = tan/3 = - ^ . (2-22)

Substitution of Eq. 2-22 in Eqs. 2-19 and 2-20 results in

A*(X,Y,Dx,Dy) = X* + XY%-, (2-23)

and
, Y, Dx, Dy) = Y* + XY^-. (2-24)
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2.5.4 Accuracy of the transformation

If a contour point is located on one of the axes, the other axis cannot be computed, as
can be seen from Eqs. 2-19 and 2-20. In practice however there will not be such an abrupt
change (computable or not), but the accuracy of the computations of the axis lengths in
a noisy environment will decrease when an edge point moves away from the axis.

The noise in scintigraphic images changes the gray levels of pixels and because the
edge points are defined as pixels with "a sudden change in density" the location of these
points is also influenced. A second disturbance of the edge point location is caused by the
discretization of the image: edge points are always located on grid points. The changes in
gray level also influence the gradient determination.

Suppose that the variance a\Y of the edge point location, caused by noise is the same
in both directions, as is the output variance a2

Dxy of the orthogonal gradient operators.
Then the variance of the computed axis lengths can be computed as

(2-25)

and

crn —

ax)

dB\2

dXJ
+

(dA
\dY

(dB
\dY )1
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The partial derivatives of the ^-transformation can be computed from Eq. 2-20:

8Y 2A Dx'

dA J
dDx 2 A

8Dy 2A Dx'

(2-26)

(2-27)

(2-28)

(2-29)

(2-30)
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Substitution of these derivatives into Eq. 2-25 results in

y2y3 DV • y2y2 *

where
i22 = X 3 + y 2 , (2-32)

the squared distance from the center to the edge point.

So the variance has a minimum <r^Y for Y and Dy equal to zero (edge point on
the a-axis) and increases when the edge point is moving along the contour towards the
other axis. The variance becomes indefinite (oo) if the edge point is located on the fi-axis
(Dx = 0). In the same way the transformation for the 6-axis can be analyzed, giving a
comparable, but complementary result:

•* - *r + £ | f * . + £***% (' + f ) «*„•£|f*. + £***% (' + f )



Chapter 3

Delineating the left ventricle

In the previous chapter a feature vector transformation has been derived to be used in
computing the length of the axes of elliptically shaped objects. This chapter deals with
the implementation of that transformation in an algorithm to determine the contour of
the myocardium in a two-dimensional scintigram. This contour, sometimes only partially
visualized, can be approximated by an ellipse, except for those contour points located near
the valve plane of the left ventricle.

The feature vectors required as input for the transformation each consists of the
location of an edge point and the direction of the tangent in that edge point. Section 3.1
deals with the detection of edge points and the estimation of the direction of the tangent.
A Sobel gradient operator will be applied to determine significant changes in the mean
density, which might be a sign of the presence of an edge point. Assuming that the noise
in scintigraphic images can be described by a Poisson distribution, the distribution of the
gradient vector (size and direction) at border and non-border points will then be derived.
A selection scheme for feature vectors based on the local statistics of the gradient estimator
will be described.

If the location of the center and the orientation of the ellipse are known, or assumed,
the transformation can be applied to each selected feature vector. This transformation
results in a set of values for the parameters of the ellipse. With this set a probability
density function (pdf) of the parameters can be estimated. A parametric pdf of the axis
lengths, however, is not known. Therefore a non-parametric density estimator must be
applied to determine the 2-D pdf. In the previous chapter it is shown that the accuracy
(variance) of the estimates depends on the edge point location on the elliptical contour, and
is in general different for both axes. A twodimensional histogram, as a crude estimate of
the pdf, does not allow inclusion of different weighing factors for the estimates of both axes.
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A kernel density estimator, which is a generalization of the histogram density estimator,
can solve this problem. In § 3.2 kernel density estimators are introduced and an estimator
for the problem at hand will be derived.

When the probability density function is available, the most likely set of parameters
can be determined. In practice, however, the location of the center and the orientation are
unknown, and only a conditional probability density function of the axis lengths can be
estimated. This pdf is a 5-D function. For each center location (2) and each orientation (1)
of the ellipse a 2-D pdf of the axis lengths can be estimated, and the likelihood of the most
likely axes pair can be determined. It will be shown in § 3.3 that the maximum likelihood
for an elliptical object will be found if the assumed location of the center and orientation
of the ellipse coincide with the real center and orientation.

To determine the 5-D pdf would be a time consuming operation, even in a discretized
environment and when operator interactions to limit the number of possibilities are allowed.
An algorithm, which automatically searches the optimal center location and orientation of
the ellipse is described in § 3.4. Monotony of the pdf for center location and orientation
errors will not be proven, but the use of a local search algorithm will be justified by means
of analysis of the variance of the estimated axis lengths. Limitations to the possible center
locations and axis orientations are presented.

Finally in § 3.5 some results of the application of the algorithm to synthetic and real
scintigrams are presented and discussed.

3.1 Feature vector selection

The transformation derived in the previous chapter requires the direction of the tangent
as part of the feature vector. Assuming an object with a constant density against a
background with also a constant, but lower density, the tangent will be orthogonal to
the gradient vector. The latter can be estimated by applying two (orthogonal) gradient
operators to the image. The gradient size will be proportional to the local difference in
grey level and the vector will point towards pixels with a higher grey level (inside the
object). The selection of edge points and the estimation of the tangent direction in those
points are the topics of this section. The estimation of the gradient vector is dealt with in
§3.1.1.

When the gradient operator is applied to noisy images the size and the direction of
the estimated gradient vector will be disturbed. In § 3.1.2 the statistics of the gradient
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vector at border and non-border points estimated by a Sobel gradient operator, will be
derived, assuming noise with a Poisson distribution.

For the statistical analysis of the gradient operator both the object and the background
are assumed to have an uniform but different mean density. In practice, however, the mean
densities are not uniform and the step edges are blurred. Subsection 3.1.3 presents criteria
for feature vector selection based on the statistical performance of the Sobel operator in
201Tl-scintigrams of the left ventricle.

3.1.1 Gradient estimation

The gradient vector of a two-dimensional function like a scintigram I(x, y), is defined as

The partial derivatives of I(x,y) reflect the change in count density in X- and Y-direction
in the image. The vector points towards pixels with a higher density and in the direction
of the largest change in density, its size being proportional to the change in density.

In a digitized environment, where images are defined on a discrete grid, the gradient
operator V itself, which is defined as

must also be approximated by a digital operator. Many operators have been proposed.
The most commonly used gradient operators in nuclear medicine are small two-dimensional
convolution masks ( 3 x 3 pixels). Their main disadvantage, however, is their sensitivity
to noise. Larger masks perform better in a noisy environment, smoothing out small
disturbances, are not appropriate in combination with coarsely digitized objects. As
pointed out in the first chapter of this dissertation, in nuclear medicine, where patient
radiation dose and total imaging time are the limiting acquisition factors, the pixel size
and the noise contained in the images are inversely related. As a practical compromise
commonly used matrix sizes are 64 x 64 and 128 x 128 pixels. The size of these matrices is
based on the modulation transfer function of commercially available large field of view (35
cm) gamma cameras and the Shannon sampling theorem. Because of these coarse grids
small masks, i.e. 3 x 3 pixels, are widely applied. The physical size of larger convolution
masks can no longer be considered to be small compared with the object size.
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Pig. 3.1. Two gradient masks: the Prewitt {left) and the Sobel (right) operator.

Among the 3 x 3 masks the Prewitt operator [Prewitt, 1970] and the Sobel operator
[Duda, 1973] (Fig. 3-1) are reported to perform best [Abdou, 1979]. Cahill (1980) analyzed
these and other operators and preferred the Sobel operator. This operator has also been
used in this dissertation.

Application of the Sobel operator to the original image I(x, y), in X- and Y-direction,
results in two matrices of differences Dsx{x,y) and Dsy{x,y), together the Sobel gradient
vector image Gs{x,y). The gradient size matrix Ss[x,y) is computed as

(3-3)

As mentioned in the introduction to § 3.1 the direction of the tangent vector R(x,y)
(Fig 2.5) will be orthogonal to the gradient vector:

(3-4)

or in a digital approximation based on the Sobel operator

Rs(x,y) = (DSy{x,y),-DSx{x,y))T . (3-5)

3.1.2 The statistics of the Sobel operator

Due to noise and other irregularities in the image background, the gradient at non-
border pixels will also have nonzero values, and each pixel will lead to a feature vector.
Transformation of all feature vectors would be time consuming and would result in a lot of
noise in the parameter space, then disturbing the determination of the most likely set of
parameters. Therefore selection of feature vectors before transformation is necessary. This
selection can be based on the two characteristic features of the gradient vector: its size and
its direction. Application of a threshold to the gradient size can lead to rejection of many
non-border points. But a too high threshold will also reject border points. A threshold
value based on the local statistics of the gradient size seems advisable. The direction of the
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gradient vector does not have a preferred direction at non-border points, while this vector
at border points will point to the inside of the object. When the center of the ellipse is
known, or assumed, the direction of the vector can also be used to select feature vectors.

In § 3.1.2.1 the distribution function of the gradient size at non-border points will
be deduced. Subsection 3.1.2.2 deals with the distribution of the gradient direction at
these points. In § 3.1.2.3 the distribution function of the gradient size and the probability
density function of the gradient direction at border points is deduced.

In the following subsections the deductions of the formulas are only broadly outlined.

A more detailed deduction can be found in appendix 3-A.

Unless stated otherwise the statistical analysis regards the Sobel operator applied to
scintigraphic images. The subscript denoting this (s) has been omitted in the following
subsections.

3.1.2.1 The gradient size at non-border points

When a discretized gradient mask is applied to an image with a constant density the
variance of the output signal will be equal to

where o\ is the variance of the noise and c; are the coefficients of the gradient operator.

The noise in scintigraphic images can be described by a Poisson distribution, which
implies that the variance <T\ of the noise will be equal to the local mean density d. Then
the variance of the output signal of the Sobel operator (Fig. 3.1) will be equal to

The mean output of the operator at non-edge pixels will be equal to zero.

For large values of d (> 20) the Poisson distribution can be approximated by a normal
distribution. Thus in general the output of the Sobel operator is a linear combination of
equally and normally distributed stochastic independent variables, and has therefore also
a normal distribution. Then at non-border points the stochastic variables D and D have

—x —y

normal distributions with zero-mean and variance equal to |d , with d being equal to the
local density. The gradient size S, and direction if) (Fig. 3.2) is computed as

(3-8)
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Snon-border

Fie . 3.2. Definition of the gradient vector at non-border points. t/> is
° -non—border

defined as the angle between the gradient vector and the X-axis.
and

D \
ip = arctan [ —- I . (3-9)

If D and D are supposed to be independent and equally distributed and d satisfies
the abovementioned condition (d > 20), the joint probability function of D and D will
be equal to

2 2

,-DJ =
1

(3-10)

Then the joint probability function of the size S and the direction ip of the gradient vector

will be equal to
c2

(3-11)

The probability function of the gradient size can be computed by integration of Eq. 3-11:

2ir t'2
S -i*v

' = I a « * > (3-12)

which is the Rayleigh distribution with mean cr^/jr/2 and variance
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The distribution function Fg (T) of gradient size at non-border points
-non—border

describes the probability of S , being less than, or equal to a threshold T = tu.
—non—border

The probability that the gradient size is greater than T is equal to the complement of the
distribution function:

33

Pr(S
—n on—border

>T)=1-FS h A (T)
—non—border

1

= 1 - f?[S =S)dS
J x—non.—border

(3-13)

Figure 3.3 shows the graph of Pr(5 > tcr). By choosing a threshold t for the gradient size
the misclassification rate -non-border points classified as contour pixels- can be controlled.

Snon-border (t)

0 4

Fig. 3.3. The distribution function of the gradient size at non-border points. The
threshold t is expressed in the number of standard deviations of the noise of the operator
output.
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3.1.2.2 The gradient direction at non-border points

The probability density function of the direction of the gradient vector at non-border
points can be computed by applying Bayes rule:

Substitution of Eqs. 3-11 and 3-12 into Eq. 3-14 results in

p ( V > | £ ) = — . (3-15)

Equation 3-15 is independent of 5 and therefore is p(ip) = p(V> | S), which means that ip
is uniformly distributed on the interval [0, 2ir).

Thus the gradient vector at non-border points in a noisy scintigram can be viewed as
a stochastic vector quantity with no preferred direction and the length having a Rayleigh
distribution.

3.1.2.3 The gradient size and direction at border points

In real images also noise is added to the operator output at border points. That noise
will again be a function of the local density and is added to the output of the gradient
operator. Due to the finite size of pixels, and their discrete locations, the variance of the
noise depends on the actual position of a border point and varies between the variance
of the object and background noise. The stochastic component of the gradient size again
has a Rayleigh distribution and the direction of this part of the gradient vector is also
uniformly distributed. The distribution of the complete gradient vector is described in
this paragraph.

The gradient at border pixels G consists of a deterministic part Gt, depending
on the change in mean density between the object and the background, and a stochastic
part G , mainly depending on the local mean density of the scintigram (Pig. 3.4):

—2

G. . = G, + G . (3-16)
—border —2 <• '

obability density funct
be equal to
Thus the probability density function of the gradient vector at border points G, will

—border

(3-17)
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Fig. 3.4. Definition of the gradient vector at border points, ib is the anele
w —border

between the gradient vector Gfcor(Jer and its deterministic part Gu and thus actually
the rotation of the gradient vector due to the noise (G ).

—2

Fig. 3.5 The distribution function of the sise of the gradient vector at border points
can be computed by integrating the joint probability density of the size and the direction
of the gradient vector over disk D (T < Si).



36 Chapter 3: Delineating the left ventricle

By rearranging the vector equation on the right hand side of Eq. 3-17 it follows

(3-18)

The probability density of Gknrilrr can also be described by the joint probability density
of its size and direction:

border

= S>tord,r

= P (S2 = \\G- G . H , ^ = (3-19)

Fig. 3.6. The distribution function of the size of the gradient vector at border points
for T > Si is equal to the integral of the joint probability density function of the site
and the direction of the gradient vector over disk D.
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The distribution function of the gradient size at border points will be equal to

T

rdJ^ = f I tii^'itorJW** = ff *?*'
0 0

which is the integral over disk D (Fig. 3.5) with radius T, centered at O, the origin of the
polar system (S,i/)).

For threshold T being less than, or equal to the difference in density between the
object and the background (Si), follows

Si+

fl-ff2 J

= - f

arccos
Si-T

(dAf) e - *«arccos (d+Azf.) S2 e-*«a rfs2, (3-21)
\ 2SS /

where 5j = sja, 5 2 = s^a, and T = ta. The integral of Eq. 3-21 has to be computed
numerically.

For threshold values larger than the difference in density between object and back-
ground (Fig. 3.6), only the lower integral limit change sign:

f (S + *Fs
border

(ta) = - f arccos (S' +
n ** ~ **) s2 e~ ' s3 ds2. (3-22)

rV ' 1T J \ 2s1S2 / V '

Figure 3.7 shows some graphs of the distribution function for several object-back-
ground difference values. From these graphs the rate of classifying non-border points as
border points can be determined for each combination of object-background difference s\

and threshold value t.

The stochastic part of the gradient vector at border points not only disturbs the
gradient size at these points, but also the direction of the vector. The probability density
of the distortion of the direction of the gradient vector can be computed by integration of
the joint probability density function of S^ and T/> along the semi line I (Fig. 3.8)
in the direction i>:
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1.0 0.0

Fig. 3.7. Distribution functions of the size of the gradient vector at border points for
several object-back-ground difference values: Si = 0.5 (upper left), Si = 1.0 (upper
right), Si = 2.0 (lower left), Si = 4.0 (lower right). The functions are shown for
0 < t/si < 1. All variables are expressed relative to the standard deviation of the noise
of the gradient.

If the length of the vectors are again measured relative to the variance c 3 of the gradient
operator, with S = sa, Eq. 3-23 can be rewritten as

oo

) = = ± f
'*<•' 2ir J

s e (3-24)

Figure 3.9 shows the pdf's of the gradient direction for several object-background difference
values. When there is no difference (si = 0) an uniform distribution results. In this case
the object and the contour points are invisible. Then the gradient at border points will be
equal to the one at background points. When the difference in density between object and

' • *
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Fig. 3.8. The probability density function of the direction ip of the gradient
—border

vector at border points can be computed by integrating the probability density function
of the stochastic part G of the gradient vector, along the semi line £ in the direction

—2^-border

background increases the gradient vector at border points becomes a preferred direction:
pointing to the direction of maximum change of density. The distortion of the direction
of the vector decreases when increasing the density difference between the object and the
background.

3.1.3 Criteria for feature vector selection in real scintigrams

Both characteristics of the gradient vector mentioned in the previous subsections can be
used to select feature vectors. By applying a threshold t to the gradient size only those
points with gradient vector larger than t will be selected. From the results obtained in
the previous subsections it can be concluded that the chance to classify a border point as
a non-border point can be made arbitrarily small by choosing a small enough threshold.
By choosing a sufficiently large threshold value, on the other hand, the chance to classify
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0.0 border

Fig. 3.9. Probability density functions of ti for the object-background
—border

difference Si = 0, 0.5, 1.0,..., 3.5. All variables are expressed relative to the standard
deviation of the noise.

a non-border point as a border point can also be made arbitrarily small. So, in practice
the threshold value will always be a compromise.

To show the relation between the distribution functions of the gradient size at border
and non-border points, both functions can be combined in so-called Receiver Operating
Characteristic (ROC) curves, parametrized by the threshold t. In general ROC-curves
describe the relation between the true positive fraction (TPF) and the false positive
fraction (FPF) in decision problems as a function of the decision threshold t: each value t
defines a point (FPF(t),TPF(t)) of this curve. In the selection problem the true positive
fraction can be replaced by the complement of the distribution function of the gradient
size at border points:

TPF{t) = l-Fs (0, (3-25)
—border

and the false positive fraction is equal to the complement of the distribution function of
the gradient size at non-border points:

FPF{t) = l-Fs (*)• (3-26)

Figure 3.10 shows the ROC-curves for several values of the object background difference si.
When Si is equal to zero there is no difference between object and background, the curve
will be a straight line from the lower left to the upper right corner. With an increasing
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0.0
0.0

FPF
1.0

Fig. 3.10. Receiver Operating Characteristic (ROC) curves for the object-
background difference Si — 0.5,1.0,1.5,... ,3.5. A better discrimination between
border and non-border points can be obtained with larger Si values. All variables are
expressed relative to the standard deviation of the noise.

object-background difference the line becomes curved and tends to shift towards the upper

left corner.

During the computation of the curves of Fig. 3.10 all variables were measured relative
to the variance of the gradient operator output, which in turn is a linear function of the
variance of the noise contained in the scintigram (Eq. 3-7). In practice, however, the latter
variance depends on the local density, which is unknown and can only be estimated. This
can be performed globally or locally. Global estimates of the mean density are fast and
easy to compute. But these estimates will be too high for background points and too low
for object points.

If only one measurement is present, the best estimate of the mean pixel value is the
measurement itself. This value, however, is directly influenced by noise. A better estimate
of the local density d(x, y) can be obtained by computing the (weighed) mean density in
a small area around the pixel concerned. The local variance, which is equal to the square
root of the mean density, can be used to define a local threshold:

(3-27)
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where t can be chosen for a particular object-background combination. If the number
of border points is assumed to be equal to the number of non-bordr. points, and if the
costs of misclassified points are assumed equal for both types of points, the minimum cost
operation point on the ROC-curve is the curve point t = tit where the increase of the
true positive fraction, due to an increase of the threshold, is equal to the decrease of the
false positive fraction, due to the same change of the threshold. The above mentioned
constraints, however, do not apply to the edge detection problem: the number of border
points is in general much lower than the number of non-border points, and often the costs
for misclassified points are unequal. But in the problem at hand the falsely selected non-
border points can be partly removed by taking into account the direction of the gradient
vector, while, in contrast with border points, the transforms of the non-border points
in general do not cluster in the parameter space of the ellipse, resulting in lower costs.
Therefore, in this study the threshold was chosen equal to 11, as defined above. To compute
this threshold it is necessary to estimate the deterministic part of the stochastic gradient
vector.

In the noise free case the maximum value of the gradient size Smax will be equal to
the difference in grey value between the object and the background:

"roai = "•object ~ "•background (3-28J

Due to the discrete locations of the border pixels, and their finite size, the gradient size
at border pixels will not always be equal to this maximum value, but decreases with the
distance of the border point to the real contour of the object. Furthermore the edges will
be blurred by the imaging system and the movement of the left ventricle, resulting in a
further decrease of the operator output at border points. The acquisition time and the
amount of radionuclide administered affect the object-background difference in scintigrams
to the same extent as all other densities. It is therefore sufficient to determine the object-
background difference relative to the local density, which in turn has a linear relation to
the standard deviation of the noise.

To assess the mean size of the gradient vector at border points in clinical scintigrams
of the left ventricle, 16 scintigrams taken at random of different patients were processed
interactively. Firstly the Sobel operator was applied to these scintigrams. Secondly the
gradient size and the local densities at interactively selected border pixels and their ratio
were computed. The mean gradient size-density-ratio obtained in these clinical images
with a normal object-background ratio (2 : 1), was equal to 29.88 % ± 3.20 % (mean ±
SD) of the local density, which is only about 60 % of the object-background difference.

The following algorithm was applied to each point to select feature vectors based on
the gradient size.
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1. Estimate the local density d(x,y).

2. Compute the variance <j = \/3d(x, y)/A of the operator output.

3. Compute the mean object-background difference

Sl = — = .3 (X'y' = -\J3d{x,y).
a a o

4. Determine the minimum cost threshold ti(

5. Compute the threshold Ti(x,y) = t\G — tx\J3d(x,y)

6. Compare the gradient size S(x, y) with 7i (x, y) and reject the point if S(x, y) <

Ti[x,y).

To accelerate the computation the t\-values for several values of s\ were tabulated. Figure
3.12 shows the result of a feature vector selection by the above-mentioned algorithm.

A second discriminator between border and non-border points can be based on the
direction of the gradient vector. At contour points in the noise free images this vector will
always point towards the inside of the object {dob}ect > dbackgraund)• Without any loss of
generality the object can be assumed to be centered at the point (0,0) of the object space
and to be non-rotated. In that case the coordinate vector of a pixel (z,t/)T will always
point outwards. At contour points the inner product of the coordinate vector and the
gradient vector will satisfy

T

0 r 3 2 9 ,
( 3 2 9 )

The left hand side of Ineq. (3-29) is equal to the cosine of angle u between the gradient

vector and the coordinate vector of a border point (Fig. 3.11).
The gradient vector will be orthogonal to the tangent vector. For the direction vector

of the gradient follows

The cosine of the angle v between the coordinate vector and the gradient vector will be
equal to

COSI> = —, (3-31)

V^Ty 2)(JV + aV) ' L ;

where a and 6 are the length of the axes of the ellipse as defined in chapter 2 (Eq. 2-15).
The extremes of this function are

- 1 , (minimum) if {x,y) = < ) ' '
^ l ( ° ' a

± 6 J
 b (3-32)

a b

' (maximum) if (2, y) = (± -^ ,± -^ ) .
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^border

Fig. 3.11. Definition of the angle v between the gradient vector and the coordinate
vector.

For contour points the range of the angle v will be

arccos —

where »? = a/b is the ratio of the axis lengths. In clinical images this ratio is limited (Table
3-1 [Vos, 1982]) and thus the range of the angle v is also limited. For the normal sized left
ventricle (tj = 1.71) the range of v will be 5TT/6 < v < 7sr/6. However, at feature vector
selection time nothing is known about the axis ratio. Even the sixes of an extremely oblong
ventricle must be determinable. If it is assumed that the axis ratio will never be twice the
ratio of the normal left ventricle the range of v will be approximately 2TT/3 < v < 4TT/3. In
practice, however, a larger value must be chosen. Due to noise the gradient direction may
be distorted (cf. § 3.1.2.3). The mean distortion is equal to 0, but its variance depends on
the object-background difference. For reasons of simplicity the range of v is extended to
T / 2 < v < 3ir/2, meaning that only if the inner product of the coordinate vector and the
gradient vector is negative the feature vector will be accepted. This range is comparable
with an axis ratio 0 < v < oo. Because the gradient direction at non-border points is
uniformly distributed, even selection based the negative inner product will reject 50 % of
the non-border points. Figure 3.12 shows a result of the feature vector selection.
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Fig. 3.12. The left figure shows the selected pixels if using only the gradient size
to discriminate between border and non-border points. The pixel density is a measure
of the local gradient size. At the right side also the gradient vector is involved in
the discrimination between border and non-border points. The center of the ellipse is
assumed to coincide with the center of the image matrix. All gradient vectors, with
non-negative inner product, are excluded.

3.2 A kernel based pdf estimator

Application of the feature vector transformation derived in the previous chapter to all
selected feature vectors of a noisy image results in a set of values for both the long and
the short axis of the ellipse. From this twodimensional set a probability density function
can be estimated and the most likely length of both axes can be determined.

A statistical model of the noise in scintigraphic images due to the counting acquisition
process is known. But the influence of this noise, and noise from other sources, e.g. the
discretization noise, on the edge point location is hard to determine, as is the influence of
the noise on the distribution of the transformed feature vectors. Although the variance
of the estimates can be computed with Eqs. 2-31 and 2-33, a parametric probability
density function to describe the probability density function of the axis length is not
known. Therefore a nonparametric density estimator will be applied to determine the 2-D
distribution of the lengths of the axes.

Two major groups of nonparametric density estimators exist, i.e. nearest neighbour
methods and kernel methods. Both are generalizations of the histogram density estimator.
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The first method determines the smallest volume, which contains a fixed number of
observations (the transformed feature vectors). The local density at a point of the
distribution function is computed based on the volume and the number of observations.
The kernel method determines the number of observations in a fixed volume, the kernel.
Again the local density is computed from these numbers. The latter method is especially
useful with only a small number of observations available, while the nearest neighbour
method performs better with a large group of observations. Due to the low number
of contour points the kernel method has been adopted for this study. In § 3.2.1 the
nonparametric kernel density estimator is further described and illustrated.

Subsection 3.2.2 presents some constraints on the kernel shape, imposed by the
underlaying physical problem and the methods applied to obtain the estimates of the
axes lengths. Subsection 3.2.3 deals with the kernel estimator for a two side bounded
distribution.

3.2.1 Kernel density estimators

The most basic form of a non-parametric density estimator is the histogram, representing
a number of disadvantages, like the fixed and finite size of the cells, the discontinuities at
cell boundaries and the zero valued cells outside a certain range. Fix (1951), Rosenblatt
(1956) and Parzen (1962) were the first to describe other methods, the so-called kernel
methods, to solve these problems.

Instead of the fixed cell structure of the histogram, Independent of the observations,
Rosenblatt suggested the use of a cell (kernel) of fixed size (Fig. 3.13) centered at r to
estimate the probability density p(r). The local density is computed as the proportion of
the observations falling within this cell divided by the volume of the kernel:

'•i \r - *(*)] > (3-34)

where
Ki [ r _ f ( i ) ] = f 1 if |r - ?(i)| < h

and n is equal to the total number of observations. Instead of centering the cell at r and
counting the number oi observations within the volume, Eq. 3-34 can also be viewed as
the sum of the kernels each centered at an observation and overlapping at r (Fig. 3.13).
Each kernel contributes a value 1/2A, when the observation is close to r, and 0 when the
distance \r — f{i)\ is larger than h.
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Pig. 3.13. The Rosenblatt kernel density estimator. The histogram of five
observation point3 {top), and the result obtained with the Rosenblatt kernel estimator
(below). The kernels are centered at the observation points and have the same width
as the cells of the histogram.

The discontinuities in the estimated distribution originate from those of the kernels
at \r- r(i)| equal to h. These jumps can be prevented by replacing the kernel Ki/2h by a
kernel, which gradually decreases with increasing \r - f(t')| (Fig. 3.14). The kernel shape
can be further generalized by applying a more complicated function of r and f (t).

An other problem associated with histograms regards the choice of the size of the
cells. Small cells result in an irregular and noisy estimate of the distribution, while large
cells give a smoother result, but significant details can be lost. The cell size must therefore
be chosen in relation to the expected irregularity of the distribution and the number of
observations available. A similar result can be obtained for kernel density estimators,
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Fig. 3.14. A kernel density estimator with kernels gradually decreasing with
increasing distance to the center of the kernel. The estimated density can be viewed as
the sum of the contributions of each observation with the kernel centered at r {top).
The verticle lines indicate the contribution of each observation to the estimate of the
density at r. The estimation can also be seen as adding kernels, each centered at an
observation point (below). The contributions of the observations to the density at r is
equal to the kernel values at r.

where the smoothness of the kernel determines the irregularity of the density function:
sharply peaked kernels are comparable with small histogram cells, while smoother kernels
behave like larger cells. Here again the smoothness of the kernel to be applied depends on
the number of observations available and the expected irregularities of the density function
to be estimated.

In many cases the kernel smoothness can be controlled by a single parameter, called
the smoothness parameter A. When using the same value for h -based on the number of
observations and the expected irregularities of the distribution- for the whole distribution
function, the smoothing can be too strong for regions with many observations and too weak
for regions with a low probability and thus only a few observations. Location dependent
smoothness parameters, where k will be a function of the local density of the observations,
have been used to solve this problem [Hand, 1982].
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3.2.2 Constraints on the kernel shape

The anatomy of the heart and the method used to estimate the length of the axes of the
elliptical contour of the left ventricle impose some constraints on the kernel shape and size,
to be taken into account when choosing a kernel. First of all the applied feature vector
transformation produces estimates of the axis lengths of the ellipse, which are essentially
positive numbers. Therefore the pdf of the axis lengths is only defined for positive values of
both axes. On the other side the physiology of the left ventricle imposes a maximum on the
length of both axes. Based on data from Kennedy (1966) and Lewis (1971), concerning
the normal human heart, and assuming an ellipsoid of revolution as model for the left
ventricle, Vos (1982) calculated the length of the axes (Table 3.1).

Table 3.1. Normal values for volume and shape. [Vos, 1982]

Enddiastolic volume: Veii = 133 ml
Ventricular wall volume: Vwaii = 179 ml
Ejection fraction: EF = 65 %

Enddiastolic axis lengths: long axis = 60 mm
short axis = 35 mm

Enddiastolic axes ratio: Re<j = 1.71
Endsystolic axes ratio: Ret = 1.64

End-diastolic volumes of the left ventricular cavity differing more than a factor three
from the mean normal volume, due to either normal variation, or pathology, are rarely
seen. These variations from normal end-diastolic volumes will also result in other values
for the axis lengths of the ellipse. If the length of the axes in the ellipsoidal model of
Vos are assumed to vary each to the same extent, the minimum and the maximum of the
length of the axes will be respectively 1/^3 s» .69 and v^3 « 1.44 times the mean axis
length. So, outside the interval (0, 2Lmean), where Lmean is the mean length of the long
axis, the pdf of the axis lengths will be equal to zero. Moreover the probability densities
at the endpoints of the interval, p(0) and p(2Lmean), will be equal to zero. When the
density estimation is viewed as the summation of overlapping kernels at r, and the kernels
are positive definite, the latter constraint implies

lim K [r, f(»)] = f J i m ^ K [r, f(»)] = 0. (3-36)
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On basis of the set of transformed feature vectors the 2-D pdf of the long and the
short axis of the ellipse must be estimated. Therefore a 2-D kernel must be applied. This
kernel can be non-separable or can consist of the product of two 1-D kernels. The latter
are easier to apply, but offer less freedom in choosing the 2-D shape. The optimal kernel
shape, however, is still under discussion, even in the 1-D case, and does not seem to be
critical [Hand, 1982].

As stated in § 3.2.1, the smoothness parameter of the kernel must be chosen in relation
to the expected irregularities of the pdf and the local density of the available estimates.
The smoothness of the pdf depends on the variance of the single pixel based estimates.
With a large variance the probability density function will be wide-ranging and without
sharp peaks. The variance can be viewed as a measurement of the precision of the estimates
of the axes. In § 2.5.4 the variance of the estimates of both axes has been derived:

2 2

and

From these equations can be seen that the variance of an estimate depends on the edge
point location: the variance has a minimum value for feature vectors located on the axis
for which the estimator is devised, has a maximum value (co) if the point is located on
the other axis of the ellipse, and changes monotonically between both extrema. So, if the
length of one axis can be estimated most accurately, this cannot be done for the length
of the other axis, based on the same feature vector. To reduce the influence of inaccurate
estimates, variable weighing factors, depending on the accuracy of the estimates, can be
applied. In a 2-D kernel however, it is not possible to apply different weighing factors
in different directions. But, instead of using weighing factors, the smoothness parameter
of the kernel can be adapted. If the estimate is accurate a sharply peaked kernel can be
applied, if the accuracy of the estimates decreases a smoother kernel must be used. So, in
general the smoothness of the kernel will be different in both directions

By definition the volume under the pdf is equal to one:

___ ? ( t ) ] d r = l . (3-37)
—oo l = '

In general the integration and the summation may be interchanged. Assuming equal kernel
volumes, for each volume follows

oo

f K[r,f(i)}dr=l. (3-38)
— OO

Thus the pdf can be viewed as the mean of n pdf's, each defined by a single estimate r(i).
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3.2.3 Est imation of a two side bounded density distribution

In § 3.2.2 the following constraints on the kernel shape and size have been discussed:

1. The kernel is defined on the interval (0,2Lmean}- Outside this interval the density
function will be equal to zero.

2. lim r_0 K [r, f{i)\ = l i m r _ 2 I , _ n K [r, f(t)] = 0

3. The smoothness parameter of the kernel must be chosen in relation to the expected
irregularities of the pdf to be estimated, and the local density of the observations.

4. Subject to the applied method to estimate the length of the axes, the precision of the
estimates may influence the kernel width.

5. The kernel volume must be equal to one.

In this subsection a kernel will be derived, which fulfills the above-mentioned con-
straints. In § 3.2.3.1 the shape of the kernel will be discussed, while § 3.2.3.2 deals with
the selection of the smoothness parameter.

3.2.3.1 The shape of the kernel

Although still no optimal kernel shape for kernels in all situations is known, the most

widely used kernel is the Gaussian product kernel [Hand, 1982], defined by

where r(i) is the location of the center of the kernel, and hr(i) is the smoothness parameter
belonging to this estimate. This kernel, however, does not yet satisfy all of the above-
mentioned constraints (1,2). A small modification can solve this problem:

( 3 . 4 0 )

which is the Gaussian kernel, centered at p [r(i)\, multiplied by a parabolic function with
its maximum at Lmtan. By multiplying the Gaussian kernel by the parabolic function,
the peak of the complete kernel is shifted towards the maximum of the parabolic function
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[Lmean)- To compensate for this effect fi\r{i)} is introduced, fixing the location of the
peak of the kernel at the desired point r(i). C is a factor to normalize the volume under
the pdf:

M—- , Ar-H \f{i)\ 1 '
_ f r(2Lmean - r) *\. hr[i) J

7 Ar(i)v^F

- A-

,.2

• e

r2
- 2 -

e
(3-41)

where h = hr(i), fi = y. [f(i)\, and erf(.) is the error function defined by

erf (*) =

The relation between ?(»') and the location of the peak of the kernel can be determined by
differentiating of Eq. 3-40, and making the result equal zero:

2Lmtan - IT - -£— {!Lmean - r) {r - ft [f(t)]} = 0 (3-43)

Solving fi \r(i)] from Eq. 3-56 results in

A [H})] = r - 2 r
r " f r a w ^ ( 0 - (3-44)

In the case of a single observation of a stochastic variable the most likely estimate of the
variable is the observation itself. Therefore the peak of the kernel -the kernel viewed as
a single observation based estimate of the pdf- must be fixed at r = r(i). Substitution of
r(») for r in Eq. 3-44 results in

(3-45)

Figure 3.15 shows fi [f(i)] as a function of hr(i) for several values of r(t). Figure 3.16
shows kernels centered at different locations for several values of the smoothness parameter
k. For small and large estimates (?(*) « 0, or f(i) « 2Lmean) the smoothness parameter
only has a limited influence on the shape of the kernel. For intermediate values of the
estimates the range of the smoothness parameter, for which the kernel shape changes
significantly, is much larger.
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Fig. 3.15. Curves of the mean value fi of the Gaussian part of the kerne) as a
function of the smoothness A' of the Gaussian kernel. The kernels are centered at
rt = 7/16,6/16,. . . , 1/16,1/32,1/64, and 1/128. Both variables are normalized with
respect to the maximum 2Lmean of the interval.

3.2.3.2 The smoothness of the kernel

Although the choice of the smoothness --ameter of the kernel must be related to the
expected irregularities of the pdf and the local density of the observations, the choice of
a specific value is not obvious. Hand (1982) reviews several methods to make a choice.
Almost all the methods mentioned are based on some measurement of the estimating
accuracy of a (known) distribution function. If the distribution function is unknown,
iterative methods have to be applied. In general the smoothness parameter is chosen
proportional to the variance of the observations, by a modified maximum likelihood
method.

Tapia (1978) proposed the following simple method to choose a smoothness parameter.
Graphs of the estimated pdf for different values of the smoothness parameters were plotted,
and the value of the parameter at which the pdf looked neither too smooth, nor too irregular
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Fig. 3.16. The kernel shape as a function of the smoothness parameter h' and Us
peak location rt. Kernels are shown for h' = 1/64,1/16,1/8,1/4,... Both variables
are normalized with respect to the maximum 2Lmean of the interval.

was chosen to be the best. This method seems to be very operator dependent. However,
for the estimation problem at hand, it is not necessary to estimate the entire pdf very
accurately. Only the maximum of the pdf has to be determined. This has to be performed
in several 2-D intersections of the 5-D pdf. If unequal smoothness parameters are used in
different intersections the maxima determined in each intersection are difficult to compare.

When a sequential search algorithm is applied to determine the best set of parameters,
several sets of values for the parameters will be tested during each step and compared on the
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Fig. 3.17. Fourier transforms of four 1-D pdf'a of the length of the axes of the ellipse
for increasing values of the smoothness parameter. The 1-D pdf's were computed by
integrating the 2-D pdf's in one direction. The smoothness parameter was equal to
.0625 (upper left), .250 (upper right), LOO [lower left), and 4.00 [lower right).

basis of their likelihood. Equal smoothness parameters during each step are a prerequisite.
The accuracy of the final estimate of each step will be better than, or at least equal to that
obtained at the previous step of the algorithm. But, a too large value for the smoothness
parameter hardly increases the likelihood of the estimates. Decreasing the smoothness
of the kernel after each step results into a more pronounced peak of the pdf during the
next step, and a better determination of the peak. A too small value of the smoothness



56 Chapter 3: Delineating the left ventricle

parameter, however, will result into a noisy pdf in which it is impossible to determine the
best set of parameters. Therefore the minimum value of the smoothness parameter must
be determined, based on the variance of the estimates.

FWHM

t
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Fig. 3.18. The FWHM of the spectra of Fig. 3-17 as a function of the smoothness
parameter for a noise-free (a) and a noisy (6) object. The dashed line marks the applied
minimum smoothness of the kernel (h — 2).

To study the influence of different smoothness parameters the method of Tapia (1978)
was followed. But, instead of looking at the irregularities of the estimated pdf's, the Fourier
transformations of the 1-D pdf's, p(A) and p(B), were computed. These distributions
were computed by integrating the joint distribution p(A, B) of the axes, obtained in
(mathematical) phantom studies. The count densities of the generated images were equal
to those obtained in clinical scintigrams. The value of the smoothness parameter was
related to the size of the pixels. The spectra (Fig. 3.17) showed that most of the energy
of the signal is contained in the low frequencies. Because the kernel acts like a low pass
filter, the energy at higher frequencies depends on the smoothness of the kernel. If the
value of the smoothness parameter is too large, the lower frequenties will also be affected.
This effect was monitored by measuring the full width at half maximum (FWHM) of the
spectra. Figure 3.18 shows the graphs of these widths as a function of the smoothness
parameter for both noise-free and noisy artificial objects with dimensions comparable to
those of the normal left ventricle. From these graphs it was concluded that the best
smoothness parameter for the 1-D pdf's has a value equal to the size of one pixel side
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Fig. 3.19. 2-D pdf's of the length of the axes of an ellipse for increasing values of
the smoothness parameter. The smoothness parameter was equal to .0625 (upper left),
.250 (upper right), 1.00 (lower left), and 4.00 (lower right).

(2.75 mm). For the 2-D pdf a larger value has to be used. A smoothness parameter equal
to twice this value (5.5 mm) resulted into sufficiently smooth pdf's (Fig. 3.19).

To implement the dependency of the accuracy of the estimates, the smoothness
parameter can be multiplied by the standard deviation of the estimate. The variance
of the estimates can then be computed by means of Eqs. 2-31 and 2-33, at least if the
variance of the gradient estimator and the variance of the pixel location error are known.
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An formula for the variance of the gradient operator (Eq. 3-7) was derived in § 3.1.2.1. In
a normal thallium scintigram of the left ventricle the mean density at edge points varies
between 50 and 100 counts per pixel, which implies a standard deviation of the gradient
operator between 6 and 9 counts per pixel. For simplicity reasons the standard deviation
has been fixed at 7.5 count per pixel.

Fig, 3.20. Volume ratios; of kernels with different smoothness parameters h' at
several peak locations r>. The curves show the volume of a kernel relative to the volume
of the kernel with smoothness h! = 1. All kernels were scaled to an equal peak height.
Both h' and rt are normalized with respect to the maximum value 2Lmean of the kernel.

The variance of the edge point location error is hard to determine. It depends on
the Poisson noise, the discretization noise, and several other noise sources. In practical
situations as shown in § 3.1.3 it is not possible to choose a threshold resulting in a zero
misclassification rate for both edge and non-edge pixels. A high threshold will result in
few edge points, but most of these are located close to the contour, a lower threshold will
result into a larger number of edge points, but with a larger variance of the location error.
Therefore the standard deviation of the edge point location error has been defined equal
to the length of one pixel side. So, the variance of the estimated axis lengths, <r̂  and tr'g,
will have a minimum value equal to 1 (cf. Eq. 2-31, 2-33). In that case the smoothness of
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= 10J£

Fig. 3.21. The maximum value of the smoothness parameter h1 at which the
computation error of the normalization factor C remains under the specified threshold
as a function of the peak location rt of the kernel. Both h' and rt are normalized with
respect to the maximum value 2Lmean of the interval.

the kernel will be equal to the minimum value determined by the Fourier analysis of the
pdf's.

Several kernels centered at different positions with different values of the smoothness
parameter have already been depicted in Fig. 3.16. In § 3.2.3.1 it was concluded that from
a certain threshold, depending on the peak location of the kernel, a further increase of
the smoothness parameter does not significantly change the shape of the kernel. Figure
3.20 illustrates this in another way. The curves represent the ratios of the kernel volumes
with smoothness h = a2Lmean (0 < <r < 1) and smoothness h = 2Lmean. Each curve
belongs to kernels at the same position. All kernels were scaled to a peak height equal
to 1. The curves show that very large values for the smoothness parameter do not make
sense, moreover large values can result in significant errors in the computation of the
normalization factor C. Equation 3-45 shows that for large values of hr(i), and especially
if r(i) is almost equal 0 or almost equal 2Lmean, fi[r(i)] will have a very large positive
or negative value. In that case the arguments of the error function in Eq. 3-41 will also
become important and the difference of the functions becomes relatively small. Because of
the first negative exponential function in the second term of Eq. 3-41, this term vanishes
when hr{i) becomes large enough. But then the accuracy of G, and thus also of the volume
of the kernel, depends mainly on the accuracy of the error function. Figure 3.21 shows
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some curves of the maximum values of hr(i) as a function of f(t), for which the error of
the volume under the kernel remains under a certain threshold. The error function was
tabulated [Spiegel, 1968) with an accuracy of 0.0001 and the step size was equal to 0.01.
For intermediate arguments, linear interpolated values were computed. The maximum
permitted value of the smoothness parameter, given a threshold value for the computation
error, can be assessed from these curves. In this study a gamma fit of the 1 % error curve
was applied. If the smoothness parameter becomes larger than the corresponding curve
value, the latter was applied.

If only one axis can be computed, because the edge point is located on one of the
axes of the ellipse, or when one of the estimates results in a value outside the interval
(0, 2Lmean) a special kernel has been applied:

K'(p) = C'r{2Lmean - r), (3-46)

where 6" = 3/4L^nean normalizes the volume under the kernel. This parabolic kernel
can be interpreted as an uniform kernel on the interval (0, 2Lmean), multiplied with the
parabolic function, as was the case with the Gaussian kernel. The kernel favours the mean
axis length of the left ventricle in normal humans.

3.3 The maximum of the pdf

Once the feature vectors have been selected (cf. § 3.1) and transformed, and the 2-D
pdf of the axis lengths is available (cf. § 3.2), the maximum likelihood estimate can be
determined. The feature vector transformation, however, can only be applied when the
center location and orientation of the ellipse are known, or assumed. So, the 2-D pdf of the
axis lengths also depends on these parameters of the ellipse; it actually is a 5-D function.
In this section it will be shown that in the noise free case and only with the center and
the orientation of the ellipse correctly chosen, all estimates will be equal, resulting in the
global maximum of the pdf.

Without loss of generality it can be assumed that the elliptical non-discretized object
is centered at the origin of the object space and non-rotated, meaning that the axes of
th^ ellipse coincide with those of the coordinate system. The effect of small location or
orientation errors can then simply be deduced. In chapter 2 the following feature vector
transformations for centered, and non-rotated ellipses were derived

(2-19)
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and

B2(X, Y, Y') = Y2- XYY'. (2-20)

This transformation maps each feature vector / into a single point of the parameter space.

If the center is assumed to be at the point (Ax , Ay), the transformation defined by
Eq. 2-19 changes into

^ - { X , Y > Y ) == X 2 X A + ^ * '

A x F AxAy XAy
Y' " Y' Y' ' (*-*')

Regarding contour points Eqs. 2-16 - 2-18 hold, and can be substituted into Eq. 3-47:

l Ax (-X +AX - j + ̂  J ^ r ) - ^ A y . (3-48)

From Eq. 3-48 it can be concluded that only if both Ax and Ay are equal to zero all contour
point based estimates are equal. The same analysis can be applied to the estimator of the
other axis of the ellipse with comparable result.

When the ellipse is supposed to be rotated over an angle A a , Eq. 2-19 changes into

where
X* = XcosA a + F s i n A a , (3-50)

and
Y* = - X s i n A a + KcosA a . (3-51)

Regarding contour points Eqs. 2-16 - 2-18 can be substituted into Eq. 3-49:

= arc0SAa-6sinAa

° Y' cos A a - sin A a
 l '

Thus, the estimated squared length of the axes of the ellipse based on a single feature
vector will be a weighed mean of a2 and b2. Because Y' depends on the location of the
edge point on the contour, also the weighing factors and thus the estimates of the axis are
location dependent. Only for A a = n | , where n is an integer, all feature vectors located
on the contour of the object map into the same point of the parameter space. There is a
difference, however, between A a = ntr and Aa — nir + |-. In the first case the estimates
are equal to a, in the latter case they are equal to 6.
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It can be concluded that in the noise free case, and only when the center of the
ellipse and its orientation are correctly chosen (Ax = 0,Ay = 0, and A a = n^), all
estimates based on single contour points will lead to the same result. In noisy (discretized!)
scintigrams there are also random variations of the edge point locations and tangent
directions. The influence of these distortions is edge point location dependent, as shown in
chapter 2, but results in random variations of the axis lengths. Therefore one may expect
the 5-D pdf of the unknown parameters of the ellipse to have its global maximum at this
point of the parameter space.

3.4 A local search algorithm

When the feature vector transformation has been applied to all selected feature vectors
(cf. § 3.1) and the pdf of the axis lengths is available, the maximum likelihood estimate
can be determined. The likelihood of this estimate, however, still depends on the center
location and orientation of the ellipse. In § 3.3 it has been shown that the global maximum
of the conditional probability density function of the axis lengths, p(A, B \ xc,yc,6), will
be found if xe = Xe, ye = Ye, and 8 = a. But that doesn't exclude the existence
of local maxima. The whole 5-D pdf of the axis lengths must therefore be determined to
estimate the length of the ellipse axes. The feature vector transformation has to be applied
regarding all possible locations of the center of the ellipse and all possible orientations.
Even in a discretized environment and when operator interventions are allowed to limit
the number of possibilities, this would be a CPU-time consuming operation. If the pdf is
monotonously non-increasing for positive values of Ax, Ay, and A a and monotonously
non-decreasing for negative values of these variables in the (sub-)space surrounding this
maximum, and the search starts at a point enclosed in this (sub-)space, the maximum can
be found with a local search algorithm. It is difficult, however, and maybe impossible to
prove this property of the pdf. But in § 3.4.1 it will be demonstrated that the variance of
the estimates decreases when the supposed center and orientation of tiie ellipse are moving
towards the right position and direction.

To determine the maximum likelihood estimate for a given center and orientation a
2-D pdf must be estimated and the global maximum of this function must be determined.
Because there may be local maxima (cf. Fig. 3.28), it is impossible to apply a local search
algorithm. Therefore the whole pdf 2-D pdf must be determined. In practice, however, this
density estimation can only be performed for discrete points. Subsection 3.4.2 deals with
the estimation of the pdf on a discrete grid. Subsection 3.4.3 concerns the determination
of the maximum likelihood estimate in the 2-D pdf.
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Subsection 3.4.4 describes the simple heuristic search algorithm, that has been applied
in this study. The algorithm is used to find the best location of the center of the ellipse.

3.4.1 Justification of the use of a local search algorithm

After substitution of Ax = o.Sx and Ay = bSy into Eq. 3-48, this formula can be rewritten
as

* , Y, Y') = a*(l- *6X - jSu"j ( l - ^6X) . (3-53)

When the center is located on the X-axis [6y = 0), follows

, Y, Y') = a2 [l - 6X ( f + £ ) + 5^ .A \ x (X, Y, Y') = a2 [l - 6X ( f + £ ) + 5^ . (3-54)

The term between brackets at the right hand side of Eq. 3-54 consists of a constant part
(1 + 8%), only depending on the shift of the supposed center related to the size of the ellipse
and a variable part (X/a + a/X), being contour point location dependent (cf. Fig. 3.22).
Equation 3-54 is not defined for X = 0, and has two extremes:

( a(l-6x) ifjf=-a
(3-55)

a ( l + S x ) i f X = a .

When 5X is assumed to be positive and only contour points of an elliptical object are
considered (—a < X < a), the estimates range from a(l + Sx) to oo for negative values
of X, and from a(l - 6X) to 0 for Ax < X < a. For 0 < X < Ax this (squared-length)
estimator gives negative results and is not defined for X = 0. Thus the single peak of the
2-D pdf, when both Sx and Sy are equal to 0, will be split up into two peaks moving away
from each other, and the estimated axis length will vary more rapidly when increasing Sx.

If the center of the ellipse is supposed to be located on the Y-axis, and therefore
6X = 0, Eq. 3-53 can be rewritten as

(3-56)

Regarding contour points of an elliptical object Eq. 2-15 holds and can be substituted:

A\y (X, Y,Y') = a*(l±8y]jl-^}. (3-57)
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a x
x a

-a

Fig. 3.22. Graph of the function (X/a + a/X). (cf. Eq. 3-54, § 3.4.1)

The root at the right hand side of Eq. 3-57 varies from 0 to 1. So, as long as the center
is chosen within the ellipse, the estimator is denned for all X except for X = 0. The
minimum value of the estimator, a-^/l - 8y, and the maximum, a%J\ + 5y, are found for Y
almost equal to b resp. —6, assuming 8y being positive. So also with a center displacement
along the Y-axis the variance of the estimates increases when increasing the distance to
the real center, relative to the size of the ellipse.

If the center is not supposed to be located on one of the axes, the first term on the
right hand side of Eq. 3-53 can be shown to be positive for all contour points satisfying
Eq. 2-15, at least when the supposed center is located within the ellipse. The second term,
(1 — Sxa/X), can either be positive, zero or negative, depending on the value of X. In
Pig. 3.23 the sign of this term is depicted as a function of the location of a point on the
contour. Only for those points, where this term is positive, a real estimate of the length
of .he axis can be made. If Sx and Sy are assumed to be positive, like in Fig. 3.23, the
estimates for positive values of X range from 0 to a limited positive value. For negative
values of X the estimates range from a limited positive value to oo. From Eq. 3-53 it can
be observed that the estimated length of the axis changes more rapidly when Sx and 5y

have higher values.
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Fig. 3.23. The sign of the term (1 — j^Sx) °f Eq. 3-53 as a function of the contour
point location (cf. § 3.4.1).

From the above analysis of the variance of the estimates it is concluded that the
variance is increasing monotonously when the supposed center is moving away from the
real center. It is expected that when the variance of the estimates increases, the peak in
the 2-D pdf of the length of the axes with a given center is becoming less pronounced, and
the maximum likelihood estimate of the axis is becoming less likely.

From Eq. 3-52 follows that when A a is close to nir, \ Y' cos A a | is much larger than
| sin A a | for almost all contour points. In that case almost all estimates are equal to a2

and the variance is rather small, resulting in a pronounced peak of the pdf. Similar results
are obtained for A a close to (n + |)5r, when almost all estimates are equal to 62. Whan
A a has a value somewhere in between these extremes, and when o > 6 and sin A a / cos A o

is positive, the resulting estimates have values as shown in Fig. 3.24.

Regarding contour points I " ranges from -t-oo to —cc. Starting at Y' = +oo the
estimates computed with Eq. 3-52 will be equal to a2. With decreasing value of Y', the
denominator of the right hand side of Eq. 3-52 decreases faster than the numerator, because
a > b. The resulting estimates increase, up to +co for F ' cosA a = s inA a . Then, while
Y' > 0 decreases further, the (squared length) estimator gives negative results. Next, for
a?Y'cos A a = ft2 sin A a , the numerator will be equal to zero, and so will be the estimated
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Fig. 3.24. The estimated squared axis length (A2) as a function of V. For
j|y tan Aa < Y' < tan Aa the estimator gives negative results. (6 < a, tan Aa > 0)

axis length. When Y' decreases further, the computed axis length increases, will be equal
to 6 for Y' = 0, and increases until a for Y' = -oo.

In the case of a complete elliptical contour, the number of feature vectors with positive
Y' is equal to the number of feature vectors with a negative Y'. Thus when A a increases
more estimates will result in a value between 0 and 6, while the number of estimates with
a value between a and +co decreases.

The same results can be obtained for 6 > a, or when tan Aa is negative. If o = 6 the
ellipse changes into a circle, lacking any orientation, and all estimates will be equal and
independent of A a This analysis of the variance of the estimates is also applicable to the
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Fig. 3.25. A noise free mathematical phantom image [left), and the same phantom
with Poisson noise added to the image [right). These images were used to demonstrate
the convergency to the global maximum of the pdf. The mean object density is equal
to 100 counts/pixel and the background density is equal to 50 counts/pixel.

transformation defined by Eq. 2-20, to estimate the length of the complementary axis of
the ellipse with comparable results.

To demonstrate the convergency to the global maximum of the pdf in the case of either
a shifted center, or a rotated ellipse as analyzed above, and to assess the convergency in the
case of combined deviations, several elliptical objects were generated. The objects had an
uniform density, except for pixels crossing the mathematical ellipse, describing the contour
of the artificial object. A weighed mean of the object and the background density was
chosen for those pixels. The weighing factors were chosen proportional to the ratio of the
pixel area located inside and outside the mathematical ellipse. The background density
was also uniform, but had half the object value. The images were scaled to an object
density (100 counts per pixel) comparable with those obtained in normal 201Tl-studies
of patients and Poisson-noise was added. Prom each noise-free object three noisy images
were generated with different noise realizations. Figure 3.25 shows a typical example of a
noise-free and a noisy image.

The Sobel operator was applied to the images in X- and Y-direction, resulting in two

gradient images (Fig. 3.26) and the gradient size image was computed (Fig. 3.27).

The coordinates and the gradient values of the pixels with a gradient size larger than
the local threshold T(x, y) were stored as a list of feature vectors. The threshold T(x, y)
was denned as described in § 3.1.3. The list of feature vectors was used as input for
the transformation. During the transformation the direction of the gradient vector was
checked. Only feature vectors with a negative inner product of the coordinate vector (with
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Fig. 3.26 The gradient images Dx and Dy, computed by application of the Sobel
operator to the noisy image of Fig. 3.25 in X- (left) and Y-direction (rigkt).

Pig. 3.27 The gradient size image S = \JD% + Z)jj, computed from the gradient
images of Fig. 3.26.
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Fig. 3.28. Two probability density functions. If the center and the orientation of
the ellipse are chosen correctly the pdf has only one peak {left). If the distance between
the center of the ellipse and its supposed center increases, the single peak of the pdf
will split up into two peaks (right) (cf. § 3.4.1).

respect to the supposed center of the ellipse) and the gradient vector, were transformed

(cf. § 3.1.3).

The 2-D pdf of the lengths of the axes belonging to the supposed center was estimated
by means of all transformed feature vectors. After that the maximum likelihood estimate
was determined. Figure 3.28 shows two examples of these 2-D pdf's: one when the center
chosen at the correct position and the other with a relative mislocation in the direction of
the a-axis of the ellipse, (5X) equal to 0.5. In the latter case the two disjunct peaks of the
pdf are clearly visible.

The 2-D pdf's were computed for several locations of the center of the ellipse and for
several orientations. Curves of the average likelihood of the maximum likelihood estimate
of one object in three different noise realizations were computed as a function of the
displacement of the assumed center in relation to the real one. The same was done for
the orientation of the ellipse. The curves were plotted scaled to a constant value of the
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Fig. 3.29. The likelihood of the MLE of the axis lengths of the elliptical objects of
Fig. 3.25 as a function of the center location error. Curve A: noise free object; curve
B: the mean value of the MLE of three noisy objects. Center displacement for both
curves along the a axis of the ellipse. (-1 < 5X < 1, 5y = 0, Aa = 0) Curve C: The
mean value of the MLE, but with center deplacements along the b axis of the ellipse
(<5s = 0, -1<SV< 1, A a = 0 )

maximum likelihood estimate at the correct position of the center and the right orientation
of the ellipse.

Figure 3.29 shows the curves when the center is shifted along the axes of the ellipse
with correct orientation. The shape of these curves can be explained as follows. When
the assumed center is moving away from the real one, the peak of the 2-D pdf is splitted
up as explained before. Then the pdf can be viewed as the sum of two pdf's. As long as
the distance between the two pdf's is not too large, the peak of the added pdf's will be
somewhere half way between the maxima of each single pdf. When the distance between the
pdf's increases, the likelihood of the maximum likelihood estimate (MLE) of the summed
pdf's will decrease, until it changes into a local minimum. (If the single pdf's were equally
Gaussian shaped 1-D functions the global maximum would change into a local minimum
when the distance between both peaks becomes larger than two standard deviations.) With
the distance between the peaks increasing, the influence of both peaks on the likelihood
of the maximum likelihood estimate is decreasing correspondingly, and the height of the
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100 V

Fig. 3.30. The likelihood of the MLE as a function of the center location error,
while the orientation error Sa = JT/4. Curve A: noise free object; curve B: the mean
value of the MLE of three noisy objects. The curves are less peaked, compared with the
curves of Fig. 3.29 (Curve A and B ). (5y = 0)

highest peak becomes the dominant factor. This peak height depends on the variance of

the estimates, which changes much slower.

In Fig. 3.30 the same curves are shown, but with a maximum orientation error
(Aa = ff/4). Because the variance of the estimates augments with increasing orientation
error, the likelihood of the maximum likelihood estimate decreases. This effect is more
prominent with small mislocation errors than with larger ones, which already induce a
large variance. From these curves it can be concluded that even when the orientation is
unknown the center of the ellipse can be found.

Figure 3.31 depicts the curves of the likelihood of the MLE as a function of the
orientation error. From Eq. 3-52 it can be seen that the convergency depends on the
eccentricity (e) of the ellipse. Assuming a > b, Eq. 3-S2 can be rewritten as

sin A,,
' cos A a - sin A, ; ) •

(3-58)

where e2 = (a2 — 62)/o2. As long as e2 is close to zero, there is almost no direction
preference. In the case of a circular object (e = 0) the likelihood of the MLE will be equal
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100*

Fig. 3.31. The likelihood of the MLE as a function of the orientation error A a .
Curve A: noise free object; curve B: the mean value of the MLE of three noisy objects.
[Sx = 5y = 0)

for all Aa. When increasing the ellipse excentricity the graph of the MLE shows a more
pronounced peak.

3.4.2 The discretized pdf

The estimation of the density at a point r can be viewed as the sum of all kernel
contributions each centered at a single feature vector based estimate f(t), with r having
any real value. In practice, however, when the whole 2-D pdf has to be determined, only
the density at a finite number of discrete points can be estimated. The pdf has to be
discretized.

If the sampling points are equidistant, the sampling frequency / , is given by the
Nyquist criterion, stating that the sampling frequency must be at least twice as high as
the highest significant frequency in the power spectrum of the pdf. The sampling distance
q, is equal to 1 / / ,
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The pdf is estimated by adding kernels. Then the spectrum of the pdf will not show
significant contributions for frequencies beyond the highest significant frequency in the
spectrum of a single kernel. It is therefore sufficient to determine the sampling rate for a
single kernel. This rate will always be high enough for the pdf.

The Fourier transform of a Gaussian signal has again a Gaussian shape:

(3-59)

which means that the energy in a narrow frequency band will never be equal to zero. But
the energy in both tails of the Gaussian function is limited:

-fc

Ptail, = if + j (e-*1''/')9 if
fc

(3-60)

where fc (> 0) is the cutoff frequency. The total energy in a Gaussian signal is equal
to l/(2a^/F). Although leakage cannot be prevented, it can be reduced to an acceptable
level by choosing a high enough fc value. The cutoff frequency, which reduces the relative
energy in the tails to Se, can be determined by solving fc from

[l- erf < 6t. (3-61)

For the smallest possible kernel, a = 2 pixel sides (« 5.5 mm, and for several values of 6e,
the cutoff frequency fc, and the sampling distance q, are summarized in Table 3.El.

Table 3.II. Sample distance and cutoff frequencies as a function of the relative energy
in the tails of the Gaussian kernel.

h [l/mm|

q» [mm)

0.10

.034

14.8

0.05

.040

12.4

0.02

.048

10.4

0.01

.053

9.4

0.005

.058

8.6

0.002

.064

7.9

0.001

.068

7.4

0.0005

.071

7.1
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The kernel applied in this study is a Gaussian kernel, multiplied by r(2Lmean - r)
on the interval (0,2Lmean) and by zero elsewhere. The Fourier transform of the kernel
can be obtained by convolving the transform of the Gaussian kernel with the transform
of the function r(2Lmean — r) on the given interval. The spectrum of the latter transform
is much narrower than that of the Gaussian kernel (Fig. 3.32), so that the former mainly
determines the width of the frequency spectrum of the kernel.

0.600 '/mm" 1.20 X 10 -1

Fig. 3.32. Frequency spectrum of the Gaussian kernel (G) and the parabolic function
(P). The ,'atter is only defined on the interval (0, 2Lmean).

If a sample distance is chosen from Table 3.II, the actual leakage will be a bit more
serious than the figure given in the first row of this table. There are, however, only a few
of these small kernels. 2vfost of them are smoother, and will have a narrower frequency
spectrum. So, in practice, the leakage problems will be comparable with those of the
sampled pure Gaussian kernel.

For this study a relative energy in the tails of around 1% was considered acceptable,
resulting in a sample distance of 8.25 mm (3 pixel sides). The pdf was digitized on a
16 x 16 grid corresponding with a maximum axis length of 132 mm.
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3.4.3 Determination of the MLE in a 2-D pdf

After transformation of all feature vectors, the point with the highest probability density
can be determined. This density, however, depends on ''he number of contour points of
the ellipse. Ellipses with a large perimeter will have ma' feature vectors, contributing to
the local probability, while small ellipses will have only a .w of those edge points. As long
as the ellipse is large compared with the pixel size, the number of contour pixels (feature
vectors!) can be estimated by computing the perimeter. So, by dividing the probability
density at a point of the pdf by the perimeter of the ellipse belonging to that point, a
perimeter independent pdf will be obtained.

1

Fig. 3.33. Definition of the four points surrounding the maximum probability grid
point, used to fit the parabolic function.

From the perimeter corrected pdf the grid point with the highest probability is
determined. By means of this point and four surrounding grid points (Fig. 3.33) the
2-D pdf is fitted by 1P° "arabolic function

S{A,B) = +P5B. (3-62)

The maximum P{AMLE>BMLE) = -vil^Vi + Ps ~ pl/^P* °f this function will be found
at point {AM£.E,BMLE) = (-P2/2P1, -p5/2p4). Thh point will always be found in the
3 x 3 neighborhood surrounding the maximum in the digitized pdf.
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2.4.4 A simple heuristic local search algorithm

In order to determine the best fitting center and orientation of the ellipse, several
possibilities have to be examined. An exhaustive search method can be applied, but such
a method consumes an enormous amount of CPU-time. A local search method can do the
job much faster, especially when some a priori knowledge is included. The use of the latter
method is already justified in § 3.4.1. From the results presented in that subsection it is
concluded, that for elliptical objects a local search algorithm can be applied, as long as a
suitable start point can be defined. It is also concluded that it is easier to find the location
of the center of the ellipse, while the orientation is still unknown, than to start searching
for the right orientation. Therefore the algorithm first updates the center location to
maximize the likelihood of the estimates, and secondly the orientation of the ellipse. Both
consecutive steps can be performed in an iterative way, until the variation of the likelihood
of the estimates is less than a predefined threshold, or a specified number of iterations has
been reached.

Because it is very unlikely, that the starting point and orientation belong to the best
set of parameters, a large value is assigned to the (minimum) smoothness of the kernels.
After updating the center location and the orientation of the ellipse, the smoothness value is
decreased and new updating steps will be performed. The smoothness parameter, however,
will never be less than its minimum value, determined in § 3.2.3.2.

3.4.4.1 The starting point

The clinical images used in this study are acquired in 128 x 128 matrices, without applying
any magnification, resulting into a large view of the 201Tl-distribution in the thorax.
Application of the feature vector selection algorithm to the whole image would result
in many feature vectors, originating from the noisy background and 201 Tl-uptake in
surrounding organs. To prevent too many noisy feature vectors, the operator has to select
a 64 x 64 subimage including the heart, but excluding a large part of the background.
When performing this operation the operator identifies the region of interest in such a
way, that the left ventricle is centered in the subimage. The center point of the latter
im ,ge is used as the initial estimate of the center location of the ellipse.

The initial estimate of the orientation a of the ellipse will be equal to TT/4. This
orientation is based on the normal appearance of the projection of the myocardium in
anterior (ANT) and 70° left anterior oblique (LAO70) scintigrams. Fortunately this value
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does not appear to be critical. Prom the results of § 3.4.1 it can be concluded that for
elliptical objects the likelihood of the estimates decreases with increasing orientation error,
but that the center location can still be determined.

3.4.4.2 Searching for the center location

Before the algorithm starts searching for the optimal center, it first determines the MLE
for the initial orientation and center location. Next it increments the x-coordinate of the
center and determines a second MLE. If the likelihood of the new MLE is higher than the
likelihood of the old MLE, a second step in the same direction will be performed. This
process continues until the likelihood does not increase any more. If the first step does
not result in a better estimate, a step in the opposite direction is tested. If this step
is successful more steps will be done in the same direction, until the likelihood does not
increase any more.

Having optimized the likelihood with respect to the x-coordinate of the center, the
same process is entered for the y-coordinate. The algorithm then proceeds with updating
the orientation of the ellipse, and finally checks whether it has to continue with a next
iteration, or not. If it does, the updating step size, initially being 2 pixels sides, is decreased
by a factor 2, upto a quarter of a pixel side.

3.4.4.3 The optimal orientation of t ie ellipse

Due to the mirror symmetry of the ellipse, the orientation error will always be less than TT/2.
The feature vector transformation, however, makes no difference between the estimation
of the long and the short axes of the ellipse. An orientation error equal to K/2 only causes
interchange of both axes. So, the orientation error will always be less than ir/4. The initial
orientation step size has been chosen equal to 16°.

The likelihood of the estimates for the initial orientation has already been determined
during the preceding center location updating steps. Therefore the algorithm immediately
starts with testing a new orientation. This orientation is assumed to be better, if the
likelihood of the new estimates is higher than the likelihood of the old MLE, or if the
likelihood is at least 60% of the likelihood of the old MLE, and the axis ratio (the length
of the long axis divided by the length of the short axis) is larger than the one of the old
MLE. The latter criterium has been included, because, due to the orientation error, the
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resulting estimates will be a weighed mean of the short and the long axis (§ 3.3, Eq. 3-52).
The threshold of 60% was arbitrarily chosen, and performed well in several tests.

If the orientation updating step has been completed successfully, another step in the
same direction is tested. If the first step fails to fiiid a better estimate, the orientation is
updated in the opposite direction. If the algorithm has determined the best orientation of
the ellipse, it checks the stop criteria and continues, if necessary, with updating the center
location. If it continues, *he orientation step size is decreased by a factor 4, but upto 1°.

3.4.4.4 T ie stop criterion

After each complete updating step (center location and orientation) the algorithm checks
whether continuation is necessary or not. It stops when aJJ of the following criteria are
fulfilled:

1. The value of the smoothness parameter is equal to its minimum value. Only in that
case the length of the axes can be estimated with the highest accuracy.

2. The updating step sizes during the last updating st<=r>s are equal to their minimum
values. A smaller step size can still result in center locations and orientations not
tested before.

3. No better estimate could be determined during the last updating step. If there is,
for instance, a successful orientation updating, a new center location can again result
into a further increase of the likelihood of the MLE. If, however, conditions 1 and 2
are fulfilled, and there is only a successful updating of the x-coordinate of the center,
the algorithm also stops. Repeated updating of the x-coordinate cannot be successful
any more, because the step sizes and the smoothness parameter have already reached
their minimum value.



Chapter 3: Delineating the left ventricle 79

I ^'.

Fig. 3.34 Three noisy elliptical objects. Mean densities: 100 counts/pixel (upper
left), 50 counts/pixel (upper right) and 25 counts/pixel (lower). In overlay with these
images the elliptical contours found after each iteration. The darkest ellipse is the final
result.
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Fig. 3.35. An example of the elliptical contour obtained in a clinical image.

3.5 Results and discussion

In § 3.4.1 a computer generated elliptical object was introduced to show the variation of
the likelihood of the MLE as a function of the orientation error and the error of the center
location. The same object is used to show the convergency of the search algorithm.

Figure 3.34 shows three objects with different mean object densities: 100, 50, and
25 counts per pixel. In overlay with these images the ellipses found after each complete
iteration of the algorithm. To determine these ellipses 4, 5, and 5 iterations were needed
and 31, 40, and 39 times a 2-D pdf had to be determined. The search algorithm started at
the center of the image matrix (31,31), with the orientation equal to TT/4, the maximum
orientation error.
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Pig. 3.36. A left ventricle with a large distribution defect. Nevertheless the
algorithm produced a reasonable estimate of the elliptical contour. In overlay with
the image the contours determined after each iteration. The darkest ellipse is the final
result.

Figure S.35 shows the result obtained in a clinical image of a normal left ventricle,

and Fig. 3.36 presents the result obtained with a partially visualized scintigram.

Tf the defect in the 20lTl-distribution is very large (Fig. 3.37) also this method fails
to find the contour. From the scintigram shov/D in Fig. 3.37 mainly the feature vectors
located near the basal segments of the left ventricle and artificial points at the border of
the defect could bo etermined.

The algouthm to delineate the left ventricle presented in this and the previous chapter
requires the direction of the tangent in each edge point to estimate the length of the axes
of the object surrounding ellipse. As long as the background and the object have unifc.m
densities, and the edges are equally shaped, a gradient operator can be applied to estimate
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Fig. 3.37. The very large distribution defect at the apex, and partially the anterior
and inferior wall of this ventricle resulted in an unsatisfactory contour.

the direction of this tangent. But none of these conditions is present in even normal clinical
images. Nevertheless, even in those images an elliptical contour could bi_ determined.

The main drawback of the algorithm is the time needed to determine the best fitting
ellipse. It took 5 to 8 minutes to produce a 2-D pdf on the nuclear medicine computer
system (cf. chapter 1), without floating point hardware. This time mainly depends on the
number of kernels to add. A more efficient feature vector selection can reduce the number
of feature vectors to be transformed. Presently the algorithm selects 1200 - 1700 possible
feature vectors. During the transformation the direction of the gradient vector is checked,
which results in rejection of many vectors. 500 - 800 kernels are added to produce each
pdf.

The total time required to determine the best fitting ellipse is also influenced by the
number of iterations, which in turn is a function of the step sizes applied, the smoothness
of the kernels, the stop criterion, and several other image dependent factors. The updating
of the free parameters of the ellipse (the coordinates of the center and the orientation) fails
at least once during each iteration, while the number of successful steps mainly depends
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on the stepsize. A too large step will result in only a few successful steps per iteration, and
there are many iterations required to determine the parameters of the ellipse. A too small
step will require many steps before a failing step is determined. The step size applied in
the algorithm are experimentally determined, without explicitly optimizing the speed of
the algorithm.

Another possibility to accelerate the algorithm consists of increasing the computation
speed by applying floating point hardware, or programming some parts of the algorithm
employing integer arithmetic. Due to the inherent parallel structure of the transformations
and the additions of the 2-D kernels to the 2-D pdf a parallel processing machine seems
to be attractive, for implementation of the algorithm

An algorithm based on the Hough transformation, like the one presented here, can
also be developed for other object shapes. The main problem concerns the dimensionality
of the parameter vector. The ellipse has five parameters, two of which can be computed
if the three ot! <»- are known, or have assumed values. The search algorithm has to find
an optimum ii ^-D space. The use of edp models with many more free parameters is
limited by the time needed to find the best set of parameters.
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3-A Appendix A

This appendix deals with the probability density functions of the gradient vector at border
and non-border points. The gradient vector is assumed to be estimated by means of the
Sobel gradient operator applied to scintigrams (cf. § 3.1.1).

3-A.l The pdf of the gradient vector at non-border points

If the distribution function of the gradient operator at non-border points can be approx-
imated by a normal distribution and D and D are supposed to be independent and
equally distributed (cf. § 3.1.2.1), then the joint probability density function (pdf) of D

and D will be equal to
—y

The folk ing polar transformation can be applied

and
( \

= arctan = ^ I . (3-A-3)

Then the joint pdf of S_ and ^ is equal to

where J is the Jacobian determinant, accounting for the coordinate transformation. For

S > 0 and 0 < T/J < 2n the inverse transformation exists:

^ (3-A-5)

and
D = £ sin ±. (3-A-6)
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Then the Jacobian determinant will be equal to

J =

dPx dDx
dS = S, (3-A-7)

and for the joint pdf of S and ij) follows

Integration of Eq. 3-A-8 results in the pdf of S at non-border points:

(3-A-9)

Equation 3-A-8 is independent of ip. So, $ will have a uniform d i s t r ibu te on the interval
[O,2TT).

3-A.2 The pdf of the gradient vector at border points

In real images also at border points noise will be added to the operator output. That noise
will again be a function of the local density and is added to the output of the gradient
operator. Due to the finite size of pixels, and their discrete locations, the variance of the
noise will depend on the actual position of the a border point and varies between the
variance of the noise in the background and in the object. The stochastic component of
the gradient size has again a Rayleigh distribution and the direction of this part of the
gradient vector is also uniformly distributed. This subsection of the appendix deals with
the distribution of the complete gradient.

The gradient at border pixels d consists of a deterministic part C?i, depending
on the change in the mean density between the object and the background, and a stochastic
part G , mainly depending on the local mean density of the scintigram (Fig. 3.4):

G. . = d + G . (3-A-10)
—border —2 v '

obability density fund
be equal to
Thus the probability density function of the gradient vector at border points G . will

—border
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By rearranging the vector equation on the right hand side of Eq. 3-A-ll, it follows that

The probability density of G^ d can again be described by the joint probability density
of its size and direction:

= \\G - Gxl l ,^ - Z(G - G,)) . (3-A-13)

The distribution function of the gradient size at border points will be equal to

2ir T

0 0 D

which is the integral over the disk D (Fig. 3.5) with radius T, centered at O, the origin of
the polar system (S,ip).

When the threshold T is less than or equal to the object-background difference Sit

then the minimum and maximum length of the stochastic part of the gradient vector,
provided that 5 completely belongs to D, will be found if G and Gr coincide. Thus,
for the integral limits follows

S*mM=Sl+T, (3-A-15)

and
52 . =St-T. (3-A-16)

*min * v '
ij> can be written as function of S :

( S2 + S2 - S7 \
——~g s-

bord'r I . (3-A-17)

If S is known, the integral limits of ih will be found if S, is equal to T:
—2 — —border ^

(g2 i ^2 _ y2 \
1
 2S"S J , (3-A-18)

and

tomin - ~fomaz- (3-A-19)
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After substitution of the joint pdf of S and ^ (Eq. 3-A-8), the integral of Eq. 3-A-14
can be partially computed:

a r c c o s

This integral has to be computed numerically. For a threshold value larger than the object
background value only the lower integral limit of Ss changes sign:

• * ( * ) >* •

The stochastic part of the gradient vector at border points not only affects the gradient
size, but also the direction of the gradient vector at these points. The pdf of the distorsion
of the gradient vector can be computed by integrating the joint pdf of S\ . and ifr :

Wi. J ) = [P(SL A >V\. A )dS> (3-A-22)
U>order' J rK—border -^-border' ' * '

0

which is the integral along the semi line I in the direction border (cf» Fig. 3.8). 5 and

4> can be expressed in terms of S, , and V, , •
•2-2 r —border ^-border

Sl = Sl A +Sl~2S>. A SiCOSift. ^ » (3-A-23)
—2 —border * —border ^--border' v '

and

^ j . (3-A-22)

So. the joint pdf of SL . and t/> J can be obtained by a coordinate transformation of
' —border 2-border J

the joint pdf of 5 and ip , which is given in Eq. 3-A-8. For the pdf of rp. then follows
—2 —2 —border

o

This integral has to be computed numerically.



Chapter 4

Quant it at ion
of the

Radionuclide Distribution

The delineation of the left ventricle has been described in chapter 2 and 3. Once the region
of interest has been indicated successfully in the scintigram, the radionuclide distribution
within the left ventricular region can be assessed quantitatively. Several methods to
perform this quant it ation have already been mentioned in chapter 1. The method, applied
in this study is based on circumferential profiles. The particular choice of this method will
be discussed in § 4.1.

When applying circumferential profile methods, the region of interest has to be divided
into a series of polar segments. Each segment will be bordered by two consecutive radii
-drawn from the center to the outer contour- and a part of both the inner and outer contour
of the left ventricle. Section 4.2 deals with this subdivision of the left ventricular region.
In § 4.3 the construction of the circumferential profile will be described in detail.

Finally in § 4.4 some results will be presented and discussed. The method will be
applied to normal scintigrams, and to those obtained from the ischemic or infarcted
myocardium.

4.1 Quantification methods

One of the first methods to evaluate quantitatively a 0 1 Tl-scintigrams of the left ventricle
was described by Meade (1977; 1978). He applied a circumferential profile method. Many
others also applied such a method, with sometimes minor changes in the details, like the
segment size, the number of segments and the method used to assess the local activity
(mean, or maximum number of counts in the segment).
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Hamilton (1978), Watson (1980; 1981), and Berger (1981) applied horizontal profiles,
crossing the target region to assess quantitatively the activity within the left ventricular
wall. Their studies emphasize the kinetics of thallium in the left ventricle.

Table 4-1 summarizes some of the details of the published methods. This overview is
not exhaustive, but illustrates the similarity of most of the published methods.

When the radionuclide distributions of the exercise and the redistribution scintigrams
have to be compared by using profiles, an accurate alignment of both images is necessary.
This alignment is less critical with circumferential profiles, than with horizontal profile
methods, where each profile reflects the count density at only a few points of the left
ventricular wall. An other disadvantage of the horizontal profile methods is that only a
few profiles are analyzed, mainly reflecting the activity distribution in vertical walls of the
left ventricle. The thallium distributions in the basal and apical segments, however, can
hardly be assessed by these methods. The circumferential profile methods determine the
activity in polar segments, comprising the whole left ventricular region and reflecting the
distribution of thallium ia the whole myocardium.

Prom Table 4-1 can be observed that several methods to quantitate the distribution
of 201Tl have been applied. The maximum and the mean count density in a segment are
the most commonly used methods. The main advantage of the maximum value method
is that the point with the highest density is easy to determine, as in most cases this
point will be found in the projection of the ventricular walls, which are orthogonal to the
projection plane. Only in case of a large defect in those parts of the myocardium, it is
necessary to exclude the central part of the projected myocardium explicitly [Smart, 1986].
A disadvantage of this method is, however, that the maximum density in a segment is a
very local value, which is considerably influenced by noise and does not take into account
the surrounding pixels. The method proposes a single pixel value being representative
for the density in the whole segment. To reduce the influence of the noise some authors
smooth the scintigrams first. A second disadvantage of the maximum value methods is
that in general in stress and redistribution images these values will be found at different
places within each segment, which hampers the comparison of both profiles.

Several groups [Goris, 1983; Wackers, 1985; Ware, 1985; Smart, 1986] have investi-
gated the differences in clinical applications between circumferential profiles based on the
mean and the maximum segment density. They all found either no difference at all, or
only a slight difference in favour of the mean value. However, most researchers did not
indicate clearly how they computed the mean value, dealt with pixels crossing the radii,
or the contour of the left ventricle, how they outlined the myocardium, and whether they
excluded the central part of the projected myocardium or not.
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The horseshoe shape of the projection of the left ventricular wall in the scintigram
is mainly determined by parts of the myocardium which are orthogonal to the projection
plane. However, also other parts of the myocardium will be imaged. These parts will
increase the count density at the central part of the left ventricular area. Therefore, when
computing the mean density on basis of the activity distribution in the whole segment, the
mean is influenced by these almost invisible parts of the left ventricle. Only Smart (1986)
explicitly excluded the central parts from the computation of the mean value profiles.

Fig. 4 .1 . A polar segment. In the case of a circular contour rj = r? = r. Then the
arc length is equal to r<p, where <p is the segment angle. Most quantitation methods
apply fixed segment angles even when the radius to the contour varies from point to
point.

Goris (1983) applied a polar transformation first, and then computed the circumfer-
ential profile. Each scintigram was centered in a 64 x 64 matrix, and divided into 256
segments. During the polar transformation the new values were computed by back trans-
formation of the polar coordinates to cartesian coordinates. The latter were rounded to
the closest integer value and the pixel value belonging to this point was assigned to the
corresponding point in the polar domain. Because the distance between a contour point
and the center of the left ventricular area is always less than 32 pixels, the largest segment
arcs (Fig. 4.1), assuming a circular contour, will always be less than 32 x ^ - « .785 pixels.
So, all pixels will be represented in the polar image.

Burow (1979) divided the left ventricular area into a number of segments equal to the
number of pixels in the isocount contour, thereby avoiding the undersampling problem.
The radii bordering the segments were drawn from the center to each contour point. This
method, however, results in a variable number of segments with unpredictable size (Fig.
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Table 4.1. An overview of the published quantitation methods.

Reference

Hamilton, et al (1978)

Watson, et al (1980)
Watson, et al (1981)
Berger, et al (1981)

Meade, et al (1978)

Burow, et al (1979)

Reiber, et al (1982)
Lie, et al (1979)

Garcia, et al (1981)
Van Train, et al (1986)

Gorii, et al (1983)

Makler, et al (1985)

Wackers, et al (1985)

Smart, et al (1986)

method"

HP

HP

C P

C P

CP

CP

GP

CP

CP

CP

# profiles

?

4

72

70 - 100, from
the center to
each isocoa-
tour point

60

60

256

60

36

60

•egment
angle

-

-

5°

variable

6°

6°

360°/256

6°, refor-
matted
nto 38°

10°

6°

measure

-

maximum

mean of pixels with
activity > 50% of
maximum

mean along radii

maximum

maximum

maximum; sum of
!our largest; sum;
mean; sum of
nonzero values

maximum, mean
of maxima in 6
segments

mean

maximum after
moothing; mean

of 7 points centered
around maximum

contour
detection

-

implicit, by back-
ground subtraction

isocount contour
inside ellipse sur-
rounding myocardium
(interactive)

auto

maximum radius
interactively entered

-

-

nteractive

nteractive

f HP = horizontal profile; CP = circumferential profile
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canter detection

_

auto after background
subtraction on exercise
image

interactive

center of ellipse, or
interactive

center of activity
structure

interactive

interactive

interactive

interactive

interactive

image alignment
(exerc. /redU.)

_

auto, by cross
correlation

7

aligned on apex,
normalized for size

operator marked
apex

interactively marked
apex

center and
interactive marked
apex

interactively entered
apex and center

auto, by cross
correlation

interactively marked
center and apex

defect!

qualitative assessment of the difference between
rest and exercise

- focal defect (-25%) on exercise image
- relative distribution in redistribution image
- abnormal washout $

infarction:
- counts less than 60% of maximum
- counts in rest CP 4096 of average activity below

maximum
ischemia
- stress CP below rest CP over at least 2 cm

myocardium, by more than 20% of mean activity

percentage of CP points below -2 S.D.-
limits of pooled normals

3 or more segments of stress, redistribution
or washout CP below NL

2 or more segments of
- stress profile below NL
- early redistribution CP above NL
- late redistribution above NL
- late washout below NL

differences of all 5 measures with -1.5 S.D. limits
combined in two figures:
- sum of all positive differences
- largest positive difference

36° segment less than or equal to 75% of maximum
of CP

- 50° segment of exercise CP below NL
- 50° segment of washout CP below NL

3 consecutive segments below -3 S.D.limits

| washout = (exercise - redistribution) / exercise

NL = normal limits
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Fig. 4.2. Burow determined an isocount contour by applying a global threshold.
This method can result in an irregular contour, where the angle between radii drawn
from the center of the contour to two consecutive contourpoints depends on the location
of these points and in general is not fixed.

4.2). The profiles therefore had to be normalized first, even in the case of the same patient,

to be able to compare the activity distributions in different studies.

When the profile values are computed directly from the scintigram values and all
pixels (partly) located within a segment are considered, the undersampling problem, as
mentioned by Goris, does not occur. But undersampling can still be a problem, when the
segments become too large (too few segments). Small defects in the distribution are not
"visible" any more.

Almost all circumferential profile methods mentioned in Table 4-1 use a subdivision in
segments with a fixed segment angle (Fig. 4.1). Most of the circumferential profile methods
subdivide the left ventricular area into segments of 6° each. Wackers (1985) applied
larger segments (36°) and Makler (1985) combined three 6° segments to 18° segments
for the analysis of the profiles. Only Burow (1979) applied segments with variable, but
unpredictable angles (Fig. 4.2).



Chapter 4: Quantitation of the Radionuclide Distribution 95

Because the contour of the myocardium is, in general, not circular, the segment area
depends on the location of the segment. This segment area is proportional to the product
of the length of the radii bordering the segment. In case of fixed segment angles, and an
elliptical shaped contour, the area of a segment close to the long axis of the ellipse is larger
than one which is near the short axis. So, the resolution of the profile is segment location
dependent. When the area of the segment is chosen to be fixed, the segment angle will
depend on the segment location. In that case the size of a defect, expressed as the area of
the defect in the scintigram, can easily be assessed from the circumferential profile. The
defect size in the scintigram is a linear function of the number of abnormal profile points.

Based on the above made remarks on the published methods, the quantification
method to be developed should fulfill the following requirements.

1. It should be a circumferential profile method.

2. It should compute the mean value in a segment, where contribution of each pixel is
proportional to the intersection of the pixel and the segment.

3. Pixels outside the myocardial area, or inside its central part should be excluded.

4. The number of segments should be fixed for easy comparison.

5. The segment area from which the mean value is computed, should be equal for each
segment, and should be chosen in relation to the minimum detectable defect size, the
latter based on non-profile factors.

4.2 The subdivision of the ellipse

This section deals with the segmentation of the ellipse. In § 4.2.1 a subdivision in equal
area segments will be derived. The effective segment area -from which the mean value is
computed, thus after exclusion of the central part- will be derived in § 4.2.2.

Due to statistical noise, absorption in overlying tissue and the movement of the heart
during acquisition, small defects cannot be imaged. In § 4.2.3 the maximum allowable
(without undersampling) effective segment area will be derived, based on the size of the
smallest defect that can be made visible.
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4.2.1 Subdivision of the ellipse into equal area segments

The area of a polar segment (Fig. 4.3), applying a polar coordinate system, will be equal
to

A= I I rdrdt, (4-1)
if> 0

where R(£) is the length of the radius to the elliptical contour with semi axes a and 6:

R2(t) = 2 . 2 f 6 ' 3,- (4-2)
a2 sin £ + b2 cos2 £

Substitution of Eq. 4-2 into Eq. 4-1 results in

2 J a2 sin2 ( + 62 cos3 f

= Y {arctan [ J tan (I + <o(fl)] - arctan [ J tan(^)] } . (4-3)

From Eq. 4-3 the segment angle <p(jj>) can be solved:

<p(i)>) = arctan ^ - tan —- + arctan ( - tan(^)) \\ - <j>. (4-4)
[a [a b \o IJ J

The segment angles has to be computed in a sequential order. Given an initial value
^o (0 < 4> < 2ir), <pQ = <p{<j>0) can be computed. Next (pi (= ^0 + (p0) and ^ i
(= ip{(f>i)) can be computed. And so on, until the n segments angles are determined
and ((j>n-i + <Pn-i) mod 2ir is equal to <j>0 again.

4.2.2 The effective segment area

The total area of the ellipse is equal to nab. If this ellipse is divided into n equal area

segments, each segment has an area A = irab/n. For Eq. 4-4 follows

<p(<f>) = arctan < - tan h arctan ( - tan(^)) > — 4>. (4-5)
(a [n \b /})
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Fig. 4.3. A polar segment bordered by an elliptical contour with axes a and b.

So, the subdivision of the ellipse only depends on its excentricity and the number of
segments. However these segments still include the central part of the left ventricular
region. To exclude this part a second region inside the elliptical contour is needed.

Vos (1982) applied an inner ellipsoid in its myoci/dium model with semi axes a' = a—c
and b' = b — c, where c is a constant. This choice results in an elliptical inner contour and
an almost constant wall thickness, but with a modified excentricity.

Pretschner (1979) applied an inner ellipsoid, with axes that showed a constant relation
to those of the outer ellipsoid. The excentricity of both ellipsoids will then be equal, but
the thickness of the left ventricular wall will be location dependent. The latter, however,
is in conformity with the human anatomy, where the normal myocardium at the apex is
thicker than, for instance, at the lateral wall.

Also for this study the excentricity of the inner contour was kept constant by
multiplying both axes with the same factor k. The area of the inner ellipse will then
be equal to vk2ab. Because the excentricity is equal for both ellipses, the same segment
angles can be applied. For the effective segment area, the segment area between the inner
and the outer ellipse, then follows

(4-6)
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To determine k, 133 aselect scintigrams of 24 patienis were analyzed. The elliptical inner
and outer contour were fitted interactively and the ratio of the axes of both ellipses was
computed. The mean ratio was 0.456 and the standard deviation 0.053. On the basis of
these data it was dicided to assign the value 0.4 to A:, which is equal to the mean minus
one standard deviation.

4.2.3 The maximum effective segment area

The segment must be small enough to avoid undersampling, as a result of which small
defects can be missed. The minimum detectable defect size depends on several factors,
like the resolution of the imaging system, the signal-to-noise ratio, and the kind of defect
(transmural or not, the activity concentration, etc.). Moreover the resolution is reduced
because the heart is moving during acquisition, by which defects are smeared out and
become less visible.

Vos (1982) found that completely nonperfused defects with a volume of 6 ml were
detected by only 50 % of the observers during visual interpretation of the scintigrams.
His images were generated by means of a mathematical model of the myocardium. In real
images the smallest detectable volume will be larger, due to thallium-uptake in surrounding
organs and nonuniform background density. Mueller (1976) obtained comparable figures
with a physical phantom for myocardium and background.

If the lesions are assumed to be spherical, the radius of a defect of 6 ml will be equal
to r = y-^V[e,ion « 1.13cm. The projection of this sphere on any plane will be a circular
disk with the same radius. The projection of the spherical lesion of 6 ml has an area equal
to Aietion — •KT2 » 4 cm2. To prevent undersampling the effective segment area must be
at most half this size. For the number of segments, assuming a normal sized heart (Table
3-1) then follows (Eq. 4-6)

n = 2(1 - * 2 ) - ^ — « 28 segments. (4-7)
"lesion

If even in an extremely enlarged left ventricle no undersampling may occur, the maximum
axis lengths must be substituted into Eq. 4-7 (see Chapter 3). Then the number of
segments must be equal to

B = 2(1 - fe2^(l-44a)(1.44 6)
A l i

For this study n is chosen equal to 60, in order to make it possible to compaxe the
results with those from other published methods. For a normal sized heart, however,
a segmentation into 28 segments is sufficient.
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4.3 The construction of the profiles

As soon as the left ventricular area is divided into segments, and the inner contour is
determined, the mean segment density can be computed by summing up the pixel values
of all pixels (partly) located in the segment of interest. Each pixel value is weighed by the
relative area of the intersection of the pixel and the segment, divided by the total pixel
area.

Fig. 4.4. Definition of the segments S'(i) {left), and S(i) {right).

The algorithm distinguishes two types of segments (Fig. 4.4):

1. Segment S'(i), only bordered by two radii defined by the segment angles 0,-_i and (pi

{i mod n). These segments have an infinite area.

2. Segment S{i), being the part of S'(i) between the inner and the outer contour. The
areas of all the segments S(i) are equal. To compute the mean density, only pixels
(partly) located inside S(i) are considered.
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Fig. 4.5. Pixels, whose corners fall in more than two consecutive segments [left), or
in two non-consecutive segments (right) are divided into four equally sized subpixels.

The algorithm to compute the mean density is pixel oriented. It first determines in
which segment S(i) the corners of the pixel are located. The number t is assigned to a
pixel comer if it falls in segment S(i). When a corner falls inside the inner, or outside the
outer elliptical contour 0 is assigned to that pixel corner. The pixels are then evaluated
on basis of the numbers assigned to their corners. If the corners of a pixel fall in more
than two different segments, or in two non-consecutive segments, the pixel is split up in
four subpixels of equal size (Fig. 4.5). The corner locations of each subpixel are tested and
processed, and, if necessary, the subpixel is split up again. Because the central part of the
ellipse, where all the radii intersect, is excluded, the subdivision will always end after a
finite number of divisions.

Six different pixel locations can be distinguished:

1. The pixel is completely located outside any segment S(i) (Fig. 4.6a). These pixels

can be ignored.

2. The pixel is completely located inside one segment S(i) (Fig. 4.6b). The mean density
of segment S(i) is increased by the pixel value.

3. The pixel is completely located inside segment S'(i), but crosses the inner or the
outer contour (Fig. 4.6c). The algorithm determines the intersection of the pixel and
segment S[i). The pixel value multiplied by the weighing factor -proportional to the
relative area of the intersection- is added to the total of segment S{i).

4. The pixel is located on the border of two consecutive segments S(i) and S(i + 1)
(Fig. 4.6d). The pixel value is divided over both segments.

5. The pixel is located on the border of two consecutive segments S'(i) and S'(i + 1),
but is not fully contained in segments S{i) and S(i + I), and the intersection point
of the contour and bordering radius between the segments is located outside the pixel
(Fig. 4.6e). The pixel is divided into three parts. The part outside the outer, or inside
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f

Fig. 4.6 Six different pixel locations can be distinguished:
a. Completely outside any segment S(i),
b. Completely inside one segment •S'(t),
c. On the inner, or outer contour, but completely inside one segment S'(i),
d. On the border of two consecutive segments S(i),
e. On the border of two consecutive segments <?'(»), but partially outside any segment

S(i), and
f. Just as (e), but the radius separating the consecutive segments intersects with the

elliptical contour inside the pixel.
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the inner contour can be ignored. The areas of the other two parts define again two
weighing factors, of which the sum, however, is less than one.

6. The pixel is located at almost the same position as above, but the point of intersection
of the contour and the radius separating the two consecutive segments S'(i) and
S'(i + 1), is located inside the.pixel (Fig. 4.6f). The pixel is now divided into four
parts. Two of them can be ignored, because they are located outside the outer, or
inside the inner contour. The others can be processed as 5.

When determining the intersection of pixels located partly inside the inner, or outside
the outer contour, it is assumed that the contour inside a pixel may be modelled by a
straight line (Pig. 4.7). As long as the contour is not too curved the error made by
this assumption will be small and the errors made at the outer contour will be partly
compensated by those made at the inner contour. To assess the error made by this
approximation the algorithm was applied to an equal density image. The circumferential
profile was computed for an ellipse with axes equal to those of the average normal left
ventricle, the smallest, and the largest possible ventricle (see Chapter 3). A subdivision
into 60 segments was applied. Table 4-II summarizes the results.

Pig. 4.7. When the contour is modelled by straight lines small segments will be
excluded {left), or included (right) in the segment area.
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Table 4-II. The results of the subdivision of the ellipse into 60 segments, (unit = pix-
els)

axis lengths

a

30

22

15

6

18

13

9

area

(1-A: 2 )JTO6

23.7504

12.5789

5.9376

measured area

mean

23.7481

12.5744

5.9318

S.D. f

4.33 10"3

2.76 10"3

6.93 10-3

largest difference X

-12.77 10~3

-10.25 10~3

-14.92 10~3

| S.D. = standard deviation
J Real area minus computed area.

Because the density was chosen equal to one count per pixel the resulting curve can
be interpreted as a curve of the segment area, being a function of the segment number i.
The area of an segment S(i) must be equal to (1 — k2)irab/n, where a and 6 are the length
of the axes of the outer ellipse, and ka and kb those of the inner ellipse.

Figure 4.8 shows the differences between the analytically computed area and the area
computed by summing up the contributions of all pixels partly located in a segment for
each of the three ellipses. From the curves can be concluded that the largest errors occur at
segments close to the long axis of the ellipse, where the curvature of the ellipse is maximal.
The same effect is seen between the different ellipses. The smallest ellipse (with the largest
curvature) shows the largest errors. But even in the latter case the maximum error is less
than 0.26 % and the difference between the real area and the mean computed area is less
than 0.1 %.

•.•St.

Fig. 4.8. Curves of the segment area, (mean densities: 25 counts/pixel {left),
50 counts/pixel (middle), 100 counts/pixel [right),)
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Much larger are the errors due to statistical fluctuations of the density in the
scintigram, as can be seen in Fig. 4.9. The circumferential profile was computed for the
same three ellipses, but applied to images with a mean density equal to 25, 50 and 100
counts per pixel, disturbed by Poisson noise, as is in real scintigrams.

•15* r

•IS*

It '

A(

Fig. 4.9. When the curve generation algorithm is applied to noisy images with a
uniform mean density, a noisy profile results. The almost straight line is the curve of
Fig. 4.8, but now on the same scale as the noisy curves, (mean densities: 25 counts/pixel
{left), 50 counts/pixel (middle), 100 counts/pixel [right).)

4.4 Results and discussion

In the previous sections the construction of the profiles has been described. In this section
some results will be presented and discussed. The method will be applied to clinical images
of the normal and diseased left ventricle. For the acquisition protocol one is referred to
chapter 1 (§ 1.3).

4.4.1 Clinical examples

Figure 4.10 shows some circumferential profiles of the 201Tl-distribution in the normal
ventricle of several human beings in different projection directions. (The visually assessed
scintigrams were rated normal, while also the exercise ECG findings were normal.) All
curves were scaled relative to their own maximum. Clearly visible is the diminished uptake
of thallium at the endpoints of the ANT and LAO70 profiles. Those profile points originate
from the basal segments of the left ventricle. The decreased uptake at the base is normal,
and is mainly due to the valves, the reduced quantity of muscular tissue, and the absorption
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F i g . 4 . 1 0 Some circumferential profiles of the normal left ventricle immediately pos t
exercise and after 4 hours of redistr ibution. The visually assessed scintigrams were ra ted
normal , while also the exercise E C G findings were normal , and no other cardiac disease
was diagnosed. (A = anterior, AL = antero-lateral, Ap = apex, AS = antero-septal ,
I = inferior, P = posterior, P L = postero-lateral, P S = postero-septal)
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of the radiation due to the fact that those parts of the left ventricle are further away
from the gamma camera, and behind more soft tissue. The apparently decreased uptake
of thallium at the apex is a well known phenomenon, called apical thinning [Wackers,
1978], and is partially due to the decreased thickness of the myocardium, when measured
orthogonal to the projection plane in ANT and LAO70 projection. In the LAO35 projection
the apparently decreased 201Tl-uptake is less visible, because the inferior segment of the
myocardium is projected over the apical region.

To distinguish between reversible (exercise induced ischemia) and irreversible (in-
farction) lesions, two images are required, one immediately after exercise, and a second
-delayed, redistribution- image after several hours of rest. In viable, but hypoperfused
regions, thallium will be trapped at a lower rate. Initial defects on the exercise image wiL
disappear after some time (2-4 hours). In nonperfused, and infarcted regions there will be
no redistribution. The exercise and redistribution profiles will be more or less equal.

Figure 4.11 shows the profiles of an exercise induced ischemic left ventricle. Imme-
diately after exercise 201Tl-uptake in the inferior region is diminished, which is visible in
all three exercise profiles. The images made after 4 hours of redistribution show almost a
normal distribution pattern, as do the profiles.

Figure 4.12 shows some typical profiles of an infarcted ventricle. The redistribution
profiles have the same shape as the exercise profiles, without a sign of redistribution.

4.4.2 Discussion

The examples of the circumferential profiles shown in § 3.4.1 are profiles of the 201Tl-
distribution in a normal myocardium, and in a left ventricle with large dofects. Visual
inspection of the immediately post exercise and redistribution images is sufficient to obtain
a diagnosis. In general, however, the 201Tl-distribution in the myocardium of most patients
shows only small, and often doubtful defects, and sometimes the 2olTl-uptake is globally
reduced, e.g. when all three main coronary arteries are diseased (triple vessel disease).
More sophisticated analysis of the scintigrams is required in those cases. Circumferential
profiles provide a scale independent, and compact description of the 201Tl-distribution, but
they still require comparison with normal profiles, i.e. the profiles of the 201Tl-distribution
in humans without any evidence of coronary artery disease or other cardiac disease. This
analysis of the profiles falls outside the scope of this dissertation, but a few aspects will be
discussed in the following paragraphs.

To compare aoiTl-distributions a proper alignment of the scintigrams is a prerequisite.
Appledorn (1980) describes an automatic alignment of image pairs, based on the cross
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Fig. 4 .11. Profiles of an exercise induced ischemic myocardium. The images acquired
immediately post exercise [left column) clearly show the decreased 201Tl-uptake in the
inferior, posterior and postero-lateral segments. The images acquired after four hours
of redistribution (middle column) show an almost normal pattern. The changes are
clearly indicated by the circumferential profiles (right column).

correlation between both images. Venot (1986) applied the stochastic sign change criterion.
The latter algorithm subtracts both images, counts the number of sign changes per line
in the difference image, and maximizes this number by shifting and rotating one of the
images. Reiber (1982) used two radioactive point sources, fixed on the skin of the patient
to align the immediately post exercise and redistribution images. But even the latter
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Fig. 4.12. The profiles of an infarcted myocardium. Both images acquired
immediately post exercise (left), and after four hours of redistribution (middle) show
a reduced 201Tl-uptake in the posterior and inferior region. The profiles confirm this
finding.

method cannot correct small rotations of the patient, by which for instance an anterior
image changes into a left or right anterior oblique image. Lancaster (1985) showed that
these small rotations can result in significant changes of the circumferential profiles. Many
authors do not care about registration of the images but align the profiles. The interactively
indicated center and apex of the left ventricle are often used as reference points.

A second problem hampering the automatic comparison of the exercise and redistri-
bution profiles is the difference in background density between the images. Several meth-
ods to compensate for these differences have been proposed [Goris, 1976, 1979; Watson,
1981], but they can only be applied interactively. The background subtraction methods
estimate the background activity behind the heart by interpolation from the density at
points surrounding the region of interest. High 201Tl-uptake in organs close to the my-
ocardial contour interferes with the background estimation, and results in left ventricular
regions with artificially decreased densities. Subtraction of a globally too high, or too
low background densities influences the range -the difference between the maximum and
the minimum value- of the profile. Because almost all methods display and analyse the
profiles relative to their own maximum, the judgement of segments corresponding with
the maximum of the profile, or with values almost equal to this maximum is not affected.
But the grading of the segments corresponding with low profile values, can change from
normal to abnormal, or vice versa, depending on the error.

When the scintigrams and the profiles are properly aligned, it is possible to determine
the washout of thallium from the myocardium. For the normal left ventricle this washout
will be a function of time after injection, equal for all segments. Non-uniform washout
corresponds with ischemic regions, while globally decreased washout and a normal graded
exercise profile are seen in cases of 3-vessel disease.
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Beside comparing the exercise and redistribution profiles of the same patient, most
quantitative methods (cf. Table 4-1.) also compare the profiles with "normal" profiles. In
this comparison three items are important:

1. How are t ie "normai" profiles obtained?

There is still no noninvasive golden standard for the normal heart, and therefore it
is difficult to select "normals". Volunteers are mostly selected on basis of having no
heart disease history, normal exercise ECG findings, and other noninvasive tests, but
angiographk data will not be available for those healthy humans. Often studies of
patients with little evidence of coronary artery disease (CAD) are included in the
normal group. The selection is based on normal angiographic findings, and other,
noninvasive, tests. In the last few years the selection has been changed to a more
probabilistic approach. Only studies of patients having a low likelihood of CAD,
based on sequential Bayesian analysis of age, sex, symptoms, and exercise ECG are
included. The applied likelihood thresholds vary between 1% [Wackers, 1985] and 3%
[Reisman, 1986].

2. What will be compared?
The general approach is to compare the new profile with the mean normal profile.
Due to normal biological variation a profile point is called abnormal, only if there is
a significant difference between the profile value and the value of the corresponding
point of the mean normal profile. In general, the thresholds are based on the variance
of the normal profiles. All profile points below the lower threshold are classified as
abnormal. A lower threshold equal to the mean - 2.5 S.D. has been shown to result
in an optimal sensitivity and specificity for the detection of CAD [Reisman, 1986].
These methods implicitly assume that a normal profile exist. Another approach can
be based on categorizing the normal curves in a finite number of families. A new
profile can be compared with each of the families. The differences between the new
profile and the best fitting family, or all of the families, can be used to determine
defects and to estimate their likelihood.

3. How will the proSles be compared?
Most quantitative methods apply a threshold (e.g. mean-2.5 S.D.) to determine
abnormal profile points. Each point can be either normal, or abnormal. In this binary
decision environment j consecutive abnormal profile points are called a distribution
defect. The number ;' is often determined by maximizing the sensitivity and specificity
of the method with respect to / . However, these methods call j profile points below the
threshold abnormal, and j or even more points just above this threshold normal. Goris
(1985) and Reisman (1986) have presented quantitative analysis methods, including
the degree of reduction of aoiTl-uptake, assuming that this reduction is a measure of
the severity of the underlaying stenosis of the vessel supplying that region. By adding
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the differences between the profile to analyse and the "normal" profile, one obtains a
number which comprises the extent, depth and severity of a 201Tl-uptake defect.
To make the profiles independent of the amount of radionuclide administered, and
other factors that influence the count densities in the scintigrams, the profiles are
always displayed relative to their own maximum. Even the "normal" profiles are
normalized, and the mean profile is computed from the percentage profiles. In stead
of normalizing the profiles to their maximum, one can also normalize to their mean
value, or any other characteristic feature of the profiles. Another approach can be to
multiply each new profile by a factor, that minimizes the difference between (a normal
part of) the profile to analyse and the mean "normal" profile. The same method can
also be applied to obtain the "normal" profile. A suitable definition of the difference
between two profiles, however, is a prerequisite. The measure must also be capable
to determine the difference in case of large defects.

Most of the suggestions to improve the analysis mentioned above, have one common
characteristic, namely to include more (a priori) information in the analysis of the profiles.
One problem, however, turns up again and again. To test the methods, and to compare
them, a large set of normal and well defined abnormal images is required.



Chapter 5

General discussion

The high mortality from myocardial infarction (MI) requires an early and unequivocal
demonstration of ischemic heart disease before MI or sudden death occurs. The successes
of therapies as percutaneous coronary angioplasty (PTCA), coronary artery bypass graft
(CABG) surgery, and thrombolysis increase the necessity of detection of myocardial areas
(partially) deprived of arterial blood. The ultimate size of the infarcted region after MI,
which is a function of time after occlusion, the size of the area at risk (the myocardial
segment supplied by the occluded artery), and the available collateral flow at the time of
occlusion, determine the short and long term prognosis of the patient.

Noninvasive nuclear imaging by means of 2 0 1Tl plays an important role in the early
detection of myocardial ischemia, in the assessment of clinical relevance of coronary
artery stenosis (visualized by contrast angiography), in infarct localization, and in post
therapy follow-up. The difficulty in interpreting the planar scintigrams has induced several
researchers to develop quantitative methods to support the analysis of the distribution of
thallium within the myocardium. In the previous chapters of this dissertation a new
quantitation method, based on an elliptical model of the left ventricular contour, has been
described. In § 5.1, the method is reviewed and some choices made during the development
of this method are discussed.

The signal-to-noise ratio, the object-background density difference, and the limited
resolution are major problems of planar 201Tl-scintigraphy, and complicate the subsequent
analysis of the images. New and better suited radiotracers, and three-dimensional imaging
techniques can at least partially solve these problems. Some new developments towards an
ideal agent for cardiac imaging are presented in § 5.2, while § 5.3 deals with 3-D imaging
techniques, and the generalization to a fully 3-D-quantitation method of the previously
described method. Finally, in § 5.4, the conclusions of this dissertation are presented.
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5.1 Review of the quantitation method

The quantitation method described in the foregoing chapters will be reviewed in this
section. Some choices made during the development of this method, which are not
explained previously, will be discussed. They will be dealt with in the same order as
they appear in this dissertation.

Due to defects in the distribution of 201Tl within the myocardium, the contour of the
left ventricle is sometimes only partially visualized. To estimate the contour at those points
utilization of a priori information concerning the shape of the contour of the myocardium
is necessary. In § 2.3 the use of an elliptical model instead of the real contour has been
justified. A Hough-like feature vector transformation to estimate the length of the axes
of the ellipse has been derived. The feature vectors consk't of the coordinates of the edge
points and their local gradient vectors, both determined by applying a gradient operator
to the scintigram. The variance of the estimates has been shown to be edge point location
dependent. To combine all single feature vector based estimates into a final estimate of
the length of the axes a kernel method has been applied, which allows for the inclusion of
variable weighing factors, depending on the accuracy (variance) of the estimates.

Instead of the feature vector transformation also fitting methods might be applied,
based on, for instance, a minimum squared error estimate (MSEE) [....]. These methods
work well as long as there are no edge points detected in the background, and if the contour
of the ellipse is almost completely visualized. However, when the detected contour shows
large defects, or when -due to noise- non-border points are classified as edge points, these
methods lead to unsatisfactory results. Currently also methods are beiDg developed to
determine the MSEE of a subset of observations, ignoring the remaining, or limiting their
influence. This type of method might also result in a satisfactory, or even better solution.

When the center location and the orientation of the ellipse are unknown a search
algorithm must be applied. This algorithm starts with zooming the image. The operator
has to indicate a square 64 x 64 region with the left ventricle centered in it. By doing so the
operator implicitly excludes many feature vectors not originating from the contour of the
target object (left ventricle). Even if there is another object (partially) visible, resulting in
many significant feature vectors, these vectors will not be accepted by the transformation
algorithm, because their gradient vector does not point towards the center of the ellipse.
All edge points, for which the inner product of their coordinate vector (relative to the
center of the ellipse) and gradient vector gives a non-negative result, are excluded from
the transformation.
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By indicating the square region of interest the operator not only implicitly excludes
many undesired feature vectors, but also marks the initial center of the ellipse. One
might (wish to) exclude this operator interaction, but high 201Tl-uptake in liver, spleen,
and sometimes lungs, makes it difficult to automatically determine the subimage that
includes the left ventricle. Always selecting the central part of the scintigram also gives
unsatisfactory results, because the patient is positioned in such a way that high 301Tl-
uptake in liver and spleen cannot disturb the data acquisition process. Then in general
the left ventricle is not centered in the scintigram any more, and the operator has to
indicate the starting point of the algorithm (inside the left ventricular contour). Instead of
zooming at analysis time it is also possible to zoom the gamma camera during acquisition.
Then no information is obtained from 201Tl-uptake in surrounding tissues, which makes
operator interactions during analysis superfluous. With the explicit interaction shifted
from analysis to acquisition time, important diagnostic information about 201Tl-uptake in
the lungs will be no longer unavailable.

Due to noise also some non-border points will be transformed, sometimes resulting in
realistic estimates of the axis lengths (not too long or too short). These noisy estimates
will be scattered throughout the whole probability density function (pdf). Because there
are more noisy edge points far away from the center of the ellipse -resulting in larger axes-
than close by, the noise affects more often the pdf for larger axis lengths.

Because large elliptical objects have more edge points than smaller ones, the a priori
probability to be found is higher than for smaller objects. When there are two or more
objects in the field of view the pdf must be corrected to remove this unequal detection
probability (cf. § 3.4.3). This correction can be performed by dividing the probability
density of an axis pair by the perimeter of the ellipse belonging to it. But even when there
is only one object visible the correction algorithm must be applied. Beside the edge points,
also many other border points, located close to the edge, will be transformed. There are
more of these points outside the real contour than inside it, resulting in a higher probability
for the larger ellipses. When there are, however, many noisy feature vectors this correction
of the pdf sometimes results in a high probability of very small ellipses. In those cases a
higher threshold during feature vector selection is needed.

The problems mentioned in the previous paragraph especially occur in redistribution
images. The object-background difference and the signal-to-noise ratio are remarkably
reduced after four hours of redistribution, hampering the feature vector selection. Because
of the radiation burden to the patient, the use of larger amounts of the radionuclide
is prohibited. By reducing the time between the exercise and the redistribution imaging
procedures, initial defects, which slowly resolve, could be interpreted as infarcted segments,
instead of areas of severe ischemia. Other radionuclides than 2O1T1, probably able to solve
this problem, because they can be administered in higher amounts, are presented in § 5.2.
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An increased 201Tl-uptake in the myocardium can also be induced by the coronary
vasodilator dipyridamol. The vasodilator reduces the peripheral resistance in the coronary
arteries. Normal vessels respond with a three to five fold increase in flow, while vessels
with haemodynamically significant lesions cannot respond. When 201TI is administered
at maximum vasodilator effect, it is distributed in proportion to the perfusion. 8 - 10 %
of the administered dose concentrates in the heart, compared with 3.5 % of the dose after
injection at rest, and 4.4 % of the dose after injection at peak exercise [Strauss, 1986]. The
increased uptake of 201Tl in the myocardium simplifies the edge detection problem. The
vasodilator, however, also causes hyperemia of the splanchnic area and 201Tl-uptake in the
stomach [Laarnian, 1986]. Both factors can decrease the target-non-target ratio at the apex
and inferior wall of the left ventricle, and hamper edge point detection, and subsequent
analysis of this segment. The application of this vasodilator especially benefits patients,
who cannot exert themselves because of peripheral vascular disease, and claudication.
However, for patients who can do an exercise test, the information, which can be obtained
during exercise about the heart rate/blood pressure product, exercise capacity, and so
forth can be important for the treatment of the patient, and thus the normal exercise test
is preferred.

To determine the maximum of the 2-D pdf one can simply search through the array,
looking for the element with the highest value. Due to the sampling of the pdf, the real
maximum of the pdf will be found in a 3 x 3 submatrix surrounding this point. The real
maximum will be less than half a sample distance away from the maximum array element.
To determine this maximum a simple 2-D parabolic surface is fitted to the pdf, assuming
that the peak of the pdf can be modelled by a parabolic function, and that there is no
correlation between the length of both axes. The pdf is computed by adding adapted 2-D
Gaussian kernels. If the peak of the kernel is not located too close to the edge of the
array, the shape of the peak will not be changed very much, and the sum of these kernels
will still have a more or less Gaussian shape. The single kernels have variable widths, but
the minimum smoothness will be equal to the length of 2 pixel sides (ps). Most kernels,
however, are smoother. It is therefore expected, that the width of the pdf (the summed
up kernels) is much larger than 2 ps. The sample distance is equal to 3 ps, based on the
Shannon theorem. So, the distance between the maximum value array element and the
real maximum of the pdf will be relatively small. Still assuming a Gaussian shape, the first
(quadratic) term of Taylor series expansion will be the most significant term. A parabolic
function will be a good approximation of the peak of the pdf.

Instead of using a parabolic function fitted to the peak of the pdf, one could also
apply a much larger array and thus smaller discretization step size. The array element
with ma. .imum value will not differ much from the real maximum. This solution, however,
would result in an enormous increase in time needed to compute the pdf. This time is
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mainly determined by the addition of the 2-D kernels. The number of additions for each
kernel is equal to the number of array elements. Decreasing the step size by a factor 2
increases the number of array elements by a factor 4. The number of estimates of the 2-D
pdf required to determine the best location of the center and the orientation of the ellipse
is already limiting the use of the quantitation method, even with the five minutes it takes
to compute the coarse pdf array. Because of the occurence of local maxima in the 2-D pdf,
if the center location is not chosen at the right position, it is not possible to apply a local
search algorithm to determine the maximum of the pdf.

The delineation algorithm described in chapter 3 is a time consuming one. Some
ways to accelerate the algorithm itself are already mentioned in § 3.5. When exercise and
redistribution images have to be compared, the analysis of the redistribution image can also
be accelerated by including information obtained during the analysis of the exercise image.
If the size of the left ventricle does not change between immediately post exercise imaging
and redistribution imaging after several hours of rest, the dimensionality of the parameter
space of the ellipse is reduced from 5 to 3 (coordinates of the center and orientation of the
ellipse). If the repositioning of the patient could be performed accurately, the variation
of the orientation would be minimal, which would further reduce the time required to
determine the best set of parameters. In practice, however, the size of the left ventricle
will be slightly larger immediately post exercise [Strauss, 1986], and the repositioning will
not be accurate enough. Nevertheless the information obtained from the exercise image
can be included in the following points.

1. Only edge points which are found in the neighborhood of the elliptical (exercise)
contour, centered at the (assumed) center location of the contour in the redistribution
image, need to be transformed.

2. The pdf only has to be determined for axis lengths almost equal to those of the ellipse
determined in the exercise image. Instead of a 16 x 16 array, maybe a 5 X 5 array can
be applied, which reduces the time required to compute the pdf by a factor 10.

3. The orientation of the ellipse in the redistribution is almost known. To determine the
optimal orientation, only a few small steps, clockwise or counter clockwise, can be
required to determine the best fitting ellipse.

If all these suggestions are implemented, one may expect that the time required to
determine the elliptical contour in the redistribution image can be reduced by a factor
10 to 15.

When the projection of the left ventricle has been outlined, the activity distribution
within the region of interest can be quantitated. There are two distinct groups of methods:
horizontal profile, and circumferential profile methods (see chapter 1). The methods of
the first group quantitate the activity distribution at only a few points, and are therefore
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sensitive to noise and small misalignments of the exercise and redistribution images. The
methods of the latter group determine the maximum in radial segments. Even when they
only determine the maximum along radii, the number of image points included in the
profile will be equal to the number of segments, usually 60.

The quantitation method presented in chapter 4 determines the mean density per
segment. The central parts of the region of interest (the left ventricle) are excluded. So
the profile mainly reflects the activity in myocardial segments orthogonal to the projection
plane. To compute the mean density of a segment the pH:4 values are added up, weighed by
a factor proportional to the area of the pixel which falls within the segment. Other authors
determine the center location of the pixels, and compute the mean density of the pixels,
with a center falling within the segment. The area of the segment, however, then depends
on the number of pixels included in the computation of the mean density, and especially
with small segments, will be highly segment location dependent. A second disadvantage
of the latter method is related to the statistical noise. The variance of the computed mean
density will be less if there are more pixels (partly) included in the segment (assuming
independently distributed noise at each image point). The number of pixels included in
the computation of the mean density, using the latter method is, in general, much smaller
than in the method described in chapter 4.

The analysis of the profiles has not been a subject of this dissertation, although
some aspects thereof are discussed in § 4.4.2. Based on circumferential profile analysis
of the 201Tl-distribution Backer (1987] recently proposed an expert system, which can be
of further help in the analysis of the distribution patterns in planar 201Tl-scintigraphy.
Goris [1985] attempted to determine automatically, which of the major coronary vessels
was diseased. When specific combinations of vascular lesions are recognized the specificity
increases from 79 % for unspecified abnormalities, to 87 %, when left anterior descending
disease, or triple vessel disease is recognized. Rosenberg [1986] analyzed the anterior and
left anterior oblique scintigrams together. The myocardial regions were divided into 10
subsegments, 5 for each projection. Relations between these subsegments and the three
main coronary arteries (right coronary artery, left anterior descending artery, and the
circumflex artery) were established. The status of each subsegment was visually assessed,
and classified in one of three classes: 0 for normal, 1 for hypoactive, and 2 for very
hypoactive. This classification resulted in a string of 10 figures, which in turn was used
as input for a set of heuristic classification rules based on clinical experience. Uncertainty
was dealt with by a combination of fuzzy-set theoretic and probabilistic reasoning. The
algorithms were programmed using PROLOG, a high level programming language, often
utilized in artificial intelligence applications. The language can be applied to symbolic
image processing once standard preprocessing has been performed. Because the article
was meant as a demonstration of how to apply this programming language, the algorithm
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was not optimized, and the results have no practical value. Nevertheless, analysis of the
(preprocessed) scintigrams by knowledge based systems looks promising in the case of
detection of coronary artery disease, because it allows for combination of the information
obtained from several images.

Instead of comparing the profiles also the scintigrams themselves can be compared.
Venot [1986] proposed an algorithm for accurate and automatic registration and compar-
ison of two scintigraphic images. The image registration problem can be reduced to a
(registration) parameter estimation problem in the presence of outliers (the changes to be
detected). Venot presented an example of the application of the automatic image compari-
son algorithm to a parathyroid study. This study consists of two scintigrams, one acquired
by using the radionuclide 201Tl, and the other by using 9 9 mTc. After registration the posi-
tive and negative difference images were computed, showing only the significant differences
between both images. This imaging procedure is comparable with exercise-redistribution
imaging of the left ventricle using only one radionuclide. So, the method also seems ap-
plicable for comparing exercise and redistribution images, However, comparison of each of
the images with a "normal" image to determine persistant defects will be very difficult,
because of (here again) the lack of "normal" scintigrams.

5.2 New radiotracers for myocardial imaging

201 Tl has been the myocardium perfusion imaging agent during the past decade, even
uhough it has only one real advantage compared with several other agents; 2 0 1Tl has a
high affinity for the sodium-potassium adenosine triphosphatase (Na-K ATPase) system,
transporting it into the cell. The disadvantages of the use of 201Tl as imaging agent are
amongst others:

1. the inability to distinguish between old and new infarctions,

2. 2 0 1Tl is a perfusion tracer, rather than an indicator of the cell viability and integrity
[Melin, 1983; Forman, 1984],

3. the radiation burden to the patient limits the amount of 2O1T1 to be administered to
approximately 75 MBq,

4. the unfavorable radiation energy (80 keV) results in a high absorption in the sur-
rounding soft tissue, and low resolution images,

5. the uptake in other tissue surrounding the heart is relatively high, and
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6. the dynamic equilibrium between the intracellular thallium concentration and the
residual amount in the blood, causes a relative redistribution of 201Tl in the my-
ocardium, by which initial distribution defects disappear.

To overcome these problems, new radiotracers have been developed. The ideal tracer
for myocardial perfusion imaging should have a rapid blood clearance, a prompt and high
uptake in the myocardium, and a favorable target (heart) to nontarget (liver, spleen, lungs)
uptake ratio [Gerundini, 1986]. For logistic reasons Britton (1987) stated that the ideal
tracer should be the one that can be injected at the peak of the conventional exercise ECG
test, and should fix the presence of abnormalities without redistribution for at least one
hour. Other points of view and other applications will result in again other requirements.

In the following subsections new developments of three types of tracers will be
discussed. In § 5.2.1 new 99mTc-labelled myocardium perfusion tracers will be presented,
§ 5.2.2 deals with tracers for infarct imaging, and in § 5.2.3 some tracers for metabolism
imaging will be discussed.

5.2.1 99mTc-labelled myocardial perfusion imaging agents

99mTc-labelled tracers are of interest because 9 9 mTc is a cheap and always available
radionuclide with a well suited radiation energy (140 keV) for Anger type gamma cameras.
The radionuclide itself, however, will not be entrapped in the myocardium. But, some
cationic complexes of 9 9 mTc have been shown to accumulate in the left ventricle of animals
[Deutsch, 1981). Many other researchers also developed these kind of complexes, and
studied them in normal volunteers and patients.

Gerundini (1986) evaluated three potential cationic 9 9 mTc complexes in dogs and
normal human volunteers. One of which, [99mTc(TBIN)6]+ (TBIN = t-butylisonitrile),
appeared to have an unique biodistribution pattern. It clears rapidly from the blood, but
lung accumulation obscures the image for the first hour after injection. Later, the activity
in liver and spleen hampers the analysis of the distribution in the apex and inferior wall.
Several other 99mTc-X-isonitriles have been studied with more or less the same results,
where X stands for carbomethoxy-isopropyl (CPI) [Perez-Balino, 1986], hexakis-t-butyl
and hexakis-2-methoxy-2-methylpropyl [Mousa, 1986; Williams, 1986], TBIN, CPI and
methoxy-methylpropyl (MMI) [McKusick, 1986], or methoxy-isobutyl (MIBI) [Rigo, 1986).

MMI and especially MIBI resulted in high target-nontarget ratios, little lung uptake,
moderate liver parenchymal uptake -rapidly cleared by the biliary tract- and rapid blood
clearance. With MIBI acquisition could be started 10 - 15 minutes after injection at
exercise, or 30 minutes after injection at rest [Rigo, 1986). Better suited photon energy



Chapter 5: General discussion 119

for Anger type gamma cameras, less tissue attenuation and the possibility to inject larger
amounts of this radiopharmaceutical without increasing the patient radiation dose, result
in greatly increased photon fluxes. After injection of 200 - 300 MBq 99mTc-MIBI Rigo
performed ECG-gated tomographic acquisition. Gating removes the blurring, due to the
movement of the heart, and allows better delineation of normal and abnormal perfused
myocardium. Due to very slow redistribution these imaging agents need two injections,
one at peak exercise and one at rest, to distinguish between infarctions and reversible
stress induced ischemia.

Other 99mTc-complexes (BATOs = boronic acid adducts of 9 9 mTc oxine complexes
[Nunn, 1986]) have been developed, whose myocardial retention time is much shorter than
that of MIBI, and require imaging within 15 minutes after injection. These characteristics
permit repeated imaging, after rest, or after acute intervention, within 45 minutes [Berger,
1987). Isonitriles do not allow these short repetition times, but they can be injected to
the patient during an acute episode of unstable angina, at the emergency room when
presenting with chest pain, or prior to PTCA, thrombolysis, or CABG surgery. Imaging
to obtain the baseline status can be performed after several hours, even after intervention.

The above-mentioned radiotracers are applied to image the coronary blood flow, as is
201 Tl. Quantitation of the distribution can be performed by the same algorithms as the
ones described in this dissertation.

Although these new tracers can be used to determine infarcted regions, they cannot
distinguish between old and new infarctions. Other imaging agents, which have been
developed to show myocardial necrosis, are subject of the following subsection.

5.2.2 Positive infarct imaging agents

99mTc-pyrophosphate (99mTc-PYP) has already been applied as long as 201TI to determine
myocardial infarction. Its distribution in the myocardium is a complex function of the
coronary blood flow [Zaret, 1976]. 99mTc-PYP is believed to interact with calcium and
especially in the mitochondria in the damaged myocardium. Its uptake in the myocardium
is maximum in regions with approximately 50 % decreased blood flow. The optimal
imaging time for 99mTc-PYP is 48 - 72 hours after onset of myocardial infarction. Besides
uptake in the damaged myocardium, 99mTc-PYP is also entrapped in bones, like the ribs
in front of the heart. This uptake hampers the interpretation of the images, while at
the optimal imaging time there is no chance of saving the myocardial segment at risk.
Recently infarct positive imaging is shifting from the application of 99mTc-PYP to the use
of radiolabelled monoclonal antibodies.
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The hallmark of myocardial infarction is myocyte necrosis, which results in a break-
down of the myocardial cell membrane with a constant loss of intracellular enzymes to
the extracellular space [Berger, 1987]. The subsequent elevations in serum concentration
of cardiac enzymes, are routinely used to document the MI. In the intact myocyte the
intracellular cardiac myosin is surrounded by an impermeable cell membrane. But in the
setting of myocyte necrosis and irreversible damage, the myosin becomes accessible to the
extracellular fluid. The antigenic uniqueness of cardiac myosin has provided the basis for
the development of the antimyosin monoclonal antibody. The radionuclide l u I n has been
attached to the Fab-fragment of the antibody, without altering its antigenic uniqueness
[Khaw, 1986]. The half-life of n l I n is long enough to obtain high quality images 24 to 48
hours after injection of 75 MBq. Positive images have been seen as early as 12 to 18 hours
after injection.

In clinical trials 54 patients with documented acute MI were studied with u ' I n -
labelled antimyosin. A sensitivity of 96 % was found [Berger, 1987]. No patients
demonstrated antimyosin uptake in regions of prior myocardial infarction. The extend
of myocardial uptake of antimyosin has been shown to correlate with other indices of the
infarct size, including peak creatinekinase. Comparing the infarct size obtained by 9 9 mTc-
PYP and 1J J In-antimyosin showed that the infarcted area delineated by 99mTc-PYP was
larger than that by antimyosin [Khaw, 1987], suggesting that 99mTc-PYP not only images
myocardial necrosis, but also injured tissue surrounding it.

Most promising looks the application of a combination of 99mTc-MIBI and n i In-
antimyosin to determine the effects of revascularization, including thrombolysis, PTCA and
CABG-surgery. Where 99mTc-MIBI can be administered upon presentation of the patient
with acute myocardial ischemia or infarction, and imaged several hours later to obtain a
baseline, the l n In-labelled antimyosin can be applied to determine the extensiveness of
myocardial necrosis before or after therapy.

Application of the quantitation procedure described in this dissertation to images

obtained with infarct positive tracers is not meaningful. However, these tracers can supply

additional information concerning the kind of defect.

5.2.3 Radiotracers for metabolism imaging

In the fasting state, oxidation of long chain fatty acids accounts for most of the myocar-
dial energy requirements under aerobic conditions. Metabolism of lactate and glucose
accounts for the remaining energy requirements. Conditions such as ischemia, myocardial
hypertrophy and cardiomyopathy may alter substrate utilization.
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Special tracers have been developed to image the myocardial metabolism. With
single photon radionuclides suitable for routine use in nuclear medicine clinic, it is not
possible to label the substrate itself. Fatty acids analogs have been developed, which can
be labelled with 123I or 1 3 1I. These tracers were not developed to replace 201Tl, but to
obtain supplementary information.

Positron emitting tracers have been applied to improve the insights into myocardial
metabolism and basic mechanisms of substrate utilization. Some of the radionuclides are
radioisotopes of naturally occuring biological atoms ( n C , 1 5 0 , 1 3 N, 1 8F). Among substrate
compounds that have been studied as metabolism tracers are 18F-deoxyglucose and n C -
palmitic acid. The latter is the gold standard for fatty acid metabolism studies by positron
emittors [Bianco, 1986]. 18F-deoxyglucose provides insight into the metabolic state of the
myocardium, as far as glucose-metabolism is concerned.

A dual tracer (18F-deoxyglucose and 13N-ammonia, or 82Rb) method has been
applied to differentiate viable tissue from irreversible damaged tissue [Schelbert, 1986].
Reversible (viable) myocardium was depicted as a mismatch: decreased blood flow
and disproportional increase of glucose utilization. Irreversible damaged regions had
concordant decreases in both glucose utilization and regional flow. In a study of 17 patients,
who underwent CABG-surgery, these criteria resulted in 90 % accuracy in predicting
reversibility by revascularization.

Most positron emitting radionuclides can only be produced in cyclotrons. Regional
blood flow, however, can also be assessed by table top generator produced Rubidium-82
(82Rb). Its short half-life (75 sec), allows repeat imaging at 5 - 10 minutes intervals and
reduces the radiation burden to the patient. Coupled with maximum coronary vasodilation
by dipyridamol, it may be possible to perform stress-like perfusion studies with the intrinsic
resolution and quantitative capacity of positron emission tomography (PET), without an
on site cyclotron.

5.3 From 2-D to 3-D imaging of the myocardium

Major problems of planar 201Tl-scintigraphy are the low object-background ratio and the
low resolution, while 2-D imaging does not allow an accurate localization of perfusion
defects. In planar scintigraphy the measured target object count densities consist of counts
originating from the object itself and from tissue in front of, and behind the left ventricle.
To solve these problems, which complicate an accurate localization of defects, single
photon emission computed tomography (SPECT) by means of seven pinhole collimators, or
rotating gamma cameras has been suggested. Transaxial tomograms are not disturbed by
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201Tl-uptake in the background, because there is no background, but only target tissue (left
ventricle) and surrounding tissue. The three-dimensional image of the 2O1T1 distribution
allows a better localization of perfusion defects, than 3 - 5 planar images.

Visual interpretation of the transaxial tomograms has resulted in increased sensitivity
and specificity compared with 7-pinhole tomography and quantitative 201Tl-scintigraphy
(see chapter 1, Table 1-1). Visual interpretation, however, is limited by observer variability,
the inability to account for differences in regional attenuation, to assess the washout,
to quantify the defect and the time-consuming procedure of visually assessing 20 - 40
tomograms.

In contrast with many methods developed to assist interpretation of planar 201Tl-
scintigrams, there are up to now only a few methods available for quantifying the 201Tl-
distributions in tomograms [Tamaki, 1982; Bone, 1984; Garcia, 1985; Prigent, 1987]. All
methods start with computing sagittal and oblique slices (parallel to the long and the short
axis of the left ventricle) by performing coordinate transformations. Next the quantitation
is performed slice after slice, applying 2-D methods in each slice and neglecting the three-
dimensional nature of the distribution. Bone (1984) and Garcia (1985) applied "bulls-eye"
images to present the results of the quantitation. In these circular images the density at
the center corresponds with the activity measured at the apex, while the 201Tl-uptake at
the basal segments is reflected by the densities at the border of the polar map.

The quantitation method described in this dissertation can be generalized to a full
three-dimensional method, which does not require oblique, or sagittal slices, but can
directly be applied to the transaxial slices. Instead of detecting an ellipse, an ellipsoid
has to be determined. Three transformations can be derived, following almost the same
path as the 2-D transformations. The derivative (Eq. 2-16) will be replaced by two partial
derivatives, which can be interpreted as replacing the tangent line in an edge point of the
2-D elliptical contour by two non-parallel direction vectors of the tangent plane in an edge
point of the 3-D elliptical contour. If the location of the center (3 coordinates) and the
orientation (2 angles) of the ellipsoid are known, or assumed, the transformation of feature
vectors / = (x,y,z,dz/dx,dz/dy) results in estimates of the length of the three axes of
the ellipsoid. The derivatives can again be determined by using a gradient operator, but
now applied to transaxial slices in three directions.

In the finding of the 2-D ellipse the nonuniform background hampers the gradient
detection; its direction will be distorted. In transaxial slices there is no background, but
target and nontarget tissue. Where the nonuniformity in 2-D images can originate from
irregular 201Tl uptake in tissues close to the border of the myocardium, but also in tissue
in front of, or behind it, nonuniform densities in 3-D edge point and gradient detection will
only be a problem, if this nonuniformity is significant within the window of the gradient
operator. Therefore less scattered estimates of the axis lengths can be expected. The
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number of unknown parameters, however, increases from 3 for the ellipse to 5 for the
ellipsoid, which can result in a large increase in time required to determine the best fitting
center and orientation of the ellipsoid.

When the 3-D elliptical contour has been determined, the quantitation of the 2O1T1-
distribution can start. The same method as described in chapter 4 of this dissertation
can be applied, but the higher resolution of the 3-D imaging allows for an independent
determination of the inner contour with axis lengths not necessarily related by a constant
factor to those of the outer ellipsoid. A segmentation in equal volume (the 3-D equivalent
of equal area) segments will not be easy to determine. Another criterium must be applied.

It is concluded that the generalization of the 2-D method described in this dissertation
to a fully 3-D method to be applied to tomographic images, seems possible, allowing for a
real 3-D quantitation of the distribution.

Even though SPECT allows 3-D imaging of the distribution of the radiopharmaceuti-
cal -which in turn can be assessed quantitatively- it is still not a quantitative measurement
of the perfusion of the myocardium. Photon attenuation and scatter, and the low reso-
lution of SPECT imaging devices (10 - 20 mm) are major problems. Solutions proposed
to solve the photon attenuation and scatter in rotational SPECT assume in general an
elliptical body contour and a constant attenuation factor within the body. The presence
of air in the lungs and biological variations disturb these type of correction algorithms.
Comparisons of the distribution patterns with those of normals is still required for an
optimal analysis.

Other 3-D imaging techniques applied to detect myocardial infarction and to mea-
sure myocardial perfusion are magnetic resonance imaging (MRI) and positron emission
tomography (PET). Both imaging modalities yield images with a higher resolution than
SPECT.

MRI can be applied with, or without tracers, or in spectroscopy. If antimyosin could
be labelled with manganese or gadolinium, it would be possible to image the in vivo
distribution of the antibody by MRI. Up to now no successful labelling of human antimyosin
has been reported.

Krauss (1987) has compared planar 201Tl-scintigrams and MRI images of the my-
ocardium of 20 patients 2 - 1 8 days after acute infarction in an attempt to establish
criteria for the acquisition and analysis of the MRI-images.

MRI spectroscopy in vivo is hampered by a poor resolution («*4 cm), and the need
for very strong magnetic fields (1.9 - 8.0 Tesla). Nonradioactive isotopes such as 3 1 P and
13C are used for imaging purposes. 3 1 P spectroscopy has been applied for studying the
relation between ATP and ischemia. 13C spectroscopy can be used in investigations of 13C
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containing nuclei in highly concentrated compounds, 13C-labelled substrate or compounds.
3 1 P and 13C MRI studies offer interesting paths for studying the myocardial metabolism,
but are not yet of practical use.

Proton-rich radioisotopes can emit positive electrons (positrons). This antielectron
will combine with an electron from the surroundings, and annihilate. On annihilation the
masses of both electrons are converted to electromagnetic radiation in the form of two
gamma rays of 511 keV, which are emitted in opposite directions. The detector of a PET-
scanner not only uses the fact that the two photons are emitted in opposite directions,
but also that they are created simultaneously. Coincidence detection of two photons by
detectors at opposite sides of the target object places the site of the annihilation on or
around the line connecting the centers of the two detectors. If only one detector is excited
by a photon, the event is rejected. The image resolution is limited by the physics of the
annihilation process and the required physical size of the system, and is of the order of
2 - 3 mm.

The main advantages of PET are:

1. the images can be easily corrected for photon absorption,

2. naturally occurring biological atoms ( n C , 15O, 13N) can be used, and

3. positron emitting radiopharmaceuticals have, in general, short half-lifes, allowing for

repeated imaging within a short time period.

The uniform response of the annihilation coincidence detection system used in PET
imaging devices, and the well-behaved properties of the attenuation correction procedures
make it practical to extract quantitative isotope concentrations from the image data. Since
the detector "sees" only a fraction of the emitted photons, it is necessary to correct for the
inefficiency of the system. PET allows for quantitative measurements of the blood flow
in the myocardium, and of metabolic processes by applying appropriate tracers (§ 5.2.3).
The (generalized) quantitation procedure described in this dissertation can be applied to
PET images giving quantitative results.

5.4 Conclusions

Because of the low resolution of planar 201Tl-scintigraphy, which smooths out small
irregularities of the contour, the outline of the left ventricle can be approximated by an
ellipsoid. Since the projection of this ellipsoid on an arbitrary plane is an ellipse, an ellipse
has to be detected that corresponds as much as possible. A Hough transformation can
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be used to estimate the axis lengths of the elliptical contour of the myocardium in the
scintigram. The axis lengths are estimated by means of feature vectors consisting of the
edge point location and the direction of the tangent line to the elliptical contour in the
edge point. The variance of the estimated axis length depends on the edge point location
on the contour.

By means of the transformation the length of the axes of the elliptical contour can be
determined using the information of only one feature vector. So, employing the contour
detection algorithm one is able to determine the contour of partially visualized elliptical
contours.

If the center location and the orientation of the ellipse are unknown a search algorithm
can be applied to determine the best fitting center location and orientation. The algorithm
performed well in computer generated images of elliptical objects. Also in planar 201Tl-
scintigrams of the left ventricle positive results have been obtained.

An algorithm to divide the contour in equal area segments has been derived. Based on
the minimum detectable size of distribution defects, it has been shown, that a subdivision
in 28 segments is sufficient for the normal sized heart. For extremely enlarged left ventricles
it is shown that a subdivision in 58 segments is required.

The algorithm computes the mean density per segment by adding up the weighed pixel
densities of all pixels intersecting with the segment. Thus including many independent
observations of the local density and therefore being less sensitive to noise.

The delineation method is very time consuming, which limits at present the clinical
value of the quantitative analysis. Solutions for this problem have been proposed. By
taking advantage of the parallel structure of the transformation algorithm application of
additional hardware for parallel processing can greatly accelerate the execution of the
program.

The delineation method can also be applied to determine elliptical contours of other
objects. Comparable feature vector transformations can be derived to determine contours
with other shapes, as long as they are analytical and the number of unknown parameters
is not too large.

A problem still is the low signal-to-noise ratio of 201Tl-scintigrams. However, new
radiopharmaceuticals with better suited photon energy, which can be administered in
larger quantities without increasing the radiation burden to the patient, and which do not
rapidly redistribute will result in images that are much easier to analyse.

The method described in this dissertation can be generalized and applied to transaxial
tomographic slices allowing for quantitative assessment of the 3-D 20lTl-distribution in
SPECT images and for quantitative measurements of the perfusion of, and metabolic
processes in the myocardium imaged by PET.
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Summary

Coronary artery disease is one of the major causes of death in Western Europe and
the United States of America. Exercise electrocardiography has proven to be useful in
evaluating this disease, but does not give a precise indication of the position and size of
the affected myocardium. On the other hand coronary contrast angiography is a precise
method to detect artery lesions, but being an invasive method it is not suitable for screening
large numbers of patients or for serial studies. Myocardial imaging using radionuclides to
detect the severity and extent of coronary artery disease has become rather common in
cardiology. This scintigraphic imaging technique is especially of value in those cases where
the results of other noninvasive methods, e.g. (exercise) ECG analysis, are ambiguous, or
when quantitative measurements are required.

Although a skilled human observer can interpret the scintigrams visually, better results
can be obtained by computer aided analysis of the images. The computer programs
used in this analysis provide a quantitative measurement of the distribution of the
radiopharmaceutical within the myocardium. In general, this computer aided analysis
of the scintigrams of the left ventricle is found to be more sensitive and more specific for
multi-vessel ischemic lesions than mere visual interpretation.

This dissertation describes the quantitation of myocardial perfusion defects in planar
Thallium-201 scintigrams. Edge detection in low signal-to-noise images, and quantitation
of the distribution of thallium within the myocardium are keywords in this work.

Chapter 1 presents a general introduction to this dissertation. The history of nuclear
cardiology is briefly outlined, starting with Love, who in 1954 demonstrated the myocardial
accumulation of radioactive potassium and its analogs. In 1975 Lebowitz and Bradley-
Moore suggested the use of Thallium-201 (201Tl) asmyocardial blood flow tracer, suitable
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for imaging using a gamma camera. Since then much research has been conducted in the
field of 20ITl-scintigraphy of the myocardium. Quantitative analysis of the scintigrams
has proved to be valuable in detecting myocardial segments with decreased blood flow
-especially when the results obtained by other noninvasive methods are ambiguous- or in
assessing the significance of angiographicly proven narrowing of one or several coronary
arteries. Several published acquisition and analysis methods are briefly discussed. The
acquisition protocol, the hardware and software applied in this study are also described in
the first chapter.

To be able to quantify the distribution of 201Tl in the myocardium as imaged by
the scintigram, accurate delineation of the target object is a prerequisite. Scintigrams,
however, are in general noisy, low resolution images. This noise, inherent to the applied
acquisition technique, affects the object delineation. After a short introduction concerning
the noise in scintigrams (§ 2.1), chapter 2 describes several groups of contour detection
methods in the light of the characteristics of scintigraphic imaging (§ 2.2).

To determine the sometimes partially visualized contours of the left ventricle in the
scintigram -due to locally decreased uptake of 201Tl in the myocardium- inclusion of a
priori information concerning the shape of the contour is necessary. When this contour is
described by a parametric model the contour detection problem changes into a parameter
estimation problem.

Several authors have used an ellipsoid as a model for the outline of the left ventricle
(§ 2.4). The contour of the orthogonal projection of this ellipsoid on an arbitrary plane is
an ellipse. The Hough-transformation, introduced in § 2.3, can be generalized to determine
any kind of analytical curve, also a closed one such as the elliptical contour of the projection
of the left ventricle. A Hough-like transformation to determine the length of the axes of
the elliptical contour is derived in § 2.5. This transformation is able to estimate the length
of both axes by means of the edge point location (relative to the center location) and the
direction of the tangent to the contour in the edge point. Edge points are defined as points
with a ""udden change in density". These changes can be detected by means of a gradient
operator. Under some conditions, the tangent can be assumed to be orthogonal to the
gradient vector. So, after discrimination between edge and non-edge points on the basis
of gradient size, the length of the axes can be estimated by means of the feature vector
(= edge point location and direction information of the gradient vector) transformation.

Due to noise, the edge points will be shifted and the gradient vector rotated. The
computed axis lengths will also be influenced by the noise. It is shown that the variance
of the estimates depends on the edge point location: it will have a minimum value when
the edge point is located on the axis to be estimated, and increases when the edge point
moves along the contour to the other axis.
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Chapter 3 deals with the implementation of the transformation. First the feature
vectors must be selected. In § 3.1 the distribution of the gradient size and direction for
both border and non-border points are derived, assuming an elliptical two-dimensional
(2-D) object with uniform density and a background, with also an uniform density. Due to
noise, border points may be classified as non-border points, and vice versa. The number
of misclassified points depends on the threshold applied to the gradient size during feature
vector selection. A too high threshold will reject many border points, while a too low
threshold results in accepting many non-border points. By means of receiver operating
characteristic (ROC) curves the influence of the threshold on the misclassification rate is
shown. In real scintigrams of the left ventricle the object and the background will have
nonuniform densities, and edges will be blurred by the imaging system, the movement
of the ventricle during acquisition, and several other factors. A feature vector selection
scheme, based on the gradient size and direction, to be applied in real scintigrams of the
myocardium is derived.

Although a statistical model of the noise in scintigrams is known, and the distribution
functions of the gradient size and direction can be computed, it is hard, and maybe
impossible, to determine a parametric distribution function of the axis lengths. Therefore
a nonparametric density estimator has been applied. The transformation of each of the
feature vectors results in an estimate of the length of both axes of the elliptical contour.
The accuracy of both estimates differ: if one is highly accurate (edge point on the axis
which is estimated), the other is not. Simple 2-D density estimators, like histograms, do not
allow inclusion of different weighing factors for each of the two estimates. Kernel density
estimators can implement this dependency by adapting the smoothness of the kernel for
each of the two directions independently. These density function estimators are dealt with
in § 3.2.

The transformation derived in chapter 2 can only be applied if the center location and
direction of the ellipse are known, or assumed. In general these parameters of the ellipse
are not known, and a search algorithm must be applied. Such an algorithm optimizes some
measurement of the quality of the assumed center location and direction of the ellipse. For
noise free elliptical objects it is shown in § 3.3 that only if the assumed center location and
orientation coincide with the real ones all estimates of an axis are equal. Increasing location
or orientation errors will result in increasing variance of the estimates. It is assumed, and
shown for elliptical objects, that the likelihood of the maximum likelihood estimate of
the 2-D pdf of the axis lengths decreases when the variance increases. So, a local search
algorithm can be applied to determine the best fitting center location and orientation. A
simple heuristic local search algorithm is presented in § 3.4. Results obtained by applying
this algorithm is presented and discussed in § 3.5.
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When the left ventricle has been delineated successfully, the radionuclide distribution
within the indicated region can be quantitated. In § 4.1 some details of published methods
are summarized. The presented overview is not exhaustive, but illustrates the similarity of
most of the published methods. It has been decided that the quantitation method should
be a circumferential profile method, which computes the mean density in segments with
equal area -based on the minimum detectable defect size- and excludes the central part
of the region, which mainly reflects 201Tl-accumulation in the myocardial walls parallel to
the projection plane. An algorithm for dividing the elliptical region of interest in equal
area segments, and to compute the mean density are subjects of § 4.2 and § 4.3. In § 4.4
some results obtained with the quantitation method in clinical images are presented. The
results and further analysis of the circumferential profiles are discussed.

In the last chapter of this dissertation a general discussion is presented. First the
quantitation method described in the preceding chapters is reviewed. Choices made during
development of the method, which have not been explained previously, are discussed. One
of the main problems of the quantitation algorithm, which reduces at present the clinical
value of the method, is the time required to delineate the object. Some solutions to this
problem have already been mentioned in chapter 3, while also § 5.1 deals with this topic.
The main source of all the problems, however, is the applied tracer. For imaging the
left ventricle 2O1T1 has many disadvantages. New radiotracers, which probably can help
to simplify the contour detection problem -because they do not redistribute and can be
administered in larger amounts, and having better imaging capabilities- are presented in
§ 5.2. 99mTc-Methoxy-isobutyl-isonitriles (MIBI), a cationic 99raTc-complex, seems to be
very promising.

Section 5.2 also deals with other new tracers for positive infarct imaging and meta-
bolism imaging. The quantitation method in this dissertation does not appear useful in
combination with positive infarct imaging techniques.

Another problem in planar 201Tl-scintigraphy, the low object-background ratio, can
be partially solved by applying three-dimensional (3-D) imaging techniques using rotating
gamma cameras and 7-pinhole collimators. Single photon emission computed tomography
(SPECT) has been proven to be superior to planar and 7-pinhole imaging. Section 5.3
discusses the role of 3-D imaging techniques and the generalization of the 2-D method into
a fully 3-D quantitation method, which is subject of this dissertation.

In the last section of chapter 5 the conclusions of this dissertation are presented.



Samenvatting

Aandoeningen aan de kransslagaders van het hart behoren tot de belangrijkste doodsoorza-
ken in de westerse samenleving. Voor detectie van deze aandoening is het inspannings
elektrocardiegram (ECG) een bruikbaar diagnosticum gebleken, maar het is helaas niet
geschikt voor een nauwkeurige bepaling van de plaats of van de ernst van de aandoening.
Angiografie van de coronaire bloedvaten is een zeer nauwkeurige methode voor het vast-
stellen van vaatvernauwingen. Wegens zijn invasieve karakter is deze methode echter niet
geschikt om grote groepen patienten te onderzoeken, of om opeenvolgende studies bij een
patient uit te voeren. Scintigrafische methoden voor de afbeelding van het myocardium
en de detectie van de ernst en de uitgebreidheid van verstoringea in de myocardiale bloed-
voorziening combineren de voordelen van de bovengenoemde methoden; ze zijn niet invasief
en laten een nauwkeurige bepaling van plaats en ernst van afwijkingen toe.

Hoewel de stralenbelasting van deze nucleaire diagnostiek niet hoog genoemd mag
worden, is deze toch een beperkende factor bij het onderzoek van grote groepen patienten.
Daarnaast speelt t.o.v. het inspannings ECG de kostenfactor een niet onbelangrijke
rol. Desalniettemin heeft de scintigrafie toch een plaats verworven in de diagnostiek van
coronair vaatlijden. De scintigrafische diagnostiek is vooral waardevol gebleken in die
gevallen waarbij het inspannings ECG tot dubieuze resultaten leidt, voor kwantitatieve
bepalingen van de grootte van een gebied met een verstoorde bloedvoorziening en de ernst
van deze verstoring, en voor het bepalen van de ernst van een angiografisch aangetoonde
laesie.

Een geoefend beoordelaar kan deze scintigrammen visueel interpreteren. Het is echter
gebleken dat een kwantitatieve analyse van de scintigrammen m.b.v. computers tot
betere resultaten leidt. Deze geautomatiseerde analyse vertoont vooral in het geval van
afwijkingen aan verscheidene coronaire bloedvaten een hogere sensitiviteit en specificiteit.
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Dit proefschrift behandelt de kwantitatieve analyse van de verdeling van thallium-
201 (201Tl) in het myocardium, zoals dit afgebeeld wordt in planaire scintigrammen.
Contourdetectie in beelden met een zeer lage signaal-ruisverhouding en kwantitatieve
analyse van de 201 TI-distributie in het myocardium zijn sleutelwoorden in dit onderzoek.

Hoofdstuk 1 geeft een algemene inleiding op het proefschrift. In een vogelvlucht wordt
de geschiedenis van de scintigrafische afbeelding van het hart beschreven, beginnend bij
Love, die in 1954 de accumulatie van radioactief kali um in het myocardium aantoonde.
Lebowitz en Bradley-Moore stelden in 1975 het gebruik van het radioisotoop 2 0 1Tl voor,
om de bloedvoorziening van het linker ventrikel seintigrafisch in beeld te brengen. 2 0 1Tl
kan gedetecteerd worden m.b.v. een gammacamera. Sinds die tijd zijn vele onderzoekers op
het terrein van de nucleaire diagnostiek van coronaire aandoeningen bezig geweest met de
vervolmaking van deze methode. Enkele publicaties uit dit onderzoeksgebied worden in dit
eerste hoofdstuk besproken. Het acquisitieprotocol en de toegepaste computer apparatuur
en programmatuur worden eveneens in dit hoofdstuk beschreven.

Hoofdstuk 2 behandelt de contourdetectie. Voordat een kwantitatieve analyse van
de 201 TI-distributie in het myocardium kan worden uitgevoerd, dient de contour van het
linker ventrikel nauwkeurig te worden afgebakend. Deze contourdetectie wordt echter
bemoeilijkt door de slechte signaal-ruisverhouding en de lage resolutie van de scintigrafische
afbeeldingstechniek. In § 2.1 wordt in het kort de ruis in scintigrammen behandeld en de
mogelijkheden om hierin enige verbetering aan te brengen. In het licht van deze problemen
worden in § 2.2 enkele groepen van contourdetectie methoden besproken.

Indien de 201 TI-opname in het myocardium lokaal verminderd is, is ter plaatse van
deze afwijking de contour van het linker ventrikel soms minder duidelijk of helemaal niet
zichtbaar in het scintigram. Om te voorkomen dat het contourdetectie algoritme hier de
randen van het 2olTl-distributiedefect gaat volgen, is het noodzakelijk a priori informatie
betreffende de vorm van de contour in het algoritme op te nemen. Als de contour
beschreven wordt in een parametrische vorm, verandert het contourdetectie algoritme
daarmee in een parameter schatter.

In § 2.3 wordt de hough-transformatie geïntroduceerd. Door middel van deze
transformatie kan men de parameters van een rechte lijn in een beeld bepalen. Met
een gegeneraliseerde versie van de hough-transformatie is het mogelijk de parameters van
willekeurige curven te bepalen, dus ook van gesloten curven, zoals contouren.

Verscheidene auteurs hebben ellipsoïden gebruikt voor het modelleren van de vorm
van het linker ventrikel. In § 2.4 wordt hiervan een een kort overzicht gegeven. Tevens
wordt daar aangetoond, dat de omtrek van de projectie van een ellipsoïde op een willekeurig
vlak altijd een ellips is.
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In § 2.5 wordt een Hough-achtige transformatie afgeleid, waarmee het mogelijk
is de aslengten van een ellips te bepalen aan de hand van de coördinaten (relatief
t.o.v. het centrum) van slechts één contourpunt en de richting van de raaklijn aan
de ellips in dat punt. Contourpunten, gedefinieerd als punten waar een grote lokale
helderheidsverandering in het beeld optreedt, kunnen gedetecteerd worden door het
toepassen van gradiëntoperatoren. Onder bepaalde condities kan worden aangenomen dat
de raaklijn loodrecht op de gradiëntvector staat. Dus na discriminatie tussen contour- en
niet-contourpunten (op basis van de grootte van de gradiëntvector), kunnen de aslengten
van de ellips bepaald worden door toepassing van de kenmerkvectortransformatie. De
kenmerkvector bestaat uit de coordinaatvector en de gradiënt vector van een contourpunt.

In de praktijk zal ruis, afkomstig uit velerlei bronnen, de detectie van contourpunten
beïnvloeden en de grootte en richting van de gradiënt vector verstoren. Hierdoor zullen
ook in de berekende aslengten fouten optreden. Aan het eind van hoofdstuk 2 wordt
aangetoond dat de variantie van deze verstoringen afhankelijk is van de ligging van het
contourpunt t.o.v. de te bepalen as: de variantie is minimaal als het punt op de te schatten
as ligt, en neemt toe als het punt zich naar de complementaire as toe beweegt.

Hoofdstuk 3 behandelt de implementatie van de transformatie. Het algoritme begint
met de selectie van de kenmerkvectoren. In § 3.1 worden de distributie functies van
de gradiënt grootte en richting ter plaatse van zowel contour-, als niet-contourpunten
afgeleid. Hiertoe wordt aangenomen dat het object werkelijk elliptisch van vorm is en
dat het object en de achtergrond een uniforme densiteit bezitten. Aan de hand van
deze distributiefuncties kan de drempelwaarde voor de gradiënt grootte bepaald worden,
die resulteert in een optimale discriminatie tussen contour- en niet-contourpunten. De
invloed van deze drempelwaarde op het uiteindelijke selectieresultaat wordt getoond m.b.v.
zogenaamde "receiver operating characteristic" (ROC) curven. In de praktijk zullen de
densiteiten van het object (het myocardium) en de achtergrond geen uniforme verdeling
bezitten, terwijl de lage resolutie van de scintigrafische afbeeldingstechniek en de beweging
van het hart de contouren doen vervagen. Een kenmerkvector selectie schema dat kan
worden toegepast in echte scintigrammen, gebaseerd op de gradiënt grootte en richting,
wordt in deze paragraaf afgeleid.

Door de verstoring van de geschatte gradiëntvectoren zullen de getransformeerde
kenmerkvectoren allen tot verschillende aslengten leiden. Op basis van waarschijnlijkheden
zal hier een keuze gemaakt moeten worden. Hoewel een statistisch model van de ruis
in scintigrammen voorhanden is en de distributiefuncties van de gradiënt grootte en
richting berekend kunnen worden, is het erg moeilijk en wellicht onmogelijk om langs
analytische weg de invloed van de ruis op de berekende aslengten te bepalen. Er is daarom
gekozen voor een niet-parametrische kansdichtheidsschatter. Omdat de nauwkeurigheid
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van de schattingen afhankelijk is van de ligging van de contourpunten, is gekozen voor
een tweedimensionale kernel methode. In een dergelijke kansdichtheidsschaüer kunnen
verschillende weegfactoren toegepast worden in ieder van de twee richtingen. In § 3.2
worden deze kernel methoden geïntroduceerd en wordt een aan het probleem aangepaste
schatter afgeleid.

De transformatie die in hoofdstuk 2 werd afgeleid, kan alleen worden toegepast als de
locatie van het centrum en de rotatie van de ellips bekend zijn, of als aan deze parameters
een bepaalde waarde wordt toegekend. In de praktijk zullen deze gegevens niet bekend zijn
en zal een zoekalgoritme moeten worden toegepast. Een dergelijk algoritme optimaliseert
de kwaliteit van de aangenomen en geschatte parameters van de ellips. Daartoe wordt
in § 3.3 aangetoond, dat voor ruisvrije elliptische objecten alleen dan alle schattingen
gelijk zijn als het veronderstelde centrum en de richting van de ellips gelijk zijn aan
de werkelijke waarden. Toenemende fouten in deze parameters leiden tot toenemende
variantie van de geschatte aslengten, hetgeen weer aanleiding geeft tot een lagere piek in
de tweedimensionale kansdichtheidssfunctie van de aslengten van de ellips. Een eenvoudig
heuristisch zoekalgoritme dat in deze studie is toegepast wordt besproken in § 3.4. De
uiteindelijke resultaten van het contourdetectie algoritme worden in § 3.5 getoond en
besproken.

Hoofdstuk 4 behandelt de feitelijke kwantificatie van de 201 TI-distributie, die nadat
de grenzen van het myocardium in het scintigram zijn afgebakend, kan beginnen. In
§ 4.1 wordt een overzicht gegeven van de belangrijkste publicaties op dit gebied. Hoewel
het slechts een beperkt overzicht is, laat het wel duidelijk de overeenkomst tussen vele
methoden zien. De voor- en nadelen van de verschillende methoden worden besproken.
Geconcludeerd is dat de kwantificatie methode gebaseerd moet zijn op de toepassing van
zogenaamde cirkelprofielen, daarbij de gemiddelde densiteit in een segment moet bepalen
en het centrale gedeelte van het elliptische object moet uitsluiten (het cirkelprofiel geeft
dan hoofdzakelijk de 201Tl-opname in wanden loodrecht op het projectievlak weer). Het
algoritme dat het elliptische gebied verdeelt in segmenten met gelijke oppervlakten, en de
gemiddelde densiteit in ieder segment bepaalt, wordt in § 4.2 en § 4.3 behandeld. In § 4.4
worden enkele resultaten getoond van de kwantificatie van de 201 TI-distributie m.b.v. dit
algoritme in enkele klinische studies. Deze resultaten en de mogelijkheden voor een verdere
analyse van de profielen worden in deze paragraaf besproken.

Hoofdstuk 5 van dit proefschrift bevat een algemene discussie. In § 5.1 wordt de
kwantitatieve analyse methode, die in de voorafgaande hoofdstukken is besproken, nader
geanalyseerd. Keuzes, die tijdens de ontwikkeling van de algoritmen zijn gemaakt en niet
eerder zijn toegelicht, worden hier besproken. Een van de belangrijkste nadelen van het
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ontwikkelde algoritme is de tijd die nodig is voor het vinden van de elliptische contour.
Enkele oplossingen voor dit probleem zijn reeds besproken in hoofdstuk 3, terwijl ook in
§ 5.1 hier nog enkele alinea's aan worden besteed.

De belangrijkste oorzaak van de bovenstaande problemen is echter het toegepaste
radionuclide. 2 0 l Tl heeft voor het bepalen van de coronaire bloedvoorziening veel nadelen.
In § 5.2 worden nieuwe radiofarmaca behandeld, die in grotere hoeveelheden toegediend
kunnen worden, beter geschikt zijn voor detectie door een gammacamera, en minder
redistributie vertonen. Door deze eigenschappen kan het contourdetectie probleem wellicht
vereenvoudigd worden. In deze paragraaf worden ook de mogelijkheden behandeld om
i.p.v. de doorbloeding, de geinfarceerde gebieden en het metabolisme van het myocardium
in beeld te brengen. De kwantitatieve analyse, zoals die in dit proefschrift is beschreven,
lijkt niet bruikbaar in combinatie afbeeldingstechnieken die de geinfarceerde gebieden in
tonen.

Een ander probleem in planaire 201Tl-scintigrafie is het geringe verschil in densiteit
tussen het object en de achtergrond. Dit probleem kan gedeeltelijk worden opgelost door
toepassing van driedimensionale afbeeldingstechnieken, zoals bijvoorbeeld met roterende
gammacamera's en "seven pinhole" tomografie. Het gebruik van roterende gammacamera's
leidt tot een aantoonbare verhoging van de sensitiviteit en specificiteit. In § 5.3 worden
de rol van driedimensionale afbeeldingstechnieken besproken en de mogelijkheden om
de beschreven kwantificatie methode te generaliseren tot een volledig driedimensionale
kwantificatiemethode.

Ten slotte worden in § 5.4 nogmaals de conclusies van deze studie gepresenteerd.



Curriculum vitae

De schrijver van dit proefschrift werd op 25 november 1954 te 's-Gravenhage geboren.
Van 1967 tot 1972 doorliep hij de MAVO-afdeling van het Groen van Prinsterercollege te
's-Gravenhage. Hij behaalde hier het MAVO diploma van zowel de drie-, als de vierjarige
opleiding.

Van 1972 tot 1977 studeerde hij aan de afdeling elektrotechniek van de Gemeentelijke
HTS Wegastraat te 's-Gravenhage. In juni 1977 behaalde hij het diploma elektrotechnisch
ingenieur (Ing.).

In aansluiting hierop studeerde hij van 1977 tot 1982 aan de Technische Hogeschool
te Delft, eveneens aan de afdeling der elektrotechniek. Tijdens het laatste jaar van zijn
studie verrichtte hij zijn afstudeeronderzoek, onder verantwoording van de vakgroep In-
formatietheorie (Prof. Ir. Y. Boxma, begeleider Ir J. J. Gerbrands), bij het laboratorium
voor klinische en experimentele beeldverwerking van de medische faculteit van de Eras-
musuniversiteit (Dr. Ir. J. H. C. Reiber) en de afdeling nucleaire geneeskunde van het
Dijkzigtziekenhuis, beide te Rotterdam. Het onderwerp van dit onderzoek was "3-D con-
tourdetectie in emissie-tomografische beelden van het hart". Op 18 november 1982 ontving
hij het diploma elektrotechnisch ingenieur (Ir.).

Vanaf 1 september 1982 is hij werkzaam bij de (onder-)afdeling Isotopendiagnostiek
van de afdeling Radiodiagnostiek van het academisch ziekenhuis Leiden, aanvankelijk als
wetenschappelijk assistent en sinds 1 september 1986 in vaste dienst als staflid. Hier is
hij verantwoordelijk voor de computertechnische aspecten van onderzoeken met behulp
van radionucliden. Tevens coördineert hij vanuit de afdeling Isotopendiagnostiek het
wetenschappelijk onderzoek op het gebied van de nucleaire cardiologie. Sinds 1 april 1987
is hij aangesteld als hoofd PET-scanning.



148 Curriculum vitae

List of publications

Reijns AME, Reiber JHC, Blokland JAK, Gerbrands JJ, Simoons MLS, Kooy PPM,
"Developments towards Quantitative Analysis of Thallium-201 Tomograms," Proc
.European Ga.mai3.-ll Users Meeting, Amsterdam, may 18-19, 1983.

Blokland JAK, Vossepoel AM, Bakker AR, Pauwels EKJ, "Movement of the left ven-
tricular centre of mass," In: Proc of Int Symp on Medical Images and Icons, Arlington,
Virginia, July 24-27, pp.:282-287, 1084.

Lemkes HHPJ, Pauwels EKJ, Gonsalves S, A Liqui Ling, Blokland JAK, Radder JK,
"impaired left ventricular wall motility in IDDM," In: Proc XII Congres of the I.D.F.,
1984.

Bolk JH, Heslinga JM, Blokland JAK, Ruiter DJ de, Goslings BM,
Velde CJH van de, Pauwels EKJ, "Eerste resultaten van preoperatieve lokalisatie van
bijschildklieradenomen met behulp van subtractie-scintigrafie met technetium-99m en
thallium-201," Ned Tijdschrift v Geneeskunde, 129:216-220 1985.

Blokland JAK, Bolk JH, "Eerste resultaten van preoperatieve lokalisatie van bijschild-
klieradenomen met behulp van subtractie-scintigrafie met techne- tium-99m en thallium-
201 (reply)," Ned Tijdschrift v Geneeskunde, 129:707-708, 1985.

Heslinga JM, Arndt JW, Blokland JAK, Bolk JH, Velde CJH van de, Valentijn RM,
Goslings BM, Pauwels EKJ, "Scintigrafische lokalisatie van nodulaire hyperplasie en
adenomen bij hyperparathyeoidie, Nucl Gen Bulletin, 7:174-175, 1985.

Pauwels EKJ, Lemkes HHPJ, Gonsalves S, A Liqui Ling, Blokland JAK, Radder JK,
"Scintigraphic Evidence of Asymptotic Impaired Left Ventricular function in type I
diabetics," Clinical Nucl Med, 10:861-864, 1985.

Blokland JAK, Vossepoel AM, Pauwels EKJ, Bakker AR, "Opsporing van elliptische
objecte^ .et scintigrafie," Ned Tijdschrift v Geneeskunde, 130:1540, 1986.

Blokland JAK, Vossepoel AM, Bakker AR, Pauwels EKJ, "Delineating elliptical
objects, with an application to cardiac scintigrams," IEEE Trans on Medical Imaging,
MI-6:57-66, 1987.

Blokland JAK, Vosspoel AM, Bakker AR, Pauwels EKJ, "Detection of partially visible
contours by a Hough-like transformation," J iVuel Med, 28:675, 1987.

Blokland JAK, Vossepoel AM, Bakker AR, Pauwels AKJ, "Locating elliptical objects
in scintigrams," (abstract), Eur J Nucl Med, 13:A2, 1987.



Stellingen
1 Contourdetectiemethoden, die gebaseerd zijn op toepassing van globale drempelwaar-

den, zijn niet algemeen toepasbaar in scintigrafische beelden.

2 Het probleem bij kwantitatieve analyse van scintigrammen is niet zo zeer het produ-
ceren van een beperkte set getallen uit een verzameling met vele elementen, alswel de
zorgvuldige selectie van de grens tussen niet terzakedoende en relevante informatie.

3 Nieuwe radiofarmaca maken het mogelijk om d.m.v. slechts één intraveneuze injectie
de wandbeweging van het linker ventrikel, de doorbloeding van het myocardium en
de absolute volumin.' v^n het ventrikel tijdens de hartslag te bestuderen.

4 Het verdient aanbeveling om, alvorens revascularisatie door middel van operatief
ingrijpen te overwegen, de patiënt met een verstoord bewegingspatroon van het linker
ventrikel met behulp van PETl-technieken te onderzoeken, en aldus de kans op een
positief resultaat van een dergelijke ingreep vast te stellen.(NEJM, 314:884-888, 1986)

5 De analyse van botdensitogrammen is, ook zoals die momenteel in de modernste dual-
foton-meetapparatuur wordt toegepast, ongeschikt om binnen een redelijke termijn
een uitspraak te kunnen doen over het al dan niet voorkomen pathologische veran-
deringen in het mineraalgehalte van lumbale wervels.

6 Naast het schrijven van een proefschrift, als proeve van bekwaamheid tot het zelf-
standig beoefenen van de wetenschap, zou ook de eis gesteld moeten worden dat
zelfstandig de financiering van een wetenschappelijk projekt tot stand is gebracht.

7 De algemene publieke opinie dat waterpolo een gemene en harde sport is, is niet met
cijfers te staven.

8 Het gebruik van 99raTc-isonitrilen voor de scintigrafische afbeelding van de doorbloe-

ding van het myocardium zal de analyse van deze beelden vereenvoudigen.

9 Bij de analyse van nieuwe diagnostische methodieken dient men zich steeds weer af te
vragen of de "gouden standaard" inmiddels niet verguld is gebleken.

10 Het schrijven van een proefschrift bevordert de zelfstandigheid van de partner van de
promovendus.

11 PETÏ is tof, maar TOFPET* is beter.

' PET: positron emissietomografie

$ TOFPET: "time of flight" PET

Leiden, 7 oktober, 1987. J. A. K. Blokland
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