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ABSTRACT
Multispectral fluorescence imaging is a new diagnostic technique with the
potential to provide improved detection and classification of atherosclerotic
disease. This technique involves imaging the fluorescence response of a
tissue region through a tunable band-pass filtering device. The result is a
set of images in which each individual image is composed of the
fluorescence

emission

within

a

specified

band

of

wavelengths.

Multispectral imaging combined with angioscopic technology allows direct
access to important spectral information and spatial attributes providing
the potential for more informed clinical decisions about which, if any,
treatment modality is indicated.

In this dissertation, the system requirements for an angioscopic system with
multispectral imaging capability are identified. This analysis includes a
description of the necessary optical components and their characteristics as
well as the experimental determination of spectral radiance values for the
fluorescence response of human aorta specimens and the estimation of
anticipated signal-to-noise ratios for the spectral images.

Other issues

investigated include the number of spectral images required to provide good
classification potential and the best normalization method to be utilized.
Finally, the potential utility of the information contained within a
multispectral data set is demonstrated.

Two methods of utilizing the

multispectral data are presented. The first method involves generating a
ratio-image from the ratio of the intensities of two spectrally filtered
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images. The second method consists of using histologically verified training
data to train a projector and then applying that projector to a set of spectral
images.

The result (a weighted sum of the spectral images) provides

improved contrast between normal and diseased tissue, and is called an
optimized-contrast image.

White-light images (generated using an

incandescent light source), total-fluorescence images (the fluorescence
response without spectral filtering), ratio-images, and optimized contrast
images are compared. The results indicate that angioscopic fluorescence
imaging appears to be a feasible and potentially useful technique in terms
of providing improved detection of atherosclerotic disease. This technique
warrants further investigation to further define the system requirements
and to evaluate its clinical usefulness including the collection of a more
extensive data set and the development of a prototype system.
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1. INTRODUCTION

Coronary artery disease is the leading cause of mortality in the
industrialized world. In the United States, it is the primary cause of over
500,000 deaths each year.

Over seven million American adults have

symptomatic coronary heart disease, and it continues to be the most
prominent cause of early disability in the American labor force.
Furthermore, it has been estimated that it costs this country over $50
billion per year in economic losses.1,2

Since 1968, there has been a significant decline in mortality rates for
coronary heart disease in the United States as well as in many other
industrialized countries. 3,4 Although the reasons for the decline are not
fully known, a few potential contributing factors have been suggested.
These can generally be divided into two broad groups: (1) changes in
lifestyle due to improved risk factor awareness (smoking cessation, control
of hypertension, dietary modification, etc.) and (2) improved medical
treatment (the development of coronary care units, improved emergency
medical services, cardiopulmonary resuscitation, the availability of new
drugs, advances in surgical and medical techniques including more
extensive use of bypass surgery, and new noninvasive diagnostic techniques
for earlier detection of disease).

The goal of this research has been to

contribute to the body of knowledge of the latter, i.e. to present a new
technique to aid in the diagnosis and treatment of this deadly and societally
costly disease.
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1.1

Atherosclerosis

Atherosclerosis is the underlying cause of many cardiovascular diseases
including

myocardial

infarction

and

cerebrovascular

insufficiency.

Although mortality rates have been declining, atherosclerotic disease is the
number one cause of permanent disability for both men and women, age 40
and older, and it is the number one diagnosis category for days of hospital
care. 2,5 In addition, increases in total population and demographics portend
a rise in the total absolute number of cases of coronary heart disease unless
there are substantive declines in risk factors.6

For these reasons, the

diagnosis and therapy of atherosclerosis are of great significance and
interest.

Risk factors for any disease are identified by establishing a statistical
correlation between the presence of a given factor and the occurrence of a
clinical manifestation of the disease.

However, correlation does not

necessarily imply causation. In the case of atherosclerotic disease, many
risk factors have been identified, and while the causes of the disease are not
fully known, a multifactorial pathogenesis has become widely accepted.
While these factors vary somewhat between populations, the primary and
secondary risk factors generally associated with atherosclerosis are listed in
Table 1.1. Secondary risk factors are factors that are frequently associated
with the incidence of atherosclerotic disease, but are less highly correlated
than primary risk factors.
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Primary risk factors
age
male sex
hypercholesterolemia
hypertension
smoking
diabetes mellitus

Secondary risk factors
genetic predisposition
diet rich in cholesterol and saturated fats
sedentary lifestyle
hYP'3rtriglyceridemia
obesity
inadequate stress management

Table 1.1. The primary and secondary risk factors generally associated with
atherosclerotic disease.

Atherogenesis is a complex and insidious process that is still not fully
understood in terms of either development, progression, or cause. It begins
early in life and proceeds through various stages over many decades.
Atherosclerosis has a predilection for the aorta, the main artery of the body,
and the main arteries supplying blood to the heart, brain, and legs.
Atherosclerosis of the arteries of the heart (the coronaries) is the cause of
myocardial infarction, among other conditions.

Atherosclerosis of the

arteries of the brain is the usual cause of strokes. When the arteries of the
legs become affected, gangrene may develop. Frequently the link between
atherosclerotic stenosis (vessel narrowing) and clinical manifestations of
cardiovascular disease is thrombosis resulting in vessel occlusion. To better
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understand the atherogenic process, it is first important to discuss the
characteristics and structure of normal vessel.

1.1.1 Structure of normal artery wall
Normal artery wall consists of three morphologically distinct layers: intima,
media, and adventitia. The intima (innermost layer) is by far the thinnest
of the three, typically less than 50 11m in thickness in healthy vessel. It is
bounded on the luminal side by a single continuous layer of endothelial cells
and peripherally by the internal elastic lamina, a fenestrated sheet of
elastic fibers.

The endothelium contributes to the maintenance of the

dynamic equilibrium of the vessel wall via three main mechanisms:

(1)

synthesis of metabolically active substances, (2) formulation of an efficient,
selectively permeable barrier to plasma constituents, and (3) formulation of
a thromboresistant surface which prevents platelet adhesion and blood
coagulation. 7

Between these boundaries, extracellular connective tissue

and smooth muscle cells are found. The extent to which smooth muscle cells
and connective tissue are present is directly related to the age of the
subject. The media (middle layer) is the muscular wall of the artery and is
composed of one or more layers of diagonally oriented smooth-muscle cells.
The number of layers depends upon whether the artery is muscular or
elastic in nature. Each layer is bounded by fenestrated sheets of elastic
fibers.

In contrast to the intima, the morphology of the media does not

generally change with age. The adventitia (outermost layer) is a layer of
dense collagenous connective tissue which is separated from the media by
the external elastic lamina, a discontinuous sheet of elastic tissue.
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1.1.2 The lesions of atherosclerosis
The earliest lesions of atherosclerosis manifest themselves as areas of
yellow discoloration known as fatty streaks and can usually be found even
in infants and young children. By the age of 10 years, the fatty streaks
consist principally of lipid-laden macrophages and small, but varying,
numbers of lipid-filled smooth-muscle cells that accumulate as the lesions
increase in size. 8 Fatty streaks cause little or no obstruction and no clinical
symptoms. While the progression is unclear, it is thought that fatty streaks
may remain the same or disappear at some sites, but become the precursor
lesions

that are

converted into

the

advanced

occlusive

form

of

atherosclerosis at other sites. 9

Diffuse intimal thickening is a poorly understood and controversial lesion
which consists of sites of increased numbers of intimal smooth-muscle cells
surrounded by variable amounts of connective tissue.

It is not clear at

present whether these sites represent developmental thickenings or
thickenings due to increased stress on the artery wall which do not progress
to advanced lesions of atherosclerosis.

The advanced lesion of atherosclerosis is generally referred to as a fibrous
plaque.

When the fibrous plaque becomes involved with thrombosis,

hemorrhage, and/or calcification, it is often referred to as a complicated
lesion. The fibrous plaque is the most characteristic lesion of advancing
atherosclerosis. It is grossly grayish-white in appearance and is frequently
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elevated such that it protrudes into the lumen of the artery. If the plaque
becomes sufficiently large, the flow of blood through the vessel can be
compromised. Fibrous plaque consists principally of intimal smooth muscle
cells and macrophages surrounded by collagen, elastic fibers, proteoglycans,
and varying amounts of lipids and is characteristically covered by a fibrous
cap. The smooth muscle cells and macrophages may contain lipids in the
form of cholesterol and cholesteryl esters. Elastic tissue is often seen in the
cap oflarger lesions. 9 ,10

1.1.3 Current diagnostic techniques
Because atherosclerosis has little or no consequences until blood How is
restricted (Figure 1.1), clinical diagnosis is usually made late in the course
of the condition. The most significant application of the research to be
described is the diagnosis of coronary atherosclerosis; however, it has broad
applications in the treatment of all locations of the disease.

I~<-- asymptomati-c--)1

symptomatic

~~

death

anginal

athero';:'Yerosis

1--_ _ _ _-.1

~therosClerosi=_
I-L______
~

Normal

Diseased

Figure 1.1. Development of atherosclerosis. ll

yocardial
infarction

Occluded

) sudden
death
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Reliable diagnosis of coronary atherosclerosis is hindered by the size of the
vessels (typically 1 mm to 4 mm in diameter), their intrathoracic location,
and the fact that they are attached to the heart which is a moving organ.
Most diagnostic techniques are indirect indicators of disease at best. For
instance, in most cases, chest x-rays and fluoroscopic examinations will give
normal results for patients with atherosclerotic coronary artery disease.
Accordingly, these techniques are not very useful prior to the development
of considerable cardiac muscle damage. 12 Sudden death may be the first
clinical manifestation of coronary disease in as many as one-fourth of
patients. In addition, 20% of patients with acute myocardial infarction will
die before reaching a hospital. 13

Consequently, many of the diagnostic and

treatment techniques center upon the end result - angina pectoris or
myocardial infarction rather than upon atherosclerosis itself.

The

discussion that follows is given as a brief enumeration and overview of
currently available diagnostic procedures.

There are a number of indirect methods which may indicate the presence of
atherosclerosis.

The diagnostic first relied upon in cases with clinical

manifestations of the disease is patient history combined with a description
of the symptoms.

Resting and exercise electrocardiography produce a

record of the electrical activity of the heart and is another diagnostic that is
used to assess patients with angina.

However, while it may be useful

during an attack, it may be negative or non-specific at other times and
cannot be relied upon to confirm or detect the presence of coronary artery
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disease. I4 This test is used to confirm the diagnosis of angina, to determine
the severity of limitation of activity due to angina, and to assess prognosis
in patients with known coronary disease. I3

There are two nuclear medicine studies which provide information about
the presence, location, and extent of cardiovascular disease. The first is
thallium-201 scintigraphy, which is frequently used in conjunction with
exercise testing. This test provides a map of the differential accumulation
of the radionuclide within various parts of the heart. The second test is
radionuclide angiography.

This procedure images the left ventricle and

measures its ejection fraction (the percentage of the blood emptied from the
ventricle at the end of a contraction) and wall motion. Neither test is a
direct indicator of atherosclerosis.

Patients with coronary disease may

exhibit a decrease in ejection fraction with exercise. These procedures are
indicated

when

the

resting

electrocardiogram

makes

an

exerCIse

electrocardiogram difficult to interpret, for confirmation of the results of the
exercise electrocardiogram when they are contrary to the clinical
impression, to localize the region of ischemia, to distinguish ischemic from
infarcted myocardium, to assess the completeness of vascularization
following bypass surgery or coronary angioplasty, or as a prognostic
indicator in patients with known coronary disease. I3

Echocardiography is the name given to a group of noninvasive diagnostic
tests that utilize ultrasound to examine the heart. Specifically, information
is recorded in the form of reflected sound waves. All cardiac valves can be
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visualized with this technique, and the dimensions of each ventricle and the
left atrium can be measured as well as abnormal myocardial wall motion
and ejection fraction. Echocardiography, however, cannot give definitive
answers for patients with atherosclerotic coronary heart disease prior to the
development of complications of the disease, and even then it is an indirect
measure. 12 Doppler ultrasound is a technique that is based upon similar
technology; however, it gives a measure of the velocity of blood flow through
a vessel, again an indirect indicator of disease. Intravascular ultrasound is
a new technique currently under investigation.

In this procedure an

ultrasound transducer is placed into an endoscopic catheter. The catheter is
inserted into a vessel to image its morphology. Promising results have been
obtained with this technique, particularly with respect to detecting
calcification.

Magnetic resonance imaging (MRI) and magnetic resonance angiography
(MRA) are two additional noninvasive diagnostic tests.

MRI provides a

comprehensive three-dimensional evaluation of cardiac structure and
function at rest, while MRA provides a measure of blood flow. MRA is not
used in the coronaries because of severe motion. and large background
signal from blood flow within the heart. Currently, its major limitation is
its inability to screen for coronary artery disease. 15

Angiography

IS

currently

the

definitive

diagnostic

procedure

for

establishing the presence, site and severity of coronary artery disease in
living patients. It is an invasive procedure in which a catheter is inserted
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into the vascular system and iodinated contrast agents are injected into the
regions of interest which are then imaged via x-ray. It provides an accurate
map of coronary circulation, including the site, severity, and shape of
stenotic lesions as well as information about the size and quality of the
distal vessel and the presence and importance of collateral channels. 16 It is
indicated for patients being considered for, or who have had, vessel
revascularization because it indicates which revascularization technique is
best for the situation.

It is also used to evaluate the success of

revascularization techniques.

In spite of its invasiveness and the useful

information provided with respect to circulation, angiography is still only an
indirect measure of atherosclerosis. It provides a direct measure of blood
flow, not disease; however, it does give information about the effects of
severe disease by providing information about the location of stenosis.

Most of the techniques discussed above are indirect measures or indicators
of atherosclerotic disease.

In contrast, angioscopic imaging is a direct

method with which the health of an arterial segment may be assessed and
the presence of atherosclerosis may be directly detected. An angioscope is a
specialized endoscopic system designed for the purpose of directly viewing
the cardiovascular system.

There are a number of attributes which

contribute strongly to the detection and classification of disease.

These

include color, texture, growth patterns, and boundary shapes. Angioscopic
imaging has the potential to give specific and detailed information about
these attributes, and therefore, about the type of pathology present,
allowing for more informed clinical decisions about which, if any, treatment
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modality is indicated. For example, one study involving suspected chronic
pulmonary embolic obstruction, an unrelated application, demonstrated the
potential usefulness of direct visualization in diagnostic evaluation.
Following typical diagnostic procedures, angioscopy resulted in diagnostic
changes in four of eight patients studied and was found to more accurately
determine the extent of surgical accessibility.17

In addition, angioscopic imaging, and more specifically fluorescence
angioscopic imaging (discussed below), could be used as a guidance
mechanism in balloon angioplasty procedures to improve the effectiveness
of the treatment or, following treatment, to assess success. One group used
angioscopy immediately following transluminal balloon angioplasty in
patients with arterial occlusion or stenosis of the lower extremity due to
atherosclerosis. They found that postoperative vascular patency could be
predicted based upon angioscopic findings,l8 Two other groups concluded,
after performing preliminary studies upon anesthetized animals and
human cadavers, that angioscopy may be an important adjunct to identify
potential targets and to direct laser ablation of atheroma,l9,2o

Finally,

because it directly images the disease, angioscopic imaging could potentially
help researchers unlock the mysteries of the atherogenic process and
thereby learn how to best prevent its development.

In general, endoscopic technology is well developed, and endoscopic systems
utilizing white-light illumination are currently in use for investigating a
wide variety of bodily functions.

Angioscopic systems are much less
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common, but exist in the research setting none the less. The focus of this
study has been to investigate multispectral fluorescence imaging as a
potential new diagnostic technique to detect and investigate atherosclerotic
disease.

In the next several sections, the general phenomenon of

fluorescence will be introduced followed by a discussion of various studies
that investigated fluorescence spectroscopy as a tool to discriminate normal
from diseased vessel.

Finally, the concepts of fluorescence imaging and

multispectral fluorescence imaging will be introduced. The latter combines
the attributes of angioscopic imaging and fluorescence spectroscopy to
achieve improved detection of disease.

1.2

Fluorescence and fluorescence spectroscopy

On an atomic level, any transition between two energy states requires an
emission or absorption of electromagnetic energy. Fluorescence is a specific
type of energy-emitting transition. Assume that an atom has been excited
from its ground state, Eo, to an excited state, E 1, due to the absorption of a
quantum of energy, hv, part of which may be dissipated by intermolecular
collisions.

Transition frequencies are given by Planck's Law, M

=hv,

where M is the energy difference between the given states, h is Planck's
constant, and v is the transition frequency. The excited energy state of the
atom is unstable; therefore, after some period of time the atom will
spontaneously return to its unexcited ground state emitting a quantum of
energy hv'. This process, which takes place quickly (on the order of 10- 7
sec), is called fluorescence. Because some of the energy may have been lost,
the emitted energy is less than or equal to the energy originally absorbed,

26
hv' $; hv; therefore, the emitted wavelength, A' = he/v' where e represents
the speed of light, is generally longer than the wavelength absorbed (Stokes'
Law). In fluorescence spectroscopy, atoms of interest are irradiated with
ultra-violet (UV) light, and the spectral distribution of the fluorescence
response, which falls predominantly in the visible portion of the
electromagnetic spectrum, is measured.

The use of fluorescence to distinguish between normal and atherosclerotic
vascular tissue was first reported over thirty years ago. 21 In more recent
years, many investigators have shown that differences exist between the
fluorescence spectra of normal and atherosclerotic tissue for a wide variety
of excitation wavelengths. 22 ,23,24,25,26,27,28,29,3o,31 These differences are due to
different concentrations of endogenous fluorophores in the two tissue types
which cause variations in the spectral distribution of the fluorescence
emission25 ,32,33.

Many ways of utilizing the spectral information to

distinguish diseased from normal tissue have been reported, including
ratios of intensities at two emission wavelengths 24 ,26,27,28,29,31, spectral width
at half the maximum intensity (FWHM)27, total fluorescence intensity29,
fitting spectra to known biochemical emission spectra (i.e., collagen and
elastin)25,30, and sampling emission spectra to create spectral features for
classification22 ,23,27. These studies suggest that fluorescence spectroscopy
may be a promising diagnostic technique to distinguish between normal and
diseased vessel.
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1.3

Fluorescence imaging

While endoscopes are typically used only with white-light illumination, the
use of other light sources, including ultra-violet sources, is technically
feasible. When fluorescence is induced in a specimen and then imaged, it is
referred to as fluorescence imaging.

Most work utilizing fluorescence

emission to differentiate between normal and diseased tissue has involved
measurements

of tissue

fluorescence

spectra

Multispectral

fluorescence

imaging is

a

at

technique

a

single
which

point.
extends

fluorescence spectroscopy into an imaging domain by providing both
sampled spectral and spatial information to achieve improved detection of
disease. 29 ,34,35,36,37,38

The fluorescence angioscope described here utilizes ultra-violet illumination
to produce a set of fluorescence images. Each image is composed of the
fluorescence emission within individual, isolated bands of wavelengths.
The set taken as a whole comprises a three-dimensional data set (one
spectral dimension and two spatial dimensions). Each spatial pixel within
the data set has an associated fluorescence spectrum and may be classified
as representing either normal or diseased vessel; therefore, each pixel
comprises, in effect, a basic fluorescence spectroscopy experiment. Thus, in
multispectral imaging, spectral information and spatial attributes (e.g.,
location, general appearance, texture, and boundary shapes) may be
combined to achieve improved diagnostic capabilities. The purpose of this
investigation is to identify the system requirements for an angioscopic
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fluorescence imaging system and to demonstrate the potential utility of the
information contained within a multispectral data set.

There are two basic ways to acquire the three-dimensional, multispectral
data. The first method is directly suggested by the previous explanation,
i.e. a spectrum could be sequentially collected at each pixel location. One
such sequential spatial-scanning technique was explored by Sartori et.
al. 29 ,34 Interesting results were obtained using fluorescence-intensity ratios
to generate maps of the arterial tissue. This type of data acquisition allows
for potentially fine spectral resolution; however, the spatial resolution is
somewhat coarse. The spatial resolution is governed by mechanical factors,
such as positioning accuracy, and ultimately, by the allowable acquisition
time.

The second method of data acquisition consists of collecting multiple images
in a common scene in a series of narrow spectral bands.

This method

provides coarse spectral sampling while capturing fine spatial detail.
Andersson, et. al. 37,38 demonstrated a system of this type utilizing a splitmirror arrangement to simultaneously collect four spectrally-filtered
images. These images were combined using a weighted superposition to
yield improved contrast between normal and diseased regions of human
aorta.

The latter approach, in which spectrally-filtered images are generated, is
favored here as being the more efficient and practically implementable data
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collection strategy.

Previous work has indicated that the information

contained in the spectral signature can be adequately represented by
relatively coarse spectral sampling. For example, 16 samples across a 250
nm spectral band were utilized in previous studies of fluorescence
spectroscopy of atherosclerotic tissue 22 ,23. High spatial resolution is very
desirable in any imaging system and is, of course, useful for this application
as well.
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2. PROPOSED IMAGING SYSTEM

In this chapter, a conceptual design for a multispectral diagnostic imaging
system will be presented.

A general description of the system will be

followed by a discussion of more specific system requirements and
considerations that are believed to be important.

Although the system

described herein was not built, the proposed design is based upon the
results of experiments which will be described in subsequent chapters.

2.1 Endoscopic system design
In the proposed system shown in Figure 2.1, tissue illumination and
imaging are performed through a fiber-optic endoscope.

The system

contains two main subsystems: illumination and detection.

On the

detection side, two types of imaging capabilities are allowed, 1) direct
viewing through the endoscopic ocular, and 2) viewing by a camera followed
by processing, when applicable, and display. Both modalities are clinically
useful.

Video display has the particular advantage of allowing

simultaneous viewing by multiple clinicians and may be used in conjunction
with viewing through the ocular.

The system includes a choice of two types of illumination. A conventional
light source may be selected to provide a standard "white-light" image, or
alternatively, a laser or UV lamp may be used to induce a fluorescence
image. If the source producing a fluorescence response is selected, several
types of images become available, 1) a total-fluorescence image consisting of
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Figure 2.1. A proposed angioscopic fluorescence imaging system.
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light emitted over the entire fluorescence band, 2) a spectral image
consisting of the emitted light within a particular wavelength band, and 3)
a processed image.

The white-light image and the fluorescence images

could be viewed through the ocular or captured and displayed, while the
processed image would be available only on the video display. The use of
white-light and fluorescence images may be sufficient to perform gross
exploration. In that case, the multispectral fluorescence images would be
acquired and used only for detailed investigation or for automated
classification of particular regions of concern.

Many types of processed

images are available. A subset of the possibilities are discussed in Chapter
3.

The variety of images, the wealth of information available, and the

potential for the conjunctive use of the information contained within the
various images makes the proposed system quite promising as an effective
diagnostic tool.

With multispectral imaging, a set of spectrally-filtered, fluorescence images
are captured. The spectral feature images are obtained by using a narrowband spectral filtering device to capture the fluorescence emission within a
narrow band of wavelengths. These images, and in fact all images to be
displayed, are detected by a high-quality charge-coupled device (CCD)
camera that provides a sufficient quantum efficiency to capture each image
with an adequate signal-to-noise ratio within a short integration time. The
camera output is digitized and passed to a microcomputer for processing
and display. The ultimate goal would be near-real-time data acquisition
and display. As indicated in the preceding paragraphs, these spectrally-
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filtered images may be viewed directly or processed. One of the objectives of
this work has been to utilize the spectral information to produce an
optimized-contrast image, an image that provides the maximum contrast
between normal and diseased tissue regions. This gray-scale image may be
utilized by the clinician to diagnose diseased regions or further processed by
the computer to produce a classified image (e.g. a binary image where
disease is indicated by one of two binary levels).

2.2 General considerations
There are many factors to consider in the design of a practical and useful
system. For a general endoscopic imaging system these include issues such
as the type and power of illumination, the spatial resolution, the field-ofview, the catheter size, etc. For a multispectral imaging system, additional
factors must be considered, such as maintaining image registration over all
of the spectral images. This requirement influences the number of features
(spectral images) that can be acquired and the time allotted to capture each
spectral image (integration time plus switching time required to change the
pass band). Related to the number of features collected is the question of
which features to collect (center wavelength and pass band). This, in turn,
is related to the choice of illumination wavelength. Other issues that must
be defined are the methods of system calibration and data normalization.
One of the major considerations for the system is whether the individual
feature images have sufficient signal-to-noise ratio (SNR) to allow accurate
tissue classification. These issues and others will be addressed in detail in
this chapter and in subsequent chapters.

In the next subsections,
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comments will be made regarding spatial resolution and signal-to-noise
ratio.

This will be followed by a specific discussion of the subsystem

requirements.

2.2.1 Spatial resolution
To be clinically useful, an optical system capable of resolving anatomical
details of interest such as intimal flaps, atherosclerotic plaques, and
thrombus is required. Based upon experience and typical vessel diameters,
a resolution of 10 lp/mm to 20 lp/mm should be acceptable. Because the
diameter of the catheter is severely restricted for this application, the
number of fiber elements within the imaging bundle is limited.
Consequently, the spatial resolution of the system is determined by the
magnification of the imaging optics and the imaging bundle.

Catheter

diameter requirements, imaging bundle specifications, and the imaging
optics will be discussed in greater detail in the subsystem discussions
below.

2.2.2 Signal-to-noise Ratio
In a high-quality CCD array, the SNR is determined by the shot (Poisson)
noise associated with the photoelectrons generated as well as the readout
noise, np. Thus,
(2.1)

where npe is equal to the number of photoelectrons generated per resolution
element at the CCD. This number is related to the irradiance at the CCD
via the relationship
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where E). is the spectral irradiance, Apix is the area of a resolution element
at the CCD, t is the camera integration time, 11). is the quantum efficiency of
the CCD, and L\). is the bandwidth of a spectral pass band filter centered at

A..

The energy per photon, U)., is calculated as the product of plank's

constant, the speed of light, and reciprocal wavelength, U). = he/A..

The

irradiance at the CCD is determined by the radiance of the tissue and the
properties of the optical system,
E).(x,y) = 1;.Tr~

4(x,y)

n

2

Q,

(2.3)

where T). is the average transmission over the filter pass band, Tf is the
imaging bundle transmission including coupling losses, To is the equivalent
transmission of the various optical components, 4(x,y) is the spectral
radiance of the tissue, n is the refractive index of the medium surrounding
the tissue, and Q is the solid angle at the image plane of the limiting cone
of light allowed through the system. An example of an imaging system in
which the collection geometry is limited by the imaging bundle is depicted
in Figure 2.2. Finally, the spectral radiance of the tissue fluorescence is
related to the illumination irradiance, Ei, through a fluorescence yield
factor,

h'
(2.4)

The fluorescence yield is linearly related to the strength of the illumination
at low illumination levels and saturates at high illumination levels.
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The radiance of the tissue fluorescence must first be known before the SNR
can be estimated.

An experiment to measure tissue radiance was

constructed. The experiment, the experimental results, and the estimated
SNR will be presented in Chapter 4.

limiting solid angle

n

. '. fiber bundle with specified
numerical aperture

objective

coupling lens

Figure 2.2. A block diagram depicting an imaging system in which the
limiting solid angle is that of the fiber optic imaging bundle. The solid
angles of the lenses are represented by dotted lines.

2.3 Subsystem enumeration
The proposed imaging system of Figure 2.1 is composed of two distinct
subsystems:

illumination and detection.

The characteristics and

components of these subsystems will be discussed in the sections that
follow. The discussion of the detection system has been further decomposed
into discussions of the catheter objective, the imaging fiber bundle, the
optical componentJ, the spectral filtering apparatus, and the camera.
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2.3.1 Illumination

The illumination subsystem of any endoscopic system must provide
sufficient and uniform irradiance across the imaging field.

Some

endoscopes use white-light illumination that is provided by an arc-lamp
(e.g. a mercury vapor lamp at a color temperature of 6000 K ); however,
quartz-halogen lamps (color temperature of 3500 K) are frequently used
because they provide a smooth and continuous output over the wavelength
range from 350 nm to 2000 nm.

Such lamps are available with output

powers of 10 W to 1000 W. One commercially available endoscopic system,
for instance, uses a 150 W halogen lamp.39

The fluorescence imaging system presented here requires an illumination
source that will induce a fluorescence emission from the tissue. In the case
of noncalcific fibrous plaque, research on human aorta has identified the
region of wavelengths between 314 nm and 334 nm as providing the
greatest difference between the fluorescence emission of normal and
diseased tissue. 22 ,23,33

In contrast, for the case of calcified plaques,

illumination wavelengths in the near visible (between approximately 400
nm and 450 nm) perform better for differentiating between diseased and
normal aorta. 33 These results imply that an illumination source (or two
illumination sources) with the capability of operating in these two
wavelength regions could be effective in diagnosing the presence and type of
atherosclerotic disease.
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A Heed laser may be a good choice of illumination in terms of wavelength
as it has output lines at both 325 nm and 442 nm. The Heed laser is also a
practical choice because of its simplicity, ease of use, relative small size, low
cost, and availability.

A laser source is probably preferable to a lamp

because of superior fiber coupling properties; however, with the proper
coupling and filtering optics, a lamp could be used. Heed lasers operating
in the UV are available with output powers of 1 m W to 40 mW. At 442 nm,
Heed lasers are available with output powers from 7 mW to 100 mW.40

The complete illumination system consists of the illumination source,
coupling optics, and a group of illumination fibers as shown in Figure 2.3.
To provide uniform illumination of the field of view, the laser beam is
coupled into a small group of silica-core multimode fibers through a rotating
ground glass. Individual modes within a multimode fiber undergo random
phase shifts due to uncontrollable imperfections, strains, and temperature
fluctuations. The result is a random intensity variation across the output of
the fiber due to the interference of the modes which produces a noticeable
speckle pattern across the illumination field. This effect is less severe in a
multiple fiber illumination system, but a rotating ground glass helps to
eliminate the speckle pattern by removing the spatial coherence of the laser
beam.

Placing the ground glass in a collimated space insures that the

physical properties of the glass will not be imaged onto the face of the fiber.

The multimode illumination fiber should have a high OH- content for good
UV transmission.

Imaging bundles generally have poor transmission
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characteristics in the UV; therefore, separate illumination fibers that
surround the objective are required. A high fiber numerical aperture will
provide a large output beam divergence, allow for less critical coupling
alignment at the input, and minimize bend sensitivity.

The numerical

aperture of the illumination fiber should, however, be matched to (or
slightly larger than) the field of view of the objective of the imaging system
to insure complete illumination of the field of view and efficient use of that
illumination.
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Figure 2.3. Angioscopic fluorescence imaging system.

2.3.2 Objective
In the angioscopic fluorescence imaging system of Figure 2.3, the distal tip
of the catheter contains an objective lens which images the tissue
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fluorescence within a region of interest onto the end of the coherent bundle
for transmission to the detection system.

The objective must provide

efficient coupling to the fiber, a sufficient depth of focus, an adequate
numerical aperture to collect the fluorescence response, the proper
magnification, and adequate spatial resolution.

There are some trade-offs involved in the choice of objective. The objective
must miniaturize a relatively large object so that it may be seen intact on
the face of the imaging bundle. While a large field of view is desirable, a
smaller field of view and less magnification results in a higher spatial
resolution at the tissue plane.

In addition, because of the geometry of

looking "down a tube", a 2 - 6 mm depth of focus has been suggested to
maintain even clarity across the field 41 ; however, a large depth of focus
implies a small numerical aperture and, therefore, a small collection
efficiency.

One objective frequently used in endoscopes is a gradient index (GRIN)
lens. 41 ,42 This lens is well suited to angioscopy because of its convenient
geometry, good resolving power, and focal behavior. GRIN lenses are small
(typically 1 to 2 mm in diameter) and cylindrical in shape. One or both of
the faces may be flat. This geometry has obvious advantages in helping to
minimize the outer diameter of the catheter and in easing the mounting
process of the objective to the fiber bundle. In addition, another advantage
is the relatively short working distance. A standard working distance for a
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GRIN lens is 5 mm. The distal end of an endoscopic catheter, including a
detailed view of a GRIN objective, is shown in Figure 2.4.
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Figure 2.4. The distal tip of an endoscopic catheter and a detailed view of
the imaging behavior of a GRIN objective.

GRIN lenses and spherical lenses both form images.

In terms of their

optical properties, the main difference between them is that the refractive
power of a GRIN lens is due to variation in the index of refraction.

A

spherical lens has a constant index of refraction and derives its refractive
power from the surface curvatures of the lens.

The parabolic profile of the

index of the GRIN lens, nCr), is given as a function of the radial distance
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from the optical axis, r, the axial index of refraction, no, and a quadratic
gradient constant, A,
(2.5)

The index is highest along the axis. The parabolic index results in a focal
length or power that depends not only upon the index of refraction, but also
upon the pitch (optical length) of the lens. Light travels through a gradient
index rod in a sinusoidal fashion. Rays passing through the center of the
rod travel more slowly than those at the edge because the velocity of the
light rays increases with decreasing refractive index.

The length of the

GRIN lens is selected to place the image on the rear surface of the lens.
GRIN lenses are available in numerical apertures of approximately 0.46 to
0.6. These large values imply a depth of focus considerably smaller than
cited above. The numerical aperture will vary somewhat with wavelength
and with radial distance from the optical axis; however, these factors can be
modeled and a correction can be applied to the result. In general, GRIN
lenses do suffer from chromatic aberration which increases with lens
diameter. The significance of this aberration will have to be evaluated with
respect to its effect on the multispectral result. GRIN lenses are specified in
terms of diameter, working distance, magnification, and wavelength. The
magnification is given as a function of the axial index of refraction, the
design wavelength, and the working distance. As an example, a GRIN lens
0.5 mm in diameter with a working distance of 5 mm and a magnification of
0.1 is commerciallyavailable. 43
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For the fluorescence imaging experiment described herein, the vessel object
of interest would be brought to focus on the back surface of the GRIN lens.
This flat surface would be directly affixed to the imaging bundle which
would then transmit the image to the detection system.

2.3.3 Imaging bundle
Imaging bundles are currently available in a wide variety of materials and
sizes with varying optical and physical characteristics. In general, imaging
bundle fiber counts range from a few thousand to tens of thousands of 4 to
10 micron diameter fiber elements. The outer diameter of an angioscope is
of critical importance.

While an outer diameter of 1.5 mm provides

inspection of approximately 80 percent of coronary arteries, a diameter of
2.0 mm allows for inspection of less than 20 percent. 44 Consequently, the
outer diameter of the imaging bundle and therefore, the number of fiber
elements within the bundle will be constrained.

In spite of this, a

reasonable catheter with a diameter of 1.5 mm or less is an attainable goal.
As an example, a 0.5 mm diameter imaging bundle with 10,000 elements 45
used in conjunction with a ring of 200 Ilm illumination fibers would have a
diameter less than 1.5 mm and would provide reasonable spatial resolution.
illtimately, the spatial resolution of the system will be determined by the
number of fibers in the imaging bundle and the field over which these fibers
are imaged by the objective.

Fluorescence imaging is a low-light-Ievel application. Thus, minimizing all
losses and particularly transmission losses is important.

Transmission
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losses can be significant in coherent bundles. Over the visible they range
from less than 0.2 dB/m for Silica image guides to 1.0 dB/m for plastic
guides to 3 dB/m for leached or wound (soft glass) image guides. A clinically
useful catheter must be long enough to enter the body and extend to the
regions of interest while maintaining sufficient length to attach to the
detection equipment. This requirement virtually eliminates consideration
of the soft glass image guides and makes a strong argument for Silica.

Ideally, the numerical aperture of the objective should be matched to that of
the imaging bundle. In addition, a large numerical aperture for both the
imaging bundle and the objective is desirable to maximize light collection.
As previously stated, the numerical aperture of the illumination fibers
should be slightly larger than the field of view of the imaging system to
insure that the entire field of view is illuminated. Numerical apertures for
Silica bundles are typically in the range of 0.3 to 0.35.

Therefore, the

limiting solid angle of the collection geometry, as depicted in Figure 2.2,
will most likely be determined by the fiber bundle. This will be discussed in
greater detail in Chapter 4.
2.3.4 Optical components
Following transmission through the imaging bundle, the light must be
coupled out of the fiber and pass through a device for switching the spectral
pass band as shown in Figure 2.3. While the optics for coupling light out of
a fiber are fairly standard, great consideration must be given to minimizing
coupling losses in this low-light-level application. Because the 10 lp/mm to
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20 lp/mm spatial resolution estimated to be required for the system is small
relative to diffraction limits, achromatic doublets would probably be
sufficient.

A collimated optical space can be created between the fiber

coupling lens and the camera objective in which to insert a filtering device.
For an extended source, there will be some angular spread within this space
due to the light rays emitted from off-axis points.

2.3.5 Spectral filtering
Switching of the spectral pass band may be accomplished either
mechanically with fixed band-pass filters or opto-electronically. The two
major issues in choosing a device for this application are transmission and
switching speed. Switching speed is important because image registration
must be maintained. Image registration refers to the fact that the first
spectral image collected and the last spectral image collected in an image
set must image the same or as close to the same physical tissue location as
possible.

The short data-acquisition time is needed due to the motion

associated with imaging an artery in vivo.

Interference filters are available with various pass bands.

Off-the-shelf

components with approximate bandwidths of 10 nm, 20 nm, and 40 nm and
peak transmissions of 50% to 90% within the band are readily available. 46 ,47
In addition, custom filters may be ordered with virtually any pass band or
center wavelength in the visible portion of the electromagnetic spectrum
(400 nm - 700 nm). Current technology allows for mechanical switching
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times ranging from 0.1 sec to 1.0 sec. 47 ,48 One way of performing mechanical
switching is to use a filter wheel to rotate filters into and out of the system.

Interference filters are highly sensitive to angular orientation and are
generally specified for use in collimated light at normal incidence. In this
case, however, the tissue behaves as an extended source. Therefore, light
originating from off-axis points will pass through the filter at an angle. The
angular orientation of the incident light causes shift in the center
wavelength of the pass band. Utilizing larger coupling optics with longer
focal lengths will minimize this angle as compared with short focal length
lenses. However, at some point the aperture of the filtering device may
become overfilled causing light to be lost. For this low-light application,
losses must be minimized; therefore, the diameter and focal length of the
coupling lens that just fills the filtering aperture will dictate the maximum
angle which must be tolerated.

The main disadvantage of interference filters for this application is the slow
switching speed and vibration associated with the filter wheel.

These

problems become more severe as the number of filters and the size of the
filter wheel increases. One way of avoiding or minimizing some of these
problems is to use a variable interference filter. One such filter is available
in a half circle configuration covering the wavelength band from 400 nm to
700

nm.46

The center wavelength varies with angular position on the filter.

The peak transmittance is quoted at a minimum of 15%. Two such filters
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mounted to create a complete circle could be mechanically spun while the
output is sampled at specified angular positions.

Electronically tunable filters based upon liquid crystal technology are also
available. These birefringent filters use the retardation in phase between
the ordinary and extra-ordinary rays passing through a crystal to create
constructive and destructive interference.

Liquid crystal tunable filters

(LCTF) have a 20 mm aperture and allow pass band access for a set of
predetermined bands at speeds up to 33 msec without moving parts, thus
minimizing external motion and vibration. As with the interference filters
described above, LCTFs are sensitive to angular orientation. Nevertheless,
within an acceptance angle (half angle) of 7 degrees, the shift in center
wavelength is less than 10% of the FWHM bandwidth.

Approximate

bandwidths of 5 nm to 15 nm are available across the visible; however,
average transmission over the wavelength range is quoted at only 12% for
an unpolarized source. The peak transmission rises monotonically from
approximately 2% at 400 nm to approximately 23% at 700 nm.49 The low
average transmission value is due to the losses incurred at each stage of the
multiple stage filter. A typical LCTF is comprised of 10 stages which, in
turn, are made up of a series of polarizing material and optical retarders.

Another opto-electronic filter is an acousto-optic tunable filter (AOTF). In
an AOTF, a radio frequency sound wave is generated by a piezoelectric
transducer and passed through a birefringent crystal.

The sound wave

produces a strain wave in the crystal that alters the index of refraction,
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thus establishing a moving diffraction grating within the crystal. These
devices are non-mechanical, and therefore, do not cause vibration problems.
They are extremely fast with switching speeds of only a few micro-seconds. 50
Peak transmissions of 40% are attainable with typical bandwidths of 1 nm
to 10 nm. Apertures range from 3 to 10 mm square with an acceptance
angle (full angle) of 5 to 7 degrees off the optical axis. 48 An AOTF has been
successfully demonstrated in a Raman imaging spectrometry setup that has
similar narrow-band filtering requirements over a broad spectral range. 51

Spectral filtering may also be accomplished using a Fabry-Perot etalon.
Wavelength selection is achieved by varying the cavity length of the device
via piezoelectric control.

Piezoelectric ceramics undergo geometric

deformation proportional to an applied electric field. This highly controlled
deformation is used to change the separation of the mirrors in the FabryPerot.

The bandwidth passed is determined by the reflectivity of the

mirrors. The problem with utilizing such a device for this application is the
wavelength range (free spectral range) over which filtering is performed.
The free spectral range (FSR) is inversely proportional to the cavity length
of the Fabry-Perot. Assuming an average wavelength of 550 nm and a FSR
of 260 nm (420 nm to 680 run), a cavity length of just under 0.6 !lm is
implied. Fabry-Perot etalon filters are generally used in high resolution
applications where a FSR around 10 nm would be common. A device with
the parameters described above is not known to be commercially available.
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In the experiments to be described in the chapters to follow, spectral
filtering was accomplished via a set of 10 nm band-pass interference filters.
The best choice of filtering device for the proposed endoscopic multispectral
imaging system is not clear at this point. It will be governed to a large
extent by the performance of the other devices in the system. Of particular
importance is the amount of illumination actually delivered to the tissue, as
this dictates the strength of the fluorescence response.

This, in turn,

establishes the tolerable transmission loss for the filter that will achieve the
overall system performance desired. The choice will also be governed by the
bandwidth ultimately selected and the total number of spectral bands
required. These and other issues will be discussed in Chapters 4 and 5.
2.3.6 Camera
Charge coupled device (CCD) sensors are used extensively in medical
applications because they are relatively small in size and have excellent
performance capabilities. CCD camera technology is fairly consistent from
manufacturer to manufacturer. Area CCD image sensors consist of a twodimensional matrix of photo elements that record the image.

Figure 2.5

shows a simplified schematic of the operation of a three-phase CCD device.
There are four basic steps in the operation of a CCD image sensor:

1)

incident illumination is converted into a proportional quantity of electrical
charges, 2) the photoelectrons from each photo element are stored in
potential wells, 3) the packets of

photocharge are transferred across

potential wells to a readout stage, and 4) the arriving photo charge packet is
converted into a proportional voltage signal.
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Figure 2.5. A schematic of a charge coupled device sensor with three-phase
transfer control. 52

There are three main sources of noise that affect the performance of the
CCD. These include photonic noise (shot noise), preamplifier noise, and
dark current. Photonic noise is a fundamental property of the quantum
nature of light. It is unavoidable and follows a Poisson distribution. When
the photonic noise exceeds system noise, the CCD data are said to be photon
noise limited. Preamplifier noise is generated by the on-chip amplifier and
sets the detection limits of a CCD. It can generally be reduced to a few
electrons, but can become a concern in very low-light level applications.
Dark current is highly temperature dependent and becomes an issue when
long integration times are used. Its effects can be minimized by cooling the
camera.
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In the multispectral application at hand, a high-quality CCD camera with
a high quantum efficiency is required to provide a sufficient signal-to-noise
ratio and to capture each filtered image within a short integration time. In
addition, the CCD detector should be cooled to minimize dark current.
Ideally, the total read-out noise should be low enough to allow photon noise
limited detection. The response of a typical CCD camera falls off sharply in
moving from the visible to the near UV portion of the spectrum. Front- and
back-illuminated devices are available, and the use of a back-illuminated
CCD can help to improve the response in this spectral region. With a backilluminated device, the image is focused onto the thinned backside of the
CCD register where there is no gate structure to attenuate light in the nearvisible. In addition, the application of anti-reflection coatings can further
improve the response.

Devices of this type are available with quantum

efficiencies above 60% across the visible. 53 Dark current values of 1 to 2
counts per pixel per second, where a count is typically 20 electrons, are
quoted for one commercially available system. In addition, a readout or
preamplifier noise of 1 count rms is given. 54 Under these circumstances and
based upon the experiments to be described, photon noise limited detection
should be attainable in the proposed system.
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3. ANALYSIS

Once a multispectral set of images has been collected, the question becomes
how to best utilize the information contained within the data to
differentiate between normal and diseased tissue. In this chapter methods
of data utilization and data analysis will be discussed. First, the feature
vector will be defined followed by a brief discussion of the issue of data
normalization.

The feature vector is the basic information upon which

classification of the tissue is based. The discriminant analysis technique
employed in this study will then be introduced.

Next, methods of

calculating classification accuracy and the squared Mahalanobis distance, a
measure of class separability, will be presented. These two methods of data
analysis are used to compare different methods of normalization and to
analyze the effect of reducing the number of features in the feature vector.
Finally, a post-processing method, median-window filtering, will be
described.

3.1 The feature vector
In multispectral imaging, as described in the preceding chapters, a set of
images of the tissue region of interest is acquired. Each image within the
set is composed of the tissue fluorescence within an isolated, narrow band of
wavelengths.

The net result is that a sampled fluorescence spectrum is

acquired at each pixel location. On a per-pixel basis, the image intensity
within each band of wavelengths is called a feature, and the set of spectral
features for the given pixel is called the feature vector.
multidimensional

feature

vector,

~('

may

be

represented

The
as
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x:: = {XZ,l,XZ,2, ... XZ,q}, where s identifies the pixel, (s={l, ...N)), k identifies the
normal (n) or diseased (d) class, (k={n,d)), and the total number of features
is given by q. The ultimate goal is to utilize the information contained
within the feature vector to differentiate normal tissue from diseased tissue.

3.2 Normalization
There are a variety of factors including catheter orientation and catheter-totissue distance that are difficult to control in vivo and may drastically affect
total fluorescence intensity.

Normalization of the spectrum removes the

effects of intensity variation, thereby basing classification upon the
differences in the shape of the fluorescence spectra. For this reason, perpixel normalization to unit spectral area over the feature set was applied for
most of the studies described in this text.

Although normalization to unit area was the method that was primarily
utilized, a total of three methods of normalization were investigated: (1)
per-pixel normalization to unit spectral area, (2) normalization to the 540
nm spectral feature image, and (3) normalization to the total-fluorescence
image. The performance of the three methods with respect to classification
will be compared in Chapter 5. The method of normalization to unit area
consists of dividing each of the spectral images by the sum of the spectral
features on a per-pixel basis,

(3.1)
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where I'A.(x,y) represents a spectral feature image and 1'A.(x,y) represents its
normalized counterpart. The other two methods of normalization simply
involve dividing each spectral image by the image indicated, i.e.,
1'A. (x,y) = I'A. (x,y) ,
IN(x,y)

(3.2)

where IN(x,y) represents either the 540 nm spectral feature image or the
total-fluorescence image, as applicable. The total fluorescence image is the
image obtained using the ultra-violet source without spectral filtering.

3.3 Multispectral data analysis
Several methods of utilizing spectroscopic fluorescence data for tissue
classification were enumerated in Chapter 1.

These included ratios of

intensities at two emission wavelengths, spectral width at half the
maximum intensity (FWHM), total fluorescence intensity, fitting spectra to
known biochemical emission spectra, and sampling spectra to create
spectral features. Linear and non-linear classification algorithms utilizing
spectral features, including multivariate linear regression, stepwise
multivariate linear regression, principal components analysis, decision
plane analysis, and Bayes decision theory have been reported. 27 In the next
two sections two methods of creating images based upon the spectral
information collected will be presented. In this study, the emphasis was
placed upon finding an optimal linear discriminant function; however, first
the concept of a ratio-image will be discussed.
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3.3.1 Ratio-image
The discrimination potential of ratios of fluorescence intensity has been
widely reported in the literature. 24 ,26,27,28,29,31 The ratios investigated varied
widely, as did the illumination wavelengths.

In this study, a ratio of

fluorescence intensity was used to produce a ratio-image,

Ir(x,y).

Specifically, an intensity ratio was applied on a per pixel basis,
_I48onm(x,y)
.
1520nm (x, y)

I(
r X,y ) -

(3.3)

The 480 nm and 520 nm spectral images were chosen because they seem to
possess important information with respect to differentiating between
normal and diseased tissue, as will be shown in Chapter 5.
3.3.2 Discriminant Analysis
The ratio-image analysis was included mainly as a point of comparison with
fluorescence spectroscopy studies that had utilized ratios of fluorescence
intensities. The focus of this work was to combine the spatial information
available in the image with an optimal linear discriminant function applied
to the spectral information to achieve a more thorough and potentially
better usage of the data. The optimum linear discriminant function is one
that reduces a multidimensional data set to the solitary dimension that
provides the greatest class separability between the normal and diseased
classes. 35,55 ,56, 57

The development presented here is applicable in a feature space of arbitrary
dimension and will, in fact, be applied to a feature space of dimensionality
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greater than two. However, for purposes of illustration, consider a two-class
problem in the two-dimensional feature space depicted in Figure 3.1 in
which two features, ~ = {xZ. H XZ. 2 }, are measured for a group of samples.
Again, let s identify the pixel (s={l, ... ,N)}, and k identify the normal (n) or
diseased (d) class (k={n,d}).

If one were to plot the data points, the

measurements associated with each of the two classes would form two
distributions within the two-dimensional feature space. Let w represent
some arbitrary projection direction. If each data point is projected onto the
line defined by w, i.e.,
(3.4)

where the vector transpose is denoted by t and

yZ

denotes the projected

data, the result for two classes will be two probability distributions with
associated means and variances. The optimal projector is the projection
direction that results in the largest separation between the class
distributions. In Figure 3.1, the projection onto the direction w is clearly
better (the distributions are more separated) than the projection onto the
direction z.

In a single-dimension, one measure of class separability is

given by
(3.5)

where 11k is the average measurement for class k, and (j~ is the
corresponding variance. 57 A large class separability and large figure of
merit will result from the case in which the class means are well separated
[i.e., (Iln - Ild) large], and the data points are tightly clustered about those
means [i.e., (~+(j~) small].
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Figure 3.1. Two classes in a two-dimensional space are projected onto lines
wand z. Each projection results in two one-dimensional distributions with
an associated class separability.
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In the multidimensional problem at hand, the goal is to optimally utilize the
information contained in an entire set of fluorescence images to create high
contrast between normal and atheromatous vessel regions.

Thus, the

information contained within the set of spectral images will be projected to
obtain a single optimized-contrast image, Iw(x,y).

The projector,

W,

identifies a direction onto which the multidimensional spectral data may be
projected. Application of the projector,

W,

provides the desired reduction in

dimensionality by producing a weighted sum of the individual spectral
images, IA (x, y),
~v(x,y)

= }:wAIA(x,y).

(3.6)

A

As previously stated, the optimal projector is the projector that maximizes
!:J.2, where !:J.2 is a measure of class separability. This projection direction

essentially defines the linear discriminant function that yields the most
accurate tissue classification. The weights, wA ' are determined from the
statistical properties of the normal and diseased classes, which are
measured from a training set of classified tissue specimens.

In a

multidimensional feature space, the projector is given by
W=~l(~ -~),

(3.7)

where ll\ is the mean feature vector for class k, and Sa is the average
covariance matrix for the class distributions. 57,59

If measured data are

used, the estimated projector becomes

W= S;1(~ -mu).

(3.8)
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The mean feature vectors and average covariance matrix for measured data
are given by
(3.9)

and
(3.10)

where
(3.11)

The number of samples in class k is denoted by N k , and the number of
classes (in this case two) is denoted by K.

Recall that the diagonal

components of a covariance matrix give the variances (spread) of the
individual features, while the off-diagonal components give the covariance
of individual pairs of features.

Once the data have been projected, the

result is an image that provides improved contrast between normal and
diseased tissue.

3.4 The classifier
The information contained in the projected image, described above, can be
used directly by medical personnel to aid in the diagnosis of disease, or an
automated classifier may be applied to the image to divide the data into
classes.

While various linear and non-linear techniques are available,

perhaps the simplest is the application of a threshold to the weighted image
intensity values Iw(x,y), i.e. all data above a given value are placed in one
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class; all data below are placed in the other. The best threshold is the one
which maximizes the number of correctly classified pixel locations.

One

extension of this technique, which was not studied here, is the application
of cost functions.

Cost functions incorporating such things as mortality,

morbidity, actual dollar cost, etc. may be estimated for each type of
classification error, i.e., a higher cost may be associated with misclassifying
a normal region as diseased than with misclassifying a diseased region as
normal. The threshold can then be adjusted to err more conservatively in
the higher cost case.

3.5 Classification accuracy
The optimum threshold is the one that minimizes the classification error, e,
given by the ratio of the number of misclassified data points to the total
number of classified data points. The classification accuracy is defined in
terms of the error as (1- e).

Three methods of estimating classifier

performance were utilized in this study: (1) a theoretical error method, (2) a
resubstitution method, and (3) a leave-one-out method. Assuming normal
class distributions with equal covariance matrices, the theoretical error, eT'
may be estimated as the area to the left of -0.5Du under a standard normal
curve, where

Du

is the unbiased Mahalanobis distance (described in Section

3.6).58 In the resubstitution method the classifier is trained (i.e. a projector

is determined and a threshold is chosen) and evaluated on the entire data
set. 59 Because the training and evaluation data sets are the same, the
estimated error, eR' tends to be a low error estimate and is often treated as
a lower bound for the true error. In the leave-one-out method,59 one data
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point is removed from the data set.

The classifier is trained on the

remaining data, but applied to the withheld region, and its performance is
evaluated. The withheld region is then placed back into the data set, and a
new region is removed. The process is repeated until all data regions have
been removed, classified, and replaced. The misclassified regions are tallied
to produce an estimate of the classification error,

cL'

This method tends to

produce higher error estimates and is often used as the upper bound for the
true classification error.

3.6 The squared Mahalanobis distance - a measure of class
separability
In the discriminant analysis discussion above, the optimum linear
discriminant function reduced the multidimensional data set to the single
dimension that provided the maximum class separability. The projected
data might be thought of as a representative feature.

In the projected

space, as shown in Figure 3.1, a given classifier (threshold) used to
discriminate between the two classes would perform better, i.e., with fewer
misclassifications, if the two distributions were well separated. One figure
of merit that quantifies separability between the two classes in a singledimensional space was given in Eqn. 3.5 and is repeated here for
convemence:
(3.12)

where ~k is the average measurement for class k, and (J~ is the
corresponding variance. Again, a large class separability and large figure of
merit will result from the case which maximizes the separation of the class
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means while providing the tightest possible clustering of the data points
within each class.

8

The same concept applies in a multidimensional space, where x,. again
denotes

a

multidimensional

feature

vector.

A

corresponding

multidimensional figure of merit that combines information about the
separation between the class means and the spread of the class
distributions is called the squared Mahalanobis distance,

n

2

,

and is given

by
(3.13)

where DIn is the mean feature vector for class k, and Sa is the average
covariance matrix for the class distributions. 58 ,6o The vector transpose is
denoted by t. In the case of measured

data~

average covariance matrix , ~ and

can be estimated from the data via

Sa'

the mean feature vectors and

Eqn. 3.9, Eqn. 3.10, and Eqn. 3.11. The estimated squared Mahalanobis
distance is then expressed as

n

A2

( A
A )tA-l( A
A)
= lI\ -D\t i::)a D\ -D\t .

(3.14)

As in the one-dimensional problem discussed previously, a larger value for

D2

implies more separation between the classes in the multidimensional

space.

It can be shown that

D2

Mahalanobis distance, D2.

IS

a biased estimate of the true squared

For normally distributed class distributions

with identical covariance matrices the unbiased estimate,

D,;, is
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D2 = (N -q-3) D2 _ qN
u
(N -2)
NnNd

(3.15)
'

where N is the total number of samples (N = N n + N d ), and q is the number
of features. 58 ,6o The confidence associated with the unbiased estimate is
expressed by its variance,

3.6.1 Feature reduction analysis
The unbiased estimate of the squared Mahalanobis distance,

D;,

was

utilized to analyze the effects of reducing the feature space. Beginning with
the "complete" multidimensional feature set, each feature was removed one
at a time.

In each case, the unbiased metric was calculated.

After all

features had been tested, the feature whose removal caused the least
decrease in the metric was eliminated. The process was then repeated on
the reduced feature space. Iterations were continued until only one feature
remained. The metric is a measure of class separability, and therefore, is
an indicator of the potential performance of a linear classifier.

This

analysis tracked the change in the unbiased metric as a function of
dimensionality and gave an indication of which features are most important
in terms of the potential to discriminate between normal and diseased
tissue.

3.6.2 Normalization analysis
The unbiased Mahalanobis metric was also used along with classification
accuracy to compare the three different methods of normalization
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enumerated in Section 3.2. In the case of normalization to unit area: the
Mahalanobis metric and classification accuracy were also used to analyze
the effects of normalizing to different numbers of features within the
feature space. This will be discussed in detail in Chapter 6.

3.7 Median-window filtering
Once the data have been projected and a threshold applied to the resulting
optimal-contrast image, normal regions will be delineated from diseased
regions. Experience has shown that there will be outliers (isolated "normal"
pixels within diseased regions, and vice versa). Because atherosclerosis is a
progressive disease, isolated diseased pixels corresponding to true disease
within a large area corresponding to normal tissue are unlikely, and
likewise for isolated normal pixels in diseased regions. Generally, these
outliers are easily dismissed when the spatial information is assimilated.
They can be attributed to noise within the image data and are easily
ignored by the observer in viewing the total image. However, some form of
post-processing to clean up the outliers and improve classification accuracy
may be desired.

One such post-processing technique is median-window

filtering. 61 Noise reduction is accomplished by passing an L x L window
over the image, ranking the intensity values within the window, and then
assigning the median intensity value to the center pixel. Median-window
filtering is similar to convolution in that it is a smoothing process; however,
unlike convolution, it preserves edges. Examples of images that have been
filtered using the median-window technique will be presented in a later
chapter.

65

There is another post-processing method that accomplishes a similar result
in terms of utilizing spatial information. This technique models the spatial
information within the image lattice as a two-dimensional Markov random
process. Thus, the values of each pixel's nearest neighbors as defined by a
specific neighborhood structure are considered in determining its true
classification. If a diseased pixel is surrounding by pixels that have been
classified as normal, the threshold may, in effect, be shifted slightly to
compensate for the likely probability that the pixel was initially
misclassified.

This technique, like median-window filtering, has the

potential to clean up outliers and improve classification accuracy.

Many other post-processing techniques are available.

One example is

pseudo-coloring (assigning arbitrary colors to particular classifications to
make, for instance, diseased regions more conspicuous). This study focused
upon the issues of demonstrating the technique of multispectral imaging
and designing a system to obtain a viable multispectral data set. While
many post-processing possibilities exist, with the exception of medianwindow filtering, they were not investigated in this body of work.
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4. SIGNAL·TO·NOISE RATIO ANALYSIS
Because of the low-light levels involved, one of the major considerations for
the system is whether the individual feature images have sufficient signalto-noise ratio (SNR) to allow accurate tissue classification. In Chapter 2, a
mathematical description of the signal-to-noise ratio as a function of specific
system parameters was developed. There, it was shown that the SNR was
dependent upon the spectral radiance of the tissue. The tissue radiance, in
turn, is related to the illumination irradiance through a fluorescence yield
factor.

The relationship is linear for low levels of illumination, but

saturates at high levels. Two experiments are described in this chapter.
The first experiment was constructed to measure tissue radiance.
second experiment explored fluorescence yield.

The

Finally, based upon the

measurements of tissue radiance and assuming reasonable endoscopic
system components estimates of the expected SNR for the individual
spectral feature images are calculated.

4.1 Experimental Setup
The system shown in Figure 4.1 was constructed for two purposes: (1) to
obtain a multispectral data set with which the technique of fluorescence
imaging could be demonstrated, and (2) to determine the spectral radiance
of the tissue from which the expected SNR of the spectral images obtained
through a fiber optic imaging bundle could be estimated.
In the experiment, tissue specimens were illuminated with a broad-band
ultra-violet lamp (UVP, UVGL-25) that provided an output irradiance of
260 Jl W/cm 2 at a distance of approximately 6 inches. The spectral output of
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the lamp was centered at approximately 366 nm. The fluorescence signal
emitted from the tissue was imaged onto a cooled CCD camera that had a
digitization accuracy of 8-bits. The camera contained a 512 x 480

Lamp

Imaging
lens

: fc:::254 mm

band pass
f1lte1

objective

CCD Camera

I,
Irfs

imaging lens:
filter:
iris:
objective:
detector:

~

f=85 mm

>-

254 mm f.I. achromatic doublet
1.9 cm diameter, narrow band pass
1.8 cm diameter
85 mm focal length
6.6 mm x 8.8 mm CCO (8 bit)

l1ssue Sample

Figure 4.1. Experimental setup to determine spectral tissue radiance.

pixel interline transfer CCD (Sony) and was cooled to approximately -20°C.
The system operated at the standard video rate of 30 frames per second;
however, multiple frames were integrated to achieve adequate image
quality (i.e. the integration time for each image was adjusted in units of
standard video frames).

The imaging optics consisted of an achromatic
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doublet placed one focal length (254 nun) away from the tissue and an 85
nun focal length camera lens focused at infinity. This optical arrangement
created a collimated optical space between the doublet and the camera lens
for the placement of a band-pass interference filter. The tissue within the
field of view, however, is an extended source of fluorescence.

The

magnification of the system was approximately 1/3, resulting in an imaging
field of approximately 3 cm on the tissue. A 3 cm source at a distance of 254
mm gives an angular spread of just under 7 degrees (full angle).

As

previously mentioned in Chapter 2, interference filters are sensitive to
angular orientation.

The center wavelength passed will shift for light

originating slightly off-axis; however, a shift of 4 degrees will cause less
than a 0.1% shift in the center wavelength. For the specific filters utilized,
the maximum shift was estimated to be under 1 nm, which is well within
the 10 nm bandwidth of the interference filter.47 A sequence of spectral
filters was used to obtain a set of spectrally-isolated images. Each filter had
an approximate pass band of 10 nm. The clear aperture of the filters was
stopped down to approximately 18 mm.

Throughout this investigation, the tissue specimens used consisted of
descending human aorta obtained post-autopsy without regard to patient
age at death, sex, race, or presence or absence of disease. Cases involving
infectious diseases were excluded. All specimens were placed in saline and
refrigerated for a minimum of24 hours prior to imaging.
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4.2 Tissue radiance
Given the acquisition geometry depicted in Figure 4.1, the spectral radiance
of the tissue is given by
(4.1)

where I~(x,y) is the camera output (digital value integrated over N'J..
frames), R,. is the camera response (in digital value per frame per JlJ/cm2 of
illumination), t is the integration time associated with a single frame (t
msec), and

T.,,7;.'~'J..,and Q

are as previously defined in Chapter 2 (i.e .

the limiting solid angle at the image plane,

~'A,

=33
.Q

is

is the filter bandwidth, T'A, is

the average transmission over the filter pass band, and To is the equivalent
transmission of the various optical components).

The camera response, R,., was determined experimentally and is shown in
Figure 4.2.

To determine the response, a blackbody source (Gamma

Scientific, Model 220) was placed a fixed distance from the CCD, and the
CCD outputs were recorded with each spectral filter in place. The CCD was
then interchanged with a calibrated radiometer (EG&G, Model 550-1), and
the spectrally filtered irradiance was measured (the measurement geometry
was unchanged between the two readings).

The camera response was

determined from these values and the integration time of the camera. The
response was found to peak around 500 nm and to fall off rapidly with
changes in wavelength moving in either direction from the peak.
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Figure 4.2. The CCD camera response as a function of wavelength.

For the tissue radiance experiment described, a series of 12 spectral images
were obtained every 20 nm beginning at 460 nm and ending at 680 nm for 8
tissue specimens. Simple, off-the-shelf optical components were utilized;
therefore, the mirror can be estimated to be 99 percent reflective and the
uncoated lenses 92 percent transmissive.

Filter bandwidth and

transmission values were determined from spectral transmission curves
supplied by the manufacturer. The solid angle,

Q,

for the limiting cone of

light at the image plane was calculated as 0.035 steradian for an 85 rom
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focal length camera lens stopped down to 18 mm using the following
relation:
Q=

where F

1t

4F2 + l'

(4.2)

= (85 mmJ18 mm) is the working F-number of the cone of light at

the image plane.

The data from multiple image locations and multiple specimens were
averaged to compute the tissue radiance results shown in Figure 4.3. In
general, the fluorescence signature of human aorta associated with 366 run
illumination peaks around 420 run and falls off monotonically.22 Due to the
response characteristics of the radiometer, measurements were not taken
below 460 nm; however, the radiance results are consistent with the
behavior described. With 260 pW/cm 2 of illumination at 366 nm, tissue
spectral radiance values were found to range from an average of 3.0x10- 3
pW/cm 2-sr-nm at 460 nm to an average of 2.6x10- 4 pW/cm2-sr-nm at 680
run.

A separate experiment was constructed to investigate the issue of
fluorescence saturation. The spectral radiance of the tissue florescence is
related to the illumination irradiance through a fluorescence yield factor
(Eqn. 2.4).

The fluorescence is linearly related to the strength of the

illumination at low illumination levels and saturates at high illumination
levels. The question is at what illumination level does the fluorescence
saturate? To answer this question, two 366 nm lamps were suspended over
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a tissue specimen which was relatively normal in appearance with some
regions of early disease. The specimen and an optical detector were placed
on a vertically adjustable stage. An optical fiber held at a fixed distance
from the tissue was used to transport the fluorescence signal to a
spectrometer.

The source-to-tissue distance was gradually reduced

resulting in an effective increase in illumination from 260 ~W/cm2 to
approximately 2.2 mW/cm2 . Physical limitations in the experimental set up
prevented the irradiance from being increased further; however, the
fluorescence signal was found to increase linearly over this irradiance range
without evidence of saturation as shown in Figure 4.4.
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Figure 4.3. Average tissue radiance as a function of wavelength with 260
pW/cm 2 of illumination at 366 nm.
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Figure 4.4. Tissue fluorescence as a function of illumination irradiance for
366 run illumination.

Another experiment was constructed to further investigate the saturation
issue.

In this experiment, illumination was provided by a Heed laser

operating at 325 run. A shutter was used such that a fixed area of tissue
was illuminated only during data collection. This prevented photobleaching
in the fluorescence response. Groups of glass slides (varying in number
from 0 to 20) were used to attenuate the laser output and therefore, to vary
the irradiance at the tissue plane. A spectrometer coupled to an optical
fiber collected the fluorescence signature. The results of the experiment
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(area under the measured spectra versus illumination irradiance) are
plotted in Figure 4.5. These results confirm the findings of the previously
described experiment and further extend the irradiance range.

The

fluorescence response is found to increase linearly with irradiance up to an
irradiance of approximately 33 mW/cm 2 without evidence of saturation.
Thus, the level at which saturation of the fluorescence occurs appears to be
above the range of illwnination irradiance that can be expected in the
system given reasonable assumptions of transmission losses and laser
power.
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Figure 4.5. Tissue fluorescence (area under spectral response) as a function
of illumination irradiance for a Heed laser operating at 325 nm.
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4.3 Signal-to-noise ratio calculation
To estimate the signal-to-noise ratio of a multispectral angioscopic imaging
system, several assumptions must be made. First, the imaging bundle itself
must be considered. To achieve a clinically practical angioscope, a silica
imaging bundle 1.5 meters in length is assumed.

As previously discussed

in Chapter 2, due to the small diameter of coronary arteries, the outer
catheter diameter, and therefore the number of fiber elements within the
imaging bundle, must be constrained. Ten thousand element silica image
guides 0.5 mm in diameter are commercially available. 45 The numerical
aperture for this guide is 0.35. Typical transmission losses of less than 0.2
dB/m in the visible are quoted. Based upon experience and conversations

with the manufacturer, input and output coupling losses of approximately
40% and 1.5%, respectively, can be expected.

Therefore, transmission

(including coupling losses) of just under 50 percent over the entire spectral
band of interest is assumed. In addition, a commercially available GRIN
objective with a diameter of 0.5 mm, a magnification of 0.1, and a numerical
aperture of 0.46 is assumed.

On the detection side, a resolution element in the object (tissue) plane, as
determined by the element size of the fiber bundle and the magnification of
the objective, will be imaged onto a single CCD pixel.

A Diagram of the

system is shown in Figure 4.6. The 10,000 element fiber bundle may be
represented as a 100 x 100 array of elements 4 !J.m in diameter.
dimensions of a typical CCD pixel are 20 pm x 20 pm.

The

The limiting

numerical aperture for the system is that of the imaging fiber (N.A.

= 0.35).
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To achieve the overall required magnification for this system (m = 0.5), an
optical magnification of 5 is required between the fiber output face and the
CCD. This implies a limiting numerical aperture of N.A. cCD = 0.35/5 at the
CCD. Therefore, a limiting solid angle of Q

""

n(N.A' cCD )2 = 0.015 steradian

is indicated at the image plane.

40x40 urn
resolution
element

filtering
mechanism
,

~-

20x20 um
pixel element

f

field of view
at tissue plane
4x4mm

fiber bundle
4 urn elements
O.5mm diameter
coupling
ca,mera
objective
lens m=5 lens CCD
m=O.l
sensor

Figure 4.6 A block diagram of the proposed angioscopic system depicting a
resolution element at the object (tissue) plane being imaged onto a single
CCD pixel at the detection plane. The N.A. of the system is limited by the
fiber bundle (N.A. = 0.35) as shown. The optical magnifications at the input
and output that achieve the required overall system magnification of 0.5, as
dictated by the input and output element sizes, are indicated.

It is presumed that balloon dilation with a saline flush will be required to

clear the field of view of blood. The refractive index of saline is close to that
of water (n=1.333). The transmission characteristics of the spectral filters
and the optical components were calculated or assumed as previously
described. Finally, assuming an illumination irradiance of 260 IlW/cm2,

77
conservative low-end (2.0x10- 4 pW/cm2-str-nm) and high-end (3.0x10- 3
pW/cm 2-str-nm) tissue radiances were utilized for the purpose of
calculating the range of SNR expected in the multispectral data set. CCD
quantum efficiencies of 65% and 80% for the wavelengths bands
corresponding to these measurement values are assumed. 53

Given the assumptions described for an angioscopic system and assuming a
1/30 second integration time per spectral image (a single frame of
integration) and a read out noise of 7 electrons rms, a SNR range of 0.3:1 to
1.2:1 was calculated. To estimate the SNR that would be required to afford
good classification potential, spectral-feature data from normal and
diseased tissue specimens (26 image regions from 10 aortas) were
examined. Specifically, a metric similar to the Mahalanobis D2, described
in Chapter 2, was used to rank the features. The feature with the largest
metric was taken as the feature providing the most information in terms of
maximizing class separability, and therefore classification accuracy. The
feature corresponding to the 480 nm band-pass filter was found to have the
largest metric.

The mean and standard deviation of the data associated

with that feature were calculated for each of the two classes. The SNR of
that feature was then estimated for each class by taking the ratio of its
mean and respective standard deviation. This test indicated that SNRs on
the order of10:1 to 20:1 will be required to ensure that the error in the data
due to noise fluctuations does not exceed the spreads inherent to the class
distributions. Based upon this criteria, the estimated SNRs calculated are
inadequate.
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As an additional check, a 10 pixel x 10 pixel area that was relatively
uniform in intensity was chosen from an arbitrary image set. 'l'he SNR for
each of the spectral images within the set was calculated. The experimental
values ranged from approximately 8:1 to 50:1. For the 480 nm spectral
image, the SNR was 48:1. The conditions under which this set of images
was collected was typical of the training set. Because these images were
integrated over many frames and were not collected through a fiber, the
experimental SNRs were expected to be significantly larger than the
calculated estimates for the angioscopic system. The experimental values
were comparable to or well above the values that were estimated to be
required; therefore, good classification performance is expected and was
obtained. In subsequent chapters, it will be shown that the training set
performed well in terms of improving the contrast between normal and
diseased tissue and in achieving good classification accuracy. based upon
these analyses, an SNR of at least 8:1 (probably 10:1) is considered to be
necessary.

There are several ways to improve the signal-to-noise ratio in the proposed
angioscopic system, and all involve increasing the amount of utilizable
light. They are 1) improve the transmission of the optical components, 2)
increase the bandwidth of the band-pass filters, 3) increase the integration
time, and 4) increase the illumination irradiance.

The first refinement

would be to utilize coated optical components to improve transmission.
Secondly, the SNR could be improved by increasing the bandwidth of the
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band-pass filters. The experiments described used 10 nm band-pass filters
spaced 20 nm apart. These values are somewhat arbitrary. The bandwidth
could, in fact, be doubled while still affording a complete set of spectrallyisolated images at the 20 nm filter spacing.

The bandwidths could be

increased still further. The pass bands would then overlap, which would
increase the correlation between features, but this might not severely
degrade the classification performance. It should be noted that for purposes
of classification, the information content may be relatively low in certain
spectral bands or may be highly correlated in adjacent bands allowing for a
reduction in the number of features required for good classification. If the
less important features coincide with the weaker fluorescence bands, a
reduction in the system sensitivity requirements may also be achieved.
Thus, a smaller number of filters utilizing a larger bandwidth and sampling
the wavelength range less frequently may be adequate.

The issue of

reducing the number of spectral features was investigated and will be
discussed in Chapter 6.

In addition, the SNR may be improved by

increasing integration time for the individual spectral features.

The

acquisition of each spectral image in 1/30 second is somewhat arbitrary
except that it does correspond to video rates. It represents a lower bound if
standard video rate readout is utilized.

The total integration time to

acquire a complete image set is constrained by the need to maintain image
registration.

As previously described, the first and last spectral images

acquired in the set must capture information from the same physical
location. Because the imaging is occurring in vivo, the images must be
captured quickly to avoid motion degradation.

The maximum overall
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integration period allowed to produce a useful result as well as the
individual integration times required for each spectral image are two issues
that will have to be determined experimentally when a prototype system is
built; however, the maximum tolerable integration period will probably be
less than one second. Given a maximum overall integration period, clever
trade-offs between the number of features, the specific wavelength bands
included, and the individual integration time available for each band could
allow an increase in integration time for the weakest fluorescence bands of
an order of magnitude.

As shown in Section 4.2, further signal increases could be attained by
increasing the illumination irradiance.

In the second fluorescence yield

experiment, the illumination was increased by two orders of magnitude over
that upon which the SNR estimate was based. This result demonstrates
that the larger output power of an illumination source such as the HeCd
laser could be successfully utilized, and that the fluorescence signal
increase is still linear for a two order of magnitude increase in illumination.
Given reasonable system losses for coupling the light from a typical HeCd
laser through the illumination fibers to the tissue, an increase in irradiance
of at least an order of magnitude (to 2.5 mW/cm 2 ) should be attainable.

Doubling the spectral band pass, increasing the illumination irradiance by
an order of magnitude, and increasing the integration time to 4/30 sec (4
frames) would boost the expected SNR to 26: 1 in the strongest bands and to
12: 1 in the weakest bands. These values are in the range that is believed to
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be adequate to allow successful tissue classification. In addition, increases
in the illumination irradiance greater than one order of magnitude and
approaching two orders of magnitude are anticipated. Therefore, increasing
the integration time may not be required in the stronger fluorescence bands.
Furthermore, it is not clear that the use of the weakest bands will be
necessary for good classification.

Clearly, determining which features are important (center wavelength and
pass band) and minimizing the total number of features required is key to
maximizing the SNR, and therefore, to developing a feasible system.
Furthermore, the relative importance of a feature will have to be weighed
against the strength of the fluorescence signal in that wavelength band
when the final selections are made.

In summary, any prototype system should, of course, use coated optics and
minimize losses where ever possible.
increasing

the

illumination

Large gains will be achieved by

irradiance

and

therefore,

the

tissue

fluorescence. Not only can this improve the SNR, but it may also help to
reduce the total integration period utilized and therefore, to minimize
problems associated with motion degradation. Increasing the fluorescence
at the source may buy vital integration time, especially in the weaker
fluorescence bands.
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5. DIMENSIONALITY AND NORMALIZATION

In this chapter, the dimensionality of the feature space and normalization
of the data will be discussed in depth. The importance of analyzing the
spectral features to develop a feasible and useful system was briefly
discussed in Chapters 3 and 4.

Both the identity and the number of

features are significant, and both of these points will be addressed.

In

addition, the performance of three different methods of normalizing the
multispectral data will be compared.

5.1 Feature reduction
In the preceding chapters, the total number of features collected was found
to be a key factor in the system design. This is mainly because the total
integration period in which the complete image set is collected is
constrained by the need to maintain image registration.

Spreading the

limited acquisition period over fewer features provides higher signal-tonoise ratios in the individual feature images. This is particularly crucial in
the weaker fluorescence bands.

In addition, it simplifies the system.

Because of the potential benefits associated with minimizing the number of
features, this issue was investigated in some detail. To make the most
efficient use of the data, two questions were addressed: (1) which features
are most important in terms of maximizing class separability, and (2) does
increasing or reducing the feature set significantly affect classification
accuracy.
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The unbiased squared Mahalanobis distance,

(henceforth the

Mahalanobis metric) as given in Eqn. 3.14 was used to address the question
of individual feature importance. Recall that this metric is a measure of
class separability within the feature space in which it is calculated. Larger
values imply better class separation, and therefore, more accurate
classification. Throughout the dimensionality analysis, the data set studied
consisted of data from 23 regions from 7 aortas. Within this data set there
were 8 normal and 15 diseased regions as verified by histologic analysis.
The first analysis of the data involved calculating the metric for each of the
features individually. This analysis gave a measure of how well the classes
are separated within each of the individual spectral features for purposes of
comparison. The results, ranked from highest to lowest metric value, are
given in Table 5.1.

Based upon single features, the classes are most separated in the 480 nm
data space. Otherwise, the feature ranking is evenly mixed in terms of the
groups representing the more important and less important features
containing bands from across the wavelength range sampled. The position
near the bottom for the 540 nm feature is expected as this is the feature
closest to the point where the average spectra for the normal and diseased
classes cross. Thus, this feature would be expected to provide little or no
discriminant information. The low rallkings of the 420 nm and particularly
the 440 nm feature are somewhat surprising as these features are strong
fluorescence bands and are relatively close in center wavelength to the 480
nm feature.
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A.
(run)

480
500
680
·520
460
640
620
560
600
580
660
420
540
440

Mahalanobis
metric
1.77
1.43
0.74
0.71
0.66
0.56
0.52
0.46
0.33
0.28
0.27
0.25
0.07
0.03

Table 5.1. The spectral features ranked from highest to lowest
Mahalanobis metric. The metric was calculated independently for each
feature in a one-dimensional space.

The data were analyzed further to explore combined feature importance and
to look at the question of feature reduction. Each feature was designated as
a seed from which to "grow" a complete feature set. For instance, the 420
nm feature was chosen as the first seed. Each of the other features was
added to the seed one at a time creating a two-feature space in each case.
For each pair of features the Mahalanobis metric was calculated. The pair
of features exhibiting the largest metric became the new feature space to
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which the remaining features were added one at a time, each time creating
a three-feature space. This process was continued until a full fourteendimensional feature space had been reconstructed.

The results of this

analysis in terms of order of growth are given in Table 5.2a and Table 5.2b.
Table 5.2a contains the results for the seeds falling between 420 nm and
540 nm, while Table 5.2b contains the results for the remaining features.

Rank
seed
2
3
4
5
6
7
8
9
10
11
12
13
14

420
480
440
520
620
560
660
500
460
540
680
600
580
640

Ordering of features by seed feature
440 460 480 500 520 540
480 520 440 480 480 480
520 480 520 440 440 440
560 620 560 560 560 520
660 420 660 520 660 560
500 660 500 660 500 660
420 500 420 420 420 500
460 540 460 460 460 420
620 600 620 620 620 460
540 680 540 540 540 620
680 640 680 680 680 680
600 560 600 600 600 600
580 440 580 580 580 580
640 580 640 640 640 640

Table 5.2a. Feature ordering for seeds in the range 420 nm to 540 nm.

Once again, the 480 nm feature consistently ranks as one of the most
important features regardless of the seed used. In other words, the 480 nm
feature added the most information in terms of class separability to the
information already provided by the seed feature for all but the 460 nm and
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560 run seed features. In those two cases, the 520 run feature added the
most information although the 480 nrn feature still ranked very high.

Rank
seed
2
3
4
5
6
7

8
9
10
11
12
13
14

Orderin Y of features
560 580 600 620
520 480 480 480
440 520 520 520
480 440 620 420
660 560 420 440
500 660 440 560
420 500 560 660
460 420 500 500
620 460 660 460
540 620 460 540
680 600 540 680
600 540 680 600
580 680 580 580
640 640 640 640

by seed feature
640 660 680
480 480 480
520 520 440
440 420 520
560 500 560
500 440 660
420 460 500
660 620 420
460 540 460
620 600 540
540 680 620
680 560 600
600 580 580
580 640 640

Table 5.2b. Feature ordering for seeds in the range 560 nm to 680 run.

The results of Tables 5.2a and 5.2b are further evaluated in Table 5.3.

In

this comparison, the overall feature ranking (i.e., the average ranking over
all seeds) is found to correspond very closely to the 480 run seed ranking. In
fact, the deviations amount to two pairs of features in which the pair
members are interchanged. In considering the overall behavior, including
the standard deviations of the rankings, the members within each of the
pairs could easily be interchanged. Therefore, the 480 run seed feature
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ranking was chosen as the ranking that best captured the importance of the
individual features. This ranking will be used in various analyses to follow.

Feature rank Feature rank Average rank Stand2.rd deviation
(480nm seed)
(all seeds)
(all seeds)
(all seeds)
480
2.2
480
0.6
440
520
3.2
0.7
520
440
4.5
2.9
560
560
6.1
2.8
660
660
6.2
1.2
500
500
6.7
1.0
420
420
7.3
1.7
460
8.2
2.4
620
620
460
8.5
0.8
540
540
10.1
1.0
11.2
0.7
680
680
600
600
11.6
1.0
13.2
580
580
0.4
13.8
640
640
0.8
Table 5.3. The 480 nm seed spectral-feature ordering compared with the
average feature ranking computed over all of the seed orderings.

The feature orderings in Table 5'.1 and Table 5.3 are similar in some ways
and markedly different in others. In both cases, the 480 nm feature is
deemed most important among the feature set. The 520 nm feature is also
ranked as an important feature in both orderings. In general, however,
there is a great deal of shuffling between the two rankings.
dramatic shift occurs for the 440 nm feature.

The most

While this feature is

consistently ranked second or third when used in conjunction with other
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features, it is ranked last as an independent feature, i.e., the classes are
least separated in the 440 nm feature space. Similar though less dramatic
shifts in order occur for many of the features between the two rankings.
This is probably due to the important correlative information that exists
between the various features and particularly with the 440 nm feature. The
Mahalanobis metric and its associated projector are able to utilize the
correlative information that is lost when the features are considered
independently.

For instance, consider two distributions in a two-

dimensional feature space that graph as elongated ovals tilted at 45 degrees
and are spatially separated. This behavior would indicate that the two
features were highly correlated.

The distributions would be highly or

completely overlapping if projected onto either axis. This is equivalent to
considering each feature individually.

There would, however, be a

projection direction in which the two distributions would be completely
separated. Thus, in terms of classification, either feature would perform
poorly on an individual basis, but they would perform very well when
considered jointly.

The Mahalanobis metrics for the feature orderings listed above were used to
analyze the effect of altering the dimensionality of the feature space.
Specifically, the Mahalanobis metric was plotted versus the number of
features in the feature space as shown in Figure 5.1 for the seed features
corresponding to the ten most important features as determined above: 420
nm, 440 nm, 460 nm, 480 nm, 500 nm, 520 nm, 540 nm, 560 nm, 620 nm,
and 660 nm.
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Figure 5.1. The Maha1anobis metric versus the number of features in the
feature space for ten seed orderings. The solid line corresponds to the 480
nm seed feature ordering.

The curves in Figure 5.1 rise steeply with the number of features and then
begin to level. There seems to be very little to be gained above 9 features,
and in fact, six to eight features may be adequate to capture enough
information to achieve good class separability and therefore, good
classification accuracy. This result suggests that below six features, the
classes are less well separated and that the ability to correctly classify
tissue specimens will diminish.
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To examine the classification accuracy issue directly, the three methods of
estimating classification accuracy described in Section 3.5 were applied to
the data.

Theoretical, resubstitution, and leave-one-out estimates of

accuracy are plotted as a function of dimensionality in Figure 5.2. The
feature dimensionality was reduced according to the 480 nm seed ordering
presented above. Recall that the resubstitution method tends to give high
estimates while the leave-one-out method tends to give low estimates. They
may be treated as upper and lower bounds on the actual classification
accuracy.
100

>...
u

90

0

10-

:::I

U
U

80

0
-I-'

C
Q)

70

U

10-

Q)

D-

I3-O-CHHI

~

60

b-Il.

<!>~

0-0>0$-0>0<11

Resubstitution accuracy estimate
Leave-one-out accuracy estimate
Theoretical error estimate

5 0 ; . " " " ". . . . . . . . . ." . .I 1 I 1 I 1 " n n " ". .~

o

4

8

12

16

Number of features
Figure 5.2. Classification accuracy estimates plotted as a function of
dimensionali ty.
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The results show that the resubstitution and theoretical estimates behave
similarly. The resubstitution estimate does indeed seem to behave as an
upper bound. In both cases, the curves are quite level until the number of
features is reduced to four.

At that point, the classification accuracy

estimates begin to fall off sharply corresponding to the decrease in the
Mahalanobis metric observed above.

The leave-one-out estimate behaves as anticipated as the feature space is
reduced from fourteen to eight features.

In this region, its behavior is

similar in shape to the resubstitution and theoretical estimates, and it does
seem to act as a lower bound. As the number of features is further reduced,
however, the accuracy begins to rise until the estimate begins to mimic the
behavior of the resubstitution estimate.

At four features, it begins to

decline as would be expected. The reason behind this unexpected behavior
is unknown. It is possible that it is an artifact of the data; however, a
similar though less dramatic increase was observed in leave-one-out
estimates obtained for independently collected spectroscopy data using an
independently programmed algorithm.62

Both the Mahalanobis and classification accuracy analyses demonstrate
that the performance of six or more features is substantially better than the
performance of one or two features. This suggests that the use of multiple
spectral features, as would be acquired in the multispectral system
proposed, can achieve better classification accuracy than, for instance, a
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simple ratio of intensities at two emission wavelengths. The results also
show that the performance is relatively insensitive to the number of
spectral features above six or eight. This indicates that there would be
little, if anything, to be gained by collecting more than the fourteen features
collected in this study, and in fact, there is very little if anything to be
gained by collecting more than six to eight features. This finding is very
positive in terms of addressing some of the feasibility issues raised in
Chapter 4.

This small number of features required simplifies the

multispectral system and allows for more efficient use of the allotted time
for spectral-image acquisition, thus allowing higher spectral SNRs and
better overall system performance.

5.2 Normalization analysis
In Chapter 3, data normalization was introduced as a method that removes
the effects of intensity variation due to catheter positioning and other
factors. Thus, classification is based upon inter-class differences in spectral
shape. In this study, three normalization methods were investigated: (1)
per-pixel normalization to unit spectral area (the method utilized in most of
the work reported in this dissertation), (2) normalization to the 540 nm
spectral feature image, and (3) normalization to the total-fluorescence
image. As stated earlier, the method of normalization to unit area (NUA)
consists of dividing each of the spectral images by the sum of the spectral
features on a per-pixel basis (Eqn. 3.1). In the second method (N540), the
spectral images are each divided by the 540 nm spectral feature image on a
per-pixel basis (Eqn. 3.2). The 540 nm image is then discarded as a feature
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for purposes of training and classification. The 540 run image was chosen
because it is the feature closest to the point where the averaged feature
vectors for the normal class and the diseased class cross, i.e. the point of
zero classification information.

In the final method (NTF), each of the

feature images is divided, once again on a per-pixel basis, by the totalfluorescence image (Eqn 3.2). Recall that the total-fluorescence image is the
image acquired using the ultra-violet source without spectral filtering.

For each of the three methods, the unbiased squared Mahalanobis distance
as given in Eqn. 3.14 was calculated and compared.

In the case of

normalization to unit spectral area, the analysis was further expanded to
investigate the issue of normalizing to different numbers of total features.
In the previous section, performance was shown to be relatively insensitive
to the number of features included above six to eight features. However, all
of the data in that analysis had utilized NUA over the full feature set. The
motivation behind reducing the dimensionality of the feature space is to
take advantage of the practical benefits associated with collecting fewer
features.

Fewer features collected means the contributions from the

features eliminated are no longer contained within the normalization factor.
Therefore, NUA was investigated for 14, 13, 12, and 9 feature spaces to
verify that the normalization process used did not affect the conclusions
about the validity of reducing the total number of features.

Figure 5.3

shows a comparison of the three normalization methods as a function of the
number of features within the feature space.

Again, the reduction

dimensionality is performed according to the 480 run seed ordering.

In
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Figure 5.3. A comparison of the Mahalanobis metric as a function of
dimensionality for three data normalization methods: normalization to unit
area (NUA), normalization to the 540 run spectral image, and normalization
to the total fluorescence image. NUA was performed with respect to four
separate numbers of total features.

All of the curves in Figure 5.3 behave similarly to the curves shown in
Figure 5.1 in that the Mahalanobis metric is fairly level for large numbers
of features but declines sharply as the number of features is reduced below
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four to six. The NUA curves are more level than the NTF or N540 curves
which continue to rise slightly.

In the region of interest (six or more

features), NTF consistently performs the best and N540 the worst with the
NUA curves falling in between; however, all three methods perform fairly
comparably. Practically speaking, all three methods involve the collection
of one feature more than the dimensionality to be used for classification.
N540 and NUA require the collection of one additional spectral feature.
This is because following normalization, there are actually only (N-I)
independent features, where N is the total number of features collected.
NTF requires the collection of the total-fluorescence image.

The differences in performance among the three normalization methods
may be partially explained by the SNRs involved. The total-fluorescence
images are composed of the fluorescence over all wavelength bands.
Consequently, these images are very strong and would, therefore, have
relatively high SNRs compared to individual spectral images. In the case of
NUA, the SNR of the sum of the feature images (the normalization factor)
would be higher than that of a single spectral image. Therefore, both NTF
and NUA would be expected to outperform N540. Additionally, it is not
surprising that NTF would perform slightly better than NUA.

Spectral images are more costly than total-fluorescence images in terms of
acquisition time because the band must be selected and integration over
multiple frames may be required. NUA is slightly more costly in terms of
processing because it requires the spectral values to be summed over the
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feature set before the normalization can be performed.

In the NUA

comparison, it seems that there is only a small decrease in performance
associated with normalizing to fewer total features. In fact, as shown in
Figure 5.4a and Figure 5.4b, there is little or no loss in classification
accuracy.

These results indicate that any of the three methods is

reasonable. NTF performs somewhat better in terms of both the metric and
classification accuracy and has slight practical advantages in terms of
implementation over the other two methods.
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6. IMAGING RESULT..8

A multispectral data set was obtained with the experimental setup of
Figure 4.1 to demonstrate fluorescence imaging of human aorta.

This

chapter will discuss the specifics of the multispectral imaging experiments,
including tissue preparation procedures and the flat-field calibration
technique that was applied to the data. Examples of the diversity of images
available with a fluorescence imaging system will be presented and
comparisons between them will be made. The comparisons and conclusions
are somewhat subjective, as they are based solely upon the appearance of
the images and histologic knowledge of the training regions contained
within the images. An in-depth quantitative assessment of image quality
was not performed.

6.1 Tissue Preparation
Tissue specimens consisted of descending human aorta obtained postautopsy. The specimens were chosen and prepared as previously discussed
in Chapter 4.

A total of 52 tissue specimens from 15 aortas was

investigated. Following imaging, a 5 mm biopsy punch was used to remove
tissue at various regions of interest. The tissue was then fixed in formalin.
The presence of disease was determined histologically from cross-sectional
slides treated with Richardson's stain. 63 For this study, only two classes,
normal and diseased, were considered. Although examples of calcification
are shown in the images, heavily calcified regions were not used in the
training of the projector or in the determination of the threshold.
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In the analysis of the histologic slides, the intimal thickness was quantified.
The normal class was defined to include all regions with intimal thickness
less than 200 microns. The diseased class included fibrous and complicated
plaques. The normal group was further divided by intimal thickness into
~m)

normal (less than 150

regions and transition regions (150

~m

to 200

~

m). The diseased group was similarly decomposed into transition regions
(200

~m

to 250

~m),

early plaque regions (250

complicated regions (greater than 400

~m).

~m

to 400

~m),

and

Transition and early plaque

regions were not utilized for purposes of training.

The exclusion of early

plaque regions was an inadvertent result of the training set used. In the
biopsies collected, this subset was not represented.

6.2 Experimental Procedures
'Two different sources were used in the experiments to produce three types
of images. First, an incandescent light was used as the illumination source
to obtain a standard white-light image. The white-light source was then
interchanged with a 366 nm lamp to induce a fluorescence emission from
the tissue specimen, and a total-fluorescence image was captured. Finally,
14 spectral filters were inserted sequentially into the system to capture the
spectral fluorescence images of the multispectral data set.

The center

wavelengths of the filters were spaced 20 nm apart starting at 420 nm and
ending at 680 nm. Due to the low fluorescence intensities associated with
the 10 nm spectral bandwidth of the interference filters, long integration
times on the order of 10 seconds were required to obtain good image quality
with this particular camera.
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Because the band of wavelengths allowed to pass through the spectral filter
is so narrow (Le., the illumination is quasi monochromatic),

multiple

reflections within the silicon layer of the CCD result in an interference
pattern. This pattern varies as a function of wavelength (Le., it is different
with each interference filter).

The measured spectral images were

processed to correct for the background signal, to compensate for spectral
and spatial sensitivity variation in the imaging system, to average the
images to a 256 x 240 pixel format, and to apply normalization-to-unitspectral-area as described in Chapter 5.

The process that compensates for

the spatial and spectral sensitivity variation is called flat-field calibration
and is described as follows.

The measured spectral images, I{(x,y), specified as the digital value out of
the camera, are given by the product of the number of frames integrated,

N').., the system response as a function of position for a given spectral filter,
S')..(x,y), and the actual tissue fluorescence within the given spectral band,
I')..(x,y) , where x andy are variables of position,
I{(x,y) = N').. x S')..(x,y) x I')..(x,y).

(6.1)

To determine the sensitivity function, S')..(x,y), a flat-field calibration image,
I~(x,y),

is measured at each wavelength band A . To obtain the calibration

images, the ultra-violet lamp was replaced with a tungsten spectral
calibration source (Optronics 245).

A lambertian reflecting cube with a

reflectance very close to one over the spectral band of concern was
substituted for the tissue specimen.

The calibration source and the
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lambertian surface provided a known irradiance,

E~,

which is independent

of position. The calibration images are given by
(6.2)

The system sensitivity can then be written in terms of known or
experimentally determined quantities,

_ I~(x,y)/N~
Si\. (x,y ) E
C

•

(6.3)

i\.

Rearranging Eqn. 6.1, the spatial distribution of the tissue fluorescence
within a given spectral band, Ii\. (x, y), is then given by

I (
i\.

) - I{(x,y)/Ni\.
Si\. (X,y ) '

X,y -

(6.4)

where Si\. (x,y) may be substituted from Eqn. 6.3.

6.3 Imaging results
The multispectral fluorescence imaging system described in Chapter 2
provides a variety of images to aid in the diagnosis of disease. There are
four categories of images that will be presented here.

They include:

standard white-light images, total-fluorescence images, spectral images,
and processed images.

Figure 6.1 contains examples of white-light and total-fluorescence images
for two tissue specimens. The tissue specimen of Figure 6.1 (a) and (b)
consists of regions of fatty and fibrous plaque interspersed with normal

]02

(a)

(b)

(c)

(d)

Figure 6.1. White-light and total-fluorescence images for two tissue
specimens: (a) white-light image, specimen 1, (b) total-fluorescence image,
specimen 1, (c) white-light image, specimen 2, and (d) total-fluorescence
image, specimen 2. White-light images were obtained with an incandescent
light source, while total-fluorescence images were obtained with 366 nm
illumination.
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appearing areas, while the more heavily diseased specimen pictured in (c)
and (d) contains regions of early plaque, complicated plaque, and calcium
deposits. The small black circular regions are vessel exit points (points
where smaller vessels join with the aorta). These regions contain no signal,
but do serve as useful landmarks. The white-light images were generated
using an incandescent light source and captured by the CCD camera. The
total-fluorescence images were generated with UV illumination from a lamp
and were captured by the CCD camera without spectral filtering.

In both sets of images, regions containing atherosclerotic plaque and
homogeneous regions of more normally appearing tissue can be discerned in
the white-light images.

While plaque regions can be perceived, exact

boundaries between normal and diseased regions cannot be easily detected,
and many areas are nondescript. The severity of disease present in the
more heavily diseased specimen is not apparent in the white-light image of
Figure 6.1c. The white-light images shown are black-and-white depictions
of the white-light response.

It should be pointed out that endoscopic

systems frequently have color capability; thus, information associated with
subtle color variation is lost here.

The plaque (typically darker) regions seem to stand out far better against
the normal regions in the total-fluorescence images.

The high degree of

structural detail and the improvement in contrast afforded by this image
could be useful in the direct visualization of atherosclerotic disease. Once
again, the fluorescence response contains color variations that are not
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appreciated here.

These variations may be apparent in an endoscopic

image offering color capability, further increasing the utility of the totalfluorescence image for detecting disease.

While total-fluorescence is an excellent aid for direct-visualization, there
are problems associated with using this technique for automated
classification. As previously stated, this imaging technique, as well as any
standard endoscopic imaging technique, will suffer from variations in
illumination irradiance between images due to the difficulty in physically
controlling, directing, and stabilizing the catheter in vivo. The processed
images, which will be presented below, address this problem through
normalization of the data. These images are generated from processing of
the spectral images.

The spectral-feature images comprising the multispectral data set were
obtained by placing narrow-band interference filters in the optical path. An
example of a spectral image collected using a 540 nm interference filter and
captured by the CCD camera is shown in Figure 6.2a. Approximately the
upper third of the image represents atheromatous vessel.

A severely

calcified region exists in the far right of the diseased region and shows up
very brightly. The interference pattern alluded to above can be clearly seen;
however, the flat-field calibration procedure presented in the previous
section corrects for the observed spatial variation. An example of the flatfield corrected 540 nm image is given in Figure 6.2b.
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The last category of images to be presented is processed images. Figures 6.3
and 6.4 contain (c) ratio-images that were generated via Eqn. 3.3 (i.e., the
ratio between the 480 nm and 520 nm spectral images) and (d) optimizedcontrast images (OCI) generated via Eqn. 3.6 for each of the two tissue
specimens previously depicted in Figure 6.1. For purposes of comparison,
the white-light and total-fluorescence images have been included in (a) and
(b), respectively.

The ratio-images seems to provide some contrast improvement over the
total-fluorescence images in terms of delineating boundaries and reducing
heterogeneity within normal regions. However, a high degree of gray-level
heterogeneity still exists. There are several regions within the diseased
tissue that display gray-levels that are very similar to those found in nondiseased regions. A hard-threshold was applied to the pixel intensity values
of Figure 6.3c to classify diseased and non-diseased regions.

Consistent

misclassification of areas within the diseased region was observed.
Attempts to threshold the white-light image failed completely due to the
heterogeneity present and the poor contrast. More success was achieved in
thresholding the total-fluorescence image; however, once again, the
heterogeneity present in this image caused large regions within the plaque
areas to be misclassified.

In addition, the problems associated with

variations in illumination outlined above would make identifying a
threshold for general application difficult if not impossible. One advantage
of the ratio technique is that it is a self-normalizing process as long as the

10C

Figure 6.2 A 540 nm spectral-feature image (a) as detected by the CCD
camera, and (b) following application of the prescribed calibration
procedure.
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environmental factors affecting total intensity do not change appreciably
between the two images.

The optimized-contrast images were created by forming a weighted sum of
the spectral images as described in Eqn. 3.6.

The linear discriminant

presented here includes a numerical normalization to unit spectral area at
each pixel location. The relative weightings of the individual images within
the superposition were determined from the statistical properties of a set of
histologically classified training regions via Eqns. 3.8 - 3.11. The complete
training set obtained consisted of 25 normal regions from 13 specimens
drawn from 10 aortas and 27 diseased regions from 14 specimens drawn
from 11 aortas. A total of 52 specimens from 15 aortas was investigated.
The training data did include three regions from the specimen of Figure 6.3
and one region from the specimen of Figure 6.4. A region represents a
group of pixels in an image corresponding to a biopsied tissue section.
Specifically, a 21 x 21 pixel area within the image was sampled. Every
third pixel within the specified area was chosen to make up a 49 pixel
training region.

Either of the two processing techniques (i.e., the ratio image or the
optimized-contrast image) presented here will address the aforementioned
problems associated with total intensity measurements.

Normalization

will, however, produce anomalous behavior in and around the vessel entry
points due to the lack of signal in those regions. This effect is demonstrated
in both the ratio-image and the optimized contrast images.

At these
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(b)

(c)

(d)

Figure 6.3 (a) A white-light image obtained with an incandescent light
source, (b) a total-fluorescence image obtained with 366 nm illumination, (c)
a ratio-image obtained from a per-pixel ratio of 480 nm and 520 nm
fluorescence intensities, and (d) an optimized contrast image obtained from
an optimized linear superposition of the spectral-feature images.
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(a)

(b)

(c)

(d)

Figure 6.4 (a) A white-light image obtained with an incandescent light
source, (b) a total-fluorescence image obtained with 366 nm illumination, (c)
a ratio-image obtained from a per-pixel ratio of 480 nm and 520 nm
fluorescence intensities, and (d) an optimized contrast image obtained from
an optimized linear superposition of the spectral-feature images.
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locations, the low intensity levels cause observable artifacts; therefore,
these regions should be avoided for purposes of training and classification.
The optimized contrast images of Figures 6.3d and 6Ad seem to provide
more uniform contrast between normal and atheromatous regions than
either the white-light, total-fluorescence, or ratio images. In Figure 6.3d,
the projected image is basically composed of two gray-levels corresponding
to the pathology present.

Much of the heterogeneity in the total-

fluorescence and ratio-image that led to misclassification appears to have
been removed. In addition, normal and diseased tissue boundaries seem to
be more easily discernible. This is also true in Figure 6Ad; however, there
are at least three basic gray-levels present. There is a calcified region that
begins in the lower-left hand corner of the image and runs diagonally
toward the center.

In addition, there are small pockets of calcification

present in the central diseased region. These regions are not particularly
apparent in the white-light or ratio images and certainly do not stand out
from other forms of disease. While one might suspect their presence from
the total-fluorescence image because of a slightly brighter appearance, the
normal regions are similarly bright with a great deal of heterogeneity.

In

the projected image, however, these regions appear more clearly
distinguishable from either normal or non-calcified diseased regions.

The optimized-contrast images may be viewed directly by the physician or
further processed to provide automated classification. The simplest way to
create a classified image is to apply a threshold (i.e., all values above a
specified value are placed in one class while all values below are placed in
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the other).

In contrast to the thresholding experiences described above,

good results were obtained in thresholding the projected image of Figure
6.3d, as shown in Figure 6.5b. For convenience the OCI has been included
in Figure 6.5a.

With the exception of a few outliers, the classification

procedure appears quite successful.

These outliers are easily dismissed

when the spatial information is assimilated.

Isolated diseased pixels

corresponding to true disease within a large area corresponding to normal
tissue are unlikely due to the progressive nature of the disease and likewise
for isolated normal pixels in diseased regions. They can be attributed to
noise within the image and are easily ignored by the observer in viewing
the total picture.

The calcified regions of Figure 6.4 add a third basic gray-level to the OCI.
Calcification is often reported as being somewhat problematic for
classification via fluorescence spectroscopy. This advanced stage of disease
is often misclassified as belonging to the normal class.

The gray-level

thresholding procedure described above classified intensity levels below a
given value as being diseased, and those above as being normal.

The

calcified intensity levels were higher than those of the normal and would
indeed be misclassified.

At this point it is useful to take a closer look at the training data and the
performance of the projector. Figure 6.6 shows the results of normalizing
the data over 14 features (NUA-14), training the projector on 13 features,
and applying the projector to the training data (i.e., projecting the data from
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(b)

Figure 6.5 An optimized-contrast image (a) before and (b) after the
application of a threshold.
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the 13-dimensional space to a single dimension). Each point on the plot
represents a single normal (0) or diseased (0) pixel. The results are shown
as distributions plotted by class and by region.

Vertical axis labels 2

through 53 (moving vertically upward) correspond to projected distributions
for individual training regions. Again, each training region is composed of
49 pixels.

The overall class distributions are shown as the bottom two

distributions and are annotated "normal" and "diseased". In other words,
the distribution corresponding to the set of diseased regions taken as a
whole is identified by vertical axis label "1", while the distribution
corresponding to the set of normal regions taken as a whole is identified by
vertical axis label "0".

The result of Figure 6.6 shows that the distribution associated with the
normal regions is much more compact than that associated with the
diseased regions.

This was observed throughout the study and was

expected as there was a wide range in terms of the degree of disease present
in the experimental observations.

In general, atherosclerotic disease

includes a wide variety of lesions often exhibiting very different
characteristics.

In spite of some overlap in the class distributions, the

projector seems to have done a very nice job of separating the normal and
diseased tissue with the exception of region 28. This region was clearly
diseased with an intimal thickening of over 1000 !lm. Although there was
no apparent evidence of calcium deposits, it behaves like a normal specimen
in the projection. Interestingly, in the histologic analysis, this specimen
was found to contain more elastic tissue near the tissue surface than had
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Distributions of 13 feature (NUA-14) projected data
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Figure 6.6 Class and region distributions for data that have been
normalized to 14 features (NUA-14) and projected from a 13 spectralfeature data space to a single-dimensional space. The class distributions
are shown as the bottom two distributions and are annotated "normal" and
"diseased". Moving vertically upward, the distributions associated with
individual training regions are shown.
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been observed in other plaque specimens possibly accounting for the
anomalous behavior. The performance of a classifier would be markedly
improved if this region were omitted; however, no valid reason for doing so
existed. In addition, a reference stating that elastic tissue is sometimes
observed in the cap of larger lesions indicates that this may be
characteristic of some portion of the diseased population. 9

The class distributions were examined in more detail in Figure 6.7. Here,
the normal and diseased class distributions are plotted along with Gaussian
curves generated from the respective experimental mean and variance
values.

In general, the theoretical and experimental distributions agree

well, although the fit is better in the diseased case than in the normal case.
There is an unexplained concentration of values, exhibited as tall spikes, in
both experimental distributions. These results imply that the training set
is insufficient. More data is required before definitive statements regarding
distributions or generally applicable projectors or thresholds can be made.

For purposes of comparison, the class and region distributions for the same
data set normalized to a subset of 9 features (NUA-09) and trained on 8
features has been included in Figure 6.8. The classes are slightly less well
separated, but the overall performance is very similar to that of Figure 6.6,
including the anomalous behavior of region 28.

Again, for purposes of comparison, the optimized-contrast images utilizing
the complete training set but trained on 13 and 8 features are shown in
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Distributions of 8 feature (NUA-9) projected data
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Figure 6.9 Optimized-contrast images resulting from training on and the
projection of (a) 13 spectral-feature images following normalization to 14
total images and (b) 8 spectral-feature images following normalization to 9
total images (a subset of the 14 images used in (a».
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Figure 6.10 The thresholded image of Fig. 6.5b (a) before and (b) after the
application of a 3 x 3 median-window filter.
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Figure 6.9 (a) and (b), respectively. The 13 feature image utilized NUA-14,
while the 8 feature image utilized NUA-09 normalization. The 9 images
utilized to produce the latter image were a subset of the 14 images of the
former.

As expected, the 13 feature image seems to show a slight

improvement in contrast between the plaque and normal regions over the 8
feature image, but the difference is almost imperceptible. For all practical
purposes, the two techniques behaved similarly producing very comparable
results.

The final processed image to be presented actually involves further post
processing of the thresholded OCl. The thresholded image of Figure 6.5b is
shown again in Figure 6.10a for convenience. In Figure 6.10b, a simple 3 x
3 median-window filter was used to "clean-up" the outliers with good
success.

6.4 Imaging bundle experiment
To demonstrate the types of images that can be expected from an endoscopic
fluorescence imaging system, the experiment in Figure 6.11 was
constructed. This experiment used the same equipment and configuration
as the experiment shown in Figure 4.1; however, the tissue fluorescence
was transmitted to the camera through a silica imaging bundle
approximately 3 feet in length. The 10,000 element fiber optic bundle was
0.5 mm in diameter and had a numerical aperture of 0.35.

Microscope

objectives were used on both ends of the fiber to couple the light in and out
of the fiber bundle.

The receiving objective was placed at its working
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distance (160 mm) from the tissue. In addition, multiple 366 nm UV lamps
were used to illuminate the tissue. The field of view was approximately 5
mm in diameter on the tissue plane.
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Figure 6.11. Imaging bundle experiment.

In this preliminary experiment, only a few images were captured to
demonstrate the technique.

They included a white-light image, a total-

fluorescence image, and a 480 nm spectral image. Examples of the images
collected are shown in Figure 6.12. The tissue specimen consisted of human
aorta obtained postmortem. The region imaged was heavily diseased. A
calcified region runs vertically through the center of the image and

IS

sm:rounded by large areas containing plaque. The results shown here are
very similar to previous results. The white-light image shows relatively
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little structure compared to the total-fluorescence image. In the case of the
spectral images, the experiment was light limited, particularly with respect
to the longer-wavelength fluorescence bands. The 480 nm spectral image
shown was acquired by integrating over 600 frames (20 seconds) and
appears quite noisy.

This experiment was, however, a proof-of-principle

exercise to show preliminary images through an imaging bWldle. It was not
optimized for use with the imaging bWldle, and the amount of illumination
available was limited.

In spite of this, some structure is visible.

An

optimized-contrast result was not achieved because a set of training data
obtained with this experimental setup was not available with which to train
the projector.

(c)

Figure 6.12 Images acquired through a fiber-optic imaging bundle in the
experimental set up of Figure 6.11 including: (a) a white-light image
(incandescent illumination), (b) a total-fluorescence image (ultra-violet
illumination), and (c) a 480 nm spectrally-filtered fluorescence image (ultraviolet illumination).
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7. CONCLllSIONS

In this chapter, conclusions related to the utility of the multispectral data
set collected and to the design of the proposed endoscopic fluorescence
imaging system will be discussed. Where applicable, comments regarding
future directions for research will be noted.

In this work, a conceptual design for a multispectral diagnostic imaging
system was presented including a general description of the system and
discussions of specific subsystem requirements.

The proposed system

provides two illumination sources resulting in two categories of images,
standard white-light images and fluorescence images.

Two types of

fluorescence images, total-fluorescence images and spectrally-filtered
images, are available. These images may be used directly by a clinician, or
processed to provide either improvement in contrast or automated
classification. The proposed system provides a great deal of flexibility in
terms of the information provided to the clinician to aid in the diagnosis of
atherosclerotic disease.

The feasibility of obtaining angioscopic multispectral fluorescence data, as
would be collected by the proposed system, was explored. Spectral radiance
values of aorta specimens were experimentally determined, and signal-tonoise ratios for individual spectral images over the fluorescence band were
estimated. While the SNR results based upon the experiment performed
were found to be low for short integration times, several methods for
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improving the SNR in the proposed imaging system were discussed. It was
determined that adequate signal-to-noise ratios to provide a viable data set
are attainable; however, specific questions regarding the total number and
identity of the spectral images, as well as the integration times associated
with specific features remain to be answered. In addition, although several
options were discussed, the best filtering device with respect to
transmission, bandwidth, clear aperture, and switching speed will have to
be determined. Finally, a two order of magnitude increase in illumination
over the experimental levels utilized with a corresponding increase in the
fluorescence response was demonstrated without evidence of saturation.
Increasing the illumination irradiance and therefore, the fluorescence
response, was shown to give substantial improvement in the SNR for the
proposed system.

To explore the potential of discriminating between normal and diseased
vessel, a non-endoscopic multispectral fluorescence data set was collected,
and its potential for detecting atherosclerotic disease in human aorta was
explored. The total-fluorescence images collected seemed to demonstrate
significant improvements in the contrast between normal and diseased
vessel as compared to the respective white-light images. Two methods of
exploiting the multispectral data were presented. The first method was to
generate a ratio of intensities on a per pixel basis. This ratio-image seemed
to provide improved contrast over a total-fluorescence image with normal
tissue appearing bright and diseased tissue dark. However, a high degree
of heterogeneity within regions lead to substantial misclassification when a
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threshold was applied to the image.

The second method consisted of

training a projector to obtain an optimized, weighted sum of the individual
feature images. Projected images were compared to white-light and totalfluorescence images and appeared to provide greater and more uniform
contrast and the potential for improved classification 3ccuracy.

The

projected image seemed to perform well both in terms of obtaining high
contrast between normal and atheromatous tissue regions and reducing the
heterogeneity.

Calcified tissue regions were more conspicuous, and in contrast to other
diseased tissue, tended to be brighter than normal regions in the optimizedcontrast images. A similar but nondescript result was observed in the totalfluorescence images. The optimized contrast image, in particular, seemed to
consist of three basic gray-levels, perhaps suggesting that a three-class
problem should be considered in future studies.

Such a system, if

successful, would give information not only about the presence of disease,
but also about the type of disease present. The characteristics of fibrous
plaques are significantly different from those of calcified plaques.

The

ability to correctly identify calcified regions is important not only because
calcification represents advanced disease, but also because its hard, bonelike character may greatly influence decisions regarding appropriate
therapy.

The comparisons and conclusions regarding the image results are at this
point subjective. They were based upon gross examination of the tissue,
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histologic analysis of the training regions within the images, and the
appearance of the images. No attempt to quantify image quality was made.
Future studies should include psychophysical studies with physicians to
assess the true diagnostic potential of a multispectral imaging system for a
trained clinician as well as a quantitative analysis of the imaging results.
For instance, the true positive fraction (the fraction of pixels corresponding
to diseased tissue correctly classified as "positive" (diseased» and the true
negative fraction (the fraction of pixels corresponding to non-diseased tissue
correctly classified as "negative" (normal) should be calculated for the
classified (thresholded) images to evaluate the performance of the classifier.
This type of analysis includes disease prevalence in the assessment of
performance, whereas accuracy does not.

The set of training data available was limited. Future work should include
extending the training set to capture the variability of the disease more
extensively. While the projectors that were derived performed well on the
data available, their behavior was found to vary significantly with additions
to the training set. Therefore, more training data is required to obtain a
projector that performs well in a general setting. Furthermore, enough data
must be obtained to allow completely independent training and validation
data sets. With the exception of demonstrating a simple median-window
filter to clean up outliers in a classified image, no attempt was made here to
incorporate spatial information in an automated classification system;
however, the potential to do so is prodigious. The combination of spatial
and spectral information seems to posses great potential for improving the
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detection and characterization of atheromatous tissue.

Future efforts

should include investigations of techniques to incorporate the spatial
information available more fully (e.g., modeling the spatial distribution as a
Markov random process).

On the basis of this analysis, angioscopic fluorescence imaging appears to
be a feasible and viable technique. The results of this study demonstrate
the potential for fluorescence imaging to provide improved detection of
atherosclerotic cardiovascular disease.

One of the next obvious steps,

however, would be to begin to build and evaluate a prototype system so that
the practical problems and considerations associated with a angioscopic
system can be more fully identified and the performance and clinical
usefulness of the technique assessed.

129

REFERENCES

lAtherosclerosis: views from three continents, Milestones In Medicine,
American Medical Video, 1991.
2Arteriosc1erosis. 1981, Report of the Working Group on Arteriosclerosis of
the National Heart, Lung, and Blood Institute, NIH 82-2035, September
1981, p. 499.
3R.I. Levy, "Declining Mortality in Coronary Heart Disease, a Review,"
Arteriosclerosis, 1(5), 312-325 (1981).
4D.D. Ingram and R.F. Gillum, "Regional and urbanization differentials in
coronary heart disease mortality in the U.S. 1968-85," J. Clin. Epidemiol.
42(9),857-68 (1989).
5National Hospital Discharge Survey: Annual Summary, 1988, National
Center for Health Statistics Vital and Health Statistics, Series 13, No. 106,
September, 1991.
6lVLC. Weinstein, P.G. Coxson, L.W. Williams, T.M. Pass, W.B. Stason, and
L. Goldman, "Forecasting coronary heart disease incidence, mortality, and
cost: the coronary heart disease policy model," Am. J. Pub. He., 77(11),
1417-1426 (1987).

71. Huttner, O. Kocher and G. Giabbiani, "Endothelial and Smooth-Muscle
Cells," in Diseases of the Arterial 'Wall, J.P. CalTlJlleri, C.L. Berry, J.N.
Fiessinger, J. Bariety, eds. (Springer-Verlag, Berlin, 1987), pp. 3-42.
SH.C. Stary, "Evolution and progression of atherosclerosis in the coronary
arteries of infants and children," in Atherosclerosis and Ageing, S.R. Bates,
and E. Gangloff, eds. (Springer-Verlag, NY, 1987).
9C.L. Berry, "The Lesions of Atherosclerosis," in Diseases of the Arterial
Wall, J.P. Camilleri, C.L Berry, J.N. Fiessinger, J. Bariety, eds. (SpringerVerlag, Berlin, 1987), pp.163-166.
lOR. Ross, and J.A. Glomset, "The Pathogenesis of Atherosclerosis," N. Engl.
J. Med. 295(7), 369-377 (1976).
llFigure redrawn from R.I. Levy, "Declining mortality in coronary heart
disease, a review," Arteriosclerosis, 1(5), p. 314 (1981).

130

REFERENCES - Continued
12J.W. Hurst, "Atherosclerotic Coronary Heart Disease", in The Heart.
Arteries. and Veins, 7th ed., J.W. Hurst, R.C. Schlant, C.E. Rackley, E.H.
Sonnenblick, and N.K. Wenger, eds. (McGraw Hill, New York, 1990), pp.
961-1001.
13B.M. Massie, and M. Sokolow, "Heart and Great Vessels," Current Medical
Diagnosis and Treatment 1991, S.A. Schroeder, M.A. Krupp, L.M. Tierney,
Jr., S.J. McPhee, eds. (Appleton & Lange, California, 1991).
14J. Bonnet, "Diagnostic Principles and Therapeutic Management of
Patients with Atherosclerosis (Coronary Arteries)," Diseases of the Arterial
Wall, J.P. Camilleri, C.L. Berry, J.N. Fiessinger, and J. Bariety, eds.
(Springer-Verlag, Berlin, 1987), pp.328-340.
15R.I. Pettigrew, "Magnetic Resonance Imaging of the Heart and Great
Vessels", in The Heart. Arteries. and Veins, 7th ed., J.W. Hurst, R.C.
Schlant, C.E. Rackley, E.H. Sonnenblick, and N.K. Wenger, eds. (McGraw
Hill, New York, 1990), pp. 1975-1989.
16S. King, "Coronary arteriography and left ventriculography," in The
Heart. Arteries. and Veins, 7th ed., J.W. Hurst, R.C. Schlant, C.E. Rackley,
E.H. Sonnenblick, and N.K. Wenger, eds. (McGraw Hill, New York, 1990),
pp. 978-982.
17D. Shure, G. Gregoratos, and K.M. Moser, "Fiberoptic angioscopy: role in
the diagnossis of chronic pulmonary arterial obstruction, Ann. Intern. Med.
103(6), 844-850 (1985).
18K. Inoue, S. Kitamura, M. Fukutomi, K. Kaneda, and K. Kawachi,
"Usefulness of angioscope in angioplastic procedures for arteriosclerotic
obstructions of the femoral artery," Vascular Surgery, 25(3), 171-176 (April
1991).
19D.J. Underhill, P.D. Smith, M.B. Leon, J.R. McDonald, R.F. Bonner, and
R.E. Clark, "High resolution angioscopy: feasibility, limitations, and design
considerations for laser coronary angioplasty," Cardiac Surgery, 299-301
(1990).

131

REFERENCES - Continued
2°F. Litvack, W.S. Grundfest, M.E. Lee, R.M. Carroll, R. Foran, A. Chaux, G.
Berci, H.B. Rose, J.M. Matloff, J.S. Forrester, "Angioscopic visualization of
blood vessel interior in animals and humans," Clin. Cardiol. 8, 65-70 (1985).
21D.H. Blankenhorn and J. Braunstein, "Carotenoids in man III. The
microscopic pattern of fluorescence in atheromas, and its relation to their
growth," J. Clin. Invest. 37, 160-165 (1958).
22A.F. Gmitro, A.L. Alexander and C.M. Connor Davenport, "Optimum
illumination wavelength for fluorescence spectroscopy of atheromatous
plaque," SPIE Proc. 1201,544-551 (1990).
23A.L. Alexander, C.M. Connor Davenport and A.F. Gmitro, "Fluorescence
spectroscopy of normal and atheromatous human aorta: optimum
illumination wavelength," SPIE Proc. 1425,6-15 (1991).
24C. Kittrel, R.L. Willet, C. de los Santos-Pacheo, N.B. Ratliff, J.R. Kramer,
E.G. Malk and M.S. Feld, "Diagnosis of fibrous arterial atherosclerosis
using fluorescence," Appl. Opt. 24(15), 2280-2281 (1985).
25J.J. Baraga, R.P. Rava. P. Taroni, C. Kitrell, M. Fitzmaurice and M.S.
Feld, "Laser induced fluorescence spectroscopy of normal and
atherosclerotic human aorta using 306 - 310 nm excitation," Las. Surg. Med.
10, 245-261 (1990).
26G. Laufer, G. Wollenek, B. Riieckle, M. Buchelt, C. Kuckla, H.Ruatti, P.
Buxbaum, R. Fasol and P. Zilla, "Characteristics of 308 nm excimer
activated arterial photoemission under ablative and non-ablative
conditions," Las. Surg. Med. 9, 556-571 (1989).
27K.M. O'Brien, A.F. Gmitro, G.R. Gindi, M.L. Stetz, F.W. Cutruzzola, L.I.
Laifer and L.r. Deckelbaum, "Development and evaluation of spectral
classification algorithms for fluorescence guided laser angioplasty," IEEE
Trans. on Bio. Eng. 36(4), 424-430 (1989).
28L.I. Deckelbaum, J.K. Lam, H.S. Cabin, K.S. Clubb and M.B. Long,
"Discrimination of normal and atherosclerotic aorta by laser-induced
autofluorescence," Las. Surf>. Med. 7,330-335 (1987).

132

REFERENCES· Continued
29M. Sartori, K. Weilbaecher, G.L. Valderrama, S. Kubodera, R.C. Chin,
M.J. Berry, F.K. Tittel, R. Sauerbrey, and P.D. Henry, "Laser-induced
autofluorescence of human aorta," Circ. Res. 63(6), 1053-1059 (1988).
30R. Richards-Kortum, R.P. Rava, M. Fitzmaurice, L.L. Tong, N.B. Ratliff,
J.R. Kramer and M.S. Feld, "A one-layered model of laser-induced
fluorescence for diagnosis of disease in human tissue: applications to
atherosclerosis," IEEE Trans. on Bio. Eng. 36(12), 1222-1231 (1989).
31R.J. Crilly, S. Gunther, M. Motamedi, R. Berguer and J.R. Spears,
"Fluorescence spectra of normal and atherosclerotic human aorta: optimum
discriminant analysis," SPIE Proc. 1067, 110-115 (1989).
32L.1. Laifer, K.M. O'Brien, M.L. Stetz, G.R. Gindi, T.J. Garrand and L.r.
Deckelbaum, "Biochemical basis for the difference between normal and
atherosclerotic arterial fluorescence," Circ. 80, 1893-1901 (1989).
33A.L. Alexander, C.M. Connor Davenport, A.F. Gmitro, "Comparison of
illumination wavelengths for detection of atherosclerosis by optical
fluorescence spectroscopy", submitted for publication.
34M. Sartori, R. Sauerbrey, S. Kubodera, F.K. Tittle, R. Roberts, P.D. Henry,
"Autofluorescence maps of atherosclerotic human arteries - a new technique
in medical imaging," IEEE J. Quantum Electron. QE-23(10), 1794-1805
(1987).
35C.M. Connor Davenport, A.F. Gmitro, "Optimal fluorescence imaging of
atherosclerotic human tissue," SPIE Proc. 1425, 16-27 (1991).
36C.M. Connor Davenport and A.F. Gmitro, "Angioscopic Fluorescence
imaging system," SPIE Proc. 1649, 192-202 (1992).
37P.S. Andersson, S. Montan, S. Svanberg, "Multispectral system for
medical fluorescence imaging," IEEE J. Quantum Electron. QE-23(10),
1798-1805 (1987).
38S. Andersson-Engels, J. Johansson, and S. Svanberg, "Multicolor
fluorescence imaging system for tissue diagnostics," SPIE Proc. 1205, 179189 (1990).

133

REFERENCES - Continued
39Schott Fiber Optics, Inc. product literature, Southbridge, Massachusetts.
4°Liconix product literature, Sunnyvale, California.
41B. Trauthen, "Technical considerations for angioscopic imaging," SPIE
Proc. 1201,580-583 (1990).
42D. Decker-Dunn, D.A. Christensen, and G.M. Vincent, "Miltifiber
gradient-index lens laser angioplasty probe," Lasers in Surg. Med., 10, 8593 (1990).
43NSG America, Inc. product literature, Somerset, New Jersey.
44F.D. D'Amelio, S.T. DeLisi, A. Rega, "Fiber Optic Angioscopes," SPIE Proc.
494,44-51 (1984).
45Sumitomo
California.

Electric

Inductries,

Ltd.

product

literature,

Torrence,

460riel Corporation product literature, Stratford, Connecticut.
47Ealing Electro-optics product literature, Holliston, Massechusetts.
48C. Hoyt and D. Benson, "Spectroscopic imaging with a microscope,"
Photonics Spectra, in press.
49Cambridge Research &
Cambridge, Massechusetts.

Instrumentation,

Inc.

product literature,

50Brimrose product literature, Baltimore, Maryland.
51P.J. Treado, LW. Levin, and E.N. Lewis, "Near-infrared acousto-optic
filtered spectroscopic microscopy: a solid state approach to chemical
imaging," Appl. Spect. 46(4), 553-559 (1992).
52Redrawn from \-V.F. Kosonocky and D.J. Sauer, "The ABC's of CCDs,"
Electronic Design, April 12, 1975.
53Tektronix, Inc. product literature, Beaverton, Oregon.
5.JPrinceton Instruments, Inc. product literature, Trenton, New Jersey.

134

REFERENCES - Continued
55K. Fukunaga, Introduction to Statistical Pattern Recognition, (Academic
Press, New York, 1962), pp. 258-285.
56H. Hotelling, "The Generalization of Student's Ratio." Ann. Math Stat. 2,
360-378 (1931).
S7R.O. Duda and P.E. Hart, Pattern Classification and Scene Analysis,
(Wiley, New York, 1973), pp. 114-121.
58A.A. Afifi and V. Clark, Computer-Aided Multiyariate Analysis, 2nd
edition, Van Nostrand Reinhold Company, New York, (1990), pp. 271-316.
59K. Fukunaga, Introduction to Statistical Pattern Recognition, 2nd edition,
Academic Press, San Diego, CA (1990), pp. 219-253.
6DK.C.S. Pillai, "Mahalanobis D2," in vol. 5 of Encyclopedia of Statistical
Sciences, S. Koltz, N.L. Johnson, and C.B. Read, Eds. (John Wiley & Sons,
New York, 1985), pp. 176-181.
61B.R. Frieden, Probability, Statistical Optics, and Data Testing - A Problem
Solving Approach, (Springer-Verlag, New York, 1983), pp. 254-260.
62A.L. Alexander, Detection of atherosclerosis via fluorescence spectroscopy
and magnetic resonance imaging, dissertation in progress, University of
Arizona.
63L. Richardson, "Richardson's combination ofVerhoffs elastic and Gomori's
trichrome stains with modifications," Lab. Med. 6, 33-34 (1975).

