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Abstract

Intravascular ultrasound has, over the past decade, significantly changed the clinical diagnosis
and therapeutic strategy of coronary and vascular disease assessment, as it not only allows visu-
alisation of the vessel lumen, but gives a unique view of the pathophysiologic structure of the
artery wall. This information is currently unavailable from the universally accepted instrument
for artery assessment, angiography, which has on several occasions had its diagnostic accuracy
questioned. With intravascular ultrasound, there is the potential to categorise diseased arterial
tissue belonging to distinct pathological groups which can ultimately aid in the understanding
of individual lesions as well as making a significant contribution to treatment choice and man-
agement of cardiac patients. The high resolution image information offered by intravascular
ultrasound provides excellent cross-sectional views of coronary artery disease at the level of
the disease process itself. This information can be used by the clinician to characterise ath-
erosclerotic plaque composition and vessel wall morphology, both of which are important, in
determining the clinical response to the disease condition. However, this visual diagnosis is in
general highly subjective due to inter- and intra-observer error. To overcome the short com-
ings inherent in the visual assessment of intravascular ultrasound images, texture analysis was
used to assess plaque in regions of interest identified by a clinician. In the two-dimensional im-
ages produced by intravascular ultrasound, texture is perceived as homogeneous visual patterns
representing the surface composition being imaged. Since every tissue sub-group has its own

texture, verified from histological analysis, it can be used as a means of characterising it.

In this thesis, the findings of applying texture analysis techniques to 30 MHz intravascular
ultrasound data, gathered in vitro, to assess its potential in quantitative coronary plaque char-
acterisation are presented. Histo-pathological analysis was used to form a gold standard based
upon clot composition, from which the results were verified. The ultimate aim of the work was
to determine a reliable protocol based upon textural analysis for assessing plaque composition
in vivo. Textural properties, in the form of features, were calculated for regions of interest using
first-, second- and higher-order statistics. These were found to be computationally expensive
and in certain instances produced duplicate, and hence redundant, information. Feature selec-
tion was used to increase the computational efficiency of the algorithm by optimising the feature
set. In a further attempt to overcome the weaknesses of the aforementioned techniques, fractal
texture analysis was used to obtain textural information on regions of interest. Fractals proved
useful in describing the texture of these areas by a single measure. This measure, the fractal di-
mension, described the degree of irregularity in the surface texture. A new method is proposed
for classifying arterial plaque which relies on a combination of the two powerful techniques
previously mentioned, statistical and fractal texture analysis. The results presented show the
ability of the texture analysis techniques used to discriminate certain tissue sub-groups. Lim-
ited success was achieved for the analysis on the atherosclerotic plaque groups studied, however,
the approach adopted significantly discriminated the three types of clot composition studied:

plasma; white thrombus; and red thrombus.
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Glossary of Medical Terminology
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Catheter
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Endarterectomy
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The outermost covering of an artery. It is the strongest layer composed
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A region in which sound passes through relatively undisturbed is said to
possess this property. The media of a vessel is such a region and appears
black on an TVUS image as it reflects very little sound.

Excision of the thickened, atheromatous tunica intima of an artery.
The study of the flow of blood and the forces involved.

The study of the microscopic structure of tissue.

An abnormal increase in the number of cells in a tissue.

Refers to a region of low reflectivity.

The innermost layer of all arteries, except the capillaries.

In glass, as in a test tube.

In the living body.
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Glossary of Medical Terminology

Lumen

Media
Morphology
Oedematous

Pathology

Percutaneous
Plaque
Stenosis

Stent

Subclavian

A passage, duct or cavity in a tubular organ. In an artery, the lumen is
the central cavity through which blood flows.

The middle layer of an artery.
Relating to the form and structure of a tissue, organ or part.
An excessive accumulation of fluid in the intercellular spaces of tissue.

The branch of medicine concerned with the cause, origin, and nature of
disease, including the changes occurring as a result of disease.

Through the skin.
Any small abnormal patch on or within a body.
Constriction or narrowing of a lumen.

An expandable tubular shaped metal lattice designed to open areas of
narrowing within blood vessels. The stent is inserted into an area of
narrowing and expanded to prop open a vessel. The stent is left in place
as a permanent prosthesis.

The name given to a large artery or vein which pass to the upper arm
between the collar bone and the first rib.
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Chapter 1

Introduction

1.1 Introduction

Cardiovascular disease kills one in three people and remains one of the leading causes of death in
the developed world. Now, with a higher prevalence of smoking, obesity and physical inactivity,
this trend is increasing [4]. Scotland has one of the highest mortality rates in the world for
coronary heart disease with some 17,000 deaths and 70,000 hospital admissions each year as a
direct result of it [5]. These alarming facts provide the fuel for the scientific community, both
clinical and non-clinical, to research cardiovascular disease and try to reduce the enormous

burden it places on modern society.

Coronary heart disease results from the narrowing and hardening of the coronary arteries.
These are composed of three main layers. The outer layer, the adventitia, is made of fibrous
tissue. Inside this is the media, a thick elastic and muscular sheath which gives the artery
its strength. Tt is bounded by two surfaces, the internal and external elastic lamina. The
inner layer of the artery, known as the intima, is made of smooth cells which allow the blood
to flow freely. Arterial thickening on the intimal surface restricts the supply of blood to the
heart. With the vital dependency of the heart on a continuous supply of blood, evaluation of
atherosclerosis, the disease process which inhibits blood flow, is essential to the understanding
and treatment of cardiovascular disease. Atherosclerosis is a slow progressive disease which
is thought to be caused by several possible mechanisms, including damage to the innermost
layer of the artery from elevated levels of cholesterol and triglyceride in the blood, high blood
pressure and cigarette smoke. The resulting damage induces the deposit of fatty substances,
cellular waste products, calcium and fibrin in the inner lining of the artery. The subsequent
build up of these components is termed plaque and is directly associated with the thickening and
hardening of the arteries. The arterial response to plaque is twofold; bleeding (haemorrhage)

into the plaque, or formation of a blood clot (thrombus) on the plaque surface.

A markedly thickened arterial wall inhibits blood flow, which consequently decreases the oxygen

supply around the body, and results in a heart attack if the supply to the heart muscle is
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reduced. Coronary arteries partially blocked by atherosclerotic debris may also go into spasm.
This condition is however, not restricted to diseased coronary arteries, but can occur in normal
vessels. Often it is thrombosis, the formation of a blood clot, which blocks an artery and stops
the flow of blood. Figure 1.1 shows a cross-sectional view of the arterial wall structure for a

normal and abnormal vessel.

Intima thickened

_ _ External * by atherosclerotic
o % elastic i plague
2] “._~ membrane ; T N
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Figure 1.1: Histologic structure of normal and diseased coronary artery. (From Tobis et al. [1])

To date, there are a number of clinical approaches used to restore the profile of occluded vessels
which offer a less traumatic alternative to conventional surgical procedures. These include:
atherectomy, the procedure used to remove plaque using a specialised catheter equipped with
a cutting device; angioplasty, the dilation of a blood vessel at the site of narrowing by means
of a balloon catheter; stenting, the insertion of an expandable tubular shaped metal lattice
into a narrowed area within a vessel; and drug based techniques. The selection of a suitable
treatment strategy by a clinician, until recently, relied on coronary angiography as the definitive
method for coronary artery assessment. Angiography has been shown to provide important
hemodynamic and prognostic information, however, it cannot provide morphological details
about the vessel wall or plaque composition. Another limitation of its diagnostic ability is, in
certain views, lesions may be not revealed. However, such effects can be minimised by taking
images in two planes. This is illustrated in Figure 1.2, where the image on the left shows
the angiographic results of a study with no evidence of a right subclavian lesion. However, in
another plane, shown on the right, the angiographic projection reveals a significant stenosis at

the right subclavian artery origin (arrow).

There is no doubt that, despite its short comings, angiography will remain a dominant ima-
ging procedure in vascular trauma because of its speed, dependability and proven track record.
However, the accurate assessment of plaque morphology in clinical investigations would help sig-
nificantly in the management of cardiac patients by determining the most appropriate treatment
strategy. Innovations in the field of high frequency ultrasound and transducer manufacturing
technology have led to one of the most promising modalities for providing accurate morpho-
logical information about cross-sectional area stenosis in diseased coronary arteries. This new

technique, IVUS, not only provides prognostic information on occluded vessels, but has the po-
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Figure 1.2: Angiographic projections of subclavian artery origin. (From Cavaye and White [2])

tential for discriminating tissue sub-groups in diseased arteries. The contribution of this work
is the investigation of a suitable approach to identifying plaque composition from TVUS data
gathered in vitro, which will ultimately assist in the quantitative and qualitative assessment
of plaque morphology in vivo. A new technique is proposed to analyse the IVUS data in an
attempt to increase the classification accuracy in distinguishing tissue sub-groups. The next
section of this chapter gives a brief history of IVUS and introduces it as a clinical tool. Fol-
lowing this, there is an introduction to texture analysis as the instrument for assessing plaque
composition and a look at how tissue characterisation is performed with the use of texture

analysis. The last section of this chapter gives a brief account of how this thesis is structured.

1.2 Intravascular ultrasound

Intravascular ultrasound imaging, since its introduction in 1988 [6], has for many interventionists
become the new industry standard for quantitative studies that attempt to measure arterial
disease or classify atherosclerotic plaque. The need for IVUS imaging came from the prolific
advances in the late 1970s and early 1980s of techniques for concentric recanalisation of arterial
occlusions, where TVUS imaging was seen as the perfect instrument for monitoring balloon
angioplasty and atherectomy [7], the deployment of intravascular stents [8], and ultrasound

guided laser angioplasty [9].
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IVUS catheters obtain vascular access either percutaneously, through an opening made in a
vessel, or through open vascular access on an exposed vessel when intravascular assessment
is required as part of a surgical procedure. Many devices are passed over guidewires which
allow the imaging of the vessel, through advancing and withdrawing the catheter, to be more
controlled. Commercially available TVUS imaging systems operate at ultrasound frequencies
as high as 30 MHz using catheters which are typically 1 mm in diameter. An IVUS image is
a 2D cross-section of a vessel interior at a given point. To obtain an image, cross-sectional
scanning is performed by rotating the ultrasound beam emitted from the catheter through a
series of radial steps from 0° to 360°. The ultrasound beam returned from each step position
represents the echo return pattern in a specific line and gives information on the morphological
structure of the tissue from which it was reflected. In a single revolution of the IVUS catheter
there are a number of returned echoes. These are stored in a scan-converter memory awaiting

scan-conversion to the familiar image form shown in Figure 1.3.

IVUS has shown, by examining vessel wall morphology, the ability to differentiate between the
various histologic layers forming the arterial wall [10]. This is due to the unique reflecting
properties of each layer to ultrasound. Typically, the lumen-intima interface constitutes a large
acoustic impedance mismatch and produces specular reflections. This results in an echogenic
band bounding the lumen. Sandwiched between the intima and the more echogenic adventitia
is the media, observed as a thin echolucent band due to the presence of two bounding surfaces,
the internal and external elastic lamina. Figure 1.3 shows a cross-sectional intravascular image
of the arterial wall structure for two typical arterial sections. In each image the internal elastic
lamina is marked with (i), the media by (m) and the adventitia (a). The three layer appearance
previously mentioned is clearly visible. The left hand image shows signs of light intimal thick-
ening (t) probably caused by the natural course of the ageing process. The right hand image
shows signs of disease in a more progressed state which is characterised by an accumulation of

plaque in the vessel wall (p).

Figure 1.3: Intravascular ultrasound appearance of the coronary arteries. (From Cavaye and

White [2])



Chapter 1 : Introduction

One of the most promising application areas of IVUS is in quantitative tissue characterisation.
TVUS has shown that it is capable of providing information on vessel morphology, previously
only available from histological analysis. Precise characterisation of atherosclerotic plaque com-
position and vessel morphology is based on the markedly different acoustic impedances of the
major plaque constituents of fibrous tissue, lipid and calcium. Figure 1.4 shows a schematic
representation of the B-mode! echoreflective signal from different plaque compositions. In it
lipid plaque areas are shown to be echolucent, represented by black on the B-mode scale. This
highlights their inability to reflect the incident ultrasound. Fibrous plaque areas are represented
by an intermediate grey level, indicating the moderate echoreflectivity of such regions. Calcific
plaques are shown to have a very echoreflective response to ultrasound and show up as very
bright regions in B-mode and TVUS images. Often, beyond a calcific region, an acoustic dead
zone is visible in TVUS images. This is due to the dense structure of calcium which prevents
objects behind it from being imaged by reflecting all of the incident ultrasound. In possibly
one of the earliest studies using IVUS to distinguish plaque, Gussenhoven et al. [11] observed
that histologically classified plaque specimens had distinctive ultrasonic characteristics similar
to those discussed. From images of 256 unique grey levels, and of 512 x 512 pixels, the authors
noted that: lipid deposits appeared as hypoechoic areas; dense fibrous tissue or calcium as
echogenic regions with distal acoustic shadowing; and fibrous lesions as having an intermediate

echogenic appearance.

Plaque Fibrou Calcium

Echo Reflectivity (B-mode)

Figure 1.4: Acoustic characteristics of plaque composition on B-mode scale.

In the work presented in this thesis, texture analysis has been used to analyse the acoustic

reflectance of tissue to IVUS in an attempt to characterise atherosclerotic plaque and thrombus.

1See Appendix A
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1.3 Texture analysis

In 2D, texture is perceived as homogeneous visual patterns which represent the object being
imaged. This can be used as a means of characterising the object. Texture is responsible for
the spatial variation of tone within the object. That is, in a grey level image which has minor
variations in intensity of tonal primitives, the dominant property is of tone. However, where the
intensity variations are considerable, the dominant property is texture. Texture can be described
statistically and structurally. In a statistical sense, texture is regarded as a stochastic field of
homogeneous intensity variations. In terms of structure, the basic arrangement of structural
patterns placed according to some rules is used to define the texture. Early psychophysical
studies provide the rationale for using statistical procedures as they suggest that the human
vision system utilises the statistical moments of the distribution of grey level values for texture
recognition. This fact is supported in the early work by Julesz [3] who noticed that, in the
majority of the cases studied, two textures were only instantly discriminable if their second-
order statistics were different. Statistical approaches compute local features from a combination
of intensities at specified points in a textured image. Depending upon the number of points
which form the local features, the statistics used to give textural properties are classified into

first-, second- and higher-order statistics.

Currently, texture analysis is widely adopted in medical imaging in the classification of many
different images obtained from a variety of imaging modalities. However, texture analysis is
by no means limited to this field, and has found success in many other areas such as SAR
[9]-[11] and industrial inspection systems [15]. Ulaby et al. [12], found that the maximum
classification accuracy achievable from SAR images was 72% using first-order statistics and 88%
using second-order statistics, showing results which clearly support the conjecture proposed by
Julesz [3]. Liew et al. [13] used a second-order statistical technique in the form of the grey-
level co-occurrence matrix method to discriminate built up areas, forest and swamps from SAR
images. Linnet et al. [14] have shown, with a technique where the parameters for classification
may be estimated from the histogram of the grey-level values in each of the textures, that
excellent classification using this technique is possible. This technique, like first-order statistics,
does not take into account the correlation between pairs of pixels. However, for the given
application this proves to be an advantage. Conners et al. [15] show in identifying and locating
surface defects in wood, that overall, a correct classification rate of 88.3% can be obtained
using combined measures for the classification. In particular, measures of tone and pattern
were needed to obtain such a high classification rate. The tonal measures used related to
first-order statistics such as the variance, skewness and kurtosis of the image grey-levels. The

pattern measures used were those based on co-occurrence matrices, a second-order technique.

Perhaps the most regular application area of texture analysis in medical imaging has been in
the area of mammography, where national breast screening programmes have resulted in a large

increase in the number of mammograms requiring scrutiny by radiologists. This has led to the
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employment of computer aided diagnosis systems in mammographic screening where texture
analysis has been used to identify suspicious masses within asymptomatic mammograms [16,17].
Miller et al. [17], on a set of 40 mammographic images, achieved 80% correct classification using
Laws texture energy measures [18]. Gupta et al. [16] suggest in their work the incorporation
of additional steps of image processing in an attempt to improve the performance of the Law’s
filter masks in the detection of lesions. Using this added level of complexity, Gupta et al. were

able to identify malignant masses in all of the mammographic cases presented.

Fractals have proved useful in describing the texture of natural and irregular surfaces by a
single measure [19]. This measure, the fractal dimension, describes the degree of irregularity
in the surface texture. The rougher or more irregular the structure, the greater its fractal di-
mension. This attribute corresponds closely to our own intuitive notion of roughness. Fractals
are commonly used to represent 3D natural surfaces as 2D images. It is in representing the
physics of the image formation by a fractal function that makes the fractal model a competent
framework for interpreting 3D scenes and provides an excellent analytical tool for quantifying
surfaces extracted from 2D images. Fractal functions have been used successfully to furnish an
accurate description of both textured and shaded images of 3D surfaces [20]. The approach to
characterising texture based on fractal geometry has been used in the field of medical imaging
to quantitatively identify ROIs from different imaging modalities. Using three approaches to
find the fractal dimension of an ultrasonic image, Chan [21] was able to show the particular
benefits of using the reticular cell counting approach [22], compared to computation of the
fractal dimension from an intensity estimation technique and from the frequency domain. The
reticular counting technique, unlike the results from the other techniques, showed good correl-
ation between the fractal dimension calculated for plaque, blood and normal tissue in the two
different images studied. Akiyama et al. [23] were able to show reasonable success in classific-
ation of normal and diffuse liver disease from B-scan images. In particular, they were able to
separate, using a technique based on the Hurst coefficient, regions of fat from normal livers and

those showing signs of cirrhosis.

In other imaging modalities, fractals have shown their ability to recognise texture. In the work
by Stewart et al. [24], fractal random process models were used in the analysis and segmentation
of clutter in high-resolution SAR imagery. The segmentation of the images was performed by
extracting textural features relating to grass and trees, and combining these parameters with a
measure of the clutter due to shadows, for input to the classifier. Using fractal feature analysis,
Migliaccio et al. [25] presented and discussed some interesting results in detecting edges and
classification of SAR images. The authors noted that the fractal based procedure used was able
to extract most of the edges within the images. However in discriminating among natural scene

variations, this measure was found to be inefficient.
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1.4 Tissue characterisation from texture analysis

The human vision system provides us with the capability to recognise an enormous variety of
objects despite variations in the pattern of light reflected from an object and focused onto the
retina. For example, we find no difficulty in recognising a familiar face from a picture regardless
of changes in the angle to which the face is turned, the focal distance, the lighting or facial

expression.

The human ability to perform this perceptual consistency has led to many conjectures being
proposed suggesting the possible mechanisms used [26]. One such theory is the feature detection
theory which proved popular with physiologists and computer scientists of the 1960s. This
suggests that objects are recognised by a set of simple geometrical features, such as lines,
angles, circles and so on. Others suggest a more complex recognition system whereby template
matching is used as the means of recognising objects. Structural description models have
also been considered as the representational format for human pattern and object recognition.
They are easier to apply than templates or feature representations due to the ease with which
structural descriptor algorithms can be interpreted. We may continue to speculate on the means
by which humans discriminate and identify real world objects, however, there is no doubt that
it is through a process of learning that we come to classify certain configurations as equivalent

and distinct from others.

In this work, the objects being categorised are the textures of ROIs belonging to distinct tissue
sub-groups. The mechanism used to try and obtain perceptual consistency was to extract
features from ROIs corresponding to specific attributes of texture and hence tissue. Clearly, the
task of discriminating distinct textures is one of learning the proposed computer vision system
to classify certain textural configurations. Another important issue is to select the optimal
feature set to characterise the object. This is essential to ensure that the pattern classification
algorithm is computationally efficient using only those features which provide useful textural
information. Feature selection was used in this work to choose the best possible feature set

prior to classification.

1.5 Organisation of the thesis

This introduction has briefly set out the problem of identifying tissue sub-groups from TVUS.
It has also given an outline of the strategy adopted herein to characterise tissue from TVUS
with the use of texture analysis. In Chapter 2, the first section deals with the physics and
diagnostic potential of conventional ultrasound to characterising tissue, and its limitations in
modern clinical practice is discussed. The remainder of the chapter is concerned with tissue
characterisation using IVUS with a review of some of the most prominent results in the field and

the current approaches being developed. The chapter highlights some of the significant differ-
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ences between conventional and intravascular ultrasound when identifying tissue. In particular,
it provides fundamental reasons why TVUS should be superior to conventional ultrasound in

tissue characterisation.

In Chapter 3 the intravascular ultrasound imaging system used is described in detail. This is
essential as the commercial system used was modified to suit the data acquisition and imaging
protocol. The technical specifications of the imaging system and variant properties of the
catheters are discussed. The formation of the raw images, the format used herein for analysis,
is discussed from the demodulation of the RF signal using the Hilbert transform. Section 3.3.1
of this chapter describes one of the most important ¢n vitro tools used in correctly identifying

a particular type of tissue, the histology associated with a given cross-section.

Chapters 4 and 5 provide the mathematical detail for the textural analysis algorithms used.
Chapter 4 discusses the statistical texture analysis algorithms used through first-, second- and
higher-order techniques when used as a tool to characterise tissue from TVUS images. Chapter
5 develops these statistical techniques further and considers a fractal based approach for identi-
fying tissue sub-groups. A novel approach is documented for texture analysis based upon a
combination of the techniques discussed in Chapter 4 and the box-counting dimension dis-

cussed in Chapter 5.

In Chapter 6 steps are discussed which improve the efficiency of the algorithm. These are
feature selection, reduction and classification techniques. An evaluation of the performance
with and without the use of these steps is given. In Chapter 7 the conclusions which can be
drawn from this work are given and the main achievements and possible areas in which further

work could be performed are discussed.



Chapter 2

Ultrasound and Tissue

Characterisation

2.1 Introduction

The identification of the type or properties of tissue has been one of the main aims of dia-
gnostic ultrasound since the medical community was first briefed on its potential. Today, the
main reason for the lack of clinically available tools, in non-invasive ultrasound, which provide
information on tissue morphology, 1s the presence of overlying fat and muscle in the path of
an interrogating ultrasound beam. Invariably, the fat and muscle content concealing internal
anatomical structures is different between patients. This makes comparison between the reflec-
ted ultrasound pattern from individuals extremely difficult. However, the influence of covering
layers is not an issue in IVUS since the ultrasound transducer is positioned inside the arterial
cross-section. This unique property of IVUS allows it to operate at much higher frequencies
than conventional ultrasound systems as the penetration depth required inside arteries is only a
few millimetres. The use of such high frequencies is essential in quantitatively and qualitatively

assessing the composition of tissue sub-groups in normal and diseased coronary arteries.

2.2 Tissue imaging and characterisation

Ultrasound vibrations are produced by a transducer made of piezoelectric material which vi-
brates in response to an energising voltage, and, conversely it can be made to produce a voltage
when vibrated by an ultrasonic signal. In diagnostic ultrasonics, frequencies in the range 1-
30 MHz are commonly used in modern clinical environments. When a transducer emits an
RF ultrasonic beam through an organ, examination of the return signal detected can assist in
identifying anatomical structures. However, visually the information in this form is difficult to
interpret, hence, it is useful to construct images which relate directly to the structure being

investigated. To obtain the data necessary for 2D image construction, the piezoelectric crystal
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in the transducer emits an ultrasound signal for a very brief moment and then waits for the
returning echo. The echo provides information on the position of the structure from which it
has been reflected, as information is available on the speed of the ultrasound signal and the
time taken to reach a given area of interest. The magnitude of the echo gives an indication of
the surface composition from which it was reflected. It is possible to display the returned echo
signals on a CRT. This form of display of the echo signal is known as A-mode® representation.
B-mode! images, the most common method of displaying ultrasound data, are constructed from
converted A-mode signals. In this technique, dots are used to represent peaks in the original
A-mode signal. The brightness of the dots depends on the amplitude of the original A-mode
signal, where strong echo signals which have a large A-mode amplitude are displayed brightly

and weak echoes, of small A-mode amplitude, are displayed dimly.

It has been long since reported that interpreting the reflected and scattered ultrasound from
tissue interfaces can provide unique information on the biological constituents of tissue [27].
The propagation properties of an interrogating ultrasound signal are significantly affected by
the macromolecular structure of tissue. In particular, it is the density, compressibility and the
loss parameters of the medium which affect the signal. The density p and the compressibility &
influence the speed ¢ at which the ultrasonic vibrations are transmitted through the material,
while the loss parameters include any process in which ultrasonic energy is absorbed as heat,
scattered randomly in directions away from the receiving transducer or lost by any other means
in the process. Measurement of the acoustical properties of a reflected ultrasonic wave can
provide important information on the biological tissue structure from which the ultrasound
signature has passed. In general, only the ultrasound wave front scattered back towards the

transducer is used to characterise the tissue structure.

2.3 Tissue characterisation with conventional ultrasound

To date, there have been many attempts to characterise biological tissue from ultrasound data.
In particular through observation of the attenuation, propagation velocity and acoustic imped-
ance of the returned signal. It has been shown in the work by Pauly et al. [28], that these
parameters are influenced mainly at the macromolecular level with secondary effects being at-
tributed to the macroscopic structure of the tissue. Attenuation of an interrogating beam is
due to the tissue’s ultrasonic propagation properties. More importantly, it 1s the absorption,
reflection, refraction, diffraction and scattering properties of the tissue which have the greatest

effect on attenuating the signal.

Absorption of ultrasound in biological tissue is a complex procedure and is considered to be a

relaxation type of process, where sound energy is converted into thermal energy. While many

1 See Appendix A
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of the causes of this conversion are known, there are those which remain unknown. In complex
biological structures, such as soft tissue, there is little work reported on all of the factors which
account for the ability of such material to absorb between 80 and 90% of the ultrasound intensity.
Experimental difficulties encountered in preparation of the tissue, in particular in excluding gas
bubbles, are the main reason why the absorption process is only partially understood and

documented.

The generation of ultrasound images representing biological tissue relies on the tissue structure
producing detectable reflected echoes. Assuming that the dimensions of the reflecting surface
are several wavelengths A greater than the propagating beam, such reflections are produced
at the interface between two media when there is a change of acoustic impedance 7 between
them. This change causes some of the incident wave energy to be directed back into the first
medium and ultimately towards the receiving transducer. The magnitude of the returned echo
is largely dependent on the difference in the impedance of the two tissues forming the interface
and on the angle between the incident beam and the perpendicular direction to the reflecting
surface. This angle 1s more commonly known as the angle of incidence. More specifically, as
the acoustic impedance of a tissue is defined as the product of the density and the velocity
of sound through the medium, the difference in acoustic impedance of the two tissues forming
an interface may be found from pycy — paes. The proportion of the incident wave reflected, in
terms of magnitude, is usually expressed as a ratio with the incident wave amplitude. Since
the receiving transducer responds to the pressure amplitude of the returned echo, the ratio of

reflected to incident wave amplitude is given more usually in terms of a pressure ratio,

APy picr — pacy
APy pieg + pacy

(2.1)

When the propagation velocity of ultrasound differs between two tissues forming an interface,
any ultrasound beam will be deflected when it strikes the interface at an angle. This phe-
nomenon is known as refraction. When the beam crosses the interface at right angles to it,

there is no deviation of the beam.

If the dimensions of the ultrasonic transducer are of the order of the wavelength, the incident
ultrasound signal upon interaction with an obstacle, diverges in a fan-like pattern. This effect is
known as diffraction. In general transducers are designed to be much greater in size compared

to the wavelength of the ultrasound beam to avoid this effect.

The reflection of an incident ultrasound beam in many directions within a tissue structure is
referred to as scattering. It is the particles forming the structure which act like point scatterers
that are responsible for deflection of the incident ultrasound. The scattering pattern i1s depend-
ent upon the size of the point source scatterers with respect to the wavelength A of the incident
ultrasound beam. If the point sources within the tissue are smaller in size than the wavelength

of the ultrasound, the scattering is coherent and proportional to (1+ cos?d). This form of beam
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distribution 1s known as Rayleigh scattering, where the amount of the ultrasound scattered is
proportional to the frequency of the incident ultrasound by the amount, f*. In the case where
the point sources in the tissue are of the same order of magnitude as the incident ultrasound
wavelength, diffractive scattering occurs. This form of scattering is also frequency dependent
and the amount of scattered ultrasound is proportional to f2. When the point sources are large
compared to the wavelength, the reflecting interfaces become directional scatterers in which the

incident ultrasound is reflected at a particular bearing.

2.3.1 Clinical achievements and diagnostic potential

The aim of diagnostic ultrasound is to provide information which can ultimately lead to char-
acterising anatomy. In general, the details of the region being interrogated are displayed as a
monotone image, from which visual assessment can be made. However, this visual diagnosis is
in general highly subjective due to inter- and intra-observer error. More stringent analytical
approaches used to assess ultrasound data are those based on examination of the ultrasound
image, and those which analyse the RF back-scatter signal. With the advances in computing
power, techniques based on the analysis of the image formation have become more common

and, more importantly, more successful.

In medical images highlighting specific areas of tissue, which can be classed as normal or abnor-
mal, is essential to securing the best treatment strategy for a patient. Using B-scanned video
image data, Wu et al. [29] were able to achieve 90% classification on three sets of ultrasonic liver
images: normal liver; hepatoma (hepatocellular carcinoma); and cirrhosis. In their approach
they use a feature set having parameters which describe the tissue based on the concepts of
multiple resolution imagery and fractional Brownian motion. In an attempt to distinguish the
same three types of disease, Akiyama et al. [23] analysed B-scan ultrasound image data using a
single feature, in the form of the fractal dimension, to perform this task. Their results indicate
the particular difficulties of the approach to distinguish normal liver tissue from those which
show signs of cirrhosis. Using a slightly non-conventional approach, Karoubi et al. [30] analysed
the RF ultrasonic images which encode both envelope and phase information on the ROT be-
ing interrogated. This technique differs from many conventional image analysis techniques as
the RF phase information is often neglected. By detecting objects through their spatial phase
characteristics, pertinent features of the objects were shown. The overall detection performance
of this approach was found to be close to that of conventional methods which exploit only the
envelope information of the RF data. However, incorporating the phase information presents

more stable results.

The use of the RF data as the medium for performing clinical diagnosis of tissue composition

has been used extensively in the medical imaging field. Since it is the envelope of the RF data
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that is used to produce the ultrasound image, the signal is in a relatively unprocessed state.
Observation of certain spectral properties of the RF data can be used to identify distinct tissue
sub-groups. This approach is widely adopted in clinical studies to observe changes in tissue

composition.

Following from this rationale, Lizzi et al. [31] investigated the relationship of ultrasonic spectral
parameters to specific features of tissue microstructure. In particular, they studied the RF back-
scattered signature from simple conceptual models of tissue microstructure. The parameters
measured from the acoustic reflection were found to be related to the effective size, concentra-
tion and the acoustic impedance of the tissue. The results obtained from the model study were
compared to clinical data-base information, where excellent correspondence was found. Again
using RF spectral parameters, Feleppa et al. [32] showed, in ophthalmology, that spectrum ana-
lysis techniques provide a quantitative basis for classifying tumour sub-groups. Previously, this
degree of clinical accuracy was only available under in vivo conditions. The authors also no-
ticed that the spectral parameters measured related to the size, concentrations and mechanical
properties of the tissue constituents. Using a technique which considered parameters obtained
from the normalised power spectrum of back-scattered echoes, Parsons et al. [33] studied com-
positional changes in the walls of jugular veins in which thrombi were experimentally induced.
They were able to discriminate between early, predominantly smooth muscle cells, and older

intimal hyperplasia, a mixture of smooth muscle cells and collagen deposits.

2.3.2 The physics of existing approaches to tissue characterisation

The work reported in this thesis is concerned in the main with identifying physical parameters
of a small volume of tissue from IVUS image data. It is also appropriate to discuss in detail
the theoretical framework used to convey useful diagnostic information when the parameters
are calculated from the RF echo signal. The following section gives an account of perhaps
the most common framework used to describe tissue constitution; spectrum analysis of the RF

back-scattered signal [34].

In a typical ultrasound device, a sequence of RF echo signals is acquired for a number of indi-
vidual scan lines. These signals can provide features which are related to tissue elements with
dimensions of the order of (A/2) and can be related to particular physical attributes of tissue
microstructure. However, with appropriate analysis, such signals can provide useful information
at even smaller scales. Parameters relating to tissue elements are calculated by decomposing
the RF signal, using the Fourier transform, into a family of sine waves differing in frequency,
amplitude and phase. These signals completely describe the original signal. A spectrum of the
original signal can be obtained through analysis of the amplitude of the constituent sine waves.

A schematic representation of the principles of spectrum analysis is given in Figure 2.1, where a
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typical input signal is shown together with three of its sine wave components and its spectrum.

For an ultrasound system with a weakly focused transducer, similar to the type employed in

Sine Wave Components

Original Signa

4«\/% ) " - |
fr,  fr, fr,
fr, Frequency

Figure 2.1: Schematic diagram of spectrum analysis principles.

Amplitude

high quality ultrasonic systems, the aperture geometry has the form shown in Figure 2.2. The
back-scattered power spectrum S, is measured over a desired segment through averaging the
contributions from individual scan lines [35]. This averaging reduces the influence of randomly

distributed scattering elements on the tissue spectra. The back-scattered power spectrum for

Transducer Tissue
aperture volume

r, L

Figure 2.2: Tissue scattering geometry for a weakly focused transducer.

a segment of interest is defined by,

1
— 2 g ¢
S = m}_:l |$m 2, (2.2)

where M is the number of non-overlapping scan lines in the sector of interest, and S is an
estimate of g', the true power spectrum of the segment. The normalised tissue spectra along a
specific scan line may be written as,

o (o]

3m:/ / T(x)D*(y, 2)dydz | g(x)e 2+ dx, (2.3)

— 00
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where T'(x) describes the fractional variation of tissue acoustic impedance with range from the
transducer, g(z) is the range gating function relating to the position of the scattering volume
from the transducer aperture and D?(y, z) is the normalised directivity function. More formally

the acoustic impedance variation is defined as,

107
T(=) = Z, 0z’

(2.4)

where 7, is the local average of acoustic impedance. The normalised directivity function may

be expressed as,

D= () P .

i
where, F'is a function relating to the position coordinates of the RF beam defined with respect
to the apex of the effective transducer aperture, k is the wavenumber, a is the radius of the
transducer aperture and r; is the distance from the scattering volume. It follows from (2.2)

that,
[$m| = Sms),, (2.6)

where s, is the complex conjugate of s,,. From (2.3), equation 2.6 may be rewritten as,

[8m| = / // T(x D2 (y, 2)dydz| g(x)e —J2kT g
X / //T NDA(y, 2 )dy'dz' g(a:')eﬂ'zkx,dx’, (2.7)

from which an estimate of the power spectrum can be written as,

s = ]O ///]oT(m)T(m')DQ(y,z)DQ(y’,z')dydzdy'dz’

x g(m)g(m’)e‘jQk(x_xl)dmda:"| , (2.8)
2w

where ), denotes the average over M lines. Since by definition the power spectrum is found

from the Fourier transform of the autocorrelation function, the measured power spectrum S is

an estimate of the true power spectrum S when T(x) T(x') is set equal to the autocorrelation

function Ry(z, '), of the function T(x). Since Ry(z,2’) can be represented as Rp(Az),

where Awx is equal to ®' — @ corresponding to a tissue having weakly stationary statistics, it is

possible to write the autocorrelation of the directivity and gating functions Rp and Rg as,

Rp(Ay, Az) // D(y, 2)D*(y + Ay, z + Az)dydz, (2.9)
Rg(Az) = /g(az)g(:ﬂ—}-Am)dm. (2.10)
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From this, an estimate of the true power spectrum may be found from,

S = / / / Rr(A®)Rp(Ay, Az)dAydAz | x Ra(Ax)e? 27 d . (2.11)

The advantage of using spectral processing on the RF signal is that extraneous system factors,
usually related to the characteristics of the transducer, can be suppressed. This correction
is achieved by obtaining the spectrum response from the returned echo of a perfect reflector
surface. The addition of this spectrum with the spectrum obtained from echoes returned from

a normal reflecting interface produces a calibrated spectrum.

The calibrated spectrum can be displayed over the frequency range which produces adequate
signal to noise ratio. A least squares straight line is fitted through the spectrum within a
specified bandwidth. The choice of bandwidth depends on the ultrasound system characteristics
and the tissue constitution being investigated. The slope of the best fitting line and the y axis
intercept provide diagnostically useful numerical measures relating to the physical properties

of tissue.

2.3.3 Discussion of the experimental techniques

The analytical studies by Lizzi et al. [31] relate the spectral parameters measured to three core
tissue properties. These are the effective scatterer size, concentration and acoustic impedance.
The most dominant factor in obtaining diagnostically useful spectral features is the effective size
of constituent scatterers. The other parameters mentioned have only a marginal affect when
the size of scatterers between tissue are different, but become crucial in differential diagnosis

when the tissue constitution is of scatterers of similar size.

The interpretation of spectral features from linear regression analysis on the spectra is very
useful. However, depending on the tissue constitution, the regression parameters must be
interpreted from different perspectives. This has been observed by Lizzi et al. [31] where, in
liver examinations, the slope of the best fitting line through the spectra is affected by frequency
dependent attenuation from interposed tissue segments. However, the y intercept values may
not be affected if the attenuation varies linearly with frequency. Therefore, in abdominal
investigations Lizzi et al. use the y intercept value and specific spatial variations of slope which
are not influenced by tissue. In comparison, for ophthalmology, the extraneous effects such as
attenuation and refraction are minimal in the region between the transducer and the structure
of interest, hence the absolute values of y intercept and the slope may be interpreted directly. In
physical terms, neglecting the extraneous effects from interposing structures, the scatterer size
is the sole determinant of the spectral slope. However, the y intercept levels are determined not
only by scatterer size and acoustic impedance, but also by system factors such as the transducer

diameter and scatterer position.
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2.4 Tissue characterisation with IVUS

In an TVUS investigation, since the catheter is placed in close proximity to the target lesion,
the penetration depth required for successful imaging is typically a few millimetres. This allows
the use of frequencies of 30 MHz and beyond to investigate the vessel lumen. With such
high frequencies, extensive detail is visible in the structure being imaged. This has led to
quantitative tissue characterisation with IVUS where it is capable of providing information on

vessel morphology previously only available from histological analysis.

Presently, accurate tissue characterisation by IVUS during in vivo clinical studies is based
on experience and information acquired by the clinician in prior in vivo and in vitro studies.
However, the treatment of IVUS image information in this manner is highly subjective. There
is a need to provide the clinical IVUS investigator with consistent information on plaque mor-
phology during in vivo work where histologic analysis is not available. This has led to much of
the in vitro work being carried out into quantitative plaque characterisation from IVUS data

using a variety of approaches.

2.4.1 Current approaches to tissue characterisation with TVUS

Using IVUS to visually identify basic plaque groups from diseased coronary arteries has proved
useful in the discrimination of three histologically verified plaque types. Nishimira et al. [36] [37]
were able to discriminate subjectively from normal tissue, soft, mixed and calcified deposits.
Investigating lesions composed of fibrous, calcific and lipid plaques, Potkin et al. [38] were
able to distinguish each group. Similarly, Tobis et al. [39] were able to discriminate fibrotic,
calcific and lipid/necrotic fluid in vivo. Di Mario [40] et al. in their work demonstrated the
ability to discriminate fibrous intimal thickening, calcium and lipid deposition. In a study
which validated angioscopy and IVUS, Siegel et al. [41] identified stable atheroma, disrupted

atheroma and thrombus. Clearly, this visual discrimination has limitations.

To date, there have been attempts to quantitatively describe basic atherosclerotic plaque types
by investigators working in the TVUS field [39,42-45]. Working on videodensitometric IVUS
images Peters et al. [42] were able to show, using first-order statistical techniques, that the
mean pixel grey-levels differed between three characteristic types of intimal lesions: lipid rich
[n=6] mean=80; fibromuscular [n=14] mean=124; calcified lesions [n=8] mean=178. Although
valuable, these results were derived from videodensitometric images which are highly processed
and bandwidth limited. This causes a reduction in their information content. Also, first-order
statistical techniques do not take into account any correlation within ROIs, which clearly exists
in TVUS images. Rasheed et al. [43] on a set of 44 atherosclerotic lesions demonstrated, by

visual and computer aided analysis, that histologic features were visible from digitised video
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images. Plaque classification was performed from the grey-level distribution parameters, intens-
ity and variance. These relate to the first-order statistical properties of the grey-tone images.
This strategy is subject to the limitations of a first-order approach and to using video images
as the analysis medium. Krass et al. [46] show using a mixture of first-order statistical para-
meters working on the grey-level histogram and second-order statistics derived from grey-level
co-occurrence matrices, that out of a possible 12 textural features relating to specific tissue
properties, 8 were able to significantly differentiate red and white thrombi (p < 0.01) using B-
mode images derived from the RF back-scatter signal. However, the performance of the same
set of features was much poorer when textural information was derived from the video images,
emphasising further the limitations of video data. Making use of artificial neural networks
and fuzzy expert classifiers to automatically identify tissue, Cahill et al. [47] achieved a high
percentage of correct classification working on scan-converted images. Perhaps the greatest
observation in their work was the acknowledgment that clinical experts responsible for inter-
preting the original scan-converted images, may have done so with a relatively low confidence

level. This highlights the importance of using histology for correctly identifying ROlIs.

The Cardiac Ultrasound Research Group in Edinburgh has captured data from a number of

2. Histo-pathologic analysis has been performed on the

coronary arteries in vivo and in vitro
vessels and has identified eight comprehensive pathological sub-groups. This has extended the
work by the group to investigate the characterisation of specific tissue combinations which,

until now, has been largely unreported in the IVUS community.

In early work by the group using RF data collected from 16 histologically confirmed sites: LFT;
DFT; CA; SMC; FC; and LC, Spencer et al. [48] were able to show that the spectral slope
(dB/MHz) gave the clearest discrimination between the following plaque types (p < 0.0001):
CA and LFT/SMC; DFT and LFT/SMC; FC and LFT/SMC; CA and LC; DFT and LC. The
work also showed that further analysis was required to discriminate between DFT and CA and
to accurately identify MiCa. Spencer et al. [49] also demonstrated by analysis of six samples
of each clot type; RT; WT; and PL, that the back-scattered energy and spectral slope in PL
were significantly lower (p < 0.001) than in RT and WT and was most clearly identified by the
y-axis intercept of its spectral slope (intercept [dBs] + SD: RT -8.9 + 2.5; WT -10.1 + 4.1; PL
-20.9 4+ 3.8). The standard error of the mean power was also shown to be much greater for
WT than for the other two clot types and, as such, it enabled discrimination between RT and
WT (SE of mean power: RT 0.31; WT 1.7; PL 0.24). In a parallel study within the group [50],
it was shown that it is possible to distinguish WT from PL and WT from RT. The study
was conducted on the scan-converted image sequences and used a novel technique combining
the fractal and second-order statistical properties of the images to identify tissue constituents.
More recently, in work which strengthened the case for using the spectral parameters of the

RF signal to discriminate tissue, Spencer et al. [51] showed within areas of: LFT (n=15); DFT

2 A1l of the data used in this work was from post-mortem in vitro investigations.
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(n=10); CA (n=8), significant discrimination between LFT/DFT and between LFT/CA using
the maximum power and spectral slope (dB/MHz). However, the greatest discriminative power
was given by the y-axis (0 Hz) intercept of the spectral slope: LFT/DFT (p = 0.001); LFT/CA
(p=0.0001); DFT/CA (p=0.089)".

It 1s clear from these attempts at tissue characterisation that videodensitometric images are
unable to provide adequate discrimination between plaque types. This is due to their limited
spatial and dynamic resolution and vulnerability of image grey-levels to adjustments in gain
settings. This suggests that access to the raw RF data [52] is a superior medium for perform-
ing more accurate classification. The advantages of this strategy are that it enables historic,
contemporary and novel signal processing algorithms to be applied to the data. In this work,
through conversion of the raw data into images representative of a single IVUS cross-sectional

view (see Figure 3.8), image processing was used to analyse the data.

Frequency dependent acoustic properties, such as attenuation and back-scatter coefficients,
have been used to characterise atherosclerotic plaque in previous in vitro studies using centre
frequencies of 10 and 15 MHz [53,54]. Given that the success of these techniques is dependent
upon the accuracy with which the acoustic parameters reflect the differences in the fine structure
and composition of different tissues, it is likely that higher frequencies can provide a more
sensitive characterisation. More recent work with IVUS transducers has attempted to exploit
higher frequency analysis in studies of iliac arteries at 20 MHz [55]; human blood at 30 MHz [56];
and arterial tissue and blood using specially constructed 50 MHz transducers [57]. Early work
from our own laboratory [48,49,58,59], and work reported later in this thesis, has demonstrated

the effectiveness of using 30 MHz raw RF data for successful tissue characterisation.

2.4.2 The advantages of TVUS for tissue characterisation

Intravascular ultrasound has added a new dimension to vascular imaging since it can quantitat-
ively identify the constituents of a lesion. The ability to image the inside of coronary arteries at
such high frequencies provides excellent resolution and allows quantitative and qualitative as-
sessment of the TVUS data. The information offered by TVUS has yet to be fully exploited from
both a clinical and engineering perspective. For example, true 3D reconstruction of IVUS image
data has yet to be offered accurately and in real-time. Clearly this would have a tremendous
advantage for the diagnosing clinician. This thesis concentrates on what is seen as a relatively
new and growing field within the IVUS community; quantitative plaque characterisation using

signal and image processing techniques.

3Here p denotes the p-value, the probability of misclassification, following analysis of variance (ANOVA) on
the data.
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2.5 Summary

This chapter has identified the commonly adopted methods of characterising tissue from back-
scattered ultrasound data. The techniques addressed have been used within the TVUS field,
and have been applied with relative success. The use of image processing techniques which
rely on the interpretation of ultrasound image data to determine tissue composition are plen-
tiful, however, due to the relative infancy of IVUS there has been little work reported on the
analysis of IVUS data in this way. Therefore, it is important to be aware of the more clas-
sical approaches used by investigators to date within the IVUS community to perform tissue
characterisation. Considering both the classical spectrum analysis and image related analysis
techniques, key results have been discussed relating to IVUS and general ultrasound studies
on tissue characterisation issues. The work presented in this thesis has attempted to overcome
some of the shortcomings of these previous studies. In particular, the use of videodensitometric
IVUS images to discriminate between tissue sub-groups has limitations as outlined, which is

why in this work, the RF data has been used to form the analysis medium.
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Chapter 3

The Intravascular Ultrasound
Imaging System and Data

Collection Protocol

3.1 Introduction

The primary objective of this work was to identify distinct tissue sub-groups from IVUS using
texture analysis. To be fully aware of the significance of any results obtained, and allow coherent

interpretation of them, it was essential that the acquisition procedure used was fully understood.

In this chapter, the method used to obtain raw and scan-converted ITVUS image data for the

atherosclerotic plaque and thrombus groups studied is discussed.

3.2 The Hewlett Packard intravascular imaging system

All of the data was collected using a Hewlett Packard SONOS imaging system, shown in Figure
3.1 (Hewlett Packard Co., Andover, MA, USA). The HP SONOS intravascular system operates
at 30 MHz and uses catheters that are typically 1 mm in diameter. In general within an in vivo
environment, an IVUS image can be obtained by connecting a catheter to the patient interface
unit, and inserting it into the vessel of interest. This provides 360 ° images from inside the coron-
ary arteries which are displayed on two independently positioned monitors. The HP SONOS
system also provides cardiologists with the facility to make some rudimentary measurements

on a vessel of interest. More specifically, the following parameters can be calculated:

e Lumen diameter;

e Circumference;
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o Cross-sectional area;

Plaque area;

Percent stenosis by area;

o Percent stenosis by diameter.

Although these parameters can provide unique information on the morphological implications

of a vessel’s disease, they provide no information on plaque composition.

Twin monitors

Patient Interface unit

Control panel

Super-VHSVCR

Black & white printer

Figure 3.1: HP SONOS intravascular imaging system (Copyright Hewlett Packard Co., An-

dover, MA, USA).
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3.2.1 IVUS catheter design considerations

The IVUS catheters used in the study (Boston Scientific Co., Watertown, MA, USA) were
3.5 French, 30 MHz slightly forward-looking mechanically-rotated devices. The general form
of these catheters is shown in Figure 3.2. All catheters had previously been used for clinical
investigations, after which they were flushed with water and hung vertically to maximise their
operational lifetime for in vitro work. From the transducer, an ultrasound beam is emitted at
intervals of 1.5 °. This results in 240 ultrasound beams per revolution of the transducer element.

One of the factors affecting the final IVUS image quality and the unprocessed RF data is the

piezoel ectric el ement _ beam

rotating element

Figure 3.2: Mechanically-rotated single-element slightly forward-looking IVUS catheter con-
struction.

type of focusing used by the catheter. Focusing changes the width and affects the ability of
the beam to see small structures. In general, it is described as weak, medium or strong. A
weakly focused ultrasound beam is suitably narrow over a useful range and is often employed
in diagnostic units. Medium focusing narrows the beam still further over a limited range whilst
strong focusing produces an extremely narrow beam over a very localised region [60]. All of
the TVUS catheters used in this study were unfocused to allow a sufficiently narrow beam over

a suitable axial range.

An IVUS beam has a near field, or Fresnel zone, and a far field or Fraunhofer zone. The length
of both zones is determined from the diameter of the piezoelectric element within the transducer
and the wavelength of the ultrasound beam. Figure 3.3 shows the beam formation for a typical

unfocused TVUS transducer. The length of the near field can be calculated from,

2a?
The divergence of the beam in the far field can be calculated from,
1.22X
f; =sin~! . 3.2
=sint [ 2] (52

The resolution of an TVUS system is measured by the system’s ability to separate two closely
positioned reflectors in the path of the interrogating ultrasound beam. In particular it is the
beam properties (dimensions, angles etc.) that influence the resolution. Resolution is quantified

axially and laterally. The lateral resolution is defined as the minimum separation of two targets,
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Figure 3.3: Illustration of the beam profile from an unfocused IVUS catheter.

in the direction across the beam, for which two separate identifiable signals can be obtained.
The axial resolution is defined as the minimum separation of two targets, in the direction along
the beam axis, for which separate signals can be detected [60]. Figure 3.4 shows the definition
of the lateral and axial resolution with respect to the catheter and vessel being imaged. Using

this definition, the lateral resolution in the near field is,
LR, =~ 2a. (3.3)

In the far field, with the beam diverging at a constant angle ¢, the lateral resolution can be

approximated by,
LRy ~ 2r4(tan Hf), (3.4)

where 7; is the distance from the transducer [61]. The dependence of the lateral resolution on
the distance from the transducer implies that the best resolution is obtained whilst the target
being imaged is within the near field of the beam. Furthermore, from (3.1) and (3.3) it is
clear that an increase in the lateral resolution can be obtained by using the smallest available
piezoelectric element and the highest possible frequency. However, such alterations do impose
severe penalties on the system’s performance since any reduction in the piezoelectric element
size will decrease the sensitivity of the element. In addition, since ultrasonic attenuation in
tissue is proportional to frequency, the amplitude of received echoes decreases as the frequency
is increased. The axial resolution is dependent on the pulse duration of the transmitting beam
and on the speed of sound in the medium of propagation. There is no depth dependency in the
axial resolution. Clearly, the axial resolution can be improved by shortening the length of the
transmitting pulse. The axial resolution [61] can be approximated by,
tpe

AR =~ .
R 2

(3.5)

25



Chapter 3 : The Intravascular Ultrasound Imaging System and Data Collection Protocol

L ateral
resolution

N

Catheter AN

Axid
resolution

/
Vessel

Figure 3.4: Definition of the lateral and axial resolution within the vessel wall.

3.2.2 Technical specifications and resolution of the IVUS system

From the theoretical material presented in section 3.2.1, the resolution of the ITVUS imaging

system was estimated using the following information:

e System specific information on the modified IVUS machine [51];

e Data supplied by Hewlett Packard on the HP SONOS imaging system (Hewlett Packard
Co., Andover, MA, USA);

e Catheter details supplied by Boston Scientific (Boston Scientific Co., Watertown, MA,
USA).

The information obtained which allowed estimates of the system’s resolution to be made is

shown 1n Table 3.1.

Centre frequency of ultrasound beam 30 MHz
Pulse length of ultrasound beam 320 ns
Catheter specifications Mechanically-rotated
3.5 French
12° Forward-looking
Unfocused
0.66 mm diameter piezoelectric element
Speed of sound in tissue 1540 ms~1T

Table 3.1: IVUS imaging system specifications.

This implies that specifically for the modified IVUS imaging system used in this study: ¢ =
1540 ms™';a = 0.33 mm; f = 30 MHz; ¢, = 320 ns. From this information the beam profile and
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the resolution of the IVUS catheter were calculated using (3.1) to (3.5). Table 3.2 summarises

the beam specifications and resolution for the system.

Tnf 2.12 mm
0y 4.44°
LR, 0.66 mm
LRff1 0.40 mm to 0.76 mm
AR 0.25 mm

Table 3.2: Calculated IVUS imaging system specifications.

The diameter of the coronary arteries used in this study was approximately 4 mm. It is clear
that a centrally positioned IVUS catheter within such a vessel will be operating in the extreme
near field. However, the operator has very little control of the catheter’s radial position, hence
a centrally positioned TVUS catheter is unlikely in practical TVUS imaging. The transducer
position was investigated in the following chapters to determine the affect, if any, on the correct

classification of distinct tissue sub-groups.

3.2.3 Modifications to the imaging system and RF signal capture

The modified IVUS imaging system allowed real-time collection of the raw ultrasound signals
from the RF output of the intravascular machine; 240 signals per revolution of the device. In the
post-mortem coronary artery investigations, data was captured over a maximum distance of 37.5
mm. This was the distance between end-stops of the pull-back device which was able to move
in steps of 12.5um(+5um). The RF signal was accessed prior to the time-gain compensation
circuitry and prior to being scan-converted. Therefore, this data was obtained in a very raw
form, hence the reason it is commonly referred to as raw data. Each of the 240 lines of received
ultrasound were digitally captured by a Tektronix RTD720A real-time digitiser (Tektronix
Inc., Beaverton, OR, USA) configured for a complete 360° scan (1 revolution of 240 lines).
Digitisation was performed on each line with a sampling period of 4ns with 8 bits vertical
resolution. This resulted in 2048 sample points per line and a scan depth of ~6 mm for
¢ = 1540 ms™!. Custom-built electronics were used to enable synchronisation of the capture
sequence and the control of the pull-back device via a stepper-motor controller. The complete
system was controlled by an IBM-compatible personal computer via an IEEE-488 GPIB. Figure

3.5 shows a schematic diagram of the acquisition hardware.

1When the axial distance from IVUS transducer, r¢, is in the range 2.12 mm to 4.0 mm.
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3.3 1In vitro data acquisition

The data used in this study was obtained from two sources. These were, coronary artery sections
and test tubes containing induced clot compositions. The engineering and clinical procedure

used in capturing data from both sources is now discussed.

3.3.1 Vessel wall data acquisition

The vessel wall data used in this study was captured from coronary artery sections obtained
post-mortem and mounted in a flow-phantom, shown in Figure 3.6, to allow perfusion and
imaging. All of the arteries were imaged within 30 minutes of being dissected from the heart.
Physiological pressure (80 mm Hg) was maintained in the sections through closed loop saline
injection. All measurements were carried out at room temperature. The positions at which the
data was captured were marked with suture and sections of a few millimetres were cut around
each site of interest to allow histo-pathological analysis. In this study seven atherosclerotic
plaque groups, known to be of significant clinical importance, were investigated: Ca; MiCa;
FT; DFT; MFT; LFT; LiPool; and Lipid. These tissue types were clinically defined as shown
in Table 3.3. The post-mortem coronary arteries were taken from persons having died through
non-coronary related symptoms. As a result, the number of samples obtained for each tissue

sub-group varied considerably. Table 3.3 also shows the number of samples obtained for each

sub-group?.

sdinein saline out

— stainless stedl tube modified sheath —

(2 positions)
vessal section
= ——— =]
—_— ]

catheter from [~ ——

HP IVUS machine

Figure 3.6: Flow Phantom for vessel perfusion and imaging.

Radiographs were taken from all of the vessels prior to histological sectioning to allow longit-
udinal confirmation between imaging and histological sites. Figure 3.7 shows a typical IVUS
view of a diseased coronary artery taken in vitro (left hand image) and its corresponding histo-
pathological cross-section (right hand image). There are 2 main ROIs in the vessel. Both
regions can be identified in the IVUS image by their high level of echogenicity. However, the

2 A selection of scan-converted IVUS images is presented in Appendix D showing areas of the specific tissue
sub-groups investigated.
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| Plaque group | No. of samples | Histological properties |

Ca 8 Calcified plaque

MiCa 5 Microscopically visible calcified plaque

DFT 10 Fibrous connective tissue with dense extracellular
collagen

MFT 12 Fibrotic intimal thickening with a moderate amount
of extracellular collagen

LFT 23 Intimal thickening by oedematous fibrous tissue

Lipid 35 Loose fibrotic tissue containing lipid

LiPool 7 Area within any plaque containing lipid

Table 3.3: Histological classification of the atherosclerotic plaque groups investigated.

structural composition of the regions are significantly different, which is observed from the dif-
fering levels of echogenicity in A and B, and the levels of acoustic shadowing beyond the ROls.
In comparison to region B, A exhibits a higher level of acoustic shadowing, indicating a more
dense structure in A. This highlights the differing anatomy of the 2 ROIs. This difference is
further endorsed by the histological cross-section of the vessel where, clearly, the distinction

between the tissue structure of the 2 regions is visible.

Figure 3.7: Scan-converted TVUS image (left) and corresponding histology cross-section
(right).

3.3.2 Thrombi data acquisition

The three different types of clot studied in this work were induced in test tubes by adding 20

units/ml of thrombin to whole blood to form,

(i). Red thrombus, platelets 208x10°/1;
(ii). White thrombus, platelets 314x10°/1;

(iii). Plasma.
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The clots were imaged directly in the test tubes in which they were formed. In total, 39 ROIs
were selected from the 3 clot types studied, consisting of 13 RT, 13 WT and 13 PL. Table 3.4
gives the clinical definition of each group. Figure 3.8 shows a sample of the scan-converted

images used to define the ROIs in the thrombus analysis?®.

| Thrombus group | No. of samples | Clinical properties |

R 13 Red blood cells
W 13 White blood cells
p 13 Fibrinogen (fibrous mesh forming blood clot)

Table 3.4: Classification of thrombus groups investigated.

White Thrombus Red Thrombus Plasma

Figure 3.8: Scan-converted IVUS images from thrombus data set.

3.4 The RF signal and raw data image construction

From the RF data captured on the vessel wall and thrombus groups, images were formed by
placing each of the 240 lines of received signals adjacent to each other. This created raw images
of 2048 sample points by 240 lines, an example of which is shown in Figure 3.9. This raw data
completely represents a single 360 ° cross-section of an ROI. In this work, the raw data image

was used as the medium for performing texture analysis due to the lack of processing on it.

< 2048 -

sample points

DY N RS W

240 lines

|

3 A selection of scan-converted IVUS images is presented in Appendix D showing areas of the thrombus groups
investigated.

Figure 3.9: Raw data section.

31



Chapter 3 : The Intravascular Ultrasound Imaging System and Data Collection Protocol

3.4.1 Scan-conversion image construction

From each raw image, a 512 x 512 scan-converted image was constructed for orientation within
the vessel and for comparison of histological sections. This was achieved by demodulating each
line of the raw data with the Hilbert* transform, sub-sampling the resultant array and scan

converting this array using bilinear interpolation®.

3.5 Region of interest selection

Software written in IDL (Research Systems Inc., Boulder, CO, USA) was used to extract the raw
data from a given ROI previously identified from the scan-converted image by a clinician. The
ROI size used in the examination of the vessel wall properties was 128 sample points by 9 lines
as this was small enough to fit within discrete regions of homogeneous (atherosclerotic) tissue.

This was equivalent to looking at regions of approximately 0.4 mm x 0.4 mm (length x width &

16 cycles @ 30 MHz x 12° @ 2 mm from transducer).

In the analysis of thrombi, the ROI size used was 512 sample points by 15 lines. This
was possible due to the homogeneity of the clots studied. This was equivalent to looking
at clot regions of approximately 1.6 mm x 0.8 mm (length x width = 61 cycles @ 30 MHz x

21° @ 2 mm from transducer)

3.6 Summary

This chapter has detailed the intravascular imaging system used, the modifications to it and
the techniques used to capture the data. The resolution of the TVUS system has also been
defined and the ROT sizes used have been shown to be of a suitable order of magnitude to allow

distinctions in tissue to be apparent.

The collection of the histology for a given cross-section has been discussed and its importance
in the work stressed. The main analysis medium, the raw data, has been outlined and its
formation using the modified TVUS system discussed. However, the importance of the scan-

converted image data has been outlined for visual interpretation and orientation within vessels.

The difficulty of controlling the catheter’s radial position, which prevents knowing the range that
the ultrasound beam is operating in (near or far field), has been discussed. This is a particular

hazard of IVUS imaging as it influences the resolution within any given cross-section.

4For a more comprehensive explanation of the Hilbert transform see Appendix B.
5For a more comprehensive explanation of bilinear interpolation see Appendix C.
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Chapter 4

Statistical Texture Analysis of

Intravascular Ultrasound

4.1 Introduction

In characterising texture through statistical approaches, local features are calculated from com-
binations of intensities at points on a textured surface. Depending upon the number of points
used to form the local features, the statistical measures are classified into first-, second-, and
higher-order statistics which, loosely speaking, can be thought of as describing the image by
increasing the number of variables. Texture compositions differing in first- and second-order
statistics can be readily discriminated from each other by a human observer, however, those
that differ in their third- or higher-order statistics, in general, cannot [3]. The main statistical

measures used here can be categorised into the following groups,

e Histogram based;
e Co-occurrence matrix;

Visual perception based;

Linear transformation;

Higher-order measures;

Model based.

The most conceptually simple is the histogram based approach, where textural properties are
calculated from the histogram containing the probability of a particular grey-level occurring.
Section 4.2 details the techniques for finding textural features from the image intensity his-
togram. The results obtained following application of these techniques to the IVUS data are

given in section 4.5.
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In the visual perception of texture Julesz [62], a perceptual psychologist, verified that the
discrimination of texture from an image depends largely on the difference in the second-order
statistics of the image. Measures to detect such differences are based on the joint probability
of a pair of grey-levels (7, j) occurring at a separation d,. Calculating this probability measure
over an image forms what is known as a co-occurrence matrix. Haralick et al. [63] first defined
a framework for calculating the co-occurrence matrices, or GTSDMs, in aerial photography.
Here, the technique was used to study the texture of IVUS RF image data; the results of which
are shown in sections 4.5.1 and 4.5.2. The theoretical framework of this method is given in

section 4.3.1.

Clearly, textural features corresponding to particular properties of the human visual perception
system would optimise the features required in any textural analysis problem. Tamura et
al. [64] initiated such a scheme with textural features relating to the properties with which
humans discriminate texture. However, the extraction of features using this technique proved
computationally expensive. In an attempt to improve the efficiency, and at the same time
retain the general applicability of the scheme, Amadasun and King [65] developed NGTDM.
This technique not only optimises the feature set, but is also applicable to all kinds of texture.
Section 4.3.2 discusses the main properties of the NGTDM technique and sections 4.5.1 and
4.5.2 show through results, the ability of the NGTDM to characterise IVUS RF image data.

Linear transformation of texture primitives from the spatial domain to the frequency domain
provides another approach to the analysis of textured scenes. Bajscy [66] defined a strategy for
Fourier domain analysis of textural surfaces from natural language descriptors. These relate
to the directional and non-directional components of the power spectrum. The technique is
outlined in section 4.3.3 and the results of its application to IVUS RF data analysis shown in
sections 4.5.1 and 4.5.2.

The higher-order content of IVUS image data, which as already mentioned is difficult to detect,
was examined using the GTRLM technique [67]. This approach is sensitive to runs of grey-levels
in a particular direction; something which has yet to be investigated in TVUS data analysis.
The GTRLM method is discussed in section 4.4.1 and the results of its application to IVUS RF

data analysis shown in sections 4.5.1 and 4.5.2.

The ability to model complex textured surfaces through fractal geometry has led to techniques
which analyse real-world objects, previously thought to be beyond rigorous mathematical de-
scription. Fractals have proved useful in characterising textured images. Chapter 5 deals with

fractal geometry and its use in the analysis of IVUS RF image data.
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4.2 First order statistics

FOS measure textural properties from images by calculating specific properties of the image’s
intensity histogram. In doing this they are concerned with the frequency of a certain luminance
value. Clearly the advantage of this approach is its simplicity through use of common measures
often used to characterise histograms. However, the price of simplicity is reflected in the power
of the technique. That is, FOS do not take into account correlations between pixels, although

they can prove useful in situations where the histogram is distinct.

The occurrence probability P(¢) of intensity in an image is the property used to calculate its
FOS. The intensity ¢ is regarded as a random variable in the range, 0 <17 < Ny, — 1, where N, is
the number of distinct grey-levels in the image. P(7) has the form of an N-dimensional vector,
whose jth component is the probability that P(j) will have intensity j. Furthermore, if N(7)
is the number of pixels with intensity ¢ and M is the total number of pixels in an image, P(%)
is given by,

P(i) = T (4.1)
A set of 7 features describing the properties of the image intensity histogram can be calculated

from P(7) and used to describe image texture. These are,

(1) Mean (p)

' Ni;“’(i). (4.2)
(2) Variance (o'?) i _1@_
fo= i (i — n)* P(i). s
(3) Coarseness i=0
T +1”2 (4.9)
(4) Skewness N
fa= o3 i (i — p)®P(i) .
(5) Kurtosis i=o
fs = % N,g_l(i — ) P(i). "
(6) Energy N_O_ |
fo= 3 PG .
(7) Entropy i 21_0
fo=- Z_% P(i)log [P(3)] s
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Figure 4.1 shows an intensity surface representation of an IVUS data section (100 x 100 pixels).
The corresponding histogram for the section is shown in Figure 4.2 from which the FOS statistics

are calculated.

\ntensity

Figure 4.1: Intensity surface representation of IVUS data section.
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Figure 4.2: Intensity level occurrence for TVUS data section.
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4.3 Second order statistics

All important in the separation of textures belonging to distinct classes is the difference in their
second-order statistics [3]. That is, for two textures having identical second-order statistics a
deliberate amount of effort is required by the human visual system to discriminate between
them. In contrast to this little effort is required when the second-order statistics are different.
However, contrary to what one might imagine, textures which differ in third-order statistics
having equal first- and second-order statistics, elude spontaneous detection by the human visual
system. In Figure 4.3 both images on the right and left have an area of texture embedded in an
area of similar, but different texture. In the left hand image both textures agree in their first-
order statistics, however their second-order statistics are different making it straightforward for
an observer to discriminate between them. In the right hand image both textures have identical
first- and second-order statistics and hence only after careful scrutiny are the different patterns

revealed.
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Figure 4.3: Texture discrimination with second-order statistics. (From Julesz [3])

In order to physically measure the second-order statistical properties of a texture, the dipole
technique may be used. In this approach a dipole is dropped onto the textured surface and the
probability of both end points touching a textured element measured. For example, in Figure
4.4, the left and right hand textured images have identical first-order statistics, since there is
the same probability in both textures that a given point will have the same luminance. In
the left hand image the dots have been randomly placed, unlike the right hand image where
there is a gap of at least 10 dot diameters between them. A dipole needle dropped on each
surface would produce different probabilities. This indicates that their second-order statistics

are indeed different.
An extension of this dipole technique for measuring the second-order statistics of an image

is the co-occurrence technique or, as it is more commonly known, GTSDM. This approach is

discussed in the next section.
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Figure 4.4: The physical implications of second-order statistics. (From Julesz [3])

4.3.1 Grey-tone spatial dependence matrices

In this technique, GTSDMs are matrices whose elements are the probabilities of finding a pixel
which has grey-tone i at a distance d; and an angle a from a pixel which has grey-tone j.
The image segment to be analysed is assumed to be rectangular, containing C; resolution cells
horizontally and C), resolution cells vertically. This results in horizontal and vertical spatial

domains of,
Dy ={1,2,...,C:}, (4.9)
and
Dy ={1,2,...,Cy}. (4.10)

Furthermore, to reduce the computation involved, the grey-tones within a given image segment
must be quantised to have N, grey levels. To derive the texture content contained within a
given image segment, each pixel 1s considered as having eight nearest neighbours connected to

it, except at the periphery. The neighbours can be grouped into the four categories shown in

Figure 4.5.
135° 90 45°
N A: 7
6 7 8
<|-5 —X— -1-t=Q0°
4 2
// M N

1& 5, HORIZONTAL NEIGHBOURS

3& 7, VERTICAL NEIGHBOURS

4 & 8, RIGHT DIAGONAL NEIGHBOURS
2& 6, LEFT DIAGONAL NEIGHBOURS

Figure 4.5: Nearest neighbour resolution cells.
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The texture information is contained in the probability density functions or GTSDMs, P(¢,j :
ds, ), where each P(i,j : ds, @) is the probability with which two neighbouring pixels, one
with grey-tone i and the other with grey-tone j occur, when separated by a distance ds and an
angle a. There were four GTSDMs used in this texture data set. More formally, for angle o
quantised to 45 ° intervals, the GTSDMs may be defined by,

P(i,j:ds,0°) =14 {((k,]),(m,n)) € (Cy x Cy) (4.11)
x (Cy x Cy) where,
(k—m=0,|l—n|=d,)},

P(i,j:d,,45°) = § {((k,1),(m,n)) € (Cy x Cy) (4.12)
x (Cy x Cy) where,
(k—m=d,l—n=—d,)
or(k—m=—ds,l—n=d,)},

P(i,j:ds,90°) =1 {((k, ), (m,n)) € (Cy x Cy) (4.13)
x (Cy x Cy) where,
(|k =m| =ds,1=n=0)},

P(i,j :ds,135°) = § {((k,1),(m,n)) € (Cy x Cy) (4.14)
x (Cy x Cy) where,
(k—m=d,l—n=d,)
or(k—m=—d,, | —n=—d,)},

where, in all cases, (k, 1) is the spatial location of the pixel with grey-tone i, (m, n) is the spatial
location of the pixel with grey-tone j and £ denotes the number of elements in the set. A set
of 14 local textural features can be computed in the spatial domain from the GTSDMs. These

are now shown in detail.

(8) Angular Second Moment

=Y H ) (4.15)

(9) Contrast

Ng—-1 Ny Ny
o= 3 {z zp'u,j)] . (4.16
i=0 i=1j=1 li—j|=n

(10) Correlation

fm_ii i = )G — )P (4, 5) (4.17)

Op0
i=1j=1 TEY
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(11) Sum of Squares Variance
Nq Nq
Jin= ZZ(Z — w)?p'(i, §)-
i=1 j=1

(12) Inverse Difference Moment

ZZH@_J P'iJ):

i=1j=1
(13) Sum Average

2N,

Jiz= Z’pwﬂl(’)

=2
(14) Sum Variance

2N,

fia= Z(Z — [3) Pty (i)

i=2
(15) Sum Entropy?

2N,

Jis = — sz+y(i) log {pe+y (i)}

i=2

(16) Entropy

Ng Ny
f16 = _Zzp/(iaj) log {pI(Z:J)}

i=1j=1

(17) Difference Variance
fiz = variance of py_,.

(18) Difference Entropy

fis=— Z Po—y(7) log {ps—y(i)}.

(19) Information Measure on Correlation 1

HXY — HXY1

ho = max{HX, HY}

(20) Information Measure on Correlation 2

fao = (1 —exp[=2.0(HXY2 — HXY)])'/2.

(21) Maximal Correlation Coefficient

f21 = (Second largest eigenvalue of Q)'/? |
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(4.20)

(4.21)

(4.22)

(4.23)

(4.24)

(4.25)
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(4.27)
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where,

Ng Ng Ny

P, k)p'(. k)
=1k=1 px(z)py

i=1

.

Uz, fby, 0z and o, are the means and standard deviations of p, and p,.

P(i, ) represents a GTSDM.

p'(1, j) represents the (4, j)th entry in a normalised GTSDM.

R is the maximum number of resolution cells in a given GTSDM.

Ny represents the number of distinct grey-tones in the quantised input.

= 1)
pa(i) = Zp’(w)
py(j) = Zp’(w)

N, N,
Paty (B) = DY [0/ () jig i » k=2,3,...,2N,.

i=1j=1

Nq Nq
Pr—y(k):ZZ[P'(i;j)]|i—j|=k, kE=0,1,..,N,—1.

i=1j=1

N, N,
HXY ==Y "p'(i,j) log (¢ (i, 5))

i=1j=1

HXY1==3"3 F(i3) log (pe(py ()}

i=1 j=1

HXY2:—Zpr D)py(5) log {p=(i)py (4)}

i=1j=1
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4.3.2 Neighbourhood grey-tone difference matrix

In their theoretical comparison of texture algorithms, Conners and Harlow [68] concluded that
GTSDMs had the best innate discriminative ability of all those considered. However, the major
disadvantages of GTSDMs is the computational premium required and the lack of general
applicability in discriminating textures. Attempts by researchers to provide computationally
easier techniques, without losing significant discriminative ability, have proved useful. In such
a study using features derived from the GTSDM method, Weska et al. [69] showed in terrain
classification that their grey-level difference statistics performed as well as the GTSDMs. In a
further attempt to overcome the difficulties of the co-occurrence based techniques, Amadasun
and King [65] developed textural properties based upon the NGTDM method. These reflect
the mechanism with which the human visual system discriminates texture. In their work, the
authors build on the premise that the properties which humans use to discriminate between
different textural patterns include coarseness, contrast, complexity, busyness (fineness), shape,
directionality and texture strength. In this approach the ith entry in an NGTDM is a summation
of the differences between all pixels with grey-tone 7 and the average value of their surrounding
neighbours. If ¢ is the grey-level at (z,y) then the average grey-level over a neighbourhood

centred at (z,y) is,

d d
1
Ay = Az, y) = T Z Z i(z+n,y+m), (4.37)
m=—dn=—d

where (m,n) # (0,0), d specifies the neighbourhood size and W = (2d + 1)2. It follows that
the 7 th entry in the NGTDM is
1— A; for 1€ N; if N; 20
s(i) = 2| ‘| o 70 (4.38)
0, otherwise,

where {N} is the set of all pixels having grey-tone i, except in the peripheral regions of width
d. From the NGTDM computational approximations are derived for the textural attributes
previously mentioned. Amadasun and King’s rationale for choosing such textural descriptors
is now discussed. This is appropriate since they attempt to optimise the task of mathematical
feature extraction through establishing features which are connected to the way in which the

human visual system psychologically perceives texture primitives.
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Coarseness : Perhaps the most fundamental psychological visual cue, coarseness refers to the
density of edge elements; the finer the texture, the higher the edge density. In a coarse texture
grey-tone differences are small indicating that the primitives making up the texture are large.
With a large amount of local uniformity in such a texture, the coarseness measure is obtained
from the reciprocal of the summation of intensities at all points in relation to the intensity of

the surrounding neighbours.

Contrast : This conceptually simple property enables the distinction between texture classes
when clearly different intensity levels are visible. Probably the most influential property of
contrast is the dynamic range of grey-levels in an image. If it is large, it usually corresponds
to a high difference in intensity and consequently a large value of contrast. Also, the period at

which the pattern repeats, or its spatial frequency, can be quantified by contrast.

Busyness : A texture in which there are large deviations in pixel intensity from one pixel to
its neighbour is said to be busy. Since the busyness will be largely dependent on the magnitude
of intensity changes the dynamic range of intensity, or in particular the contrast of the texture,
will influence the degree of busyness. This is important in cases where the spatial frequency of
intensity variations is low since, even if the magnitude of changes is large, the texture may not

be busy and show a high degree of local uniformity.

Complexity : This textural property is connected with the amount of information that is
present within a textured object. A texture having large numbers of primitives, each having
varying average intensities, is said to be a complex texture. Clearly then for a complex texture
having many primitives, each bounded by edges, the properties of contrast and busyness could
be used to quantify the texture. Thus, the measure of complexity is partially correlated with

busyness and contrast.

Texture strength : Textures which have a strong impact on the psychological perception are
said to possess textural strength. Such textures tend to have well-defined primitives and any
measure of texture strength is dependent upon the distinction between these primitives. This
suggests that there i1s a correlation between the coarseness and contrast to the strength of a

texture.

The 5 textural attributes based on human psychological perception of texture are now expressed

in computational form.

(22) Coarseness
-1

Ng—-1
foa = |e+ Z pis(i) . (4.39)
1=0
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(23) Contrast

. Ng—1Ng-1 | Nomt
B P S pii— 2] = N . 4.40
fas NaVa=1) ZZ:% ; pipi (i —J) 2 Zz:; s(1) ( )
(24) Busyness
Ny—1 Nyg—1N,-1 -1
Poa= | X ms@)| | D D ivi— v - (4.41)
i=0 i=0 j=0 PpiZ0,p ;0
(25) Complexity
Ny—1N,—1
fs = 32 S Al = 30/ + p ) pis(i) + £ hpoopso- (4.42)
i=0 j=0
(26) Texture Strength
Nyg—1Ng—1 Ny -1
Fos=| D D (i +p)i—3)?| [e+ D s() . (4.43)
i=0 j=0 i=0 piZ0,p;£0

where N is the total number of different grey-tones in the two-dimensional input array and is

given by,

Ng—1
1, if p; #0,
Ny = Qi, where, Q; = 4.44
; 0, otherwise. ( )
In all cases, p; and p; denote the probability of occurrence of grey-tones i and j.

€ 1s a small number to prevent infinite feature values.

4.3.3 Fourier power spectrum

Two-dimensional transforms have been used extensively in image processing for many years to
tackle such problems as image description and enhancement [70]. Of them, the Fourier trans-
form in discrete form is perhaps the most widely used. In Fourier analysis of textured scenes
information is provided on textural content by extracting features from the Fourier power spec-
trum, as it represents the strength of each spatial frequency. The textural properties revealed
from the power spectrum are coarseness (periodicity) and directionality. Coarse textures have
power spectrum values concentrated near the origin whereas fine, or busy textures having
predominantly more high frequency components, have a more spread out spectrum. These ob-
servations give rise to the techniques used to extract texture primitives in the Fourier domain;
namely, ring and wedge filters. In general, working outward from the origin of the power spec-
trum, the power is measured between rings of inner radius r; and outer radius r5. The size of
the rings can be varied according to the application. The directionality of the image texture is
found by measuring the average power over wedge-shaped regions centred at the origin of the

power spectrum. The size of the wedge ¢y = ¢2 — ¢1 depends upon the application.
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The transformation of textured images into the Fourier domain provides a more concise form
of representing the textural information within the image. Texture directionality is preserved
in the power spectrum [66] which allows directional and non-directional components of the
texture to be distinguished. Therefore conclusions about the shape properties of a texture
can be made [71]. For image analysis the Fourier transform is considered in its discrete form
whereby, for any spatial position (z,y) on the image, there is a function f(z,y) representing
the image. Thus, the 2D Fourier transform pair for an image of width M, and height N, has

the form,

1 M1 Ne! u,r v
SH{f(z,y)} = Fu,v) = VLN Z Z f(x,y)exp [—j?ﬂ' <J\;[ + ]\’/'f)] , (4.45)

foru=0,1,2,... ., M;—1,v=0,1,2,...,Ns — 1, and

-1

SUF(, )} = fry) = Y

u=0

N,-1
) u,r v,y
1; F(u,v)exp []27!' <M + N, >] , (4.46)

s

forz =0,1,2,... .My — 1,y =0,1,2,..., Ny — 1, and & represents the transform into the
Fourier domain. In general the Fourier transform of a real function is complex and can be

expressed in the form,
F(u,v) = R(u,v) + jI(u,v), (4.47)

where R(u,v) and I(u,v) denote the real and imaginary components of the Fourier transform.

Equation (4.47) may be written in the form,
F(u,v) =| F(u,v) | el (4.48)

where,

N[=

| F(u,v) |= [R(u, v)? + I(u, v)z] , (4.49)

and

6=t~ | (4:50)

| F(u,v) | is the Fourier spectrum of f(x,y). The square of the Fourier spectrum is referred to

as the power spectrum or the spectral density of f(z,y). That is,
P(u,v) =| F(u,v) . (4.51)

From the power spectrum, the average power contained in a ring centred at the origin having
inner and outer radii of 71 and r2 respectively, is given by summation of the contributions along

the direction ¢,

P(r)=2>_ P(r,¢), (4.52)



Chapter 4 : Statistical Texture Analysis of Intravascular Ultrasound

also, the contribution from a wedge of size ¢,, 1s found by summation of the radial components

within the wedge boundaries. That is,

n/2

P(¢u) = P(r,¢), (4.53)

where n 1s the window size.

Figure 4.6 shows on the left and right hand images the extraction of ring and wedge shaped
regions from the Fourier power spectrum of a 32 x 32 test image. This was black everywhere
except for a 3 x 3 white region positioned around the origin. Such an image can be regarded
as having a fairly coarse texture; characterised by the large value of the power spectrum con-

centrated near the origin.

0.010r 0.010F

0.008

Pluv)

Figure 4.6: Fourier power spectrum showing the extraction of ring and wedge filters.

Here, 10 ring and wedge features were extracted from the ROIs used in the study. The choice of
the ring and wedge sizes used was based on trials using the filters on data of known properties.
The chosen filter sizes were found to highlight these properties. Table 4.1 shows the feature
numbers for the ring features and the radius of the inner and outer rings. Table 4.2 shows the

feature numbers for the wedge features used and the size of the wedge in terms of ¢5 and ¢;.

| Ring Feature | r1 to 7y |

far 1 - 2
fos 1 - 3
fao T - 5
f30 2 - 7
f31 2 - 10
fa2 3 - 6
f33 3 - 10
faa 3 - 15
Fas 15 - 20
Fa 20 - 30

Table 4.1: Ring filter features with corresponding inner and outer ring sizes.
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| Wedge Feature | ¢, to ¢y |
Far 0° 180
fas 18° - 36°
fa0 36° - 54°
fao 54° - T2°
Ja1 2° - 90°
fao 90° - 108°
fis 108° - 126°
fau 126° - 1440
fas 144° - 162°
Fas 162° - 180°

Table 4.2: Wedge filter features with corresponding wedge dimensions.

4.4 Higher-order statistics

With the relative infancy of IVUS imaging and its contribution to the pathogenesis of vascular

disease still developing, it would be inappropriate to consider only analysis of the images using

first- and second-order textural analysis techniques. Moreover as textures differing in third- or

higher-order statistics seem to surpass the capabilities of the human perceptual system [3], it

is appropriate to consider the higher-order analysis of TVUS information.

4.4.1 Grey-tone run length method

Based upon the analysis of higher-order information content, GTRLMs [67] compute the run

length of a particular image grey-tone in a direction a within a textured image. The pixels

considered must be linearly adjacent in the specified direction of a. The number of pixels

contained within the run is the run length. For example, one may expect that in a coarse

texture there are relatively long runs which occur regularly whereas for a fine texture one

would expect to find much shorter runs. The number of runs with grey-tone i of run length j in

some « direction is denoted by R(a) = [r/(4, j|a)]. This is clearly analogous to the co-occurrence

matrices of the GTSDM technique. Here four grey-tone run length matrices were computed.

These corresponded to « in the directions 0°, 45°, 90°, 135°. In general, five textural features

can be computed from the matrices. These are,

(47) Short Run Emphasis

LR~ g gl
(i, j|o
R St
i=0 j=1 J
(48) Long Run Emphasis
| Nazt v
Jag = T Z ZJ'QTI(Z',J'M)
i=0 j=1

(4.54)

(4.55)
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(49) Grey-Tone Distribution

Ng—1
1 g T
fag = — > el (4.56)
Tr i j=1
(50) Run Length Distribution
1 N, [Ng-1 2
fs0= T Z Z (i jla)| . (4.57)
R iz
(51) Run Percentages
| NeTl N
for =7~ (i, jla), (4.58)
P i=0 j=1

where, N, is the maximum number of possible grey-tones, N, is the number of run lengths in

the matrix, and,
T = (%, jla). (4.59)

Ty is the number of points in the 2D input array representing the image.

4.5 Application of statistical texture analysis to IVUS

The textural analysis techniques described in sections 4.2 through to 4.4 were used to compute
textural features relating to specific properties of atherosclerotic plaque and thrombus. To
identify groups of similar compositions, K-means cluster analysis was used. Figures 4.7 and 4.8
show the algorithms used for the vessel wall and thrombus data analysis respectively. Rigorous
mathematical description of the K-means clustering technique is left until Chapter 6. For now
it is regarded as a means of making statistical inference from the data by placing the data into

clusters of the most distinct groups visible from the feature values.

The input to the K-means algorithm was of the form shown in Figures 4.9 and 4.10 for the
vessel wall and thrombus data sets respectively. The individual arrays contained within these
figures highlight the number of confirmed samples Sy for each sub-group, and, the number of

features fy calculated from the individual analysis techniques.
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. —
FOS | clustering
. —
GTSDM | i :
u clustering
Vessel Wall
gla:T NGTDM l K-means
OFT 5 clustering
LFT :
MiCa RING | Kemeans
wea 0 | clustering
Lipid 1
P E—
WEDGE | = clustering
. s
GTRLM |, clustering

Figure 4.7: Texture analysis algorithm used for statistical texture analysis of vessel wall data.

Where n = 7 corresponding to: Ca; DFT; MFT; LFT; MiCa; LiPool; and Lipid

: K-means —Cluster O
FOS |, clustering
1 -—
: K-means
GTSDM |, clustering [ clustern |
Thrombus : ! K-means -
| NGTDM |0 ' | dustering dustern |
White
Red !
Red : Kmears
RING 10 clustering
1 -—
: K-means
WEDGE ! i
0 | clustering [ cluster n_|
1 -—
; K-means
GTRLM 1 i
5 clustering [ cluster n |

Figure 4.8: Texture analysis algorithm used for statistical texture analysis of thrombus data.
Where n = 3 corresponding to: WT; RT; and PL.
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Ca DFT MFT LFT MiCa LiPool Lipid
FOS fi Sy-++Ss S1-+-Sio S1--S12 S-S S1---Ss S-St Si--Sss
FOS fr [S1---Ss S1-+-S1i0 S1---S12 S1-2Sa3 S1-0Ss S1---S7 S1--- S35

GTSDM fs [S1--Ss Si--Sig S1-+S12 S-S S1-0S5 Si---S7 Si---Sas

GTSDM for [S1--2Ss S1++S1a S0 S12 S1e0Se3 S1-0Ss S-St Siee-Sas |

NGTDM foa | S1---Ss S1---Sio S1---S12 S-S S1---Ss Si---S7 Si---Sss

NGTDM Jas [S1--+Ss S1-+-S10 S1+S12 S1oSa3 S1-0S5 S1--S7 S1e--Sas |

GTRLM for [ S1---Ss S1-+-S10 S1--S12 S+ S S-S5 S-St Si--S3s

GTRLM far | S1-+Ss S1-S10 S1--S12 S100+Sas S1000Ss S1--S7 S1e--Sss

RING faa | S1---Ss S1---S10 S1--S12 S1--+Sas S-S5 S-St Si--Sss5

RING Jar | S1--+Ss S1--Sto S1-:S12 Si-S3 S1--Ss Si---S7 St Sss

WEDGE fas | S1---Ss S1---Sio S1---S12 S-S S1---Ss Si---S7 Si---Sss

WEDGE fs1 [S1-+Ss S1-+-S10 S1+-S12 S1oSa3 S1-0S5 S1--S7 S1e--Sas |

Figure 4.9: Vessel wall data array format for texture analysis algorithms used.

White Red Plasma
FOS fi [Si--S13 Si---Sis Si---Si3]
FOS fr [S1---S13 S1---S13 S1---Si3]

GTSDM fS Sl . '513 Sl . ~513 Sl e .513

GTSDM  for | S1--Sia Sie--Sia Sie-Sua ]
NGTDM  faa [S1---513 Si---S13 Si-+Si3
NGTDM f.26 St '.'513 St '.'513 Sy '.'513_
GTRLM  for [S1---S13 Si---Siz S1---Sis
GTRLM f.31 St - ~.-S13 Sy - -.-513 Sy - -.-513_
RING faa [ S1--+S13 S1---S13 S1---Sis
RING f.41 Si --.-513 Si --.-513 Sh --.~S]3_

WEDGE  fas [S1---S13 Si---Sis S1---Si3

WEDGE  fs1 | S1---S13 S1---S13 S+ 513

Figure 4.10: Thrombus data array format for texture analysis algorithms used.
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4.5.1 Results from analysis of the vessel wall data

Figures 4.11 to 4.16 present the results obtained using the texture analysis algorithm shown in

Figure 4.7 to analyse the vessel wall data presented in Chapter 3.

50F T ] 50 T
F EmcCa El F EmcCa
£ [ OFT ] £ [ OFT
f EEVFT ] E Bl MFT
401 LFT = 401 LFT =
MiCa ] £ MiCa

[ [ LiPool ] B LiPool

E i Lipid E E i Lipid E
301 - 30 -
S l ; s ¢ ;
o 20— — =} .|
z E | z |

10F

Cluster 0 Cluster1 Cluster2 Cluster 3 Cluster4 Cluster 5 Cluster 6 Cluster 0 Cluster1 Cluster2 Cluster 3 Cluster4 Cluster 5 Cluster 6

Figure 4.11: Vessel wall analysis with FOS - Figure 4.12: Vessel wall analysis with
7 features. GTSDM - 14 features.
S0F T T ] S0F T
; = o - =k
I VFT 3 F Il MFT
40 LFT = 40 LFT
Mica Bl E Mica
[ LiPool | £ [ LiPool
i El £ Lipid

Cluster 0 Cluster1 Cluster2 Cluster 3 Cluster4 Cluster 5 Cluster 6 Cluster 0 Cluster1 Cluster2 Cluster 3 Cluster4 Cluster 5 Cluster 6

Figure 4.13: Vessel wall analysis with Figure 4.14: Vessel wall analysis with

NGTDM - 5 features. GTRLM - 5 features.
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40— LFT | 40— LFT
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E i Linid E o Lipid

Cluster 0 Cluster1 Cluster2 Cluster3 Cluster4 Cluster 5 Cluster 6 Cluster 0 Cluster1 Cluster2 Cluster 3 Cluster4 Cluster 5 Cluster 6

Figure 4.15: Vessel wall analysis with the Figure 4.16: Vessel wall analysis with the
RING filter - 10 features. WEDGE filter - 10 features.
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4.5.2 Results from analysis of the thrombus data

Figures 4.17 to 4.22 present the results obtained using the texture analysis algorithm shown in

Figure 4.8 to analyse the thrombus data presented in Chapter 3.
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Il Pasma

Cluster 0 Cluster 1 Cluster 2

Figure 4.17: Thrombus analysis with FOS -
7 features.
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Cluster 0 Cluster 1 Cluster 2

Figure 4.19: Thrombus analysis with

NGTDM - 5 features.
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Figure 4.21: Thrombus analysis with the
RING filter - 10 features.
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Figure 4.18: Thrombus analysis with
GTSDM - 14 features.
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Figure 4.20: Thrombus analysis with

GTRLM - 5 features.
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Figure 4.22: Thrombus analysis with the
WEDGE filter - 10 features.
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4.5.3 Discussion of vessel wall results

In each graph in section 4.5.1 there are seven clusters where, ideally, each cluster should contain
elements belonging to a single histo-pathological group. Clearly from Figures 4.11 to 4.16 this
is not the case. However, certain trends do appear in the results which may, from a clinical
perspective, be extremely valuable. This section discusses these trends and the performance of

the techniques.

Perhaps the most salient observation to be made from the results is the arrangement of LFT
and MFT which appear, on several occasions, to be grouped together. This trend, although
reflected throughout the algorithms used, is most prominent in the RING and WEDGE results.
Here, in all but one occurrence of LFT, all other samples have been grouped within the same
cluster as MFT. This suggests a limitation in the algorithm’s ability to separate completely sub-
groups of fibrous tissue. The results also suggest that DFT is subject to this characteristic as it
appears throughout the results in clusters containing Ca. The explanation for this observation
may lie not in the texture analysis algorithms used, but the pathology associated with these
different manifestations of atherosclerotic disease. At the level of histologic detail, DFT and Ca
contain a high density of collagen. This accounts for their appearance in scan-converted TVUS
image form as highly echogenic homogeneous regions. These properties make discrimination of
DFT from Ca difficult both analytically, on RF IVUS data, and by trained clinical observers
on scan-converted images [51]. Also in clusters containing Ca there is a consistent presence of
MiCa. This is a sub-group of Ca containing collagen in much smaller quantities. A significant
number, if not all observations, of LiPool appear within the same cluster as Lipid. The GTSDM
and NGTDM results show this fairly well. The other techniques also display this property at

varying degrees.

What is clear from the discussion so far is that there appears to be broader grouping of the
data taking place. More specifically between the major plaque constituents of fibrous tissue,
lipid and calcium. Investigating this issue further, the data was reorganised into three groups
containing only the major plaque constituents. The placement of individual tissue sub-groups
into a major plaque genre was based on the observations highlighted in the discussion so far.
That is: Ca, MiCa and DFT combine to form a single group also called Ca; MFT and LFT
form the group FT; LiPool and Lipid form a new Lipid group. This regrouping is summarised

in Table 4.3

The textural analysis procedure shown in Figure 4.7 was used to investigate the discrimination
possible between the three major plaque groups. Figures 4.26 to 4.31 show the results obtained
from this analysis. From the results the cluster organisations of FOS, GTSDM, and GTRLM
show consistent concentrations of Ca, F'T and Lipid. Furthermore, the clusters of FOS, GTSDM

and GTRLM are, without major exception, formed from the same set of independent tissue
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| Original Group | New Group |

Ca Ca
DFT
MiCa
MFT FT
LFT
LiPool Lipid
Lipid

Table 4.3: Regrouping of the original atherosclerotic plaque groups into the three major con-
stituent elements of plaque.

samples. This general uniformity between the clusters is highlighting specific attributes of tissue
composition. However, the characteristics identified are clearly not unique to a single tissue
sub-group due to the presence of more than one sub-group within a single cluster. Nevertheless
the results reveal patterns in the sub-groups being detected. Since the pathological divisions
in the data have been verified through histological analysis, there is no clinical reason why
distinct sub-groups should not be visualised. This leaves the textural analysis algorithms and
the hardware responsible for collecting the ROI information as possible sources contributing to

the trends appearing. These are now discussed.

The main variant in an IVUS interventional procedure is the distance of the measurement site,
or ROI, from the transducer face. This is an unavoidable characteristic of IVUS investigations
due to the often eccentric formation of atherosclerotic plaque within diseased coronary arteries.
Such a plaque forces the transducer to be positioned off-centre, therefore the distance from
the transducer to the ROI is different depending on which side of the transducer the ROI is
situated. An example of an IVUS with eccentric catheter positioning is shown in Figure 4.23.

It is clear that the ROT at position 2 is closer to the transducer than the ROI at position 1.

Figure 4.23: TVUS scan-converted image showing eccentric catheter positioning.
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The affect of the transducer position on the clustering formations of Figures 4.26 to 4.31 was
investigated. This was performed by observing the samples of large groupings of a particular
sub-group and noting the radial position of the catheter for each sample. Tt was found for this
analysis, that the position of the transducer did not affect the cluster components. However, it
is possible that the transducer influences the outcome of detection since the results were derived
from a small data set and were not in a distinct clinical order, i.e. one cluster containing one

sub-group.

Due to the poor clinical distinction of the results presented using seven and three distinct patho-
logical groups, reliable comparison of the discriminative power of the individual algorithms is
difficult. However, 1t is clear that there are certain features which possess superior discrimin-
ative power than others. For example, Figures 4.24 and 4.25 show the variation of normalised
feature magnitude for f7 and fa4 over all atherosclerotic plaque groups studied. It is evident
that f7, through its ability to respond to variations in tissue composition by a marked change
in value, may provide superior discriminative properties than fo4 which shows little variation

in value between sub-groups.

T 10 T T
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Figure 4.24: Variation of f; for atheroscler- Figure 4.25: Variation of fy4 for atheroscler-
otic plaque samples. otic plaque samples.

From these observations there is a requirement to extract, from all of the available features,
only those containing valuable discriminative ability. This effective reduction in dimensionality
would ensure that the algorithm is more computationally efficient and reduce the volume of

redundant information which may be detrimental to successful discrimination.
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Figures 4.26 to 4.31 present the results obtained using the texture analysis algorithm shown

in Figure 4.7, to analyse the vessel wall data organised into three groups containing only the

major plaque constituents.
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4.5.4 Discussion of thrombus results

The results of the in vitro study of clot composition show the superior ability of the techniques
used to discriminate thrombus than atherosclerotic plaque. The main reason for this is thought
to be the size of the ROIs selected. In all clot sites, the ROI size was 512 x 15. Recalling the
ROT size used in the vessel wall analysis, forced by the formation of atherosclerotic plaque to
be 128 x 9, it is clear that there is considerably more information available on clot composition
than atherosclerotic plaque per ROI. This may account for the favourable results shown for clot

analysis by FOS, NGTDM and GTRLM.

The ability to discriminate, to a certain level, the three clot groups examined, is reflected in
previous work [72] [58]. The position of the ROIs from the IVUS transducer was investigated
to determine any relation between it and correct classification. No connection was found in this
work. However, the approach was subject to the limitations and methods of section 4.5.3. The
difference in size between the vessel wall and thrombus ROIs prevents reliable comparison of

the individual performance of the algorithms for the two cases.

The thrombus results are encouraging prior to any feature selection and reduction to minimise
redundant information. Perhaps the most encouraging are those produced by FOS, NGTDM
and GTRLM. Most notable were those produced by the GTRLM features since all samples of
RT, and all but one sample of PL, are within single clusters. However, there are elements of
WT also within these clusters. This is also observed in the results produced by the FOS and
NGTDM approaches. Considering the relative performance of the GTSDM method, it appears
that this technique which is sensitive to the higher-order information content in the image, is
able to extract information on grey-level runs particularly well in RT and PL. This implies that,
in future work, it would be useful to assess the discrimination possible from the IVUS thrombus

data using classical higher-order statistical approaches.

Another interesting observation is the decrease in correct classification with increase in the
number of features used. That is, the performance of GTSDM, RING and WEDGE with 14,
10 and 10 features respectively was poorer than FOS, NGTDM and GTRLM with 7, 5 and 5
features respectively. This would appear to be due to the sensitivity of the K-means clustering
algorithm to the choice of features used [73]. With an increase in the number of features there
may be an increase in superfluous information on tissue composition. Thus, it is clear that to
obtain an efficient textural analysis algorithm, feature reduction must be employed to deduce

the optimal feature set prior to clustering.
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4.6 Conclusions

Within this chapter a variety of statistical texture analysis techniques have been considered.
Their performance has been assessed in classifying atherosclerotic plaque and induced clot
composition. It has been shown from the results that the techniques show more favour in
discriminating between the thrombus groups than the plaque groups studied. The reasons
for this change in performance are thought to be the smaller ROI used in the atherosclerotic
plaque analysis and perhaps the lack of a substantial number of samples belonging to a single

histo-pathological plaque group.

Certain subtleties have been highlighted from the vessel wall results and have been investigated.
It was observed that a certain level of grouping was taking place in the vessel wall results. This
was investigated by considering only three distinct tissue sub-groups instead of seven. No
pathological origin was found for the trend observed in identifying three distinct groups since
all of the groups studied were confirmed as being histologically distinct. The texture analysis
algorithms and the hardware used to collect this data were discussed as factors contributing to

this observation.

The influence of the transducer position was investigated as a possible factor contributing to
the misclassification of the sub-groups studied. This investigation was found to be inconclusive
due to the small number of samples involved and the fact that the results observed did not

show any distinct clustering into pathologically distinct groups.

Although still far from satisfactory, the findings of the thrombus analysis are encouraging since
two distinct thrombus groups were significantly discriminated. From this discrimination it was
noted that the thrombus results responded well to higher-order texture analysis techniques

suggesting that, in future investigations, higher-order approaches may be useful.
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Chapter 5

Fractal Texture Analysis of

Intravascular Ultrasound

5.1 Introduction

In the physical world the complexity of irregular shapes which preclude description by tradi-
tional Fuclidean geometry has always aroused the curiosity of the scientific community. This
inquisitive academic interest has become a physical reality with the evolution of fractals [74] [75].
These are powerful enough to describe seemingly irregular and unordered structures previously

thought to be beyond description.

Until the introduction of fractals, complex real-world shapes such as mountains, coastlines, trees
and clouds appeared to be completely unordered with no succinct and accurate way available
for describing them. Only primitive shape descriptors such as spheres, cylinders and cubes were
used in an attempt to describe the morphology of such scenes. However, such descriptors prove
worthless in attempting to trace the surface detail of typical natural objects, since by their very
construction they are smooth, which makes modelling disordered and irregular surfaces very
difficult. The popularity of fractals has grown phenomenally over the past two decades since
the term was coined by Mandelbrot [74] who, for the first time, was able to describe structures
too complex for Euclidean geometry by a single measure. This measure, the fractal dimension,
describes the degree of irregularity in a surface’s texture. The rougher or more irregular a

structure, the greater its fractal dimension.

Perhaps one of the best brief definitions of fractal behaviour is that it is the description of
seemingly random and irregular shapes and surfaces, having no apparent order, through their
treatment as entities which have deterministic disorder. The deterministic properties of an

object are highlighted through the attributes of fractals which can be summarised as:
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o When magnified the smaller scale structure of a fractal resembles the larger scale structure.

This property is referred to as self-similarity;

e There is a lack of any well defined scale of length in a fractal. This is apparent if we
consider measurement of the outline of a rugged object, where the length of the object

would appear longer as the ruler used to make the measurements becomes shorter.

The property of self-similarity is one of the central concepts of fractal geometry since 1t is closely
connected to our own intuitive notion of dimension [76]. An object is said to be self-similar if it
can be decomposed into smaller copies of itself. This fundamental fractal property leads to the
classification of fractals into two distinct groups. These are, random fractals and deterministic
fractals. Considering the example of an irregular coastline structure, which has the same sort
of look within certain scaling limits, we have an example of the self-similarity property. That
is, the coastline has the same sort of shape when viewed over a range of magnification factors.
However, for every scale that the coastline is viewed at, it will not look exactly the same as
at another scale, but only similar. This particular feature is common to many classes of real
life random fractals which are not exactly self-similar and so they are referred to as being
statistically self-similar. In contrast, objects which do not change their appearance when
viewed under arbitrary magnification are termed strictly self-similar. As such, these are
termed deterministic fractals due to their consistency over a range of magnification scales. The
fractal dimension in its purest form describes the disorder of an object numerically. In a way
it is similar to the description of objects using standard Euclidean geometry. That is, the
higher the dimension the more complicated the object. However, fractal descriptors allow the

description of objects by non-integer dimensions.

One of the key roles of fractal geometry is to mimic real-world imagery and texture. If this were
possible then fractal descriptors could be used to characterise real-world objects. In addressing
this issue, Pentland [20] focuses on computing the necessary image data representing natural
shapes such as mountains, trees and clouds. For modelling these 3D structures he uses fractal
functions [77] [78]. He concludes with a statement that stresses the adeptness of fractal functions
in providing a positive model for describing textures typical of natural scenes. Pentland also
affirms the gain of using the 3D fractal surface texture models to the 2D models. ITmpey et
al. [79] use fractal geometry in an attempt to characterise the geology of underground sites, a
problem which has practical significance in geosciences. In particular, the problem is one of
defining rock permeability from a relatively small number of measured values. In their work
the authors are faced with interpolating the measured data over the range of scales where
the measurements were made. They outline a strategy for interpolating the irregularly placed
observations based on statistically self-affine fractals and show, by way of results, that the

proposed techniques are suitable for generating a comprehensive rock-property model.
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Possibly the most favoured use of fractals in the applied sciences is in the description of images
where, in particular, it is the texture or ruggedness of the image which is characterised by
fractal based measures. One such measure is FBM, which has proved useful in characterising
and modelling self-similar textures [80]. Stewart et al. [24] used such a model in the analysis and
segmentation of clutter in high-resolution SAR imagery where features were computed relating
to known sources of clutter using the fractal dimension. Contributions to scene clutter from
grass, trees and shadows were investigated in the study where grass and trees were characterised
using the FBM model and shadows by back-scatter power. Using a simple maximum-likelithood
classifier, the grass was segmented from the trees with a probability of correct classification of
97%), thus showing the power of fractal based descriptors in this environment. In the work by
Jardine [81] the visual texture of natural scenes containing vegetation was synthesised for the
purpose of camouflage. Emphasising the results from preliminary studies [82] [83], Jardine was
able to extend the earlier fractal texture generators to cover multispectral images. The use of
multispectral visual textures for natural scenes of vegetation was moderately successful in all
background types, but achieved greatest success with uniform texture with no shape elements.
Albregsten et al. [84] used a sequence of synthetic images to compare the performance of three
different fractal dimension estimation measures. The most robust methods were then applied
to liver images to find out if they were able to distinguish between normal cells and cells with
induced cancer. Two of the techniques used were based on the box-counting technique for
fractal dimension estimation and the other, initiated by Peleg et al. [85], the e-blanket method.
In their analysis the e-blanket method gave the best estimate of the fractal dimension and also

the best separation between the two groups.

There is a variety of techniques used to estimate the fractal dimension of objects which, although
essentially provide the same measure, can produce different fractal dimension values for analysis
of the same object. This is due to the unique mechanism used by each technique to find the
fractal dimension [86]. For this reason, the techniques which are used in the work reported

herein are explicitly defined within this chapter.

In the following sections, the concept of texture analysis using fractal based descriptors is
introduced through the box-counting dimension and extended to more rigorous techniques which
utilise the concepts of Brownian motion and power spectral density. Also, a novel approach to
calculating the fractal dimension utilising the statistical based texture descriptors introduced

in Chapter 4 and the box-counting method is presented.
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5.2 Fractal dimension from box-counting

The box-counting dimension is closely related to the concept of self-similarity and the self-
similarity dimension. A self-similar structure can be sub-divided into smaller elements, where
each element is a small replica of the original structure. This sub-division characterises the
structure by a self-similarity measure. In cases where the structure is not self-similar, then
it would appear that a measure of this type is worthless. However, usually there are some
scaling properties within a seemingly wild structure. The box-counting dimension proposes
a systematic way of characterising the wildness of such structures when no self-similarity is
apparent. The box-counting dimension Dj of any bounded subset 4 in R" may be formally
defined as follows [80] [19]. Let N, (A) be the smallest number of sets of diameter » which cover

A. Then,
.. log N.(A)
Du(A) = lim i/ 5-1)

provided that the limit exists. Subdividing R™ into a lattice of grid size r x r, where r has been
reduced, then it follows that N/(A) is the number of cubes which intersect A. The equivalent
definition of Dy(A) is,

(5.2)

again provided that the limit exists. This implies that the box-counting dimension Dj and
N, (A) are connected by the following power law relation,

1

(5.3)
Proof of this relation can be obtained by taking logarithms of both sides of (5.3),
log N, (4) = log(1/rP*(4)), (5.4)

rearranging using logarithmic properties,

log N, (A) = Dy(A)log(1/r), (5.5)
from which 1t follows that,
_ log N, (A)

This is analogous to (5.1). From (5.5) it is possible to make an analogy to the equation of
a straight line, y = mx + ¢, where m is the slope of the line and ¢ is the y intersect. The
box-counting dimension is implemented by placing the bounded subset A, in the form of an
image, onto a grid having boxes of size r x r filling up the complete grid. The grid boxes
containing some of the structure are then counted. The total number of boxes in the grid which
contain some of the structure is N,(A). The algorithm continues by altering r to progressively
smaller sizes and counting N,(A). The next step is to plot log(1/r) against log N,(A4) and to
fit a straight line through the data. The slope of the line is the box-counting dimension for the

structure!.

n this section Dy, denotes the box-counting (fractal) dimension. Tn all other sections the fractal dimension
is given by D.
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5.3 Brownian motion

By now the concept of randomness and its capacity in fractal geometry should be apparent.
Clearly, with this theory, our intuitive notion of randomness is confused by the ability of fractals
to characterise seemingly unsystematic and random structures. However, in physics, chemistry
and biology, scientists have been aware for some time of naturally occurring random processes
and have successfully characterised them. The first discovery that small particles of solid matter
can be seen under a microscope to move about in an irregular and erratic way was made by
Robert Brown (1828). Brown was first to realise that in the study of microscopic pollen,
its erratic motion was physical and not biological as was previously thought. This erratic
movement received the name Brownian motion. The term random walk is used to describe
the characteristic action of Brownian motion. This is because the journey of a Brownian particle
consists of steps in a seemingly random direction. The displacement of the particle at one time
interval is independent of the displacement of the particle at another. Brownian motion is said

to be similar under magnification and, as such, possesses fractal like properties.

5.3.1 Fractal dimension from Brownian motion

Brownian motion is a genuine random fractal and serves as the basis for many models, such as

those for natural shapes and textured surfaces [87].

It is possible to define a random walk for the classic example of a particle moving in time steps
At and in space by Ay. If the initial state of the particle is y(0) = 0, then at any instant the

particle’s position can be characterised by,
ot + A1) = yt) + Ay(o), (5.7)
where,

Ay with probability %,

Ay(t) = (5.8)

— Ay with probability %

The relations shown in (5.7) and (5.8) hold independently of the particle’s previous conditions.
The random walk may be regarded as a sample from the space of all random walks and, since the
walk function is defined at the points {nAt:0,1,2,...} with values {nAy :n=0,+1,%2,...},

the value of the walk at time nAt is the sum of n independent random variables,
Y(n) =y(1) +9(2) +yB3) + -+ y(n), (5.9)

where each has a distribution of the form shown in (5.8). From the properties of the linear
expectation operator £, for any time ¢ in a random walk, the expected value or first moment of

y(t) is 0 [87]. It follows that the expected value of [y(¢)]?, the variance of y(t), is nAt2. More
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formally we may write,
E([y(t)]?) = nAt? for t=(n+ 1)At. (5.10)

We may conclude from (5.10) that the displacement of a random walk grows as the square root

of the time.

In statistics, the central limit theorem states that, if X1, X5, ..., X,, are n independent identic-
ally distributed random variables each with mean g and standard deviation o, provided that

the number of samples is sufficiently large [88], the random variable Y is given by,
Y=X1+Xo+ -+ Xn, (5.11)

which 1s characterised approximately by the normal distribution with mean and variance de-
noted by, N(nu,no?). The properties of the central limit theorem imply, with the characteristic
properties of the random walk, that for a large n the distribution of y(nAt) is asymptotically
normal with mean 0 and distribution nAy?; that is, N(0,nAy?). This analogy is useful in
introducing the continuous version of a random walk where, in particular, the long-term scaling
behaviour of the motion is considered. To establish the motion of a continuous random walk
consider two random walks, with respective time and space steps A#; and Ay;, where the ratio

of them is a rational number. Then, it follows that at some time ¢,
t = nlAt1 = TLQAtQ. (512)

At time ¢, the normal distribution N (0, nqAy}) provides an estimate of the position of the first

random walk and N (0, nsAy3) of the second. If the variance of the distributions are equal,
n1 Ay} = naAys, (5.13)
then both distributions for the first and second walks will be equal,
N(0,n1Ay}) = N(0,nsAy3). (5.14)

Rewriting (5.13) with (5.12),

ALhAy% = Af—ltszg,. (5.15)
It follows that, for a random walk where the time step At is small compared with the time ¢
for the walk,
Ayl _ Ay
Aty Aty

(5.16)

This implies that the statistics of a continuous random walk depend only on the ratio of (5.16),
suggesting that in formulating and applying random walk models we may use any time step At

much less than the time scale under consideration.

To summarise, a continuous-time random walk Brownian process is, by definition, a process in

which for any time step At, the continuous increments Ay(t) = y(t + At) — y(1) are:
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(1). Gaussian or normally distributed;
(i1). p = 0;
(ii1). Variance proportional to At;

(iv). Ay(t) and Ay(t + At) are uncorrelated.

Mandelbrot in Form, Chance and Dimension [77] outlined a strategy to characterise random
walks which could be readily generalised for fractal processes. This approach is based on the
introduction of the Hurst exponent after Hurst, a hydrologist who did some early work
together with Mandelbrot on the scaling properties of river fluctuations. Using the results
obtained, the variance relation of a continuous time random walk, shown previously in (iii),

becomes,

(iii)/ Variance proportional to At?f.

A Hurst exponent of 0 corresponds to a very rough random fractal curve as opposed to an
exponent of 1 which corresponds to a rather smooth random fractal. A random walk has a
Hurst exponent of H = 1/2. The generalisation to random fractals which have 0 < H < 1 is
called fractional Brownian motion, for which the increments of y are statistically self-similar

with parameter H [80]. In other words,

y(t) — y(to) and YD ¥lrlo)

= (5.17)

are statistically indistinguishable for any ¢, and r > 0. With ¢, = 0 and y(¢g) = 0 then (5.17)

becomes,

y(rt)

y(t) and s

(5.18)

which are indistinguishable. Equation (5.18) states that fractional Brownian motion is properly

scaled by dividing amplitudes by /.

To establish the relationship between the Hurst exponent (H) and the fractal dimension (D),
the box-counting concepts introduced in section 5.2 can be utilised. Consider the random
variable (fractal) y(t) and covering y(t) for 0 < ¢ < 1 by N small boxes of size r. Recalling
the action of the box-counting algorithm, the box size is halved and again y(t) is covered. Tt
follows from (5.18) that, over the first half interval of the random variable’s displacement, the
range is 1/2% times the range of y(t) over the whole interval. This relation also holds for the
second half interval. Thus, for each half interval we require 2N/27 boxes of size r/2 to cover
the random variable in the range 0 < ¢ < 1. This implies that for both half intervals we require
22=H N smaller boxes. Reducing the box size by a half again we find that the number of boxes

of size /4 which cover y(t) in the range of ¢ is (22=7)2N. Therefore, in general the following
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relationship holds between H, N and r,

(22_H)kN boxes of size 2% (5.19)

From the principles of the box-counting algorithm in section 5.1, (5.19) may be written as,

D= Ich—»r{.lo og 2r—k , (5.20)
from which the solution gives,
D=2-H. (5.21)

In order to utilise the previous results for 2D image analysis, it 1s necessary to interpret (iii)' in a
form that relates to actual image properties. To do this, it is helpful consider the interpretation
of (iii)' for a single line of an image where the intensity is varying with position [89]. In such a

case, the relationship between the intensity 7, the position 2 and H has the form,

E(| I(x2) — I(z1) |) < (\/(22 — 1) )7 (5.22)

where, 0 < H < 1 and I(x1) and I(x2) refer to the pixel intensity at two separate points along

a line. To simplify, writing,

Alpg = (| I(x2) — I(x1) ]), (5.23)

Ar = (y/(z2—z1)), (5.24)

it follows that (5.22) may be written as,
BE(ATag) o< Azt (5.25)

The concept introduced for obtaining H is useful in structures with topological dimensions in
the range 1 to 2. That is, the method is useful for obtaining the fractal dimension of a curve.
Chen [90] has shown intuitively that if the fractal dimension of a fractional Brownian motion
curve can be found from (5.21), then the fractal dimension of a fractional Brownian surface can

be found from,
D=3-H. (5.26)

This concept is useful in measuring the fractal dimension of the intensity surface associated
with an image (see Figure 5.1) and can be implemented by considering the absolute intensity
difference of pixel pairs at different scales. Thus, if the intensity surface is regarded as a

fractional Brownian surface, an estimate of H, and consequently D, can be obtained from,

E(11(2) = 1(1) [) o< (v/(22 = 1) + (2 — 1) )", (5.27)

where I(1) and I(2) refer to the pixel intensity at two separate points (z,y). Simplifying as

before,
Alar = (] I(22,y2) — I(z1,y1) |), (5.28)
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Figure 5.1: Intensity surface representation of a 2D image. The surface is formed by regarding
the pixel intensity 7, at a point (z, y) on the image, as the height above a plane z.

Ar=(/(@2—21)+ (y2—yl) ), (5.29)
it follows that (5.27) may be written as,
E(AIA,) o< Az (5.30)

Clearly, the fractal dimension of an image can be obtained from the estimate of H in (5.30). In
practice, the first step in estimating D for a 3D intensity surface is to calculate E(Ala,) for
various Ar. The next step is to plot log F(AIa,) versus log(Ar). The slope of the best fitting
line through the data from Arp,, to Arpae is H over the chosen range, from which D can be

estimated using (5.26).

5.4 Fractal dimension in the frequency domain

Since Brownian motion is scale-invariant, its Fourier transformation should also be scale-
invariant. This implies that the Fourier transformation of Brownian motion should satisfy
appropriate power laws. In the fractal description of an object the most basic problem is the
measure used to quantitatively describe the fractal, or the local mass density m(z), of the
object. The autocorrelation function G(r) is a useful measure for characterising random func-
tions as it exploits the self-similarity properties of fractal like objects. More specifically, it i1s a
quantitative way of describing how variations in m(x) are related at # and 4 r. For a random

function in 1D, the autocorrelation function G(r) can be written as,
G(r) = (I(x)I(x + 1)), (5.31)

where (...) denotes the average from a discrete distribution of points [91]. As G(r) is related to

the self-similarity properties of the fractal structure, there is a power law relationship between
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the scaling factor r and the autocorrelation function of the form,

G(r) < —, (5.32)

7N
where n = D — 1 and is found from the slope of the best fitting line on the graph of log (1/r)
against log G(r) [91]. The Fourier coefficients provide a useful way of calculating the auto-
correlation function. In particular, it is the relationship between the spectral density S(k)

to the autocorrelation function by the Wiener-Khinchtine relations which allow the efficient

computation of G(r) from S(k). With this relation, S(k) and G(r) are related by,

S(k) x /G(r) cos 27 kr dr, (5.33)

G(r) x /S(k) cos27 kr dk. (5.34)

The concepts introduced in 1D can be readily extended to deal with 2D images, where G(r)

becomes the average over all angles in the 2D plane such that r? = r2 + 7’5. That is,

G(r) = G(rg, ry), (5.35)

G(r) = (I(ry,ry) (2 + 10,y + 1y)). (5.36)

The relationship of (5.32) still holds in the 2D case where n = D — 2. Thus, to calculate G(r)
on a 2D image, the first step is to calculate S(k), from which G(r) can be estimated. From the
plot of log (1/r) against log G(r) the slope 7 of the best fitting line through the data can be

measured to provide an estimate of the fractal dimension D.

5.5 A new texture based box-counting dimension

This section presents a new approach to calculating the box-counting dimension of a textured
structure. It relies on a combination of two powerful techniques. These are the box-counting
algorithm and the statistical texture analysis techniques introduced in Chapter 4 . In particular,
the new approach is analogous to the box-counting algorithm, however, the method used to
obtain measurements within a single r X r box element has been modified to take account of the
texture contained within such elements. In doing this, more notice is taken of the self-similarity

of the texture at different scales.

The new algorithm can be implemented by placing the bounded set A, in the form of an image,
onto a grid having dimensions r x r filling up the complete grid (see section 5.2). The next
step is to calculate, using a feature selected from the statistical analysis techniques discussed
in Chapter 4, the value of the feature within a given r x r box. The total value of the feature
from the summation of the individual contributions from each box is N,(A). The algorithm

continues by altering r to progressively smaller sizes and counting N, (A) for the new box size.
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The subsequent action is to plot log(1/r) against log N,(r) and to fit a straight line through

the data. The slope of the line is the box-counting dimension for the structure.

FOS are the fastest means of finding textural information on ROI constituents and showed a
good degree of variation between sub-groups. These were selected as the medium for calculating
the texture in the new box-counting algorithm proposed. To further improve the efficiency of
the algorithm, only the best descriptive feature was used from FOS to describe the texture in a
box of size r x r. From Figures 5.2 to 5.8, showing the feature responses to vessel wall samples,

feature f; was chosen. This is a measure of a texture’s entropy.
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5.6 Application of fractal texture analysis to IVUS

The fractal texture analysis techniques described in sections 5.2 to 5.5 were applied to the
vessel wall and thrombus data sets detailed in Chapter 3. Figures 5.9 and 5.10 show, more
specifically, the analysis algorithms used. Feature arrays of the form shown in Figures 5.11 and
5.12 were generated from the ROIs extracted from the data. These were applied to a K-means
clustering algorithm to identify tissue sub-groups of similar composition. A full description of

the K-means algorithm is given in Chapter 6.

box-counting
Vessel Wall
Ca Hurst
DFT exponent
LFT clustering
MiCa Frequency
LiPool domain
Lipid
new
box-counting

Figure 5.9: Texture analysis algorithm used for fractal texture analysis of vessel wall data.
Where n = 7 corresponding to: Ca; DFT; MFT; LFT; MiCa; LiPool and Lipid

box-counting

Thrombus Hurst t
exponen
White K-means
Red clustering ‘
Plasma Freguency
domain
new

box-counting

Figure 5.10: Texture analysis algorithm used for fractal texture analysis of thrombus data.
Where n = 3 corresponding to: WT; RT and PL.
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Figure 5.11: Vessel wall data array format for fractal texture analysis algorithms used.
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Figure 5.12: Thrombus data array format for fractal texture analysis algorithms used.
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5.6.1 Results; vessel wall and thrombus

Figures 5.13 and 5.14 show the results obtained using the fractal texture analysis algorithms

shown in Figures 5.9 and 5.10 to analyse the vessel wall and thrombus data.
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Figure 5.13: Vessel wall analysis using fractal techniques.
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Figure 5.14: Thrombus analysis using fractal techniques.
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5.6.2 Discussion of vessel wall results

The principle objective of using fractal based textural features was to obtain a more concise
and accurate way of describing the texture of ROIs and, consequently, a more quantitative
measure of tissue composition. From the results presented in Figure 5.13 it is clear that the
fractal approach has fulfilled at least one of its objectives, in being concise, as only one figure

describes the results of the analysis.

An interesting observation of Figure 5.13 is the incidence of Ca and DFT in the same cluster.
More often than not they are grouped together; an observation reflected in the statistical texture
analysis results of Chapter 4. Furthermore, all but one sample of MiCa is grouped in clusters
containing DFT alone, or Ca and DFT together. The arrangement of LFT and MFT, which
appeared to be grouped together in a number of occasions in the results presented in Chapter 4,
is not so apparent in the fractal results presented here. However, it does occur with the major
arrangement of MF'T where a considerable quantity of LFT lies within the same cluster. The
placement of Lipid and LiPool within cluster 0 of Figure 5.13 is reflected in the observations of

these groups in the statistical texture analysis results presented in Chapter 4.

Thus, the grouping of the data into the major plaque constituents, observed from the results
of Chapter 4, is appearing in the fractal results. This finding is noteworthy since the fractal
analysis algorithm employed uses less features than the statistical techniques to describe the
texture of ROIs. To explore the grouping characteristic further, the seven tissue sub-groups
used in the analysis were reorganised according to Table 4.3 and the texture analysis algorithm
of Figure 5.9 used again with the number of clusters set to three. Figure 5.15 shows the result
obtained from this analysis. It highlights the failure of the approach to distinguish FT and
Lipid. This has serious clinical implications since both have unique compositions and require
different treatment strategies. However, more encouraging from Figure 5.15 is that a large
proportion of Ca has been differentiated. This observation was also noted in the discussion of
Chapter 4 for the statistical texture analysis results. The large organisation of FT and Lipid
within the same cluster in Figure 5.15 was not observed however, in the results of the regrouping

in the last chapter.

The affect of the radial position of the IVUS transducer was investigated, in the same manner
as in Chapter 4, to determine any relationship between ROI classification and catheter position.
As with previous observations it was found that the position of the transducer did not affect
the cluster constituents. However, this analysis is subject to the limitations discussed in section

4.5.3.

Even with so few features in the fractal analysis algorithm, there is still the possibility that

certain features may not respond to the diverse compositions of the tissue sub-groups invest-
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Figure 5.15: Vessel wall analysis with data regrouped into the major plaque constituents and
assessed by fractal techniques.

igated in this work. With only four features used in this analysis, simple feature selection can
be performed based on observing the feature variation throughout the tissue samples investig-
ated. Figures 5.16 to 5.19 show the variation of the individual features used with tissue sample.
From Figure 5.17 it is clear that the fractal dimension calculated using the frequency domain
approach does not respond well to structural variations between LFT, LiPool and Lipid. Simil-
arly, in samples from the same groups, the standard box-counting dimension remains at a fairly
constant value indicating that it is unable to detect subtle changes within these distinct groups.
To determine the overall affect of these features on the classification performance and accuracy,
they were removed from the analysis algorithm. The result of doing this, and so using features
which appear to be more responsive to tissue composition changes, is shown in Figure 5.20 for

the discrimination of the seven distinct atherosclerotic plaque groups.

It is apparent from Figure 5.20, that the algorithm is not capable of effectively discriminating
Lipid, and indeed LiPool. This is unquestionable from the incidence of Lipid in significant
quantities in almost all of the clusters. The presence of Lipid in this manner acts almost like an
‘offset” within each cluster. Treating the major Lipid group including LiPool, in a hypothetical
sense as an offset within each cluster, there does appear to be signs of samples being grouped
into concentrations of the three main plaque groups. This is particularly distinct in clusters 0
to 4 which, in some cases, have only minor occurrences of samples outwith the major plaque

group represented in the cluster.
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Figure 5.20: Vessel wall analysis using two fractal techniques.
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To further investigate the obvious shortcoming of the algorithm to distinguish Lipid and LiPool,
and the way that it groups Ca, MiCa and DFT together and MFT with LFT, the Lipid and
LLiPool samples were removed from the data set. The classification procedure shown in Figure
5.9 was repeated with the remaining data grouped into the major plaque groups shown in Table
4.3. With Lipid and LiPool removed, this reduced the number of major groups to two, Ca and
FT. The result of using the modified version of the analysis algorithm is shown in Figure 5.21.
It is clear that there is a large amount of distinction between Ca and FT, shown by 46% of all
FT samples being assembled on their own in cluster 0. However, the remainder of FT samples

are grouped with Ca; an undesirable result.
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Figure 5.21: Vessel wall analysis using two fractal features for data regrouped into the major
plaque constituents and Lipid removed.

Although far from ideal, the results do show the emergence of patterns in the data by eliminating
the features which appear to have limited aptitude for this application. In particular, the results
strengthen the assertion presented in Chapter 4 that there is a much broader grouping visible
using this form of analysis. It has also been shown that the selection of certain features improves
the classification accuracy of the approach. Therefore, it would seem appropriate that the best
discrimination of atherosclerotic plaque be carried out by a technique which takes into account
all of the available information on ROT constituents, in the form of features, and selects the best
combination of features to provide the optimal set for discrimination of individual sub-groups.
Clearly, such an approach could employ features from both fractal (Chapter 5) and statistical
texture analysis (Chapter 4).

It is clear from Figure 5.16 that there is a large similarity in the box-counting dimension

produced for the different tissue sub-groups studied. This isindeed one of the difficulties in using
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this technique here since it 1s unlikely that the box sizes used contain, at the macroscopic level,
information able to highlight the self-similar structure of the tissue sub-groups. Tt would also
appear that the self-similar structure of IVUS image data is more apparent when treating ROIs
as 3D surfaces rather than 2D images. This is highlighted in the performance of the Brownian
motion technique (Figure 5.18). The advantage of using the new box-counting approach is
clear from Figure 5.19. This approach, with its ability to consider the texture content within
individual boxes, considers the information at a higher level than the normal box-counting

technique.

One of the difficulties of using fractal based measures on real-world data such as medical images,
is that the surface representation of a medical image is not a true fractal. That is, medical image
surfaces do not have a constant fractal dimension over all scales [90]. This suggests that it may
be a somewhat ambitious approach to attempt classification of medical image surfaces by a
single dimension, since the fractal dimension value obtained is clearly dependent upon the
choice of scales used to obtain the measurement. Nevertheless, the results have shown in their
limited amount of discrimination, that it is possible to classify to a certain degree, certain tissue

sub-groups.

5.6.3 Discussion of thrombus results

The assessment of coronary artery thrombosis using the fractal techniques, accents the obser-
vation made in previous work [58] and Chapter 4 of being able to strongly discriminate PL and
RT. This is evident from Figure 5.14 which shows all of the PL samples within the same cluster
and 77% of all RT samples within a single cluster. However, Figure 5.14 also shows that within
the significant groupings of RT and PL, there are notable traces of W'T'. This is also expressed
in the findings reported in [58] and Chapter 4.

The ability of the fractal texture analysis techniques to reproduce, and possibly better, the
results observed using the statistical based approaches to discriminate clot composition [58,72],
is a favourable result since the fractal techniques use only four features. Considering, as before
in the vessel wall results, the scattering of individual features with clot samples to determine
the features responding best to differences in clot composition, it was found that the novel
box-counting and Hurst exponent techniques showed more varied distributions between sample
groups. This is clear from Figures 5.22 to 5.25. The texture analysis algorithm shown in Figure
5.10 was used with two features, the Hurst exponent and new box-counting dimension. The
result of using these features which appear to be more responsive to clot composition is shown

in Figure 5.26.
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The outcome of this selectiveness is that the discrimination between the sub-groups studied is
poorer than in the former case using four features. With the two features there is no observable
discrimination between WT and RT. In the scattering observed in Figures 5.24 and 5.25 for the
features selected to form Figure 5.26, there does appear to be unique fluctuations in the feature
values for WT and RT. It would seem that the K-means algorithm is incapable of detecting
these subtleties. A large proportion of the PL samples have been organised together in cluster
0 indicating that the grouping function established by the K-means algorithm is sensitive to

this group.

The assessment of the feature values for the fractal texture analysis of clot composition using the
K-means algorithm is extremely valuable. The K-means approach performs the classification
without the aid of a training set and without a priori knowledge of the data. This is imperative
in this work due to the limited amount of suitable in vitro data available. Also, the K-means
algorithm uses the Euclidean distance of the class labels to establish the decision boundaries
which, with the limited amount of data available, may be sub-optimal. Thus, the experimental
techniques, and subsequently the results, would be improved with the availability of a much

larger data set.
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Figure 5.26: Thrombus analysis using two fractal features.

5.7 Conclusions

The fractal nature, and in particular the self-similarity of IVUS RF data, has been examined in
this chapter. The results presented show the ability of a new, and some existing, fractal based

analysis techniques to discriminate between the tissue groups studied.

From the results shown for the vessel wall analysis, it is difficult to make comparisons with
the vessel wall results presented in Chapter 4 due to the large amount of uncertainty in the
contents of some of the clusters. However, from the thrombus results, there would appear to
be similarities, or perhaps an improvement, compared to the results obtained by the techniques
of Chapter 4. This result is important from an engineering and clinical standpoint since the
treatment of IVUS RF data using fractal based approaches is computationally less expensive
than the statistical based techniques of Chapter 4. This suggests that to develop a real-time

tissue characterisation scheme the fractal techniques may prove more efficient.
The difficulty of characterising the data by a single fractal measure was discussed. Due to the

fact that in this data, and indeed all medical image data, the surfaces studied are not perfect

fractal surfaces, in future work a multifractal approach would perhaps give better classification.
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Chapter 6

Feature Selection, Reduction

and Classification

6.1 Introduction

In the results presented in Chapters 4 and 5, the features obtained were used in their totality to
identify distinct tissue sub-groups. That is, no attempt was made to remove heavily correlated
features or those containing no significant descriptive information. A reduction in the number of
features would not only reduce the cost of recognition, but may also provide better classification

accuracy [92].

6.2 Efficient texture analysis of IVUS data

The accurate identification of coronary artery plaque in vivo is very desirable during coronary
artery catheterisation with IVUS. To date, there is no system available which aids the clinician
in prognosis during such investigations. A device offering such clinical assistance would have
to be supremely accurate and efficient. This implies that in a tissue characterisation scheme,

such as the one presented herein, only those features significantly identifying tissue sub-groups

should be used.

A system having to meet this type of specification is typical of the kind commonly found in
pattern recognition problems, where using a set of training data the system is taught how to
recognise specific properties from the feature values. However, in the work herein there was a
lack of post-mortem coronary arteries, with confirmed histologic properties, which would allow
for a training and test data set. In this provisional work, the pattern recognition problem has
been modified to assess the suitability of statistical and fractal textural features to identify
coronary artery disease. The algorithms used to extract the most useful textural features are

shown in Figures 6.4 and 6.5 for the vessel wall and thrombus data sets respectively. The main
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elements of interest in these algorithms, feature selection and classification, are discussed in

this chapter.

Feature selection is used to select a subset of s, features from a given set of p features, s, < p,
without significant degradation in the performance of the recognition system. In the texture
analysis algorithm proposed, feature selection was performed using classical sequential search
algorithms [93], to generate a subset of features from the total pool of all those available. The
chosen subset is composed of the most relevant set of features which eliminates redundant
information and reduces the dimensionality of the problem. In particular the well known SFS
technique, and its backward counterpart SBS, were used to obtain subsets of features in a

straightforward manner.

To partition the collection of features belonging to tissue samples into classes of similar obser-
vations, K-means clustering was used. Ideally, with the optimal feature set describing distinct
tissue sub-groups, each output cluster should contain samples from only one specific sub-group.
However, it is clear from the results presented in this chapter that this is not the case. This is

the subject of discussion in section 6.5.2.

Prior to the reduction in the number of features describing the sub-groups studied, the per-
formance of the texture analysis algorithm was investigated using the complete set of available
features. This allowed comparisons to be made between the level of classification achieved with

all of the available features, and the reduced set obtained by sequential searching.

6.3 Feature selection

The principle of feature selection is to take a set of candidate features and select a subset of
features which retain most of the information needed for pattern classification [94] [95] [96]. In
some cases it is possible to derive a subset of features which forfeit none of the information
needed for classification. Such a subset of features is referred to as an optimal set and results
in no increase in the minimum probability of error, when a Bayes’ decision rule is applied in

both the observation and the subset space.

6.3.1 Sequential forward search algorithm

The SFS algorithm [93] is illustrated in Figure 6.1 for a set of four input features denoted by
1,2,3 and 4. It is a simple bottom up search procedure where the measurement added to the
feature subset is the one which gives the largest value of the selection criterion function J. This

function is a measure of the system’s performance in recognising distinct classes.
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The search procedure begins by consideration of all the variables independently and selects the
one for which J is a maximum. One additional feature is added to the set at each successive
stage of the algorithm on the basis that the feature chosen gives the greatest value of J. More

formally, the algorithm can be described as shown below Figure 6.1.

One of the obvious disadvantages of the SFS approach is that it may suffer from nesting. That
is, the already selected features determine the course of the remaining selection process, as once
an attribute is included in the feature subset, it cannot be removed. This has noticeable hazards
since after further iterations the attribute may become superfluous. Another inconvenience of
this technique is in the case of two feature variables which alone provide little discrimination,
but together are very effective, the SFS algorithm may never detect this combination since
either feature alone would never be selected. To overcome this problem it is useful to start with
the full set of available features and eliminate them one at a time. This is called sequential
backward elimination and the algorithm used to select features in this way is the SBS technique.

This is discussed next in section 6.3.2.

6.3.2 Sequential backward search algorithm

The technique adopted for SBS is illustrated for the case of four features in Figure 6.2. A
formal description of the algorithm is given below this figure. In this approach, one feature is
selected from the set at each stage. The feature chosen to be removed is that which gives the
smallest reduction in the value of the selection criterion. In general, the SBS algorithm requires
more computation than its forward counterpart SFS, since initially it considers the number of
features in the complete set as forming the subset. However, one of the benefits of this approach
is that it provides a measure of the maximum achievable class separability with the given set
of measurements, s,. This can be used to assess the error incurred by the feature selection
process. Although overcoming some of the difficulties discussed, the feature subset provided by
SBS is not guaranteed to be optimal and, similar to the SF'S approach suffers from nesting, as

once selected, features cannot be discarded.

Despite being computationally more expensive than its forward selection counterpart, the SBS
algorithm has comparable performance to the SFS approach [95]. The SFS and SBS techniques,
even with their drawbacks, are practical techniques for reducing the dimensionality of real-world
pattern recognition problems [97]. This is because they take into account the probabilistic
characteristics of the features as well as the specific properties of the classification algorithm.
An important element of the sequential techniques discussed is the criterion function chosen as
this measures the validity of the feature set selected. In this work the Mahalanobis distance
function was used to select the best features by assessment of the system’s performance between

classes. This is discussed next, in section 6.3.3.
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Figure 6.1: Sequential forward search algorithm with four inputs.
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Figure 6.2: Sequential backward search algorithm with four inputs.
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s, is the requested ordered feature set.
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6.3.3 Feature selection criterion function

The search for the best, but not necessarily the optimal, subset of features is driven by a certain
measure of performance. This measure, the criterion function, assesses the validity of each
feature subset selected. It will choose those features which separate well the class conditional
probability density functions of the texture sub-groups studied. Features that cause a minimal
overlapping of the classes or tissue sub-groups are good for selection, however, those that cause

a high overlapping are not suitable for selection.

To estimate the separability of the class conditional probability density functions, the Ma-
halanobis distance measure was used [98]. Tn assessing the distance between two multivariate
populations, this measure takes into account the correlations between variables. Here, the pop-
ulations studied were the atherosclerotic plaque and thrombus groups, and the variables were
the features used to describe the properties of these groups. It follows for ¢ populations of tissue
sub-groups and P variables or features f1, fa, ..., fp, that the Mahalanobis distance taking into

account the correlation between variables is given by,

P P
DL =3 (piri — pirg V" (rsi = p1aj), (6.1)

r=1s=1
where pr; is the mean of the rth variable in the ith population and v"* is the element in the

rth row and sth column of the inverse of the covariance matrix for the P variables.

6.4 Cluster analysis

The general clustering problem is one of identifying groups of points that are similar according
to some sense of similarity. Unlike the problem herein where the number of classes or tissue sub-
groups is known, in the common clustering problem the classes of all the available patterns may
be unknown. The K-means algorithm [94] belongs to the collection of multivariate methods
used for classifying or clustering data. The algorithm was used in this work to cluster the

feature data from distinct tissue sub-groups. Tt is discussed next, in section 6.4.1.

6.4.1 K-means clustering

The K-means algorithm performs classification without the aid of a training set and without
a priori knowledge of the data being examined, thus it creates a completely unsupervised
approach to the solution of the classification problem. The algorithm starts with a partition
of the observations or cases into clusters. At each step the algorithm moves a case from one

cluster to another if the move will increase the overall similarity within clusters. The algorithm
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ceases when the similarity within clusters can no longer be increased. The similarity is defined

according to an optimisation procedure.

Assuming that the number of clusters N, is known at the start of the problem, as in this work,
then the technique used for clustering may be defined as follows. The set of samples {y(*)} to
be classified is denoted by Y and the ordered set of class labels; wi,ws,...,wn, to be assigned
to the samples is denoted by §2. If there are N samplesin Y, then §2 will contain N labels and
2(") will denote the set of class labels at the rth iteration. The optimality of the classification
is measured through the criterion function J(Y', 2), which assumes that the classification of
the samples is optimal when J(Y, §2) is minimised. The general optimisation procedure may

be written as,

(i). Choose an initial classification of the samples 2 and evaluate the corresponding cri-

terion function J(Y, £2).
(ii). Alter the classification such that the criterion function J(Y', §2) decreases.

(iii). If it is not possible to decrease J then stop; else go to step (ii).

The success of the algorithm very much depends upon the form of the criterion function and the
way in which the classification is altered in step (ii) of the procedure. The K-means algorithm
uses the Euclidean distance of the samples to form the similarity measure, from which the

criterion function J(Y', §2) is defined as,

N, n
=3 3

k=1 y(l)ka

2
| (6.2)
where the second summation term is over all samples in the kth cluster and g, is the centre
of the cluster. For a fixed set of samples and class assignments, J is minimised by choosing
py, to be the sample mean of the kth cluster. With g, fixed, the criterion function J(Y', §2) is

minimised by selecting the class of y(*) as the class of the cluster with the nearest mean. The

main elements of the algorithm are shown in Figure 6.3.

At each step the K-means algorithm finds a partition whose error is a local minimum. That is,
a partition whose error cannot be decreased by moving just one case to another cluster. The
algorithm does not attempt a search for the absolute minimum because such a search would be

much too time consuming for general applicability.
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Figure 6.3: K-means clustering algorithm.

6.5 Plaque identification from IVUS: a compound ap-

proach

So far, the findings of this work have been based upon using all of the available textural features
relating to atherosclerotic disease composition to identify distinct pathological groups from raw
RF TVUS data. No attempt was made in Chapters 4 and 5 to dispense with textural features

showing repeated information or containing no significant descriptive information.

Using the feature selection techniques discussed to reduce the dimensionality of the features
set required and the K-means clustering algorithm to perform unsupervised classification of
the features, an efficient texture analysis algorithm was developed. This algorithm selects,
from the pool of available features, those having the best descriptive ability. Clearly, the
benefits of this are twofold. Firstly, establishment of those features which respond well to
changes in atherosclerotic plaque and thrombus composition would have notable computational
benefits. Secondly, reducing the redundant information may also provide better classification
accuracy [92]. The efficient texture analysis algorithms used for the classification of vessel wall

and thrombus data are shown in Figures 6.4 and 6.5 respectively.
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6.5.1 The results from application of the compound algorithm

To comment on the performance of the compound textural analysis algorithm proposed it was
necessary to establish the classification accuracy achievable, prior to a reduction in the number
of features. Therefore, K-means clustering was used to take all of the available features on
atherosclerotic plaque and thrombus groups and establish the level of classification achievable
with this, the maximum amount of information available. This was equivalent to removing the
feature selection block in Figures 6.4 and 6.5 and connecting the features calculated directly
to the K-means algorithm. Figures 6.6 and 6.7 show the results of using all of the available

features on the vessel wall and thrombus data respectively.

The compound texture analysis algorithms shown in Figures 6.4 and 6.5 were used with the
SFS and SBS techniques described earlier in sections 6.3.1 and 6.3.2 respectively. Tables 6.1 to
6.4 show the five! best features indicated by the SFS and SBS feature reduction strategies on
the vessel wall and thrombus data sets. Following K-means clustering of the features identified
by the SFS and SBS algorithms, the results shown in Figures 6.8 to 6.11 were obtained. Figures
6.8 and 6.9 show the results of selecting the five best features to describe atherosclerotic plaque
composition by SFS and SBS techniques. Figures 6.10 and 6.11 show the results of selecting
the five best features to describe thrombus composition by the SFS and SBS approaches.

1
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Figure 6.4: Texture analysis algorithm used for statistical and fractal texture analysis of vessel
wall data. Where n = 7 corresponding to: Ca; DFT; MFT; LFT; MiCa; LiPool
and Lipid.

1This value was selected based upon observations noted in previous work [72].
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| Reduction technique | Data | Feature number | Feature group |
SFS vessel wall fs GTSDM
SFS vessel wall fis GTSDM
SFS vessel wall f3 FOS
SFS vessel wall faz GTRLM
SFS vessel wall fs FOS

Table 6.1: The 5 features selected by the SFS algorithm on the vessel wall data.

| Reduction technique | Data | Feature number | Feature group |
SBS vessel wall f1 FOS
SBS vessel wall fe FOS
SBS vessel wall fa2 NGTDM
SBS vessel wall f11 GTSDM
SBS vessel wall f55 FRACTAL

Table 6.2: The 5 features selected by the SBS algorithm on the vessel wall data.

| Reduction technique | Data | Feature number | Feature group |
SFS thrombus Saz GTRLM
SFS thrombus Sao GTRLM
SFS thrombus fa FOS
SFS thrombus fr FOS
SFS thrombus fa FOS

Table 6.3: The 5 features selected by the SFS algorithm on the thrombus data.

| Reduction technique | Data | Feature number | Feature group |
SBS thrombus fr FOS
SBS thrombus f1o GTSDM
SBS thrombus f11 GTSDM
SBS thrombus fis GTSDM
SBS thrombus fir GTSDM

Table 6.4: The 5 features selected by the SBS algorithm on the thrombus data.

90



Chapter 6 : Feature Selection, Reduction and Classification

1 ; input =55 "
FOS | features i
- |
GTSDM | , | |
L cl ugxer 0
Thrombus NGTDM 5
White — Feature | K-means
Red RING 10 Selection ! Clustering 3
Plasma 1 : :
WEDGE i i i
10 ! | |
1 : clusier n
GTRLM | _ | |
o |
FRACTAL| | |output<55
4. features

Figure 6.5: Texture analysis algorithm used for statistical and fractal texture analysis of
thrombus data. Where n = 3 corresponding to: WT; RT and PL.

6.5.2 Discussion and analysis of results

The design of the compound classification system was based on using five textural features
describing completely, the composition of atherosclerotic plaque and thrombus, in diseased
coronary arteries. This reduction in the level of complexity diminishes the curse of dimension-
ality and its action on the K-means classifier. Using a classification system such as this, with

few textural attributes, is analogous to real-life classification problems [93].

The result of using all of the available features to describe the seven atherosclerotic plaque
groups studied is shown in Figure 6.6. There would appear to be no significant improvement in
classification using all of the available features than using only those from distinct generating
mechanisms such as FOS, NGTDM etc., shown in Figures 4.11 to 4.16. Furthermore, the
observation noted in the application of the statistical texture analysis features independently
(see section 4.5.3), that DFT and Ca appear to be indistinguishable due to their histological
compositions, is not so evident. However, as previously observed in Figures 4.11 to 4.16, there
are large concentrations of MFT and LFT within a single cluster and Lipid and LiPool within

a single cluster.

Using all of the available features to describe the composition of thrombus produced the res-
ults shown in Figure 6.7. Here it is possible to significantly discriminate PL. and RT, and a
considerable degree of discrimination is evident between PL and WT. However, the perform-
ance with the maximum number of features is poorer in the separation of WT from RT. These
observations are reflected in work previously reported [58], and in the results and discussion of

previous chapters.
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Figure 6.6: All features used in the analysis of the vessel wall data.
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Figure 6.7: All features used in the analysis of the thrombus data.
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Figure 6.8: Result of using SFS reduction on the vessel wall data.
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Figure 6.9: Result of using SBS reduction on the vessel wall data.
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Figure 6.10: Result of using SFS reduction on the thrombus data.
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Figure 6.11: Result of using SBS reduction on the thrombus data.
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Figure 6.8 shows the result of using SFS reduction on the ensemble of textural features describing
the vessel wall data and classifying the selected features, as before, using K-means clustering.
Of the grouping arrangements observed, the most noteworthy is that of Ca, DFT and MiCa
in cluster 2. The fact that the algorithm is capable of identifying a significant incidence of
these sub-groups and organising them within a single cluster, with no samples from any other
groups present, is clinically significant. The reason for this is that each of these groups have
a high density of collagen which accounts for their appearance as highly echogenic regions in
scan-converted IVUS images. The fact that these groups can be identified significantly within
a single cluster supports the observation made in previous chapters, that there is a broader
grouping of the data taking place of the form shown in Table 4.3. This particular observation
in the grouping is also observed in the results obtained for SBS reduction on the complete set
of available features describing the vessel wall data. This is shown in Figure 6.9 and, although
slightly discredited by the presence of a Lipid sample in cluster 3, there are still significant
quantities of the aforementioned groups to support the earlier comments on the significance of

this observation.

The other observations which led in Chapter 4 to the regrouping of the seven atherosclerotic
plaque groups, are not so obvious from the results produced by the SFS and SBS reduction on
the vessel wall data. Nevertheless, using the reduced feature set, the textural analysis procedure
shown in Figure 6.4 was used to investigate the discrimination possible between the three major
plaque groups with the data reorganised according to Table 4.3. The results obtained from this
analysis are shown in Figures 6.12 and 6.13. With the exception of the definite appearance of
all of the sub-groups forming the major plaque group Ca within the same cluster, the results
obtained do seem disappointing. No single cluster in Figure 6.12 for the SFS, and Figure 6.13

for the SBS results, contain a significant number of samples belonging to only one major plaque

group.

The classification accuracy achievable using SFS and SBS reduction on the thrombus data set
is shown in Figures 6.10 and 6.11. In comparison to the earlier results of Figures 4.17 to 4.22
for the statistical texture analysis techniques and Figure 5.14 for the fractal techniques, the
results do not show any marked improvement. It is interesting to note the way in which the
SFS results show all of the RT samples within a single cluster with some samples of WT, and
the PL samples dispersed between two clusters. This is contrary to the SBS results which show
all but one of the PL. samples within a single cluster also containing some WT, and the RT and
WT samples split between clusters. This highlights the sensitivity of the final classification to
the features chosen and shows that there is no guarantee that the more sophisticated suboptimal
SBS procedure increases the likelihood of obtaining better features to describe the thrombus

groups studied [93].
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Figure 6.12: SFS reduction and classification into the 3 major plaque constituents.
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Figure 6.13: SBS reduction and classification into the 3 major plaque constituents.
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One feature highlighted by both the SFS and SBS techniques as having significant discriminative
ability in the thrombus analysis is f7, the FOS measure of entropy. With a full awareness of
the implications of suboptimal feature reduction techniques the significance of this result was
investigated. The variation of f7 in feature space with the other significant features chosen
by the SFS and SBS reduction was examined. Figures 6.14 to 6.21 show the result of using
scatter plots to visually identify the specific clustering properties of f7 with the other features

mentioned [99].

This visualisation mechanism shows the class-specific data for only two features and allows
natural decision boundaries to be inserted by the human observer. It is clear that in almost
all instances it is difficult to clearly identify distinct thrombus groups. For example, in the
scatter plot for f7 against fs shown in Figure 6.17, a large number of RT and W'T samples are
situated as though forming one large group. From the plots the combination of features which
display the most obvious distinction in thrombus groups is f7 against fi7, shown in Figure 6.14.
With such obvious classes visible from the scatter plot of Figure 6.14, f7 and fa7 were used to
describe the thrombus data set completely and applied to the K-means clustering algorithm.

The result of using this combination of features is shown in Figure 6.22.

There is no doubting the implications of the result displayed in Figure 6.22 as the thrombus
groups investigated: W'T; RT; PL, have been significantly discriminated. Clinically, the ability
to separate these groups can contribute to the understanding of the structure of individual
lesions as well as aiding treatment choice. Although not 100% efficient due to the presence of
samples not belonging to the main group within each cluster, the result obtained using this

combination of features is favourable.

Feature f7, the FOS entropy measure, takes its value from the uniformity of the intensity
histogram characterising the ROls being investigated. Feature f47 is from the GTRLM family
which is a measure specifically sensitive to short grey-level runs having the same value in an
ROLI. Tt is no wonder that these features should perform well in discriminating between thrombus
groups, since visually the three clot types investigated appear to have repetitive grey-level
patterns (see Figure 3.8) which favour f47. Also, this repetitive nature of the textural properties
of thrombus composition suit f7, which measures the uniformity of the intensity histogram for
ROIs from each group. Examples of the histograms for WT, RT and PL samples, are shown
in Figures 6.23 to 6.25. One reason why the W'T' samples are difficult to classify may be the
spread of grey-levels within this group. This is displayed in the histogram in Figure 6.23. Tt is
also obvious from visual assessment of WT in IVUS scan-converted images, that this form of

clot shows a reduction in homogeneity compared to RT and PL.
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Figure 6.22: Classification of thrombus groups using f7 and f47.

6.6 Conclusions

The results presented and discussed within this chapter were obtained by selecting, and re-
ducing, the number of features describing the atherosclerotic plaque and thrombus groups in
the data set used. The advantage of this was that features contributing no information, or
those providing duplicate information, were removed from the feature vector. This reduced the
dimensionality of the classification problem and provided better classification accuracy in the

case of the thrombus data analysis; a result of significant clinical value.

An observation noted here, and already in this thesis, was the difficulty in significantly isolating
the atherosclerotic plaque or vessel wall sub-groups. The discrimination of the thrombus groups
studied was significantly better here, than in other chapters, after certain features obtained from
the reduced feature vector were intuitively selected. It is disappointing that the algorithms
used were not fully able to exploit this combination of features which were selected through
knowledge of the data set, however, it does show the power of using features from different

techniques which are sensitive to different attributes of the images studied.

The feature reduction techniques used proved to be useful and were successful in reducing
the complexity of the feature vector. However, as mentioned neither of the approaches are
guaranteed to be optimal and their selection depends largely on the choice of criterion function.
In this work the Mahalanobis distance measure was used as the criterion function. It may be
the case that with more IVUS data available, better estimates of the populations of features
on specific tissue sub-groups may be made, which could lead to more appropriate criterion

functions being used.
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Although the thrombus result shown in Figure 6.22 was drawn from a relatively small data set,
the result is clinically significant due to the level of classification available on the three groups

studied.
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Figure 6.23: Histogram of WT ROI.

250

200

150

100

Occurrence of grey-level

50

0 T
100 200
Intensity level

o
W
8

Figure 6.24: Histogram of RT ROL.

1500

Occurrence of grey-level
=
8
o
I
1

8
T
|

Intensity level

Figure 6.25: Histogram of PI. ROLI.

100



Chapter 7

Conclusions

7.1 Introduction

The objective of the work reported in this thesis was to characterise the clinical manifestations
of coronary artery disease from IVUS. This was carried out by assessing the textural content of
30 MHz RF data obtained from coronary arteries in vitro which were imaged using a modified
HP SONOS imaging system (Hewlett Packard Co., Andover, MA, USA). The complete data
collection protocol is described in Chapter 3. In particular, the textural analysis techniques used
were from statistical and fractal based disciplines. From the textural analysis of specific ROISs,
features were generated relating to specific properties of tissue composition. The performance
of the individual techniques was investigated and reported in Chapters 4 and 5. To remove
extraneous information from the feature vector obtained, feature selection and reduction was
employed. The classification using the reduced and more efficient textural features was reported
in Chapter 6. This chapter reports on the main findings of this approach, the limitations, and

possible areas into which the work could be steered to achieve further classification accuracy.

7.2 Review of the main findings of the thesis

The ability to categorise diseased arterial tissue into distinct pathological groups would contrib-
ute to the understanding of individual lesions, as well as making a significant contribution to
treatment choice. To this end, this work has been successful in identifying distinct compositions
of thrombi, but has proved inefficient in significantly discriminating the atherosclerotic plaque
groups studied. The reasons for this poor performance with the atherosclerotic plaque data are:
the smaller ROI used to assess the composition of plaque in diseased coronary arteries, neces-
sary due to the formation of plaque; and the lack of a significant number of samples belonging
to a single plaque group. Also, in the atherosclerotic plaque analysis, the discrimination was
between seven distinct pathological groups, however, in the thrombi analysis only three distinct

groups were studied.
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Earlier tissue characterisation studies using IVUS have, at best, proved useful in the discrim-
ination of three histologically verified plaque types (section 2.4). Therefore, at the outset of
this work it seemed appropriate to attempt to build on, and improve on, the work reported by
others through consideration of a more comprehensive range of disease groups. Tt is difficult
to make performance comparisons between the approaches of others and the approach adopted
in this thesis, due to the difference in the disease groups studied. However, the observation
noted in the results of Chapters 4, 5 and 6, which was the occurrence of DFT and Ca on a
number of occasions within the same cluster, is reflected in studies attempting discrimination
of these groups in videodensitometric data [51]. The results presented explored the possibility
of a broader grouping of the atherosclerotic plaque groups into groups containing only elements
of the major constituents of plaque: calcium; fibrous; and lipid. The results observed from this
regrouping appeared to have no clinical significance and indeed no pathological origin, since the
pathological divisions in the data have been verified by histology (see Chapter 4). A similar
result was observed in Chapter 6, where feature selection and reduction was employed to obtain
a more efficient set of features describing the tissue sub-groups. Using reduction based upon
SFS and SBS, Figures 6.12 and 6.13 show that no single cluster appears to contain samples
belonging to a single major plaque group. However, using only fractal features, as reported in
Chapter 5, a more encouraging outcome of this regrouping is observed as a large proportion of

Ca was differentiated and placed into a single cluster (Figure 5.15).

The main achievement of this work is undoubtedly the discrimination of RT, WT and PL using
an intuitive selection of the most important features identified by the SFS and SBS approaches
(Figure 6.22). This result demonstrates the power of texture analysis as a tool to identify tissue
sub-groups which, in this instance, is clinically significant due to the central role of thrombus
in acute coronary syndromes. Also of significant notable value is that the results presented in
Chapter 4 were sensitive to higher-order features from the GTRLM method. This is reflected in
the results presented in Chapter 6 as the GTRLM feature fs47 was chosen by feature selection.

This feature is sensitive to short runs in the image of a particular grey-level.

An unavoidable characteristic of TVUS investigations is the distance of the measurement site,
or ROI, from the transducer face. This is often due the eccentric formation of atherosclerotic
plaque within diseased coronary arteries. The influence of the transducer position on the ability
to correctly classify atherosclerotic plaque and thrombus groups was investigated. It was found
for this analysis that the position of the transducer did not affect the classification achievable.
However, since the results were derived from a relatively small representative data set, one
cannot discount the possibility of the transducer position being a factor influencing the correct

detection of tissue composition.
In Chapter 5 a new box-counting approach was demonstrated. This was based upon the combin-

ation of statistical and fractal texture analysis approaches with specific applicability to TVUS.

Not surprisingly, the feature chosen to measure the texture of individual box elements was f7,
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the first-order entropy measure, as this feature was also selected in Chapter 6 as one of the
best features for discrimination of the sub-groups studied. The performance of this algorithm

appeared to be more sensitive than the normal box-counting algorithm used.

The use of feature reduction techniques proved to be very useful in this work and successfully
reduced, in the case of thrombus, the complexity of the feature vector describing the groups
studied. The pattern recognition problem in this work was a supervised classification problem
as at the outset the number of classes being investigated was known. There are advantages
of being able to use a supervised classification scheme, particularly when there is enough data
to form a training and a test set. However, in this work there was a limited amount of data
available, hence the data could not be used to train an algorithm to recognise groups by their

feature values.

7.3 The clinical application of the work

IVUS provides novel insights into understanding vessel wall injury, its consequences and pos-
sible therapeutic strategies. The use of IVUS as a clinical aid in imaging cardiovascular disease
has appreciated substantially the level of diagnostic information available for describing arterial
morphology. While the morphological information available to the clinician 1s a powerful aid
in assisting diagnosis, providing information relating to tissue types within normal and dis-
eased vessels would make a significant contribution to the choice of treatment and reduce the

possibility of inter- and intra-observer error; a hazard of visually assessing IVUS images.

There is a clear indication from the results reported in this thesis that the three clot groups
studied can be significantly discriminated between. This is particularly clear from Figure 6.22.
There are definite clinical implications of this result since the ability to identify distinct masses
of a particular type of thrombi would assist in the treatment of this condition. The approach
adopted in this thesis has focused on in vitro specimens, however, in the future the same
approach could be employed within in vivo situations in an attempt to subjectively identify
dubious masses. Presently there is no such system available to aid the clinician in this way.
However, with significant trials, more confidence could be obtained in the techniques presented

which could aid diagnosis during clinical interventions.

The resolution of any imaging system pertains to its ability to separate the echoes from two
closely partitioned reflectors or tissue interfaces. Parameters extracted from this echo in con-
ventional ultrasound investigations in vivo, provide information on the structure and form of
the tissue from which it was reflected [60]. However, to date, such data has been unavailable in
the TVUS community on the echo magnitude from atherosclerotic plaque and thrombus inter-
faces. This implies that more work has to be done in vitro to obtain a better understanding of

the echo response of individual tissue sub-groups.
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7.4 The future of tissue characterisation with ITVUS

One of the greatest attributes of IVUS imaging is the proximity of the IVUS transducer, and
subsequently the interrogating ultrasound beam,; to the target tissue. Unlike conventional
ultrasound, an TVUS beam does not have to penetrate through large expanses of the human
body to reach the area to be imaged. The clear advantage of the short beam penetration
required for an IVUS investigation implies that there is the potential to image at even higher
frequencies than 30 MHz. Indeed, IVUS imaging has been reported using a scanner operating at
40 MHz [11] and Lockwood et al. have reported an IVUS system operating at 45 MHz to assess
the ultrasonic appearance of muscular and elastic arteries in vitro [100,101]. This increase in
the operational frequency of IVUS imaging systems increases the resolution which undoubtedly
holds the potential for improved tissue classification schemes, lumen edge detection and 3D

reconstruction of IVUS pull-back sequences.

A further advantage of using higher frequencies in the imaging system would be that the
information offered to the clinician, in the form of scan-converted image data, may be suitable
for performing analysis on, without the need to obtain access to the unprocessed RF data. This
suggests that less processing would be required to implement tissue characterisation schemes

in real-time.

The observation that higher-order information present within IVUS images can be readily de-
tected suggests that, in future applications, with higher frequency imaging transducers, higher-
order statistical analysis techniques could be useful to analyse the raw RF data in image and

perhaps in signal form.

To progress with tissue characterisation using IVUS in the manner adopted in this work it is
clear that more data has to be available on distinct tissue sub-groups so that confidence can
be obtained from any statistical inference on the data. This would also allow the use of more

elaborate techniques, such as artificial neural networks, to help in the classification problem.

One of the most significant benefits of applying the techniques used to in vitro data is the
availability of the corresponding histology cross-sections. This provides the right answer as to
the composition of tissue being assessed. The histology allows the microscopic evaluation of
tissue and so provides clues to the ability of the incident ultrasound beam to discern tissue sub-
groups. Therefore, it seems appropriate that with the availability of the histology cross-sections
from post-mortem arteries, that the histology be imaged and analysed to assess the difference
in properties between tissue sub-groups. This may provide further clues to help the scientific

community understand the pathogenesis of atherosclerotic disease; a burden of modern society.
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Appendix A

Ultrasound Imaging Modes

Real-time diagnostic ultrasound images are formed from pulse-echo return signatures. The
basic types of scan configuration which interpret these signatures, and display them on a CRT
screen, can be classified into either A- or B-modes. The most simple of the two is the A-mode,
where a single beam of ultrasound is used to determine the distance between the transducer and
the tissue interface being examined. This is made possible by displaying the magnitude of the
returned echo signal along a horizontal trace. The magnitude of the echo gives an indication
of the surface composition from which it was reflected. The position of the return peak is an
indication of the interface distance from the transducer. B-mode images are constructed from
converted A-mode signals whereby dots are used to represent peaks in the original A-mode
signal. The brightness of the dots is dependent on the amplitude of the original A-mode signal,
where strong echo signals which have a large A-mode amplitude are displayed brightly and weak
echoes, of small A-mode amplitude, are displayed dimly. Figure A.1 shows the production of

A- and B-mode images from the pulse-echo return signatures from various interfaces.

Tissue Interfaces

Transducer —

A-mode

Amplitude
J—

Time-Distance

B-mode

Figure A.1: The production of A- and B-mode images from the reflection of ultrasound from
a biological interface.
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Appendix B

Hilbert Transform

The Hilbert transformer [102] [103], in simple terms, is a phase shifter that shifts by —= /2. For
the signal m(t), the Hilbert transform mj (¢) is found by passing the signal through a transfer
function H(w) = —jsgn(w),

- j= 1e—i™/? w >0,

Hw) = ) B.1
() j= 1ei7/2 w < 0. (B1)

It follows that the magnitude |H(w)| = 1, and the phase (w) = —7/2 for w > 0 and 7/2 for
w < 0, as shown in Figure B.1. Therefore, delaying the phase of every component of m(t) by
—m /2, the resulting signal is my(t), the Hilbert transform of m(t).

'H(w)! 6,(w)

NI

NIA

Figure B.1: Tllustration of the transfer function of an ideal 7/2 phase shifter.
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Appendix C

Bilinear Interpolation

In the geometric transformation of a 2D array, the task is to estimate from the original matrix
Y(j, k), where j varies from 1 to m and k varies from 1 to n, the value at some untabulated
point within the original array [104]. More specifically we seek an estimate of y(x1,z2), where
z1 1s an element of @ of length m, and x4 an element of b of length n. These vectors hold the
intermediate values within a grid square of the array Y (j, k) in which the point(zy, 22) falls.

Thus, the relation of Y (4, k) to the underlying function is,

Y5 k) = yla(d), b(k)) (C.1)

The concept of the grid square within an array is illustrated in Figure C.1. The elements
forming the grid square have been numbered 1 to 4 starting from the lower left corner and

progressing counter-clockwise. For bilinear interpolation on the grid square shown in Figure

o@ ‘®x
X desired point o
(Xl’ Xz)

X

2 (lower)

1 (lower)
1 (upper)

X x

Figure C.1: Illustration of bilinear interpolation in two-dimensions.

C.1, the desired position (21, %2) can be defined more formally in terms of j and k. Tt follows
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Appendix C : Bilinear Interpolation

that,
a(j) € o < a(G+ 1), (C2)
bk) < 22 < bk + 1) (©3)
Defining the following variables,
Y2 EY(j‘I'lak)) (C5)
ys=Y({+Lk+1), (C.6)
=Y k+1), (1)

from which bilinear interpolation in two-dimensions on the square grid is carried out using,

1= (21— a(§)/(ali +1) - a(j), (C.8)

u = (23 = b(k))/(b(k + 1) — b(k)), (C.9)

where ¢ and u each lie in the range 0 to 1 and the estimate of the value at some untabulated

point (21, z2) is given by,

y(zy,za) = (1= 1)1 —w)yy + (1 — u)ys + tuys + (1 — t)uy,. (C.10)
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Appendix D

A Selection of Scan-converted

IVUS images

Here, a selection of scan-converted TVUS images is presented to show the difficulty of TVUS
image interpretation. From such images the clinician has to make a diagnosis. Clearly, this is

not a trivial task.

In scan-converted image interpretation, it is often difficult to determine exactly where a region
of a particular tissue sub-group ends. This is due to the composition of adjacent regions being
similar. In this work the presence of the histological cross-sections helped in establishing the

boundaries between areas of different tissue.
In the images shown, to highlight the formidable task of making partitions of the vessel’s

constituents, no boundaries have been included. It is also clear from Figures D.1 to D.6 that it

is difficult to trace the layers which form the arterial wall.
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Appendix D : A Selection of Scan-converted TVUS images

Figure D.1: IVUS image - Ca. Figure D.2: IVUS image - MiCa.

Figure D.3: TVUS image - DFT. Figure D.4: TVUS image - MFT.

Figure D.5: IVUS image - LFT. Figure D.6: IVUS image - Lipid.
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Appendix D : A Selection of Scan-converted TVUS images

Figure D.7: IVUS image - White. Figure D.8: IVUS image - White.

Figure D.9: IVUS image - Red. Figure D.10: TVUS image - Red.

Figure D.11: TVUS image - Plasma. Figure D.12: TVUS image - Plasma.
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Appendix E

Software

To support the work reported in this thesis, the following software was written and used. The
diskette attached contains the program listings. All of the programs were written in C and IDL
(Research Systems Inc., Boulder, Co, USA). The C code was compiled using gcc and has been

written for Solaris.

E.1 Programs

ROI-wid.pro Widget based program for general display of raw and scan-converted im-
ages. Also performs image processing on the input scan-converted image
(edge detection, sharpening, etc.).

ROI-view.pro This program allows the selection of an ROI from the scan-converted
data. The output is the scan-converted ROT and the corresponding raw
data ROL.

stat-tex.pro Main statistical texture analysis program. Calculates FOS, GTRLM,

NGTDM, GTSDM. Can be used on raw and scan-converted data. Makes
a call to the C code for GTSDM (GTSDM.c).

four-text.pro The texture analysis programs based on calculation of RING and WEDGE
filters in the power spectrum.

box-count.pro Box-counting program.

dist.pro Fractal dimension based on Brownian motion.

freq.pro Fractal dimension in the frequency domain.

new-box.pro New box-counting algorithm.

E.2 Installation

All of the programs have been zipped and tarred into the file called TVUS.tar on the accompa-

nying disk. To install the software onto a Unix based computer,
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e Copy the file IVUS.tar to the working directory.

)

e Untar the source files by typing “tar -xvf IVUS.tar’

e Unzip the source files by typing “gunzip *.gz”

E.3 Usage

All of the source code in “IVUS.tar” has been written specifically for use with the intravascular

RF data collected by the Cardiac Ultrasound Research Group in Edinburgh.

E.4 Disclaimer

The software in “IVUS.tar” is included as reference material only. No responsibility is accepted

for use of the programs, in part or whole, outwith the work presented herein.
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Appendix F

Original Publications

The work documented in this thesis has been reported in the following publications,

e W. H. Nailon, S. McLaughlin, T. Spencer and M. P. Ramo, “Textural analysis of in-
travascular ultrasound images to determine coronary artery histo-pathology”, Proceedings
of The International Workshop on Medical and Biological Signal Processing, pages 151-
156, University of Plymouth, September 1995.

e W. H. Nailon, S. McLaughlin, T. Spencer and M. P. Ramo, “Can statistical texture ana-
lysis of unprocessed intravascular ultrasound signal discriminate red and white thrombi

and plasma 2 7, Circulation, Supplement I, vol. 94(8), pages I - 612, October 1996.

e + W. H. Nailon, S. McLaughlin, T. Spencer and M. P. Ramo, “Comparative study of tez-
tural analysis techniques to characterise tissue from intravascular ultrasound ”, Proceed-
ings of The International Conference on Image Processing (ICIP’96), Lausanne, Switzer-

land, vol. III, pages 303-306, September 1996.

e | W. H. Nailon, S. McLaughlin, T. Spencer and M. P. Ramo, “Intravascular ultrasound

»

image nterpretation 7, Proceedings of The 13th International Conference on Pattern

Recognition (TICPR’96), Vienna, Austria, vol. C, pages 503-507, August 1996.

e | W. H. Nailon, S. McLaughlin, T. Spencer, M. P. Ramo, D. M. Salter, G. R. Sutherland,
K. A. A. Fox and W. N. McDicken “Fractal texture analysis: an aid to tissue characterisa-
tion with intravascular ultrasound ”, Proceedings of The IEEE Engineering in Medicine
and Biology (EMB) 19th Annual International Conference (to be published), Chicago,
USA, October, 1997

i Reprinted in this appendix.
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Appendix F : Original Publications

Paper Submitted:

e W. H. Nailon, S. McLaughlin, T. Spencer, M. P. Ramo, D. M. Salter, G. R. Sutherland,
K. A. A. Fox and W. N. McDicken“Tezture analysis as a diagnostic aid in intravascular

ultrasound tmaging 7, IEEE Transactions on Medical Imaging, 1997.
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Intravascular Ultrasound Image Inter pretation

William H Nailon, Stephen McLaughlin®, Timothy Spencer*, M Pauliina Ramo*,
tThe University of Edinburgh, Dept. of Electrical Eng., Edinburgh EH9 3JL, Scotland, UK,
Tel/Fax +44 [31] 650 5655 / 650 6554. e-mail: whn@ee.ed.ac.uk
Departments of ¥Medical Physics and *Cardiology, Western General Hospital,
Crewe Road South, Edinburgh EH4 2XU, Scotland, UK.

Abstract

In this study, statistical and fractal texture analysis was
used to assess the ability of 30MHz Intravascular Ultra-
sound (IVUS) data, in raw and scan-converted form, to
characterise atherosclerotic plaque. Data from 3 differ-
ent plaque groups was assessed in the study, these were,
loose fibrotic tissue (LFT), dense fibrotic tissue (DFT) and
calcium (CA). The composition of each group was verified
from histo-pathological analysis, providing a Gold Stand-
ard from which results were verified. Scan-converted im-
ages were used to locate 33 regions of interest (ROI) within
areas of known tissue composition. Fractal and Statistical
textural features were computed on ROI data in raw and
scan-converted form. The results show the ability of the
method to discriminate between groups, but in particular,
they highlight the advantage of using the raw data over the
scan-converted data to assess coronary artery disease.

1. Introduction

Currently, one of the leading causes of death in the indus-
trialised world is cardiovascular disease. Diagnostic ultra-
sound has been used extensively over the past two decades
to assess this condition [1]. More recently, IVUS was de-
veloped through a need for more detailed assessment of car-
diovascular disease at the level of the disease process itself.
The unique in vivo assessment of arterial disease offered
by IVUS, through viewing coronary artery interiors, is real-
ised by insertion of a high frequency ultrasound transducer,
incorporated into the tip of a catheter, into the vessel. The
high resolution image information provided by IVUS can be
used to classify arterial plaque in diseased coronary arter-
ies by objective plaque characterisation [4] [5]. The key to
characterising atherosclerotic plaque composition from high

1This study was supported by the Northern and Yorkshire Regional
Health Authority (N.H.S. Executive R&D project: [c8), the EPSRC and
the Royal Society.

123

resolution image information is to investigate the textural
properties of the image, as the texture contains information
on the spatial distribution of tonal variations within ROIs.
Here, two approaches were used to characterise image tex-
ture. These were,

1. Statistical Texture Analysis;

2. Fractal Texture Analysis.
2. Statistical Texture Analysis

Grey-tone spatial dependence matrices [3] were used to
compute meaningful features relating to arterial plaque com-
position, by examining the textural properties contained in
the selected ROIs from the raw and scan-converted data. In
this, a second order statistical analysis technique, each spa-
tial dependence matrix entry is the probability of finding a
pixel which has grey-tone 7 at a distance d and angle  from
a pixel which has grey-tone j. A fundamental premise in
using this conceptual framework for analysing image tex-
ture, is that the image segment to be analysed is rectangular,
containing C;, resolution cells horizontally and C, resolu-
tion cells vertically. This results in horizontal and vertical
spatial domains of,

D, ={1,2,..,C.} Q)

@

Furthermore, to reduce the computation involved, the grey-
tones within a given image segment must be quantised to
have N, grey levels. To derive the texture content con-
tained within a given image segment, it is also essential to
consider each pixel as having eight nearest neighbours con-
nected to it, except at the periphery of the segment. The
neighbours can be grouped into the four categories shown
in Figure 1. We may then assume, that all of the texture
information is contained in the probability density functions
P(i,j : d,6), where each P(i,j : d,8) is the probability

D, ={1,2,..,C,}
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Figure 1. Nearest neighbour resolution cells.

with which two neighbouring pixels, one with grey-tone i
and the other with grey-tone j occur, when separated by a
distance d and an angle #. Such a matrix is a grey-tone spa-
tial dependence matrix, of which there are four in a single
texture data set, corresponding to the four nearest neighbour
categories. More formally, for angle 6 quantised to 45°inter-
vals, the estimated probability density functions are defined
by equations 3, 4, 5 and 6.

P(ivj3 d1 00) = ﬁ {((kv ])v (mv,n)) S (Cy X C”') (3)
x (Cy x Cy) where,
(k—=m=0,l—n|=d)}

P(i,j:d,45°% = § {((k,1),(m,n)) € (Cy x Cz) (4)
x (Cy x Cy) where,
(k—m=d,l—n=-d)
Ol'(k—m:—(],l—n:(l)}

P(i,j:d,90% =t {((k, 1), (m,n)) € (Cy x Cy) (5)
x (Cy x Cy) where,
(Jk=m|=d,1—n=0)}

P(i,j:d,135% = ¢ {((k, 1), (m,n)) € (Cy x Cy) (6)

x (Cy x Cy) where,

(k—m=d,l—n=4d)

Or(k‘ —-m=—dl—n= —d)}
where, in all cases, (k, 1) is the spatial location of the pixel
with grey-tone ¢, (m, n) is the spatial location of the pixel
with grey-tone j and # denotes the number of elements in
the set. A set of 13 local textural features were computed

in the spatial domain from the grey-tone spatial dependence
matrices.
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3. Fractal Texture Analysis

There are many techniques frequently used to describe
the texture of natural surfaces. Fractals have proved use-
ful in describing natural and irregular surfaces by a single
measure [7]. This measure, the fractal dimension, describes
the degree of irregularity in the surface texture. The rougher
or more irregular the structure, the greater its fractal dimen-
sion. Here, we investigate the use of the fractal dimension
as a single measure to characterise atherosclerotic plagque.
To do this, it is essential to construct an intensity surface for
the ROI, from which the fractal dimension may be measured
to provide a measure of image texture. This was achieved
by regarding the pixel intensity I at a point (z,y), as the
height above a plane z. A typical random intensity surface
constructed in this manner is shown in Figure 2.

X

Figure 2. Intensity surface representation.

3.1. Fractional Brownian Motion and the Fractal
Dimension

Fractional Brownian motion, an extension of Brownian
motion, provides a useful model for describing natural ran-
dom fractals [2]. In this estimation concept, the intensity
surface is regarded as a fractional Brownian surface envel-
oped in three dimensional space. The fractal dimension is
found from this method by considering the absolute intens-
ity difference of pixel pairs at different scales. It can be
shown that for a fractional Brownian surface, the following
relationship must be satisfied,

E(1(1) = 1(2) |) < (V(22 = 21) + (12— 91) ) (7)

where, I(1) and I(2) refer to the pixel intensity at two
separate points (z,y), E is the mean and H is the Hurst
coefficient. To simplify, if we write,

Al = (| I(22, y2) — I(21, 1) |) ®)

©

Ar=(\/(z2—21)+ (12— y1))
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E(AInr) o< ArF (10)

where, the fractal dimension D, of such a surface, may be
determined from,

D,=3-H (11)

The first step in estimating D, using this procedure is to
calculate E(AIa,) for various Ar. The next step is to plot
logE(AIay) versus log(Ar). The slope of the best fitting
line through the data from Arpin t0 Arpa. is H over
the chosen range, from which D, can be estimated using
equation (11).

4. In Vitro Data Acquisition

The IVUS data used in this study was obtained from
coronary arteries obtained immediately after post-mortem
examination and imaged within 30 minutes of being dissec-
ted from the heart. The excised vessels were mounted in
a flow phantom for imaging, where physiological pressure
was maintained through closed loop saline injection. The
positions at which the image data was captured were marked
with silk suture for histological analysis, used to verify the
composition of plaque within the ROIs. In total, 33 ROIs
were used in the study, 15 LFT, 10 DFT and 8 CA.

The modified IVUS imaging system used in the study [6],
allowed real-time collection of the raw ultrasound signals,
240 for one complete 360° scan of the transducer from the
radio frequency (RF) output of the Hewlett Packard intravas-
cular machine. Each line of raw ultrasound was captured by
a Tektronix RTD720A real-time digitiser, and sampled with
a sampling period of 4ns with 8 bit vertical resolution. This
resulted in 2048 sample points per line and a scan depth of
~6mm for ¢ = 1540 ms—2.

Once captured, images were formed from the raw data
set of 2048 sample points by 240 lines. From each raw
image, a 512x512 scan-converted image was constructed
for orientation within the vessel and to locate the 33 ROIs.
The ROIs selected were matched with their corresponding
sections in the raw data to form the data set used in the
study. Figure 3 shows a section taken from a digitised
RF data image. Figure 4 shows one of the scan-converted
images used in the analysis with ROIs marked.

sample
points

Figure 3. Raw data section.
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DFT or CA

Figure 4. Scan-converted image.

4.1. Atherosclerotic Plaque Composition

Atherosclerosis involves the formation and deposit of
fatty substances such as cholesterol, cellular waste products,
calciumand fibrin in the inner lining of an artery. Depending
on their composition, atherosclerotic plaques can be identi-
fied using IVUS due to their unique response to ultrasound.
DFT and CA, composed largely of extra-cellular collagen,
have a very similar ultrasound appearance. They are easily
identified by their high echogenicity and shadow in their
wake. This is due to their ability to reflect most of the in-
cident ultrasound as a result of their dense structure. LFT,
composed of collagen fibres forms diffusely in the arterial
wall. Itis identified by I\VUS as echogenic specular regions,
clearly differentiable from blood.

5. Reaults

The statistical and fractal techniques used to assess the
textural properties of the raw and scan-converted data res-
ulted in a large amount of data being generated. Statistical
inference from the data, on the ability of the techniques to
discriminate plaque groups, was carried out by Analysis of
Variance (ANOVA). Tables 1 and 2 summarise the F-values
and their significance (P-value), for the fractal and statist-
ical features computed on the raw and scan-converted data.
Those features obtained from the GTSDM able to discrim-
inate plaque types from the raw and scan-converted data are
shown in Figures 5 to 7, where, only F-values for those
features found to have significance levels less than 5% are
shown. Figure 8 shows the results of using the fractal di-
mension as a single measure to discriminate plaque types
from the raw and scan-converted data. Only F-values found
significant at the 5% significance level are plotted.

Figures 5 and 6 show that it is possible to discrimin-
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ate between LFT and DFT (LFT/DFT), and between LFT
and CA (LFT/CA) using specific features derived from the
GTSDM. However, examining the results more closely high-
lights the significantly better discriminative properties of
features derived from the raw data rather than the scan-
converted data.

Figure 7 shows the limited ability of GTSDM features in
discriminating between DFT and CA (DFT/CA) using the
raw and the scan-converted data. Only 2 features derived
from the raw data and 1 from the scan-converted data hold
discriminative properties.

The effectiveness of using the fractal dimension to dis-
criminate between LFT/DFT and between LFT/CA is shown
in Figure 8. As with the GTSDM features, the performance
of the method was best when working with the raw data,
however, unlike the GTSDM which showed marginal dis-
criminative properties between DFT/CA, the fractal dimen-
sion was unable to partition these groups.

6. Discussion

The results manifest the superiority of using the raw data
to discriminate LFT/DFT and LFT/CA using the proposed
statistical and fractal based texture analysis techniques.
They show the difficulty in differentiating between DFT/CA,
a phenomenon reflected in differentiating DFT/CA from
videodensitometric data.

From the GTSDM raw data results of LFT/DFT and
LFT/CA, itis evident that some of the features used display
redundant information. This is clearly visible in features
f4, f5, f8 and f13, where, f4 is a measure of the ROI vari-
ance; f5 measures the local homogeneity; f8 measures the
degree of randomness and 13 measures the linearity within
the chosen ROI. Since all of these features are related to
the homogeneity of a particular RO, it is not surprising that
they show enormous merit in discriminating LFT from DFT
and CA. This is due to the greater density of collagen in
the latter 2 groups making them homogeneous and account-
ing for their highly echogenic appearance when viewed in
scan-converted form (Figure 4). Feature 7, the sum vari-
ance measure and f9 the entropy measure relating to the
randomness contained in the ROI have small discriminative
power in the raw data between LFT/DFT and none between
LFT/CA. This is due to their dependence on 8, the sum
entropy feature. The small changes in 8 between plaque
groups, provides adequate discrimination when used alone,
however, when linked with f7 and f9 the numerical value
of f8 does not emphasise the discriminative properties of f7
and 9. With these points in mind, it should be possible to
optimise the feature set to reduce the prohibitive amount of
computation involved in finding the GTSDM.

As an instrument for discriminating between groups, the
fractal dimension shows, with the advantage of a single
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measure, that it is capable of equalling the discriminative
power of the GTSDM. However, one of the inherent un-
certainty factors of the chosen technique, is in the choice
of limiting scales for fractal geometry, Ar i, and Arp,qz.
Here, the range was chosen to be equal to the smallest di-
mension, length or width, of the ROI.

The results present good evidence to suggest that the
treatment of the raw RF data in image form, is a more robust
means of quantifying atherosclerotic plaque than analysis
of the scan-converted image data. Undoubtedly, this is due
to the degree of post-processing required on the RF data to
form a scan-converted image, which is essential to identify
ROls.

7. Conclusion

The use of IVUS as a clinical aid in imaging cardiovas-
cular disease has appreciated substantially the level of dia-
gnostic information available for describing arterial mor-
phology. While the morphological information available to
the clinician is a powerful aid in assisting diagnosis, provid-
ing information relating to tissue types within normal and
diseased vessels would make a significant contribution to
the choice of treatment. The techniques proposed in this
study show, through preliminary results, promise towards
the goal of providing the interventional cardiologist with
this aid using the raw data.
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ABSTRACT

Thrombosis of coronary arteries is a condition respons-
ible for many acute coronary syndromes. The ability
to categorise thrombus belonging to distinct patholo-
gical groups, would contribute to the understanding
of the pathophysiologic structure of individual lesions,
as well as making a significant contribution to treat-
ment choice. Here, we investigate the use of statist-
ical texture analysis techniques to assess the ability of
30MHz intravascular ultrasound (TVUS) data, in raw
and scan-converted form, to characterise intracoronary
thrombus. Three clot types were assessed in the study,
these were, red (R), white (W) and plasma (P). Histo-
pathological analysis, the de facto standard in identify-
ing tissue composition, was used to form a Gold Stand-
ard based upon clot composition, from which the res-
ults were verified. The results show the ability of the
texture analysis techniques used to discriminate clot
lesions, and highlights the advantage of using the raw
data over the scan-converted data in assessing throm-
bus composition in vitro.

1. INTRODUCTION

The assessment of coronary artery disease in vitro and
in vivo, to date, is well reported [1]. However, many as-
pects relating to the pathogenesis of vascular lesions re-
mains generally unknown. The unique ability of IVUS
in assessing coronary artery disease at the level of the
disease process itself, offers new information regard-
ing the distribution and pathology of vascular lesions.
This knowledge holds the potential for increasing the
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clinical understanding of vascular disease and is now
well proven in discriminating lesion types in diseased
coronary arteries [1]. Here, IVUS data in raw and
scan-converted form was collected from 3 clot types
imaged at 30MHz. This data was assessed using first
and second order statistical texture analysis techniques
in an attempt to characterise clot composition.

2. STATISTICAL TEXTURE ANALYSIS

Texture is perceived in two-dimensional images as ho-
mogeneous visual patterns which represent the surface
composition being imaged. Since every object has its
own texture, it can be used as a means of characterising
the object. Early psychophysical studies suggest that
the human vision system utilises statistical moments of
the distribution of grey level values for texture recog-
nition. Indeed, this fact is supported in the early work
by Julesz [2], who noticed that in the majority of cases
studied, two textures were only instantly discriminable
if their second order statistics were different. Statist-
ical approaches used to identify texture compute local
features at each point on a textured image and derive a
set of statistics based upon the combination of intens-
ities at specified positions relative to each point on the
image.

3. FIRST-ORDER STATISTICS (FOS)

The occurrence probability P(7) of intensity in an im-
age is the property used to calculate its FOS. In this
technique, the intensity 7 is regarded as a random vari-
able in the range, 0 <7 < G—1, where G is the number
of distinct grey levels in the image. P(7) has the form
of an N-dimensional vector, whose jth component is
the probability that P(j) will have intensity j. Fur-
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thermore, if N (7) is the number of pixels with intensity
¢ and M is the total number of pixels in an image, P(7)
has the form shown in equation 1,

N N()
piy="7. 1)
Simple statistics commonly used to characterise histo-
grams are calculated from P(7) and used to describe im-
age texture. A set of 7 features describing the proper-
ties of the image intensity histograms and consequently
image texture were computed in the spatial domain for

the given data set in this paper.

4. SECOND-ORDER STATISTICS

4.1. Grey-Tone Spatial Dependence
Matrices (GTSDM)

GTSDMs [3] were used to compute meaningful features
relating to thrombus composition, by examining the
textural properties contained in selected regions of in-
terest (ROI) from the raw and scan-converted data.
In this, a second order statistical analysis technique,
the probability of going from grey level i to grey level j
given that the intersample spacing is r and the direction
6, is computed. More explicitly, if o = (r, ) denotes
the intersample spacing, it is the joint probability of the
pairs of grey levels that occur at pairs of points separ-
ated by ¢ which is calculated. If an image has N, grey
levels, the joint probability takes the form of an array
of size Ny X N,, where each entry is the probability of
the pairs of grey levels (7, ) occurring at a separation
o. Here, for a given ROI, 4 arrays or GTSDMs, were
computed for » = 1 and § = 0°,45° 90° and 135°. Tt
is assumed that these arrays contain all of the texture
information present within the image. Figure 1 shows
the elements of a grey-tone spatial dependence matrix
for a simple example image containing 4 grey levels.

Grey Level
0 1 2 3
0 | N(0,0) N(0,1) N(0,2) N(0,3)
Grey 1 | N(1,0) N(L1) N(1,2) N(1,3)
Level ; N(2,0) N(2,1) N(2,2) N(2,3)

N(3,0) N(3,1) N(3,2) N(3,3)
N(i,j) = No. of timesi and j are neighbours.
Figure 1: Grey-tone spatial dependence matriz.

A set of 14 local textural features were computed in
the spatial domain from the GTSDMs.
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4.2. Neighbourhood Grey-Tone Difference
Matrix (NGTDM)

A major disadvantage of GTSDMs, is that the tex-
tural features computed do not have general applicab-
ility, which, for the intended aim, would be very use-
ful due to the variation in tissue properties found in
diseased coronary arteries. Another handicap of using
GTSDMs, is the computation time and implementation
complexity involved. An attempt to overcome these
weaknesses was proposed by Amadasun [4], who de-
veloped textural properties based upon the NGTDM
method, which reflect the mechanism by which hu-
mans discriminate texture. This technique, at least in
theory, should ensure that the features used are more
widely applicable to different types of texture. Five
perceptual attributes of texture are approximated from
this method. These are, coarseness, contrast, busyness,
complexity, and strength of texture. These features are
derived from the NGTDM obtained for a given ROI, in
which the ith entry is a summation of the differences
between all pixels with grey level 7, and the average
grey level of their surrounding neighbours. If 7 is the
grey level at (,y), then the average grey level over a
neighbourhood centered at (z,y) is

d d
T D ie+ny+m) (2)

m=—dn=-—d

1

A=Az, y) = W1

where (m,n) # (0,0), d specifies the neighbourhood
size and W = (2d + 1)2. Tt follows that the i th entry
in the NGTDM is

s(i):{oz“_*‘f'

where, {N} is the set of all pixels having grey-tone ¢,
except in the peripheral regions of width d.

for ie N; if N; #0
otherwise

3)

5. THROMBUS DATA ACQUISITION

The 3 different types of clot studied in this work were
induced by adding 20 units/ml of thrombin to whole
blood to form,

1. Red thrombus, red blood cell count 314x10*2/1;
2. White thrombus, red blood cell count 314x10°/1;
3. Plasma.

In total, 45 ROIs were used in the study, 15 R, 15 W
and 15 P. The modified IVUS imaging system used in
the study [5], allowed real-time collection of the raw ul-
trasound signals, 240 for one complete 360° scan of the
transducer from the radio frequency (RF) output of the
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Hewlett Packard intravascular machine. Each line of
raw ultrasound was captured by a Tektronix RTD720A
real-time digitiser, and sampled with a sampling period
of 4ns with 8 bit vertical resolution. This resulted in
2048 sample points per line and a scan depth of ~6mm
for ¢ = 1540 ms~'. Once captured, images were formed
from the raw data set of 2048 sample points by 240
lines. From each raw image, a 512 x 512 scan-converted
image was constructed for orientation within the clot
and to locate the 45 ROIs. The ROIs selected were
matched with their corresponding sections in the raw
data to form the data set used in the study. Figure 2
shows a section taken from a digitised RF data image.
Figure 3 shows a sample of the scan-converted images
used in the analysis.

sample
points

DI

Figure 2: Raw data section.

Red Thrombus Plasma

White Thrombus

Figure 3: Scan-converted IVUS images.

6. RESULTS AND DISCUSSION

The ability of the techniques to distinguish between
the 3 thrombus groups was assessed using the Analysis
of Variance (ANOVA) procedure. Figures 4 to 9 show
the F-values obtained using the techniques to discrim-
inate between groups for ROI data in raw and scan-
converted form, where the significance level was set at
5% (P-values < 5%). FOS proved useful in discrim-
inating the 3 clot types examined for ROI data in raw
and scan-converted form by inspection of the unique in-
tensity histograms associated with each group (Figures
4,5). However, in situations where the intensity histo-
grams for each disease group are not so distinct, FOS
may prove ineffective in discriminating between them.
The perceptual attributes of texture corresponding to
spatial changes in intensity calculated by the NGTDM
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method were able to discern the 3 clot types more ef-
fectively with the raw data than the scan-converted
data (Figures 6,7). In the results shown in Figures 8
and 9 for GTSDMs, it is clear, as in the case of the
NGTDM method, that the raw data is a superior me-
dium to the scan-converted data for successful discrim-
ination. These results also highlight the ability of the
method to strongly discriminate P and R, an observa-
tion reflected in the NGTDM results.

7. CONCLUSION

The results presented in this work were derived from
a relatively small data set, which makes conclusions
drawn from them difficult. However, it is reasonable to
affirm the benefits of using the raw data as the medium
for discrimination. Only further work in discriminating
between other thrombus and plaque groups will indic-
ate if FOS have the necessary discriminatory ability to
be useful in this area and provide more information on
the general applicability of the NGTDM method re-
ported. The GTSDMs have a well proven track record
in texture discrimination with individual features per-
forming differently for variations in texture. This point
necessitates the need for further trials to optimise the
feature set for a given clot or plaque type.
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I. ABSTRACT

Coronary artery disease is a condition responsible for
many acute coronary syndromes. The ability to categorise
diseased arterial tissue belonging to distinct pathological
groups would contribute to the understanding of the patho-
physiologic structure of individual lesions, as well as mak-
ing a significant contribution to treatment choice. Here, we
investigate the use of fractal texture analysis techniques
to assess the ability of 30MHz intravascular ultrasound
(IVUS) data, in raw form, to characterise intracoronary
disease from samples of: foam cells (FC); foam cells con-
taining lipid (LIP_FC) and loose fibrotic tissue (LFT). His-
tological analysis was used to form a gold standard from
which the results were verified. The results show inad-
equate discrimination of the sub-groups studied but high-
light the need for a less comprehensive list of disease cat-
egories for discrimination with IVUS, where, it would ap-
pear that the resolution limitations of the imaging system
prevent the original sub-groups defined by histological ex-
amination from being observed.

II. INTRODUCTION

Currently, one of the leading causes of death in the in-
dustrialised world is cardiovascular disease [1]. Diagnostic
ultrasound has been used extensively over the past two dec-
ades to study this condition through assessment of coronary
artery disease in vitro and in vivo [2], however, many as-
pects relating to the pathogenesis of vascular lesions remain
unknown. More recently, IVUS was developed through
the need for a more detailed assessment of cardiovascu-
lar disease at the level of the disease process itself. The
unique in vivo assessment of arterial disease offered by
IVUS, through viewing coronary artery interiors, is realised
by the insertion of a high frequency ultrasound transducer,
incorporated into the tip of a catheter, into the vessel. The
new information offered by IVUS regarding the distribu-
tion and pathology of vascular lesions holds the potential
for increasing the clinical understanding of vascular dis-
ease and is now well proven in discriminating lesion types
in diseased coronary arteries using the high resolution im-
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age information which it provides [3]-[4]. From IVUS, the
key to characterising arterial disease is to investigate the
textural properties of the images provided [5], since the
texture contains information on the spatial distribution of
tonal variations within regions of interest (ROI). The use
of texture analysis as a quantitative approach to plaque
characterisation may reduce potential discrepancies inher-
ent in the visual assessment of IVUS images, since visual
diagnosis is in general highly subjective due to inter- and
intra-observer error.

ITI. FracTAL TEXTURE ANALYSIS OF IVUS DaTa

Until the introduction of fractals [6], complex real-world
shapes such as mountains coastlines, trees and clouds, ap-
peared to be completely unordered with no succinct and
accurate way of describing them available. Only primit-
ive shape descriptors such as spheres, cylinders and cubes
have been used in an attempt to describe the morphology
of such natural scenes. These descriptors prove worthless in
attempting to trace the surface detail of typical natural ob-
jects since by their very construction they are smooth which
makes modelling disordered and irregular surfaces very dif-
ficult. However with the introduction of fractals, Mandel-
brot [6] for the first time was able to describe structures
too complex for Euclidean geometry by a single measure.
This measure, the fractal dimension, describes the degree
of irregularity of the surface texture. The rougher or more
irregular the structure, the greater its fractal dimension.
Perhaps one of the best brief definitions of fractal beha-
viour, is that it is the description of seemingly random and
irregular shapes and surfaces, having no apparent order,
through their treatment as entities which have determin-
istic disorder. The deterministic properties of an object are
highlighted through the attributes of fractals. The main
attributes of a fractal object or structure are,

1. The more closely a fractal entity is inspected, the

more detail is revealed;

2. When magnified, the smaller scale structure of a
fractal resembles the larger scale structure. This prop-
erty is referred to as self-similarity;

. There is a lack of any well defined scale of length in a
fractal. This is apparent if we consider measurement
of the outline of a rugged object, where the length of
the object would appear longer, the shorter the ruler
used to make the measurements.

w
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An object is said to be self-similar if it can be decom-
posed into smaller copies of itself. This fundamental fractal
property is, in the real world, observed in two major vari-
ations and leads to the classification of fractals into two dis-
tinct groups. These are, random fractals and deterministic
fractals. An example of a typical random fractal is an ir-
regular coastline structure, often used by Mandelbrot since
it has the same sort of look within certain scaling limits.
Here, loosely speaking, is an example of the self-similarity
term previously mentioned. That is, the coastline has the
same sort of shape when viewed over a range of magnific-
ation factors. The reason for using the word loosely when
speaking about the coastline being self-similar, is that for
every scale that the coastline is viewed at, it will not look
exactly the same as at another scale, but only similar. This
particular feature is common to many classes of real life
random fractals which are not exactly self-similar, and so,
they are referred to as being statistically self-similar,
since between magnification scales the coastline could be
described by some statistical relationship. In contrast, ob-
jects which do not change their appearance when viewed
under arbitrary magnification are termed strictly self-
similar. As such, these are known as deterministic fractals
due to their constancy over a range of magnification scales.

The fractal dimension in its purest form describes the
disorder of an object in a numerical manner, which in a
way, is similar to the description of objects using standard
Euclidean geometry. That is, the higher the dimension the
more complicated the object. However, fractal descriptors
allow the description of objects by non-integer dimensions
as opposed to strictly integer Euclidean dimensions of 1
for a line, 2 for a plane and 3 for a volume. Fractal based
descriptors have been used to model physical and biological
structures and have proven to be essential in attempting to
understand the comprehensive morphology of such forms
from two-dimensional (2D) images of them. Fractal ana-
lysis on representational 2D images can take a different
perspective from the way in which the human visual sys-
tem perceives them, since, the image can be regarded as
a three-dimensional (3D) surface containing texture. Such
a surface is formed by regarding the pixel intensity 7 at
a point (z,y) on the image as the height above a plane
z. A typical random intensity surface constructed in this
manner is shown in Fig. 1.

There are a variety of techniques used to estimate
the fractal dimension of objects. In the work presented
herein, the concept of texture analysis using fractal based
descriptors is introduced through the box-counting dimen-
sion, and extended to more rigorous techniques which util-
ise the concepts of Brownian motion and power spectral
density to determine the fractal dimension of IVUS image
data.

A. Fractal dimension from boz-counting

The box-counting dimension is closely related to the
concept of self-similarity and the self-similarity dimension.
In many cases it has been shown to give the same num-
bers, however, there are subtle differences between them.

Fig. 1. Intensity surface representation of an image.

In cases where a structure is not obviously self-similar, then
it would appear that a measure of this type is worthless.
However, usually there are some scaling properties within
a seemingly wild structure, in which case the box-counting
dimension proposes a systematic way of characterising the
wildness when no self-similarity is apparent. The box-
counting dimension is derived from the self-similarity di-
mension and treats the image as a 2D structure, however,
unlike the box-counting dimension the self-similarity di-
mension can exceed 2 when dealing with structures in a
2D plane. In a given self-similar structure, there is a power
law relation between the reduction factor » and the number
of pieces N into which the structure may be divided. This
law has the form,

NP =1, 1)
taking logarithms of both sides gives,

log N =log 1 —log 72, (2)

log N=—D logr, (3)

log N
b= log 1/r" )

Equation 4 defines the fractal dimension or self-
similarity dimension of an object. From this, the box-
counting method is implemented by placing the structure of
interest onto a grid, which has boxes of size r by r filling up
the complete grid, and counting the number of grid boxes
which contain some of the structure. The total number of
boxes in the grid which contain some of the structure is NV,
where the value of N is dependent upon the choice of the
box size r, and hence it is appropriate to write N(r). The
algorithm continues by altering r to progressively smaller
sizes and counting N(r). The next step is to plot log (1/7)
against log N (r) and to fit a straight line through the data.
The slope of the line is the box-counting dimension for the
structure.
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B. Fractal dimension from Brownian motion

Fractional Brownian motion, an extension of Brownian
motion, provides a useful model for describing natural ran-
dom fractals [7]. In this estimation concept, the image
intensity surface is regarded as a fractional Brownian sur-
face enveloped in 3D space. The fractal dimension is found
from this method by considering the absolute intensity dif-
ference of pixel pairs at different scales. It can be shown
for a fractional Brownian surface that the following rela-
tionship must be satisfied,

E(I() ~1(2) ) o (V{22 =21 + (2 - 1)), (5)

where, I(1) and (2) refer to the pixel intensity at two sep-
arate points, E is the mean and H is the Hurst coefficient.
To simplify,

Ay = (| 1(1) = 1(2) ), (6)
Ar=(/(E2—z)+ (12— yl)), M
E(AIn,) o< AP (©)

where, the fractal dimension D of such a surface, may be
determined from,

D, =3—H. 9)

The first step in estimating D; using this procedure is to
calculate E(AIar) for various Ar. The next step is to plot
log (Ar) against log E(AIar). The slope of the best fitting
line through the data from Arpin to Arpas is H over the
chosen range, from which D, can be estimated using (9).

C. Fractal dimension in the Frequency domain

Since Brownian motion is scale-invariant, its Fourier
transformation should also be scale-invariant. This implies
that the Fourier transformation of Brownian motion should
satisfy appropriate power laws. In the fractal description
of an object, the most basic problem is the measure used to
describe the fractal or local mass density of the object. For
example if the object was an image, then in one-dimension
(1D), the local mass density could be the variation of in-
tensity along a row in the image.
function G(r) is a useful property for characterising ran-
dom fractals since it exploits the self-similarity properties
of fractal like objects [8]. For the example of the image,
G(r) is a quantitative way of describing how the variations
in image intensity I(z) are related at 2 and z + r, where r
is the step size of interest. For a random function in 1D,

G(r) = (I(z)I(z + 1)), (10)

where, (...} denotes the average from a discrete distribu-
tion of points. As G(r) is related to the self-similarity prop-
erties of the fractal structure, there is a power law relation-
ship between the scaling factor r» and the autocorrelation
function of the form,

The autocorrelation

G(r) « riﬂ’ (11)

where, n = D — 1 and is found from the slope of the best
fitting line on the graph of log (1/r) against log G(r). The
Fourier coefficients provide a useful way of calculating the
autocorrelation function. In particular, it is the relation-
ship between the spectral density S(k) to the autocorrel-
ation function by the Wiener-Khinchtine relations which
allows the efficient computation of G(r) from S(k). With
this relation, S(k) and G(r) are related by,

S(k) o /G(r) cos 2m kr dr, (12)

G(r) x /S(k) cos27 kr dk. (13)
The concepts introduced in 1D can be readily extended to
deal with 2D images where G(r) becomes,

G(r) = (I(rz, ry)1(z + 12,y +1y)), (14)
and, r? = r2 + ri. The relationship of (11) still holds in
the 2D case where n = D — 2. Thus, to calculate G(r) on
a 2D image, the first step is to calculate S(k), from which
G(r) can be estimated. From the plot of log (1/r) against
log G(r) the slope 7 of the best fitting line through the
data can be measured to provide an estimate of the fractal
dimension D.

TV. IN ViTRO DATA ACQUISITION

The IVUS catheter used in the study (Boston Scientific
Co., Watertown, MA, USA) was a 3.5 French, 30MHz
mechanically rotated device which was connected to an ul-
trasound imaging console (Hewlett Packard Co., Andover,
MA, USA). The modified IVUS imaging system used, al-
lowed real-time collection of the raw ultrasound signals
from the radio frequency (RF) output of the intravascu-
lar machine. Each line of raw ultrasound was captured by
a Tektronix RTD720A real-time digitiser (Tektronix Inc.,
Beaverton, OR, USA) configured for a complete 360° scan.
Digitisation was performed on each line with a sampling
period of 4ns with 8 bits vertical resolution. This resulted
in 2048 sample points per line and a scan depth of ~6mm
for ¢ = 1540 ms~!. Once captured, images were formed
from the raw data having 2048 sample points by 240 lines,
an example of which is shown in Fig. 2. From each raw
image a 512x512 scan-converted image was constructed for
orientation within the vessel and to locate the ROIs. The
left hand image of Fig. 3 shows a typical scan-converted im-
age with its corresponding histological cross-section shown
on the right. On both portraits, ROIs have been marked
by a clinician.

The IVUS data used in this study was captured from
coronary artery sections obtained post-mortem and moun-
ted in a flow-phantom to facilitate perfusion and imaging.
All of the arteries were imaged within 30 minutes of being
dissected from the heart. Physiological pressure was main-
tained in the sections through closed loop saline injection.
The positions of data capture were marked and sections of
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2048
sample points

DD IR

240 lines

Fig. 2. Raw data section.

Fig. 3. IVUS image and corresponding histology cross-section.

a few mm were cut around each site of interest to allow his-
tological analysis. In total, 39 ROIs made up of 13 samples
of LIP_FC, FC and LFT, were selected from the vessels
and used in the study. The ROI size used to extract raw
data and examine the vessel wall properties was 128 sample
points by 9 lines. This was found to be small enough to fit
within discrete regions of homogeneous tissue.

V. RESULTS AND DISCUSSION

The ability of the fractal techniques used to distinguish
between the 3 tissue sub-groups was assessed using K-
means clustering. This algorithm performs classification
without the aid of a training set and without a priori know-
ledge of the data, thus, it creates a completely unsupervised
approach to the solution of the classification problem. The
main results of the study are shown graphically in Fig. 4,
where ideally, each cluster should contain 13 occurrences
of a particular tissue belonging to a histo-pathological sub-
group. It is clear from Fig. 4, that the techniques used
show no significant power in discriminating between the
tissue sub-groups. However, it would be unreasonable to
conclude with detrimental remarks to the competence of
fractal geometry in this instance, since its failure may well
be due to the small ROI size used for the vessel wall ana-
lysis and the fact that the sub-groups studied, although
histologically distinct, are indistingunishable with the IVUS
imaging system resolution. Perhaps with the introduction
of intravascular imaging systems operating at frequencies
of 45MHz [9] and above, the resolution available from IVUS
will be a step closer to reaching that of the gold standard,
histology, and the small ROI size used, limited by the ex-
panse of the atherosclerotic plaque formation, sufficient for
positive recognition. Also, the K-means algorithm used for
grouping the data measures the Euclidean distance of the
class labels to establish decision boundaries, which with
the limited amount of data used in this study, may be sub-
optimal. Hence, it is clear that in future work a much larger
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Fig. 4. Vessel wall discrimination using 3 fractal features.

data set should be used to optimise the grouping function.

VI. CONCLUSIONS

The preliminary results presented have shown that the
diagnostic potential of fractal analysis is limited in the dis-
crimination of the tissue sub-groups studied. More import-
antly, discriminating LIP_FC and FC using 30MHz IVUS
data would appear to be impractical. This has led to,
in further work, ROIs containing LIP_FC and FC being
treated as a single sub-group.
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