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Abstract
PET is the gold standard for measuring myocardial perfusion in vivo. CT scans
provide fast low-noise transmission maps for attenuation correction. However, single CT
scans only capture a short portion of the respiratory cycle while the PET image
corresponds to an average over multiple respiratory cycles. The misalignment caused by
this difference leads to artifacts in the attenuation corrected image. Additionally,
respiratory motion of the heart degrades image quality by blurring the acquired counts
over the path of movement.
Motion blurring can be reduced through respiratory gating, which sorts the
acquired counts according to the phase of the respiratory cycle. In this work, automated
methods are introduced for realignment of gated emission images, and show feasibility
for improving image characteristics of normal and abnormal studies. The combined effect
of accurate attenuation correction approaches and respiratory phase alignment is
evaluated in a series of simulated and live-subject experiments.
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Chapter 1 Introduction

1.1 Project overview
Positron Emission Tomography (PET) is a non-invasive diagnostic medical
imaging modality that produces tomographic images of the distribution of a radionuclidelabeled pharmaceutical in the body. These images can reveal on-going biochemical
functions and are called functional images accordingly, as opposed to structural images
that are typically generated by modalities such as computed tomography (CT) and
Magnetic Resonance Imaging (MRI). The radionuclide-labeled pharmaceutical, also
called a radiotracer (or simply - tracer), is administered to the patient and is taken up in a
tissue of interest after following a particular biological process. The isotope then decays,
giving rise to energy particles (photons) that are detected by the PET scanner and are
subsequently processed to form tomographic images of the tracer distribution.

The

intensity of the images at any given location, relates directly to the amount of tracer
uptake at that particular location in the body. Such information can be used to
characterize the underlying function, which is of diagnostic value.
Myocardial perfusion imaging (MPI) refers to the non-invasive measurement of
the flow of blood through the heart tissues. This method is the widely used for the
diagnosis of ischemic heart disease, and is based on the fact that diseased areas of the
heart receive less blood flow than the normal areas. Myocardial blood flow (MBF) can be
determined on absolute and relative scales. PET is considered the gold standard for
measuring myocardial perfusion in vivo [1], Determination of absolute MBF is possible
1

using PET imaging and is defined as the rate of blood supplied to a given volume or mass
of tissue in units of mL/min/g.
A number of PET tracers have been used for imaging of the heart, the most
common of which are listed in Table 1.1. Many of these tracers are produced in
cyclotrons by bombarding specific nuclei with high energy protons. Due to the high cost
and complexity of this process and the limited availability of on-site cyclotrons, there has
been an interest in using generator produced tracers such as rubidium-82 ( Rb).

Rb is

the product of strontium82 (82Sr) decay.

82

Sr is produced in large cylclotrons that are

capable of bombarding metallic Rb or RbCl solutions with high energy photons (~80
MeV) [2]. 82Sr has
a half life of 25.5 days and can be used to continuously generate
activity. The

82

Sr/82Rb generators are used to produce

82

Rb

Rb. In order to extract the

produced 82Rb, the generator consists of a tin-oxide (SnCh) ion-separation column which
strongly binds to Sr isotopes. The 82Rb atoms bind much more weakly to the ion-column
than Sr and when the column is flushed with a solution such as 0.9% sodium-chloride
(NaCl) saline, Rb takes the place of Na (sodium) and the

Rb is extracted in the form of

RbCl [2],
The Rb cation (Rb+) is a biological analog of the potassium cation (K+) and is
actively transported across the cell membrane and into the heart tissue where it is
naturally retained. The short 76 second half-life of 82Rb allows for rapid repeated studies
for MBF. 82Rb is directly infused into the patient in the form of 82RbCl using automated
infusion systems [3].

2

Table 1.1 Commonly-used PET tracers and their uses [4|

Tracer
I8
F-FDG
18
C-Acetate
18
NH3
15
0-Water
82
Rb

Half-life (min)
109.8
20.4
9.97
2.03
1.27

Application
Metabolism
Metabolism
Perfusion
Perfusion
Perfusion

Method of Production
Cyclotron
Cyclotron
Cyclotron
Cyclotron
Generator

The left ventricle (LV) is the heart's main pumping chamber, circulating
oxygenated blood throughout the body via the aorta. Being the heart's thickest muscle
tissue, the LV retains a large amount of tracer and is highly visible in 82Rb-PET images.
82

Rb-PET is used to diagnose ventricular dysfunction and coronary artery disease (CAD).
As a result of interactions with matter, the photons generated by the decay of the

PET radiotracers inside the body become attenuated as they travel from the site of decay
to the PET detectors. In order to accurately depict the tracer uptake, one must correct for
the loss of signal due to photon attenuation. This is possible by measuring the attenuation
properties of the body (attenuation map). With the advent of combined PET/CT scanners,
the CT scan can provide the attenuation map as well as accurate anatomical localization
of tracer signals in the body.
Typical diagnostic PET scans are obtained over several minutes. At the University
of Ottawa Heart Institute (UOHI),

82

Rb-PET scans are acquired following a 10 minute

scanning protocol. The resulting images represent a time-averaged picture of the
distribution of activity in the body. However the CT scan for the same study is acquired
rapidly (< 1 second per slice). This discrepancy can cause an issue with the use of CTbased attenuation correction (CTAC), because of the inconsistencies between the
attenuation map and the PET data caused by breathing motion. These inconsistencies can
introduce errors in the attenuation-corrected images, affecting diagnostic interpretation.

3

Additionally, respiratory motion of the heart has been shown to degrade image
quality by blurring the acquired counts along the path of movement. A reduction in
motion blurring is possible through the use of respiratory gating, which bins the acquired
signal based on the phase of the respiratory cycle. This technique ultimately generates a
separate image for each phase of the respiratory cycle; (respiratory phases). Each
respiratory-phase image is noisy because the acquired PET data have been divided into
several different phases (typically 4-10) [5]. Realignment of the respiratory-phase images
allows summing of the images together to reduce noise while maintaining the improved
temporal resolution obtained by respiratory gating.
The objectives of this research were to develop a method for alignment of the
respiratory phases to correct for motion blurring and to investigate the combined effect of
realignment and respiratory-motion-compensated CT-based attenuation correction. The
results of this work are expected to improve image quality of cardiac

Rb PET imaging,

leading to an improvement in diagnostic accuracy of this imaging modality.

1.2 The Physics of PET
1.2.1

Positron Decay
The radioactive tracers used in PET imaging have an over-abundance of protons

which prompts their radioactive decay to a more stable nuclear state. Proton-rich nuclei
decay via a mixture of two processes, electron capture and positron decay. The lighter
elements that are most commonly used in PET imaging decay primarily via positron
decay. The general scheme of positron decay is illustrated below:
2 X = $_ 1 Y + 0 + + ve

4

(3.2.1)

where X is the parent atom with atomic mass A and atomic number Z, Y is the
daughter atom, J3+ is the positron and UE is the electron-neutrino. The kinetic energy of
the positron and the neutrino equals the difference between the parent and daughter
energies minus 1.02 MeV (two times the resting energy of an electron). The kinetic
energy is shared between the positron and neutrino, resulting in a continuum of possible
energies for the positron. The mean and maximum positron energies for commonly used
positron-emitting isotopes are listed below [6].
Table 1.2 Decay characteristics for commonly-used PET radio-nuclides [6]

Isotope
11C
13N
150
18F
82Rb

Half
life (min)
20.4
9.98
2.03
109.8
1.27

Max
Range in
Water
(mm)
4.1
5.4
8.0
2.4
16.5

Max
Energy
(MeV)

Mean
Energy
(MeV)

0.96
1.19
1.73
0.63
3.36

0.386
0.492
0.735
0.250
1.5

Once the positron is released from the nucleus, it will travel through surrounding
matter while constantly losing its energy through ionization events with other atoms, or
by Bremstrahlung radiation after inelastic scattering. These events cause deflections in
the path of the positron, causing it to have an extremely twisted path through matter.
Eventually, once the positron has essentially come to rest, it combines with an electron
from the surrounding material, producing two 511 keV photons that are emittied in
opposite directions. This event is known as positron annihilation. The data acquired
using in this manner are called emission data, referring to the fact that the data originates
from a subject that has been injected with a positron-emitting isotope.
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1.2.2

Detection of Annihilation Photons
The detection of the annihilation photons forms the basis of PET imaging and is

illustrated in Figure 1.1. Most PET scanners use multiple rings of gamma ray detectors
that surround the subject. However, some models use partial rings of detector with a
rapidly rotating gantry in order to reduce cost. In this thesis, we will assume the more
common full detector ring model. Because two photons are created with each annihilation
event, PET uses the coincidence detection of these two photons to help reduce
background and localize the point of annihilation. The line connecting the two detectors or more accurately, the volume between two detector elements - is referred to as a "line
of response" or LOR. The LOR defines the path taken by the photons through the field of
view FOV.
If an annihilation event occurs within the FOV of the scanner, the two detectors
connected by the line of response of the annihilation will produce an electrical signal. If
the signal amplitudes on both detectors have the correct energy to be a 511keV photon
and both are detected within a specified timing window, the event is registered as a
coincidence. The timing window is commonly known as the coincidence timing window
(2r) and is in the order of several nanoseconds.
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taken up in an organ of interest. The positron travels a twisted path due to the interactions with
surrounding matter and finally annihilates with an electron at rest, giving rise to two 511 keV
photons which are detected by the scanner via coincidence detection.

Every coincidence detection has a corresponding LOR. The LORs can be
completely described by the radial, angular and axial coordinates of the two detectors
involved. In histogram-based acquisitions, data from all coincidences are gathered in a
histogram, where each entry corresponds to a unique angular and radial (and axial)
location in the FOV of the scanner (Figure 1.2). This histogram is also known as a
sinogram since a point source at a radius (r) from the center of the FOV of the scanner
creates a sinusoidal path in the histogram as a function of the projection angle 6 [7]. In
dynamic acquisitions, where the distribution of activity over time is of interest, the data
are acquired in consecutive time-frames and a separate set of sinograms is acquired for
each time frame. Dynamic data acquisition will be described in more detail in section
1.5.2. In order to transform sinograms into images, image reconstruction needs to be
performed, which will be described in section 1.4.
An alternative to histogram-based acquisitions is to acquire in "list-mode", where
each event is individually recorded with information about the two detectors at which the
7

annihilation photons interacted as well as the time of interaction and the energies of the
detected photons. List-mode acquisitions allow for reprocessing of the same data in
multiple different ways. In dynamic studies, the time of the event is used to sort the data
into time-bins upon completion of the study. Sinograms can then be created
retrospectively for each time bin.
Physiological signals can also be incorporated into the event list in order to study
specific characteristics. For instance, if electro-cardiogram (ECG) signals of the heart are
recorded during the PET acquisition and included in the list, list-mode events can be
sorted using these signals to ultimately generate ECG-gated images which show an image
of the heart for each phase of the cardiac cycle. These images provide important
diagnostic and prognostic information to clinicians. The same concept can be used to
acquire respiratory-gated images (see section 1.5.3).

Figure 1.2 A diagram showing the relationship between an LOR and its corresponding
element in the sinogram

1.2.3

Classification of Detected Events
Under ideal conditions, all coincidences recorded by the scanner would

correspond to annihilation events. However, due to imperfect temporal and energy
8

resolution, incomplete solid-angle coverage of the detectors, and photon interactions
within the patient, measured coincidences are contaminated with undesirable events, that
include scattered, multiple and random coincidences (see Figure 1.3).

Figure 1.3 Illustration of different coincidence event types in PET imaging. A) true
coincidence, b) scattered coincidence, c) Multiple coincidence and d) Random coincidence. The true
path is shown by a solid line while the corresponding LOR is shown with a dashed line.

In true coincidences, both annihilation photons escape the body and are detected
by a pair of detectors and the LOR is properly measured (Figure 1.3A). In scattered
events, at least one of the photons is deflected inside the body due to an interaction with
the surrounding matter, most commonly a Compton scattering event. Consequently, it
will deviate from its initial path and the event will be assigned to an incorrect LOR
(Figure 1.3B). At high count-rates, it is possible that annihilation events will occur in
rapid succession and lead to three or more detectors registering a photon signal within a
single timing window. In this case, the orientation of the LOR becomes ambiguous
(Figure 1.3C), and therefore these multiple coincidences are usually discarded. In
Random coincidences, photons corresponding to unrelated annihilation events are
detected within a single coincidence timing window (Figure 1.3D). These coincidences
9

can produce an undesired background in the final images. Correction methods for these
coincidences are described in section 1.3.3.
An additional point to consider is that the majority of photons detected by the
PET scanner are single events, in which only one of the two annihilation photons is
detected. The partner photon may not have enough energy upon striking the detector to
be registered or may not reach the detector at all. These events are discarded by the
scanner, but contribute to multiple and random coincidences. Single events also
contribute to pulse pileup in detector electronics that prevents processing of events for
short periods of time. This effect is called detector dead-time and correction for this form
of signal loss will also be described briefly in section 1.3.1.
A special type of singles event that occurs in Rb-82-PET is a prompt. This is a
high-energy gamma-ray (776keV) that is frequently emitted (-10%) at the same time as
the annihilation event. This photon can scatter and be detected in coincidence with a true
annihilation photon creating an addition scatter-type event.

1.2.4

2D vs 3D Data Acquisition
PET data can be acquired in 2D or 3D modes. As briefly mentioned above, the

detector blocks in most PET scanners are housed in multiple rings around the patient.
When acquiring in 2D mode, only the coincidences occurring between detector elements
within the same detector ring, or between detectors in two adjacent detector rings are
used. In order to obstruct annihilation photons incident at larger angles, thin shield
usually made from tungsten or lead and referred to as septa are inserted between detector
rings. This helps keep scatter and random coincidence event rates low, and reduces the
single-photon flux from outside the field of view. However, sensitivity of the camera is

also limited since the overall count rates on the detectors are reduced. This acquisition
mode is commonly referred to as 2D mode since the data collection is restricted to a set
of almost parallel 2D planes.
The data acquired in 2D mode are sufficient for reconstructing the entire image
volume [8, 9]. However, in order to increase image sensitivity and improve the signal-tonoise ratio of the reconstructed data, additional coincidence plane combinations can be
included in the process. This requires the retracting the septa that would otherwise block
these oblique lines of responses. This acquisition mode is commonly referred to as 3D
since the coincidence planes are no longer only limited to parallel planes. The 3D mode
typically improves sensitivity by a factor of 5 to 7 compared to the 2D acquisition [10,
11] and can also be used to reduce imaging time or the amount of radioactivity that is
injected. However, the lack of septa results in a three- to fourfold increase in the fraction
of scattered events detected [7]. Randoms rates also increase and so the subtraction of
random coincidences leads to an elevated level of noise at lower activity concentrations
than in 2D because each detector sees more of the radioactivity in the body and has a
higher singles rate. The increase in randoms and scatter events leads to challenges in
accurately correcting for these events. Recent studies have shown that the 3D acquisition
mode is feasible for use in quantitative cardiac imaging [4, 12], At the UOHI,
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imaging is routinely done in 3D mode as accurate scatter and randoms corrections exist
and provide for accurate quantitative measurements of MBF.

11

1.3 Data correction
In order to produce an accurate image, where each pixel represents the true
distribution of activity in the tissue, a number of physical corrections need to be applied
to the sinogram data. The most common corrections are briefly discussed here.

1.3.1

Dead-time Correction
Dead time is an effect that arises when a photon strikes a detector while an event

is already being processed by the system. Due to this effect, PET detectors are unable to
accurately process incoming events for short periods of time. The main source of dead
time in most PET systems is the processing of each event in the detector frond-end
electronics. Other contributions to dead time come from coincidence event processing,
real-time sorting of data into sinograms and data transfer. This effect reduces the
detectable count-rate of the scanner and produces a non-linear relationship between count
rate and activity in the field of view of the scanner. Two models are commonly used to
describe dead-time losses. In the paralysable model, if a second event is detected before
the first event is finished processing, both are discarded. This results in observed count
rates dropping to zero as true count rate increases. In the non-paralysable model, the
second event is ignored and processing of the first event continues. Therefore, observed
count rates plateau at a constant level for these systems. Scaling factors can be calculated
using these models to correct the acquired counts for deadtime losses [13-15].

1.3.2

Normalization
In order to account for the variation in detector efficiencies and variable spacing

between detector pairs, acquired counts are corrected by a multiplicative correction factor
that is specific to each LOR. The correction factors can be acquired by placing a uniform

source of activity in the FOV [7]. The acquired counts will be corrected to provide an
equal amount of activity for all angles, and the correction factors are thus retrieved. The
source is chosen to be of relatively low activity to avoid dead-time effects. However, in
order to provide a good estimate of the efficiencies, an adequate number of counts per
LOR should be acquired to minimize the statistical noise [16]. Thus the acquisition of
normalization factors (normalization scans) require lengthy scan times, typically 12hrs or
more. Some common source are a cylindrical phantom that is placed at the center of the
scanner or a rotating rod source that uniformly rotates close to the detector sufaces
outside of the imaging FOV. Long-lived isotopes such as germanium-68 (68Ge, ti/2 = 271
days) are suitable for this purpose.
This degree of normalization is sufficient for relative PET where the images are
interpreted visually without reference to the absolute values in each volume element of
the image (voxel). However for many PET studies, it is desirable to be able to relate the
number of counts recorded in a voxel to the amount of tracer activity (MBq) in a voxel.
This is needed for kinetic analysis of myocardial perfusion images. For example, to relate
image values to an arterial input function that was obtained with blood sampling, the
radioactivity is measured in a radiation detector, such as a well counter. This provides the
means to measure blood flow in units of MBq/min/g. Therefore an accurate calibration
between the PET scanner and the well counter is needed which can be calculated by
scanning a known uniform activity concentration (measured in the well counter) [13].
Blood flow measurements are discussed in more detail in section 1.7.
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1.3.3

Correction for Random Coincidences
Random coincidences ultimately add an undesirable uniform background to the

images. Two main methods can be used to correct for random coincidences. In the first
method, the randoms rate is calculated from the rate of singles detection. The rate of
random coincidences (randoms per second, NR) in a pair of detectors is given by the
equation below:
NR

= 2TN1N2

(3.3.1)

where 2Z is the coincidence timing window, and NJ and N2 are the single photon
detection rates in the paired detectors. Ultimately, NR is subtracted from the total number
of coincidences that are recorded for that LOR. In the second method, a parallel
coincidence detection circuit is added to the main coincidence detection circuit. The logic
pulse from one of the two detectors is delayed in time in comparison to the other circuit,
such that the detector pair cannot produce any true coincidences. Consequently, any
coincidences seen in this circuit will be caused by random coincidences, which can then
be subtracted from the total coincidences recorded for corresponding LORs in the main
circuit [7], Random coincidences approximately consist of 70% of total coincidences in
routine studies.
1.3.4

Scatter Correction
After the random coincidences are removed by methods described above, the

remaining events are true and scattered coincidences. Scattered coincidences contaminate
the data by increasing background counts that can lead to decreased contrast in the
measured signal. As shown in Figure 1.3, scattered photons often undergo substantial
interactions in the body prior to detection. These photons, that initially have 511 keV of

energy, interact with the soft tissue and bone found in the body, primarily through
Compton scattering [17]. In Compton scattering, a photon collides with an electron, and
transfers a portion of its energy to the electron, liberating it from its host atom. The
trajectory of the in-coming photon changes by angle a, and its exiting energy (E') can be
calculated by the equation below:
E
E

=

(33 2)

1 + f (1 - Cosa)

"

Where is E is the initial photon energy and Ee is the resting mass of the electron
expressed as an energy. As a result, scattered photons have reduced energy, and can be
identified by the detectors during data acquisition.
In most PET scanners, Scintillation detectors are used to detect gamma rays. In
these detectors, a dense crystalline material, (a scintillator), is used to absorb the incident
gamma rays and convert it into visible light. The intensity of the emitted light is
proportional to the energy absorbed in the scintillator. This light is then detected by
visible light photon detectors and ultimately converted into electrical currents.
Because the amount of light emitted is proportional to the energy of the incident
photon, scintillation detectors can also measure the incident photon energy. As scattered
photons have lower energy, they can thus be distinguished from unscattered photons and
rejected by the camera. This is commonly known as energy

discrimination.

Unfortunately, scintillators have limited energy resolution, thus all of the scattered events
cannot be removed by energy discrimination.
Typical energy resolutions range from 9% (germanium oxyorthosilicate or GSO
scintillation crystals) to 18% (bismuth germinate or BGO) for 511keV photons [18] and
/TO

are usually measured by scanning a line source in air (such as
15

Ge) and calculating the

full width at half maximum of the detected signal. The energy resolution of the Discovery
DRx PET/CT scanner (GE Healthcare) currently used at the UOHI is 14% (using
lutetium yttrium orthosilicate or LYSO crystals) and uses an energy window of 425-650
keV for energy discrimination [19].
Even with energy discrimination, a large number of scattered photons are still
detected by the PET scanner. The fraction of scattered coincidences to the total recorded
coincidences is commonly known as the Scatter Fraction (SF) and can range from 15%
to well over 50% in typical PET studies depending on the size of the object and the
geometry and energy resolution of the scanner. The scatter fraction for the scanner used
at the UOHI is 32.1% (3D acquisitions) [19]. To correct for scatter, it is first necessary to
estimate the scatter distribution of scattered photons detected the camera and several
different methods have been developed for doing this as is discussed below. After the
scattered distribution is calculated, it can be subtracted from the recorded data to produce
a scatter-corrected sinogram. In iterative reconstruction algorithms, an alternative
approach to scatter correction is to incorporate it as a step in the iteration.
Over the past years, scatter correction has been discussed in much detail and a
variety of algorithms have been proposed to address this problem [20-23], Methods of
estimating the scatter distribution consist of mathematical models to calculate it as well
as analytical approaches which estimated it from projection or image data [24-26]. One of
the more accurate methods is the calculation approach outlined by Watson et al. [27],
They begin with 2D emission and transmission scans. An estimate of the probability of
detecting photons scattered from any point within the emission image was then derived,
using the Klein-Nishina probability function [17], from the attenuation coefficients map,
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photon energies before and after scattering, and the scattering angle. The distribution of
photons that underwent a single scatter was then estimated for points in projection space
by integrating the probability of detecting scattered photons from each image point,
scaled by the activity at each point as given by the emission image. The integration is
performed over the entire scattering medium volume. The calculated scatter distribution
was then subtracted from the emission image. Although the scatter calculated using this
model is fairly accurate, it does not account for the scatter that comes from sources
outside of the FOV of the scanner [20, 27].
Analytical functions are also used to do scatter correction. One common method
is the convolution-subtraction algorithm. In a method by Bailey et al. [28], photopeak
projections were convolved with an exponential function, assuming an existing
relationship between scatter and photopeak data, to estimate the scatter distribution prior
to subtraction. Convolution based algorithms are faster than model based algorithms and
are often sufficiently accurate. At the UOHI, a model based scatter correction method is
used [29] for 3D imaging whereas convolution-subtraction is used for 2D acquisitions.

1.3.5

Attenuation Correction
If annihilation photons interact with matter prior to exiting the body, they are

attenuated from their original path, resulting in a loss in the total number of photons
detected. These interactions are primarily through the process of Compton scattering,
which was introduced in section 1.3.4, though other processes such as photoelectric
absorption may contribute. As a result, the probability of exiting the body and detection
decreases exponentially as a function of the distance traveled through the body. This
probability is given by the equation below, for every photon:
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l(x) =
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where Io and I are the original and exiting photon fluxes, respectively. The linear
attenuation coefficient (ju) is in units of cm1 and is a function of photon energy and
atomic number of the attenuating medium. The argument of the exponential is integrated
over the photon path length and, therefore, the photons that originate deeper inside the
subject, travel through a greater amount of tissue before exiting and are typically more
attenuated. For instance, if the length that photons must travel through the body is 20cm
only 15% of them will escape the body without scattering or total absorption, assuming
uniform attenuation equal to that of water. For a path length of 40cm (as in heavier
patients), this fraction reduces to 2%. This can cause an underestimation in the activity
measured in organs that reside deeper inside the body. In other words, regions near the
edge of the body would appear more intense in images.
1

with an attenuation coefficient of ft

18

In the case of homogeneous material, if one considers the LOR along which the
annihilation has occurred, the exiting photon fluxes of the first and second annihilation
photons are given by:
h(x) = I0e~»l , I2(x) =

(3.3.4)

where D is the thickness of the subject along the LOR; as shown in Figure 1.4.
The probability that annihilation photon 1 will exit the subject is shown below:
= e"" 1

Pi = ^

(3.3.5)

The probability that annihilation photon 2 will exit is:
P 2

=

I

M

=

E-*D-Q

(3.3.6)

h
Consequently, the probability that both annihilation photons will exit the subject
is the product of the individual probabilities:
P 12 = e ^ x e

-

" ^ =

(3.3.7)

As can be seen from the equation above, the reduction in detection probability is
independent of the location of the annihilation event along the LOR and dependant only
on the thickness of the subject and the attenuation coefficient along the desired LOR.
This property is unique to PET imaging, and provides for highly accurate attenuation
correction.
In order to correct for the attenuation occurred, an attenuation correction factor
(ACF) needs to be applied to the emission data and is given by the reciprocal of equation
(3.3.7):
ACF = e»D =
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(3.3.8)

The ACF is specific to each LOR and so this process is repeated for all LORs in
the FOV of the scanner.
Attenuation correction can be applied assuming a simple geometrical shape with a
constant attenuation coefficient. In order to simulate the density and geometry of the
human body, physical and digital models are frequently used for scanner quality
assurance and are commonly known as phantoms. When using a physical phantom, an
estimation of the attenuation coefficients in the body is possible , where the shape of the
phantom is known, and the attenuation coefficient is typically uniform. This method is
very prone to artifacts in more complex imaging subjects, due to the approximations
made [7].
In a more accurate method, attenuation correction factors are determined through
direct measurements. As shown in equation (3.3.7), the amount of photon attenuation is
independent of the location of photon origination, therefore, the amount of attenuation
would be the same if photons were produced outside of the subject. By rotating positron
/TO

emitting isotopes such as

Ge around the outside of the patient, the attenuation caused by

the transmission of 511 keV photons through the body can be measured; this
measurement is named a transmission scan. A reference or blank scan is acquired
without the subject inside the scanner to measure I 0 from equation (3.3.8). Then the
transmission scan is done for all LORs connecting detectors i and j, with the subject
inside the scanner to provide I(Dij). The ACFs are given by the ratio between the blank
sinograms and the transmission sinograms. Gamma emitting sources such as

137

Cs (single

662 keV photon emitter) are also used [30], however the ACFs using these sources need
to be scaled to the equivalent 511 keV values [31] due to the dependence of fi on E.
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The advantage of measuring attenuation directly is that it avoids approximation
regarding the geometry and attenuation coefficients of the subject. The drawback is that
sufficient time must be allowed so that an adequate number of counts are acquired along
each LOR in order to obtain accurate ACFs. This requirement elongates the total scan
time, and may not be well tolerated in all patients. In cardiac imaging, transmission
acquisitions may take 3 - 1 0 minutes, depending on scanner design [32], Patient
movement is more likely to occur during this time, and can introduce errors in the
measured attenuation maps. Since transmission images acquired by this method are often
of low quality, they are often smoothed or segmented before being applied to the
emission data to prevent noise propagation in the emission data.
More recently, combined PET/CT scanners have been developed which allow the
use of high quality CT images for calculating the ACFs. In these systems, the PET
scanner is integrated with a modern multi-slice CT scanner. As a result, the patient can
receive both the CT and the PET scans while lying on the same scanner bed. In CT scans,
polyenergetic X-ray beams are transmitted through the body as the X-ray source is
rotated inside the gantry. The CT values obtained are then scaled to the appropriate 511
keV values to be used for the correction method [33]. A brief introduction to CT image
acquisition follows in section 1.8.
The main advantage of CT-based transmission imaging is the high quality of the
acquired transmission maps leading to potentially more accurate correction, and the speed
of the acquisition which results in reduced imaging times and greater patient comfort.
However, CT-based transmission scans are acquired rapidly, taking less than a second for
each slice and therefore represent a snapshot of the body while the PET emission scans
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take several minutes and represent a temporal-averaged image. This fact leads to a
relatively high frequency of misregistration errors between the attenuation and emission
image [34] and will be discussed in more detail in section 1.8.

1.4 Image Reconstruction
Image reconstruction is an inverse problem. A PET scanner acquires data from
the detected annihilation photons, but we would like an image of the distribution of tracer
within the patient. Reconstruction is necessary because the raw data only restrict the
annihilation event to be along the LOR and do not specify the exact spatial coordinates in
the subject. Image reconstruction produces 3D tomographic images of the subject.
Reconstruction can be performed using analytic methods, such as filtered
backprojection (FBP) [35, 36], in which a linear superposition of backprojections shapes
the reconstructed image. Firstly, an image matrix is defined and for valid lines of
responses (such as those shown in Figure 1.2), a line is drawn between the detectors and
through the image matrix. The number of counts detected by the detector pair connecting
the LOR in question, is added to each pixel that is intersected by the line. Consequently,
the counts from each detector pair are being projected back along the line from which
they originated. This process is repeated for all valid detector pairs in the system and the
counts from each subsequent detector pair is added to the counts backprojected from
preceding detector pairs, hence generating a superposition of backprojections.
Simple backprojection results in an image that is an estimation of the true
distribution of radioactivity in the object. The reconstructed image pixels are a blurred
representation of the object since counts are distributed equally along the line from which
they originated. This blurring is proportional to 1 / r where r is the distance from the

source of activity. Mathematically, it can be shown that the backprojected image h(x,y)
and the true activity distribution I(x,y) are related by a convolution with 1 /r :
h(x,y)

= I(x,y)®~

r

(3.4.1)

where ® represents the operation of convolution.
In order to eliminate the 1 / r blurring factor, deconvolution of the image is
needed. One common method is to simplify the deconvolution by filtering (multiplying)
the image with a ramp filter R(f)=f in the Fourier domain. The effect of the ramp filter is
to amplify high spatial frequencies and thus a low-pass filter may also be applied at this
stage to reduce the amplification of noise in the high-frequency regions of the image.
Subsequently, the inverse Fourier Transform is applied and the result is backprojected
through the FOV. After this process is repeated for all angles (rows) in the sinogram, the
image is generated. Since FBP is an exact analytical solution to the inverse problem of
image reconstruction, only a single backprojection step is needed which requires little
computation power. FBP is the method typically used to reconstruct CT images and has
frequently been used in PET imaging due to its short computation times. However, FBP
is not favored in low count-density images, or when wide variations in activity
concentration is involved, and is prone to image artifacts [34].
An alternative to FBP is to use iterative reconstruction techniques, in which an
initial image estimate is made; usually blank or uniform. A forward projection is then
taken and compared to the measured projection by taking a difference, for example.
Adjustments are then made to the estimated image and the process is repeated until the
difference in the estimated and measured projections is minimal. Although iterative
reconstruction algorithms are more computationally intensive, they are generally

preferred over FBP since models of system geometry and counting statistics may be
introduced into the reconstruction algorithm to improve accuracy.
The most common iterative technique is known as maximum-likelihood
expectation maximization (MLEM) [37]. Likelihood is a statistical quantity that is
maximized when the difference between the measured and estimated projection data is
minimized, and the expectation maximization algorithm iteratively maximizes this
likelihood under a Poisson data model [7]. The algorithm accounts for the statistical
noise by assuming a Poisson distribution for the projection data determined by the
counting statistics in each projection bin, which increases its performance for low-count
sinogram data. A system model is derived from the geometry and detection response
function of the scanner, which provides the probability of a gamma ray being detected
within a specific LOR. This model can be derived from simulations of point sources
placed inside the scanner. The algorithm then uses this system model to find a match
between the measured and estimated projections. Since there are multiple projection and
backprojection steps, the algorithm is more local in nature compared to FBP and is less
prone to certain image artifacts, such as streaking and activity spillover (discussed in
section 1.7). . However, image noise is amplified with increasing number of iterations,
thus stopping criteria, regularization methods or post-reconstruction filtering or a
combination of the three is implemented is used to prevent excessive noise in the final
image.
To accelerate the convergence of image estimates in the MLEM algorithm, a
modified version of MLEM was introduced [38]. This is known as ordered-subsets
expectation maximization (OSEM). This algorithm proceeds in a similar manner to
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MLEM, but in this case only a fraction of the angular data must be processed before
updating the image estimate for each iteration. OSEM accelerates image convergence by
a factor roughly equal to the number of subsets used.
From the point of view of cardiac PET, FBP often performs well for cardiac PET
since myocardial count density is sufficiently high in most study protocols. Also, FBP is
usually preferred for dynamic PET imaging using kinetic modeling to estimate absolute
perfusion values, because of its exact nature, even though image quality is often poorer
than with OSEM. OSEM may be a better choice in situations in which extra-cardiac
activity is present or in which count density is low [34],

1.5 Modes of Acquisitions
1.5.1

Static Acquisitions
Emission data can be acquired using different protocols in order to capture

different information from the PET study. A Static acquisition is the most basic protocol
where all of the data collected during the PET scan is used to reconstruct a single image.
The static PET thus represents the average tissue activity concentration during the length
of the scan. This acquisition mode is used mostly in studies where the tissue activity
distribution remains relatively static during data collection, or only a static image of the
activity distribution is required.

1.5.2

Dynamic Acquisitions
In some studies however, the dynamic change of the tracer activity distribution in

a specific organ is of interest, and can provide valuable information regarding the
function of that organ. In dynamic acquisitions, we are interested in how that tracer
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enters, is retained, and then clears from different organs over the course of the PET
acquisition. To acquire this information, the data are collected in a series of separate time
frames, which start at the time of injection and continue over a fixed period of time. For
instance, at the UOHI, dynamic data for cardiac imaging are acquired with the following
protocol for

82

Rb, consisting of N time frames x M seconds (frame length): 9x10s,

3x30s, 1x60s, 1x120s, 1x240s for a total of 10 min, 15 frames. This time series is
designed to capture the rapidly changing tracer distribution immediately following
injection but provide higher statistics (longer integration times) in those later frames
where the distribution is changing more slowly and the count rates are lower due to
radioactive decay.
As time passes, tracer radioactivity leaves the blood to accumulate within the
myocardium. Being the heart's thickest muscle tissue, the LV retains a large amount of
tracer and is highly visible in the later dynamic frames. These dynamic frames are used to
measure the tracer uptake into the tissue which can give a qualitative measure of MBF.
An image of the tracer uptake in the myocardium is formed from the mean of the last few
time frames, which are commonly known as uptake frames. Absolute blood and
myocardial activity concentrations can then be obtained via image-based methods that
involve tracking the tracer within the LV. Measurements of activity over time are usually
shown in time-activity curves (TAC) (Figure 1.5).
TACs are used to enable the assessment of tracer kinetics for the quantification of
parameters such as MBF. The basics of kinetic modeling of radiotracer distribution will
be discussed in section 1.7
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Figure 1.5 Time-activity curves for arterial blood and different sections of the heart are
shown. "Cavity" refers to the activity of the blood inside the left ventricle (LV) of the heart, "base"
refers to the basal section of the LV, the median activity of the left ventricular blood is also shown.
"Myocardium" refers to the muscle tissue of the LV.

1.5.3

Gated Acquisitions
Gated imaging refers to the process of sampling different phases of repetitive

physiological cycles during the course of imaging such as the cardiac or respiratory
cycles. In the absence of gating, the data are unavoidably averaged over many cardiac
and respiratory cycles as a result of lengthy PET acquisitions which are usually on the
order of several minutes in duration. During gated PET acquisitions, external devices are
used to send a trigger signal to the scanner every time a certain phase of the motion cycle
has been reached. The trigger signal is included in the list-mode data, and the acquired
data are retrospectively sorted into separate time bins with respect to this signal.
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Alternatively, the trigger signal can be used directly to sort the data 'on-the-fly' into
separate sinograms. The final gated data set represents a series of images that each
correspond to a phase in the repetitive motion cycle.
In cardiac-gated PET protocols, electro-cardiogram (ECG) signals of the heart are
used as the trigger signal. The resultant images allow for volumetric measurements of the
left ventricle at different points in the cardiac cycle [39], These measurements enable for
calculation of the ejection fraction (EF) which reflects the ability of the LV to pump
blood and is an important prognostic indicator of heart disease. Systolic wall thickening
and wall motion can also be determined [40].
The downside to this or any gating approach is that the total number of counts is
divided by the number of bins, resulting in reduced count statistics for each gated image.
In order to compensate for this fact, image acquisition times are longer for gated images,
which come at the expense of increased patient discomfort and reduced scanner
throughput. The use of improved scintillation detectors and three-dimensional image
acquisition help overcome these limitations [7].
Respiratory-gating provides images of each phase of the respiratory cycle and
reduces the amount of motion-blurring due to respiratory-induced motion. This technique
has been investigated to reduce breathing motion artifacts in lung cancer imaging [41, 42]
as well as in cardiac imaging [43-45] and will be discussed in more detail in section 1.9.
The trigger signal used for respiratory-gated PET images, often comes from an external
marker such as a chest marker that uses chest wall elevation during respiration as a
measure of determining the phase of the breathing cycle.
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At the UOHI, the Varian® Real-time Position Management system is used which
is a video-based system. A reflector block is placed on the patient's chest and the
supplied infra-red camera tracks chest wall motion. The system has the ability to send
trigger signals based on the phase of the breathing cycle, as well as signals based on
absolute amplitude of chest wall movement. Other methods have been used in the past to
obtain a reference for respiratory motion. In some systems, a spirometer is used in which
the pressure of an air bag is monitored or pneumotachography is used [46-48]. However,
these systems are not widespread due to the discomfort caused by forced spirometry. In
other systems, strain gauges with abdominal elasticized belts, temperature sensors
detecting the temperature of air flowing into the lungs and laser displacement sensors
have also been used [47, 49].
As opposed to the methods mentioned above which rely on external sensors, datadriven techniques have been explored to derive the respiratory state [50-52], These
methods solely rely on measured PET emission data rather than using additional
equipment that measure external motion, which may not correlate well with internal
organ motion. Also, in gated acquisitions, a certain amount of motion remains in the
gated frames which depends on the speed of the motion and the temporal size of each
gate. This averaging of motion can be reduced when using data-driven methods.
These methods operate on the fact that the integration of counts in the region
containing a moving target, varies linearly with the displacement of the edge of that
moving target. In these methods, the Fourier spectrum of the sinogram data is analyzed.
Pixels of the sinogram data that are subject to periodic motion during the length of the
scan will exhibit a peak in the frequency spectrum at the dominant frequency of the
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periodic motion. This frequency is used to extract the respiratory signal from the listmode data. Binning of the original list mode data is then done according to the estimated
respiratory signal.

1.6 Heart Anatomy
The focus of this thesis is the application of PET imaging to the heart. The heart
can be broken up into four chambers that work as two separate pumping systems (Figure
1.6). Deoxygenated blood flowing back from the body's organs empties into the right
atrium and is then pumped into the right ventricle after passing through the tricuspid
valve. The right ventricle pumps this deoxygenated blood to the lungs where it is
reoxygenated. Oxygenated blood, returning from the lungs is emptied into the left atrium
where it is further pumped into the left ventricle after passing through the mitral valve.
The left ventricle has the thickest muscle because it is this portion of the heart that pumps
the oxygenated blood via the aorta and circulates it through the rest of the body.
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Figure 1.6 A: Schematic representation of the heart. The dashed lines represent the axes of
the heart while the solid lines relate to the body axes. B: A cross sectional schematic of the left and
right ventricles, commonly known as the "short axis view". C: Verticle long axis view. D: Horizontal
long axis view. Heart image was taken from http://www.niaaa.nih.gov/

As shown in the figure, the heart is situated at an angle with respect to the body's
axis. Consequently, transaxial slices (perpendicular to the long axis of the body) do not
depict the ventricular cavities clearly. Therefore, the images are usually reoriented in
such a way that the heart axes (shown with dashed lines in the figure) become orthogonal
to the display (Figure 1.6- B). These planes through the heart are referred to as the short
axis, horizontal long axis, and vertical long axis views (Figure 1.6 ).

1.7 Tracer Kinetics
As introduced in section 1.5.2, dynamic PET acquisitions allow for the
measurement of activity distributions over time. In order to retrieve parameters of

31

interest, such as myocardial blood flow (MBF), the physiobiological processes of tracer
uptake and clearence from the tissue must be modeled mathematically by kinetic models.
In kinetic modeling, the biochemical states and locations of the tracers of interest are
each represented by a compartment. For instance, the tracer that is trapped in the
myocardium is represented by one compartment (the myocardium) in the onecompartment model, as shown in Figure 1.7.

Figure 1.7 The one-compartment model used for Rb PET blood flow analysis. C,(t) and Ca(t)
denote the myocardial tissue and arterial blood radioactivity concentrations respectively. Kj and K2
represent the influx and efflux, into and out of the myocardial tissue [7].

The speed at which the radiolabeled tracer is transported across the cell membrane
is characterized by rate constant K\ (mL/min). Once the tracer is taken up inside the
myocardial tissue, the radiolabeled molecules may be bound to cell-surfaces or trapped
within the cells by different mechanisms. The binding or retention of the tracer may not
be permanent, and the rate at which the tracer leaves the tissue to return to circulation is
described with rate constant fo- Ca(t) represents the concentration of tracer in the blood
(MBq/mL). It is referred to as the arterial input function and is given by the blood TAC
(see Figure 1.5). Ci(t) is the tracer concentration in the myocardium (MBq/mL). The rate,
J, at which radioactivity leaves the blood to accumulate within a given mass of tissue
depends linearly on the concentration of the radiotracer in the arterial blood sypply (Ca).
The constant of this proportionality is in fact Ki \
J = K1Ca
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(3.11.1)

Additionally, J can be shown to be equal to the difference between the arterial flux into
the tissue and the venous flux out of the tissue (CV):
J = F.Ca - F.Cy = F.(Ca - Cv)

(3.11.2)

where F is the blood flow in units of mL/min/g of heart tissue. Equations (3.11.1) and
(3.11.2) may be combined to give the J as the product of flow:
J = Kx.Ca = FCa~Cv.Ca

= F.E.Ca

(3.11.3)

where E is defined as the fraction of tracer that moves from the capillaries to the
extravascular space in the tissue of interest on a single pass thorugh local blood vessels,
and is commonly known as extraction fraction.
The differential equation used to describe the rate of tracer exchange in the onecompartment model is shown below (3.13.1), along with the solution (3.13.2):
d

^M

= KlCa{t)-k2C1{t)

C ^ t ) = e~ k 2 i ®KiC a (t)
The one-dimensional convolution opertor is represented by ® [34].
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(3.13.1)
(3.13.2)

myocardium to the blood and vice versa. (A) Shows schematically a short axis cut through the LV
myocardium (B) Depicts an activity profile of the cross section shown in (A). (C) Shows an activity
profile from the same cross section when the blood activity is high and the myocardial tracer uptake
is low.

Blood pool activity measured in a tissue voxel pool is known as spillover from the
blood to the tissue (Figure 1.8B). This is also known as total blood volume (TBV) and is
given by the fraction of blood in the sampled voxel, ranging from 0 to 1 [53]. The
compartment model equation that includes TBV is as follows:
CmeaSured(t) = (1 - TBV)C\{t)

+ TBVCa(t)

(3.13.3)

which describes that the measured signal CmeasUred (0 consists of the tracer
concentration in the myocardium Cj (t) with spillover losses (1 - TBV) combined with
blood activity spillover into the tissue TBV Ca(t).
At the UOHI, processing of PET images is done using an in-house developed
package called FlowQuant© [54], leading to measurement of the variables mentioned
above. Using this software, the LV is located using an automated graphical user interface
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(GUI), based on the high constrast between the LV and surrounding tissue. Firstly, the
LV is located in the FOV by fitting partial ellipses to the LV in 3 orthogonal planes. The
coordinates of the partial ellipses help fit the LV to an ellipsoid. Secondly, the ellipsoid is
reoriented from the original reference into short axis sections that are taken perpendicular
to the long axis of the LV, starting from the apex and continuing to the base of the LV.
Finally, the activity distribution of the myocardium is identified by fitting to a
mathematical model (13 point deformable spline model). Each of the processing steps are
optimized by minimizing a cost function:
max

(3.13.4)

max

where Imax is the maximum pixel intensity in the image and 0 < Ip < Imax for all
pixels in the image. Therefore, the cost of each pixel is in the range (0-1); the high
intensity pixels overlapping with the spline model have a low cost and low intensity
pixels overlapping with the model are penilized with a high cost [54], A 3-Dimensional
representation of the LV shape is then constructed by sampling activity values in a
combined conical and planar coordinate system. If need be, user intervention is allowed
at each step of the fit.
Myocardial activity in the LV is commonly shown in a 2D format called a polar
map where the center represents the apex and the outermost ring represents the base of
the LV. An example of a polar map with its corresponding 3D representation of the LV is
shown in Figure 1.9 where activity values are scaled to the local maximum and are shown
using a colorscale. Red indicates maximal uptake and green shows a decrease of uptake.

35

Polar Map
Anterior View

100
80

Lat

S
Apex

40

p

%

0

Figure 1.9 Polar map representation of the 3D shape of the LV

Segment models are used to divide polar maps of the LV into smaller regions to
allow for regional quantification and localized assessment of disease. In the 17 segment
model, the polar map is divided into 17 smaller regions with the outer ring representing
the base of the heart and the innermost region representing the apex. This model has been
recommended by ASNC (American Society of Nuclear Cardiology) as the standardized
structure for myocardial perfusion imaging reports, as it allows for intra- and crossmodality comparison of myocardial perfusion data and provides the best agreement with
the available anatomical data [55, 56], This is also the clinical standard used at the UOHI.
The names of the regions corresponding to the numbers displayed on the polar map are
listed below.
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p
10. Mid Inferior
11. Mid Inferolateral
12. Mid Anterolateral
13. Apical Anterior
14. Apical Septal
15. Apical Inferior
16. Apical Lateral
17. Apex

1. Basal Anterior
2. Basal Anteroseptal
3. Basal Inferoseptal
4. Basal Inferior
5. Basal Inferolateral
6. Basal Anterolateral
7. Mid Anterior
8. Mid Anteroseptal
9. Mid Inferoseptal

Figure 1.10 The 17 segment model

1.8 CT image acquisition
X-ray computed tomography (CT) is a non-invasive imaging modality and is used
to examine internal structures of the body. During the CT scan, an X-ray source and a
series of detectors rotate in synchrony around the body. X-rays are produced in a range of
energies that travel through a cross-section of the subject. The detectors measure the
intensity of the exiting beam in each projection; which is the integration of intensities
along the line connecting the X-ray source and the detector. The measured intensity at
each detector is given by:
(3.18.1)
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where So(E) is the X-ray spectrum, Emax is the maximum energy of the spectrum
and pt is the linear attenuation coefficient. Since only the integration of all energies is
measured by the detectors, the information for individual spectral energies is lost and
image reconstruction using equation (3.18.1) is mathematically intractable. Alternatively,
the concept of effective energy ( £ ) is used, which is defined as the energy of a monoenergetic beam which will produce the same measured intensity Id in a given material, as
measured using the poly-energetic spectrum. Consequently, equation (3.18.1) can be
simplified:
Id =

Ioe-!o

Kx,B)dx

(3.18.2)

where Io is the X-ray intensity measured for each detector without the subject in
the scanner and is acquired prior to the imaging session. The measurement of / j provides
the line integral of the linear attenuation coefficient of the particular projection. After this
process is repeated for a series of angles, the distribution of attenuation coefficients is
obtained through image reconstruction [36]. The FBP method is used most commonly for
CT reconstruction because of its speed and accuracy [57],
In early generations of CT scanners, each slice was acquired as the X-ray source
and detectors completed a full rotation inside the gantry while the patient remained static.
The scan then continued by incremental movements of the examination table as it was fed
through the scanner in a step-and-shoot fashion. More recently, in helical (or spiral) CT
scanners, the source-detector set rotates continuously while the patient is moved at a
uniform rate. The data obtained are equivalent to the patient remaining stationary and the
source-detector following a spiral trajectory around the patient. With helical CT,
acquisition time is reduced and the reconstruction of any number of slices is possible,

retrospectively. The slices are digitally stacked to form an accurate three-dimensional
rendering.
Similar to emission scans, CT scans can be acquired in either static or gated
modes. These gated scans are also called 4 dimensional CT (4DCT or cine CT) scans and
allow for more accurate assessment of moving body organs.

Figure 1.11 4DCT image acquisition process

In respiratory-gated scans, CT data are acquired continuously for a period of time
lasting one breathing cycle at the least. If the length of the body to be imaged is more
than the detector width of the CT scanner, the acquisition is repeated as the patient is
moved through the scanner in a 'step and shoot' fashion. In this case, the scan
incorporates multiple bed positions, and the 4D acquisition is repeated for every bed
position. 4DCT data are sorted into several bins using a gating signal, similar to gated
emission acquisitions [43, 58, 59],
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1.9 Respiratory motion artifacts
Patient motion is among many sources of degradation of image quality in PET
imaging. In order to reduce radiation exposure, the dose of radionuclides in PET tracers is
limited, which results in low count rates during PET acquisitions. In order to compensate
for this fact, scan times are prolonged and are usually in the order of minutes. During this
time, voluntary and involuntary organ motions occur and are usually unavoidable.
Respiratory motion is the major contributor of involuntary organ movement in the
thorax and abdomen. The mechanics of respiration involve the movement of the rib cage,
diaphragm, lungs and the heart. During inspiration, the diaphragm contracts, forcing the
abdominal contents downward and forward. The external intercostal muscles of the ribs
contract, pulling the ribcage upward and forward, while the ribs rotate along an axis
through their costal necks. During expiration, the diaphragm relaxes and the abdomen
moves upward and inward and the volume of the thorax decreases. The change in thorax
volume, results in inflation and deflation of the lungs [60],
The diaphragm moves about 1-2 cm during tidal (resting) breathing, and up to 10
cm during exercise. Studies suggest that the movement of the heart during respiration is
correlated with the diaphragm, and can be represented primarily as a simple body
translation in the Superior-Inferior direction [61, 62], Breathing motion leads to
degradation of PET images by two major mechanisms: 1) misregistration between CT
and PET data leading to errors in attenuation correction and 2) averaging of the signal
from multiple locations throughout the respiratory cycle producing loss of spatial
resolution.
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1.9.1

Errors in Attenuation Correction
Respiratory-induced motion of the heart can lead to image artifacts by introducing

mis-registrations between the emission and attenuation images. With the advent of
combined PET/CT scanners, CT scans took the place of transmission scans that were
previously done with sources such as 68Ge. The large number of photons produced by xray sources in CT scans provides sufficient image statistics for a more accurate AC [63].
The new generation of CT scanners is able to scan each 15cm bed position in just a few
seconds, and is a big improvement over transmission scans which took about 3-10 min
per bed position. Nowadays, most clinical PET/CT machines no longer include
transmission sources and solely rely on CT-based AC.
The problem that was soon noted with CT-based AC was the high frequency of
errors introduced when a misalignment exists between the emission and transmission
68

data. This problem had been long known in the days of

Ge transmission scans in the

context of misalignments caused by voluntary patient movement [64, 65], While doing
CT-based AC, respiratory and cardiac motion also contribute to misregistration errors [1,
66, 67]. The artifact produced usually occurs at borders between neighboring tissues with
high difference in attenuation coefficients, such as in organs surrounding the lungs.
For instance, if one considers the border between the heart and the lung in
myocardial perfusion scans: the photons emitted by the tracer within the heart tissue, are
attenuated by centimeters of soft tissue (heart). This results in an attenuation of those
photons. If the PET and CT scans are aligned, the CT-transmission scan detects the
presence of attenuating soft tissue in that area and an appropriate ACF (large) is
calculated. When applying AC, the measured number of photons from the area is
multiplied by the ACF and the correct value of myocardial uptake is calculated.
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However, if the spatial coordinates of the heart are different in the emission scan
from the transmission scan, as a result of respiratory motion or patient movement, a
portion of the heart could appear in the lung field. Consequently, the computer
application used for AC would assume that those photons have passed through
centimeters of lung tissue, resulting in a much lower ACF. The AC would not increase
the measured photon count to the appropriate value and myocardial uptake is greatly
underestimated. A decrease in myocardial uptake is normally diagnosed as a perfusion
defect, therefore these artifacts could mistakenly lead to a diagnosis of coronary artery
disease (CAD) [68, 69],

C

D

Figure 1.12 A: Good registration between PET/CT images resulting in accurate AC in (C).
B: Severe misregistration between PET/CT images. The overlapping sections of the heart and lung in
the fused image results in a artifactual perfusion defect seen in the anterior portion of the LV cavity
(D).

Many solutions have been proposed to correct for this problem. In a study done
by de Juan et al., patients were asked to hold their breath at end-expiration during the CT,
where the position of the heart is closest to average displacement [70], However,
regardless of which part of the cycle that is captured by the CT, it would not match the
averaged representation that is inherent in the emission and

68

Ge-transmission scans.

Automated alignment of the CT and PET data was explored in the work by Khurshid and
colleagues [71]. The proposed image based method, aligned the PET and CT data by
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calculating the distance between the cardiac boundaries of the PET and CT. Fuzzy
clustering [72] was used to identify the portion of the PET image containing the heart and
edge detection algorithms [73] were used to obtain the boundaries of the cardiac region.
The software successfully resolved the hypoperfusion seen in 44% of the unaligned PET
images that were the result of artifactual defects caused by the misregistration.
Pan et al suggested using CT data that are averaged over many respiratory cycles
[74, 75]. The attenuation map obtained by this method would represent a motion68

averaged image similar to that obtained from a

Ge-transmission scan. In order to create

the motion-averaged CT data in these studies, the rotation speed of the x-ray tube was
slowed down so that each revolution would take one respiratory cycle to complete. This
method is not favored, however, since every projection represents a different arrangement
of organs at the respective respiratory phase, and this leads to artifacts in the
reconstructed image. Another approach would be to acquire a cine CT scan, then average
the respiratory-gated data to arrive at a respiratory averaged image [76]. Radiation
exposure of the patient increases in this method, but could be controlled by lowering the
CT tube current as proposed by Kamel et al [63].
In a study by Alessio et al, AC of cardiac PET studies was compared using
intensity-maximum, and respiratory-averaged cine CT data. The intensity-maximum CT
image was generated by taking the maximum intensity of every pixel over all respiratorygates of the cine data. Images from 10 clinical studies were reprocessed using AC with a
standard helical CT map, an average CT map, and an intensity-maximum CT map. The
alignment of the CT and PET images and the presence of visible artifacts in the PET
images were assessed. The authors found that properly aligned images without visible
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artifacts were obtained in 77% of cases with average-CT and in 88% of cases with maxintensity CT suggesting that the max-intensity approach might also be beneficial [77].
Cine-CT data can also be synchronized to the gated emission data so that each
phase of the respiratory cycle in the emission scan is corrected using its corresponding
attenuation map. Nehmeh et al [43] evaluated this approach in the context of lung cancer
imaging. The accuracy of the co-registration in this study was evaluated by measuring
the displacement between lesion centroids in 4D-PET/CT-helical and clinical CT, and
that between 4D PET/CT and 4D-CT. The phase-matched method improved coregistration between PET-CT images by as much as 41%.

1.9.2

Motion Blurring
The second disadvantage of motion is image blurring. During long PET

acquisitions, the motion of the source of radioactive emission causes the spread of
activity values along the path of movement. This leads to motion blurring which is
characterized by loss of contrast in PET images, and is proportional to the magnitude of
the motion. The final image represents a motion-averaged picture of tracer distribution in
the body (Figure 1.13 B).

A

B

Figure 1.13 A coronal slice from a digital phantom simulating fused (overlayed) PET/CT
images. The grayscale background represents the CT image while the colored cavity represents the
PET image of the heart. Image (A) is the idealistic case where no motion-blurring is seen as a
snapshot view of the respiratory cycle is captured. Image (B) shows the effect of motion blurring.

By using gated acquisitions (see section 1.5.3), one can reduce motion blurring.
However, image statistics are limited as the total number of counts is divided by the

number of gating bins. In order to improve statistics, image volumes can be registered to
one reference frame, and then summed; or averaged alternatively to preserve quantitative
accuracy.
Various methods have been proposed for aligning these images. Manual
registration of gated images data is possible but time consuming and prone to errors due
to inter- and intra- observer variability. Therefore, many sophisticated methods have been
developed in order to allow computer-based registration.
A crucial step in registering images is to estimate the motion of the organs
between phases. In some studies, respiratory motion of organs is estimated using gated
CT images [78, 79], Although these studies are often successful due to the high resolution
of CT imaging, the increase in radiation dose for the patient is not justifiable for most
diagnostic procedures. Optical flow algorithms have been proposed to calculate the
motion between the gated image frames [80-82]. In the work by Dawood et. al. [82]
motion vectors between pixel positions of the myocardium were calculated for every
gated image using optical flow algorithms. These vectors were then inverted in order to
move these images to a reference position, while deforming the 3D image according to
the motion vector field. The registered images were then summed in order to generate a
motion-free data set. Clinical
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F-FDG images were used for clinical evaluation which
o-y

typically have better image statistics compared to

Rb-PET images, therefore

applicability of the method to 82Rb-PET imaging remains to be evaluated.
Slomka et. al. [83] have proposed a different approach to reduce blurring due to
cardiac contraction in myocardial perfusion SPECT imaging. Although cardiac motion is
substantially different from respiratory motion, methods that are used to identify the
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spatial coordinates of the myocardium in ECG-gated images can be used towards
respiratory gated studies. In this method, maximal-count circumferential profiles are
identified on mid-ventricular transaxial slices that are manually segmented from the
original image. The apex is then identified as the point of maximum gradient along this
profile, and the line of minimum counts passing through the apex is used as a proxy for
the LV's long axis. This process is repeated for all angles about the LV's long axis and a
maximal-count myocardial surface is thus extracted. The surface is then fitted to a
quadratic surface [84], Using the spatial coordinates of the quadratic surfaces, gated
images are warped to fit to a reference frame and then summed. This method has been
shown to improve image contrast noise statistics when compared to non-corrected
images. However, the improvement on image quantification was not assessed due to the
inaccuracies caused by nonlinear warping of the images.

1.10 Thesis Objective
The objective of this work is to develop and validate a correction method for
reducing inaccuracies caused by respiratory motion of the heart in

82

Rb-PET images.

Application of this method will lead to a more accurate measurement of myocardial
perfusion. To accomplish this, automated methods to localize the myocardium were
adapted to detect the position of the myocardium in all phases of respiratory-gated PET
images. New algorithms were then developed to align these images in order to reduce the
amount

of motion

blurring.

Accurate

attenuation

correction

approaches

were

implemented to reduce image artifacts due to attenuation errors. Finally, the combined
effect of respiratory phase-alignment and accurate attenuation correction techniques was
evaluated.
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The objective of this work is to develop and validate a correction method for
reducing inaccuracies caused by respiratory motion of the heart in

Rb-PET images.

Application of this method will lead to a more accurate measurement of myocardial
perfusion. To accomplish this, automated methods were developed to localize the
myocardium in respiratory-gated PET images and align these images in order to reduce
the amount of motion blurring. Accurate attenuation correction approaches were also
studied to reduce image artifacts due to attenuation errors. Finally, the combined effect of
respiratory phase-alignment

and accurate attenuation correction techniques

was

evaluated.
In Chapter 2, the effect of the correction methods to improve image uniformity
was evaluated for homogeneous myocardial images. Computer simulations were used to
simulate respiratory motion blurring effects in a controlled environment and the
performance of the correction methods was studied on simulated PET images. The
development of methods for respiratory-phase alignment of PET images is also illustrated
in this chapter. Finally, to further support the simulation studies, the correction methods
were applied to a
compensation

in

82

Rb-PET study of a swine. It is hypothesized that motion

addition

to

accurate

attenuation

correction

improves

homogeneity. Furthermore, we also hypothesize that phase-matched

image

attenuation

correction will lead to more accurate correction than other approaches.
In Chapter 3, the correction methods are applied to abnormal images. We
hypothesize that respiratory phase alignment would help increase the accuracy of the size
and contrast of defects (myocardial regions of reduced activity indicative of reduced
perfusion) by reducing the errors introduced by motion blurring in the uptake images. In
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order to show feasibility of applying the developed methods to clinical scans, the
correction methods were applied to an anonymized patient's
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Rb cardiac perfusion scan.

Chapter 2 Motion Compensation for Respiratory-Gated
82

Rb-PET

2.1 Simulation study
In order to evaluate the magnitude of errors introduced from respiratory motion of
the heart and to verify the performance of the automated phase-alignment algorithm,
simulated experiments are needed to analyze the problem in a controlled environment.
Digital phantoms simulating the human anatomy and physiology were used in
conjunction with a Monte-Carlo based PET simulator to produce simulated images of a
respiratory-gated dynamic 82Rb-PET acquisition. Image processing followed to align the
myocardium to a reference frame in all image volumes. All images were then quantified
and compared to study the performance of the applied correction. A flow-chart of the
process is shown in Figure 2.1.

Figure 2.1 Simulation flow-chart.
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2.1.1

The NCAT phantom
The nonuniform rational b-splines (NURBS)-based cardiac torso phantom

(NCAT) was used for the experiments [85]. The NCAT phantom is a four-dimensional
anthropomorphic digital phantom that models the average human torso. The phantom
provides digital models for the human anatomy that can be easily altered to introduce
variations in anatomy and activity distributions in various organs. Respiratory and cardiac
motion specifics such as amplitude and frequency can also be controlled via editing input
parameter files, and are based on 4D tagged MRI and 4DCT images of normal volunteers
[85].
In this study, a 5 second respiratory period was chosen in which the displacement
of the heart was 2 cm superior-inferior. No anterior-posterior or lateral movement of the
heart was simulated as studies suggest that the movement of the heart due to respiration is
primarily superior-inferior [61, 62], No other changes were made with respect to the
default settings of the phantom. The respiratory period was divided into 10 phases; an
image was created for each phase of the period where phase 1 corresponds to the start of
breathing and phase 10 corresponds to end-exhalation. These images will be called
"respiratory phases" hereafter. All images were averaged over the Is second cardiac
cycle so that no cardiac contraction movement is modeled. No motion averaging was
done over the time span of the length of the gate (5s / 10 = 0.5s), instead the center point
of each time bin was taken. Using variables provided at input, the phantom generates two
image volumes using variables provided at input: the activity and attenuation maps. Each
image volume is 128x128x128 pixels in size, starting at the top of the rib cage and
ending under the diaphragm.

50

In order to model a respiratory-gated dynamic

82

Rb-PET acquisition, phantom

images were generated to represent organ activity distributions for 17 time points in the
course of image acquisition. The images corresponding to each time point form the
dynamic frames of the dynamic data acquisition. The number of frames and their length
are as follows: 12 x 10s, 2 x 30s, 1 x 60s, 1 x 120s, 1 x 240s for a total of 10 min, 17 frames.
The activity distributions for the 10 respiratory phases in each dynamic frame are the
same however the arrangement of the organs differ due to respiratory motion. This results
in 170 activity maps with matching attenuation maps.
x 1Qi

Time Activity Curve (TAC)

Figure 2.2 Time-activity curves showing the idealized activity distribution of the blood and
heart cavities that are used in generating the phantom

The activity distribution in each image volume was modeled to represent clinical
values. The arterial blood input function used, had been modeled according to [86] and
the parameters were adjusted to fit to normal patient values [87], Activity distribution in
the myocardial walls were modeled using the input function and the one-compartment
model for 82Rb, which have been verified for 82Rb kinetic modeling of clinical data [88].
Activity distributions for the liver, stomach wall, lungs and remaining soft tissues were
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based on TAC curves measured from regions of interest applied to patient data. Lung
attenuation coefficients were also extracted from clinical CT images and assigned to the
attenuation maps, in accordance to each respiratory phase [87].
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Figure 2.3 A transaxial slice followed through NCAT activity maps for each dynamic frame,
showing the relative activity distribution in the myocardium

2.1.2

SimSET Simulations
A dynamic

Rb-PET acquisition was simulated using SimSET (University of

Washington, Seattle) [89], a Monte Carlo based simulation software. System parameters
were configured in order to model 2D acquisitions on the Discovery LS PET/CT scanner
- General Electric Healthcare Technologies. The scanner has a 15 cm field of view and 18
bismuth germanium oxide crystal detector planes. Separate emission data were generated
for each of the 170 respiratory phases. The number of photons simulated was 400 million
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for each phase, which allowed for good quality images. Approximately 200-300 million
of those photon were detected during the simulation. In a typical clinical study, the
number of detected photons is approximately 200 million for the entire dynamic data set.
Thus, our simulations have 170 times the clinical counts, corresponding to more than a
10 x decrease in noise. Note that system dead-time, randoms and scatter corrections were
not included in this simulation in order to allow for examination of underlying effects of
motion and attenuation correction without the presence of other potentially complicating
factors. Other factors, such as system geometries, system spatial resolution and energy
resolution were included in the simulation.
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Figure 2.4 Figure 2.3 A transaxial slice followed through simulated PET images showing the
relative activity distribution in the myocardium in each dynamic frame
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Sinograms for each respiratory phase were reconstructed using an OSEM
algorithm with CT-based attenuation correction (CTAC). Eight subsets were considered
for the reconstruction and 3 iterations were completed for each image. The attenuation
maps generated from the NCAT simulations were used to represent the CT maps for each
respiratory phase. Thus emission and transmission images are automatically aligned.
Three different CTAC approaches were considered:
1) Respiratory phase-matched CTAC. Each respiratory phase of the emission data
is corrected using the attenuation map from its corresponding respiratory phase. This
approach should provide the most accurate AC.
2) Respiratory averaged CTAC. Attenuation maps for all respiratory phases of
each dynamic frame are averaged over the respiratory cycle. This approach has shown to
be effective in minimizing errors in ungated cardiac PET studies [75],
3) Maximum intensity CTAC. The maximum intensity of every pixel position due
to changes in attenuation during the respiratory cycle is taken. This approach which was
proposed by Alessio et al. [77] showed better promise than the averaged CTAC in
clinical cases.
After reconstruction, the images were smoothed using a 9 mm FWHM Gaussian
filter. Post-reconstruction filtering is commonly applied to clinical images to reduce
noise.

2.1.3

Respiratory phase alignment
Algorithms of an in-house developed program, FlowQuant® were used to

automatically detect the heart in the simulated images. As introduced in section 1.7, the
software automatically finds the size and location of the LV in each image by fitting
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partial ellipses in 3 orthogonal planes, followed by registration to a deformable spline
model. A sample of the registration is shown in Figure 2.5
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Figure 2.S A sample from the registration software showing the myocardium (clockwise
from top left): transaxial view, vertical long axis view, short axis view and the horizontal long axis
view.

The sum of the last three dynamic frames was used to find the location of the LV,
as later frames contain primarily myocardial uptake with little blood-pool activity making
the LV more visible. The fitting algorithms mentioned above were modified to be applied
to every respiratory phase, and the center point coordinates of the ellipsoid fitted to the
LV was recorded. Using these coordinates, the entire set was translated in 3 dimensions
using linear interpolation to align the centers of the LVs to a reference coordinate. In the
course of fitting, rotation was considered but did not further improve the alignment due to
limited spatial resolution.
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In order to generate a motion compensated (MC) image set, the aligned
respiratory phases were averaged over the respiratory cycle after AC. To create a motionblurred image set, the images for each respiratory phase were averaged without
alignment. To simulate a motion-free "true" image set, a single respiratory phase from
the respiratory phase-matched CTAC dataset was selected for each dynamic frame.

Figure 2.6 Lateral views of five respiratory frames showing fused (over-layed) emission and
transmission images. The LV (shown in gold) shows axial translation across the five respiratory
frames. Lung inflation can also be seen from left to right.

2.1.4

Phase alignment accuracy
In order to assess the accuracy of the automated phase alignment process, image

volumes were generated containing half-ellipsoids to simulate the LV in PET images.
The half-ellipsoids were created with 100% contrast against a zero background, and then
smoothed with a 9mm Gaussian kernel. The image volumes were 128 x 128x35 pixels in
size, similar to the simulated data. The images used in this analysis were noise-free. The
fitting algorithms were applied to measure the spatial coordinates of the center of the
half-ellipsoids and results were analyzed to examine the sensitivity and reproducibility of
these algorithms.
In this experiment, 5 images were generated (without PET simulation) wherein
the center of the half-ellipsoid in each image differs by 1 pixel on x, y and z axes between
two consecutive images. This range of motion between images is aimed towards
replicating a similar situation seen in the simulation data in which the maximum
displacement of the heart between respiratory-gate images is approximately 2 cm along
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the long axis of the body (z axis). This translates to approximately 4.6 pixels using a
conversion factor of 4.285 mm/pixel which is assigned by the software that generates the
phantom.
For all images, the long axis of the ellipsoids makes a 40° angle with the lateral
(left-right) axis of the body on the transverse plane, and a -10° angle with the lateral axis
of the body on the vertical long axis plane of the heart, similar to that seen in clinical
images. A superimposed view of the first and last image volumes is shown in Figure 2.7.
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Figure 2.7 Transverse and Coronal views of 2 super-imposed half-ellipsoids generated for
phase alignment accuracy test

The fitting process was repeated ten times for each of the 5 images. User
interaction was often needed to optimize the fit. Figure 2.8 shows the measured
coordinates compared to the coordinates used to generate the half-ellipsoids (the expected
coordinates). The average of the measured coordinates is also shown. The source of
variability in the measured data is believed to be a combination of the performance of
fitting algorithm (see equation (3.13.4)) and user interaction in the fitting process.
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Figure 2.8 Coordinates of the center of the half-ellipsoids measured by the fitting algorithms.
The blue (solid) line shows the average of the measured data points and the red (dashed) line
represents the coordinates used to generate the half-ellipsoids.

A Bland-Altman assessment was used to demonstrate the difference between
repeated measurements. This type of analysis plots the difference between the measured
and expected coordinates for each known ellipsoid center position. Bland-Altman plots
for x, y and z coordinates of the measured center positions of the ellipsoids compared to
the expected positions are shown in Figure 2.9. The black (dashed) lines indicate ±2
times the standard deviation of differences and are ±1.022, ±1.120 and ±0.830 pixels for
x, y and z respectively. The blue (solid) lines represent the mean difference for every plot
and are -0.066, -0.070 and -0.050 for x, y and z which points to a slight negative bias.
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Figure 2.9 Bland-AItman plots for x, y and z pixel coordinates of the measured center
positions of the ellipsoids compared to the expected positions (10 comparisons at each position). The
black (dashed) lines indicate the ±2SD of differences and are 1.022,1.120 and 0.830 pixels for x, y and
z respectively. The blue (solid) lines represent the mean difference for every plot (-0.066,-0.070,0.050).

The standard deviation of differences are (0.511,0.600,0.415) pixels on x, y and z.
These errors translate to (1.600,1.873,1.777) mm using a conversion factor of
(3.125,3.125,4.285) for simulated images shown in Chapter 2. This results in an 8%
uncertainty in comparison to the 20 mm range of motion on the z axis for the simulated
data.
As seen in Figure 2.9, the accuracy of the algorithm in finding the coordinates of
the LV is independent of the position of the LV in the image as no bias is seen across
different center positions. This investigation evaluated the errors introduced through
processing of the data. A more comprehensive evaluation is needed to investigate the
additional errors potentially produced by the noise in the images.

2.1.5

Results
In-house software, FlowQuant® was used to obtain tracer uptake and flow values,

and to generate polar map representations of the images. The polar maps were divided
into 17 segments as described in section 1.7. In order to evaluate the performance of the
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correction method, motion-compensated polar maps were compared with the motion-free
polar maps. We hypothesize that motion compensation (MC) would help increase polar
map uniformity by reducing the errors introduced by motion blurring in normal
myocardium. Furthermore, we also hypothesize that phase-matched

attenuation

correction will lead to more accurate correction than other approaches. By comparing
different attenuation correction techniques, the combined effect of MC and AC are
investigated.
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Figure 2.10 Absolute uptake polar maps showing improvement in image uniformity after
motion compensation. A reduction in uptake is seen in the anterior-lateral, posterior-septal and
apical regions where most motion-averaging occurs. Image uniformity improves after motioncorrection (second row). The motion-free image corresponds to the image from a single respiratory
phase (end-expiration). In this figure, S=septal, L=lateral, P=posterior (inferior) wall of the heart.

Uptake polar maps are shown in Figure 2.10 using a scale for which the voxel
values have been expressed in units of absolute activity concentration. In the first row, a
spatial average was taken from attenuation corrected gated PET images without applying
MC. In the second row, MC followed AC and therefore motion-corrected PET images
were averaged after MC. These plots allow us to compare the effect of different AC
schemes, as well as their effect on the images before and after MC.
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These polar maps represent the results for the average of the last 3 dynamic
frames. For the normally perfused myocardium represented by these simulations, the
distribution of activity in the polar maps should be completely uniform. As seen in the
polar maps, MC reduces the non-uniformity seen in the septal-posterior and anteriorlateral regions. The apical regions show decreased values which relates to the rotation of
the LV in addition to its superior-inferior movement, and the resultant motion blurring.
These regions also show improvement in uniformity after MC. The septal wall of the LV
is shorter than the lateral wall in the phantom heart model which causes the reductions in
the baso-septal region that are noticeable in all polar maps. The fact that these regions
with suppressed values are seen in the motion-free image, suggests that they are inherent
non-uniformities, and not the result of a respiration artifact.
The uptake polar maps in Figure 2.10 were segmented following the 17 segment
model (see section 1.7) and the average of uptake values in each segment were used to
represent that segment (figure not shown). A paired T-test analysis was done in between
the segmental values of the "motion-free" polar map, versus the "motion-blurred" and
"motion-corrected" polar maps in Figure 2.10 in order to determine significance of
differences. No significant differences were seen at the 5% significance level except for
the max-intensity CTAC polar maps. However, the p values for the "motion-corrected"
phase-matched and averaged CTAC methods were an order of magnitude larger than that
for the "motion-blurred" polar maps (p = 0.600, p = 0.120 vs p = 0.063, p = 0.065
respectively). This suggests that MC is effective in reducing the differences with respect
to 'truth'.
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In order to better visualize the differences between these polar maps and the
motion-free polar map, a pixel-by-pixel percent difference map was generated (Figure
2.11). The non-uniformities seen in the septal-posterior and anterior-lateral regions of the
non-corrected polar maps are believed to be caused by the motion averaging associated
with the motion of the heart during respiration. Figure 2.11 shows that these errors can
inflict point errors as high as 40% for the max-intensity CTAC image and approximately
16% for the phase-matched and averaged CTAC images which normalize after MC.

Phase-matched CTAC

Avg CTAC

Max intensity CTAC

MotionBlurred

Motion- s
Corrected

Figure 2.11 Percentage difference polar maps for the uptake polar maps shown in Figure
2.10 compared to the motion-free image.

In order to obtain a more regional measure of uniformity, the difference maps
shown above were divided into 17 segments according to the 17 segment model (see
section 1.7). The mean of the pixel-by-pixel errors in each segment was calculated. These
errors are hereafter referred to as segmental mean percentage errors (sMPE).
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The sMPE value for each segment is shown on the respective segment in Figure
2.12. The standard deviation of sMPE values for each polar map is used as a measure of
uniformity of the differences from the motion free image.
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Figure 2.12 Segmental mean percentage errors for the absolute uptake maps shown in
Figure 2.10, relative to the motion-free image. The standard deviation (SD) of these errors serve as a
measure of image uniformity.

As seen in Figure 2.12, the uniformity of the differences with the motion-free
image decreases after MC in all cases while the mean sMPE value decreases in all
instances except for max intensity CT-AC images.
In order to determine the significance of differences due to MC, a paired T-test
analysis was done between the sMPE error values in the motion-corrected and motionblurred uptake polar maps for each CTAC method. Differences were significant at the 5%

64

significance level in the case of phase-matched CTAC (p < 0.001) and the averaged
CTAC (p = 0.0445) but not for the maximum-intensity CTAC images (p = 0.201).
Uptake maps are usually evaluated on a relative basis in the clinic, as opposed to
those shown in Figure 2.10 which have absolute units of Bq/cc. In order to evaluate
relative change due to the correction methods, the polar maps shown in Figure 2.10 were
segmented following the 17 segment model and the average of uptake values in each
segment were used to represent that segment. Global uptake values were then normalized
to the maximum segmental value in each polar map. The normalized polar maps are
shown in Figure 2.13.
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Figure 2.13 Self normalized uptake polar maps. The polar maps shown in Figure 2.10 were
segmented following the 17 segment model and the average of uptake values in each segment were
used to represent that segment. Images were then presented as a percentage of the maximum
segmental value in each polar map.

Segmental mean percentage errors for these polar maps, compared to the
normalized "motion-free" polar map were calculated and are shown in Figure 2.14. The
error maps calculated from normalized data demonstrate a better estimation of relative
image uniformity since normalization reduces the difference between the mean value in
all polar maps and the motion-free map mean value. This is visibly seen by comparing
the average errors of the max-intensity CTAC maps in Figure 2.14 and Figure 2.12.
However, the remaining errors seen in the max-intensity CTAC correction method are
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nevertheless larger than the phase-matched and average CTAC method which suggest
that the overcorrection of attenuation is not distributed uniformly throughout the
myocardium. Motion-compensation helps reduce non-uniformity by 2.3% in the maxintensity CTAC image. The uniformity and mean error value for the phase-matched and
average CTAC methods remain similar to that of Figure 2.12.
Avg CTAC

Phase-matched CTAC

Max intensity CTAC

mean of abs(sMPE) = 6.4

mean of abs(sMPE) = 6.1
SD = 4.7

mean of abs(sMPE) = 7.7
SD = 6.2

mean of abs(sMPE) = 1.4
SD = 1.7

mean of abs(sMPE) = 3.8
SD = 4

mean of abs(sMPE) = 5.4
SD = 3.8

MotionBlurred

Motion- s
Correcte

L

S

Figure 2.14 Segmental mean percentage error calculation for normalized uptake images,
relative to the motion-free polar map

Similar analyses have been completed for blood flow values. Figure 2.15 shows
flow distribution in the LV in units of mL/min/g while Figure 2.16 shows the segmental
mean percentage error calculation. In all instances, MC increases image similarity
(decreases the SD of the differences) with the best improvement coming for phasematched CTAC. Motion compensation reduces the sMPE in all cases.
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Figure 2.15 Absolute blood flow polar maps show improvement in similarity with the
motion-free after motion compensation. The motion-free map is the blood-flow distribution for a
single respiratory phase taken at end-inspiration and serves as our motion-free standard. All polar
maps are expressed in absolute units of blood flow: mL/min/g. Blood-flow similarity with the motionfree image improves after motion correction.
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Figure 2.16 Percent difference maps shown for the absolute blood flow polar maps shown
above in Figure 2.15, compared to the motion-free map. The largest errors are seen in the posterior
region.
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Figure 2.17 Absolute segmental mean percentage errors for the absolute blood flow maps
shown in Figure 2.15 relative to the motion-free map
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Similar to the uptake polar maps, a paired T-test analysis was done in between the
segmental flow values of the "motion-free" polar map, versus the "motion-blurred" and
"motion-corrected" polar maps in Figure 2.15 in order to determine significance of
differences. No significant differences were seen at the 5% significance level except for
the max-intensity CTAC polar maps. However, the p values for the "motion-corrected"
phase-matched and averaged CTAC methods were an order of magnitude larger than that
for the "motion-blurred" polar maps (p =0.400, p =0.529 vs p = 0.056, p = 0.104
respectively). This confirms the previous finding with the uptake images that MC is
effective in reducing the differences with respect to 'truth'.
The result of a paired T-test between the motion-corrected and motion-blurred
blood flow polar maps show that significant differences were seen at the 5% significance
level only in the case of the phase-matched CTAC images. The averaged CTAC {p =
0.257) and max-intensity images (p = 0.554) did not show significant differences at the
5% significance level after motion-correction.

2.1.6

Discussion
The corrected images show improvement in similarity with the motion-free

image. Motion-corrected uptake images show point differences of up to 40% when
compared to the motion-blurred data set. These differences occur mostly in the anteriorlateral, inferior-septal and apical regions where most motion-averaging occurs. In all
cases, similarity with the motion-free image improves after motion-correction, with the
least errors showing in respiratory phase-matched CT attenuation corrected images. The
maximum-intensity CTAC images show large errors in relative uptake and blood flow
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distributions compared to other AC approaches which are believed to be caused by an
over-correction for attenuation.
The motion-blurred flow images show reduced values in the posterior region. This
is believed to be caused by spillover of activity from the top of the stomach into the
myocardial region. The stomach wall sits very close to the myocardium and strongly
takes up

82

Rb. Motion of the magnitude simulated in these experiments would blur the

activity from the stomach wall into the adjacent myocardial wall. The FlowQuant©
software does not currently correct for spill-in from extra-cardiac sources of activity.
These errors in the posterior wall are largely resolved after MC.
As shown in Figure 2.11, if no MC is applied, a similar distribution of motionaveraging errors is seen in respiratory phase-matched CTAC images and respiratory
averaged CTAC images. This similarity suggests that if no MC is performed, then
average-CTAC provides as accurate a correction as phase-matched CTAC. However, the
differences between the two corresponding motion-corrected images indicate a need for
more accurate AC (i.e. phase-matched CTAC) if motion-compensation is used.
It is worth noting that unlike in clinical images where the PET and CT images are
manually aligned in order to perform CT based attenuation correction, manual alignment
was not required for the simulated images as the NCAT program generates both PET and
CT images and the two are always perfectly aligned. This eliminates the chance for
misregistration errors in the simulated study.
One limitation of this simulation study was that degrading factors such as scatter
or random events were not simulated which led to higher quality of images compared to
that of clinical images. This was done in order to examine the underlying effects of
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motion and AC without the presence of other potentially complicating factors. Accurate
application of scatter and randoms correction would result in the same mean values in the
projection data, but noise levels would potentially be higher. In addition, very low noise
(high count, approximately 4><1010 photons detected per scan) simulations were used,
again to clarify the underlying effects of motion and attenuation. However, in clinical
images, there is significant noise due to the limited count statistics
of

Rb imaging

(approximately 2*10 8 photons detected per scan). The effect of noise on the conclusions
of these studies has not been investigated.
Also, the range of motion that was simulated was much emphasized in order to
observe the extent of the degrading effects of respiratory motion. In patient studies, the
range of motion that has been observed is as high as 16.5mm [90], but typical values are
under 1cm, much less than what was simulated. As the amplitude of breathing motion
decreases, it is expected that the differences between the different approaches to AC and
the impact of motion itself would also diminish. Determining the extent of the effects of
motion range or scan duration (noise levels) would require a more comprehensive study.
Finally, we note that in Figure 2.5, there are artifacts at the edge of the lungs. This
type of artifact may be caused by an inconsistency in the resolution of the PET and CT
data sets [91]. Use of cine CT, particularly the average-CT approach, can introduce
blurring into the CT map used for AC. This can lead to different degrees of resolution
loss in the AC map depending on the correction approach used. This aspect of the
simulation requires additional investigation and careful evaluation.
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2.2 Respiratory

Motion

Correction

for

Swine

Cardiac

PET/CT Imaging
To further support the simulation studies, the correction methods described in the
previous section were applied to a respiratory gated dynamic 82Rb-PET study of a swine.
It is hypothesized that motion compensation in addition to accurate attenuation correction
can help improve image homogeneity. Furthermore, we also hypothesize that phasematched attenuation correction will lead to more accurate correction than other
approaches. This section describes the imaging protocol used and results from the
correction methods applied to the animal data.

2.2.1

Methods
Cardiac PET/CT imaging of a pig was carried out on a Discovery DRx PET/CT

scanner (GE Healthcare). The swine was put under total anesthesia and intubated.
Respiration was controlled by a ventilator to ensure a constant respiration rate of 7.5
breaths per minute throughout the duration of the study. The swine was laid in a supine
position to mimic human positioning during clinical exams. A 4DCT scan was obtained
for the length of 1 breathing cycle (8 seconds, 2.5-mm slices, 10 mA, 120 kVp). The
respiratory trigger for gated PET and CT scans was obtained using an RPM device
(Varian Medical Systems) which optically tracks the transaxial motion of the chest using
an external marker. Immediately after the CT scan, the pig was injected with 500 MBq of
82

Rb and a 10-minute respiratory-gated PET scan was obtained in list-mode, which

allows for retrospective binning of the data. PET data were acquired in 3D.
List-mode data were exported offline and divided into 8 separate list files using
the respiratory gating triggers. Each sub-list corresponds to a dynamic scan for a single
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respiratory phase. The sub-lists were loaded back into the scanner console for dynamic
rebinning and image reconstruction. For each sub-list, 15 dynamic frames with variable
durations were sampled: 9x 10s, 3x30s, 1 x60s, 1 x 120s, 1 x240s. This dynamic framing
is that which is used clinically and provides adequate sampling to generated time-activity
curves (TACs) for kinetic analysis. We note that this division of the acquisition into
dynamic frames is slightly different than that used in the simulations. The division in the
simulations was based on a different but similar protocol. Both provide sufficient
sampling to allow for accurate kinetic analysis of the PET data. Image reconstruction was
done using filtered backprojection (FBP) with attenuation correction followed by postfiltering with a 14mm 3D Harming filter to reduce noise.
Cine CT data were retrospectively binned into 8 respiratory phases using vendor
supplied software (Advantage 4D - Respiratory gating on an AWVolumeshare2
workstation, GE medical systems) to match the gating applied to the PET data, and
different images were generated for attenuation correction (AC). As in the phantom
simulation, AC was done using the following three approaches:
1) Respiratory phase-matched CTAC. Each respiratory phase of the emission data
was corrected using the CT image from its corresponding respiratory phase. The CT
phase images were manually aligned with each PET phase of the PET uptake image using
vendor supplied software (ACQC) on the PET console so that the myocardium was
aligned in the PET and the CT images. This approach was hypothesized to provide the
most accurate AC.
2) Respiratory averaged CTAC. Attenuation maps for all respiratory phases of
each dynamic frame were averaged over the respiratory cycle. Unfortunately, since
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vendor software does not allow manually alignment of the averaged attenuation map to
each respiratory phase image, the attenuation map was manually aligned to the average
position of the PET phase images. This approach has shown to be effective in minimizing
errors in non-gated cardiac PET studies [76].
3) Maximum intensity CTAC. The maximum intensity of every pixel position due
to changes in attenuation during the respiratory cycle was calculated. Unfortunately,
since vendor software does not allow manually alignment of the maximum intensity
attenuation map to each respiratory phase image, the attenuation map was manually
aligned to the average position of the PET phase images.. This approach which was
proposed by Alessio et al. [77] showed better promise than the averaged CTAC in
clinical cases.
An non-gated (static) image was also processed. Attenuation correction was done
using the CT map at end-expiration aligned to the average (non-gated) PET image, as per
the clinical standard at the UOHI. No motion-compensation was done for this image.
Uptake images corresponding to the last 7 minutes of the data were used for the
evaluation of motion. Methods described in section 2.1.3 were used to fit the LVs to
partial ellipses and translate in 3 dimensions to align the centers of the LVs to a reference
frame, similar to the simulated data.
The aligned image volumes were averaged to generate a motion-corrected data
set. The images were also averaged without alignment to represent a motion-blurred dataset. In order to generate a motion-free data-set, three respiratory phase image volumes at
the exhalation stage of the breathing cycle were averaged (phases 4, 5 and 6 see Figure
2.18). These images were corrected using phase-matched CTAC. The resulting data set
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was selected as the reference for comparison as it contains the least amount of motion
blurring. This image is labeled "motion-free" in the following figures. The motionblurred and motion-corrected images were compared to the motion-free image.
Image quantification and polar map generation was done using FlowQuant®, an
in-house developed analysis program. The polar maps were segmented using the 17segment model (see section 1.7) and Mean Percentage Errors from the motion-free image
were calculated for each segment (sMPE). The standard deviation of the sMPE values for
each polar map was used as a measure of similarity with the motion-free image.

2.2.2

Results
The maximum displacement between respiratory phase PET images was found to

be (1.63,0.82,0.63) pixels on x,y and z axes which translates to (5.09,2.56,2.05) mm. The
calculated shifts (see Figure 2.18) were applied to all dynamic frames to generate the
motion-corrected image.
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Figure 2.18 Displacements measured from gated PET images on x, y and z axes, using phase
#4 as the zero position. Error bars are taken from the pooled standard deviation of results from the
phase-alignment accuracy test (section 2.1.4))

As shown in Figure 2.18, most of the breathing motion occurs in four respiratory
phases (first and last two) and the heart remains relatively stationary in 50% of the
breathing cycle. This can be confirmed by looking at the CT frames over time (not
shown). Also, the majority of motion occurs along the x axis, which correlates to the
lateral (left-to-right) direction in the pig. The y and z axes correspond to the anteriorposterior (front to back) and cranial-caudal (superior-inferior) directions respectively.
Uptake polar maps are shown in Figure 2.19 and represent the summation of the
last 3 dynamic frames. For normally perfused myocardium, the distribution of activity in
these polar maps is expected to be completely uniform. However a reduction in activity
values is seen at the apex in all polar maps. This is commonly known as apical thinning
and relates to the fact that the apex is thinner than the outermost parts of the LV, leading
to partial volume effects (see section 1.7) and an apparent reduction in uptake [92, 93].
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Figure 2.19 Uptake polar maps showing the distribution of activity values in later dynamic
frames. A reduction of activity is seen in the apex which is caused by thinner apical thickness of the
heart.
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Figure 2.20 Percentage difference polar maps for the uptake polar maps shown in Figure
2.19 compared to the motion-free image.

In order to better visualize the differences due to motion-compensation and AC in
Figure 2.19, percent differences were calculated for every pixel and shown in polar map
views (Figure 2.20).
The activity levels for images that were corrected using the max-intensity CTAC
approach are to be elevated compared to other correction methods (Figure 2.19). This is
the result of an over-correction of attenuation, when compared to the motion-free image.
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Figure 2.21 shows that this AC method also increases non-uniformity in the polar map as
well as the mean error seen across all segments.
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The motion-corrected phase-matched CTAC image shows the best image
uniformity and the least mean segmental error as was expected. The Avg-CTAC image
proves to be as accurate a correction as the phase-matched CTAC image when no
motion-correction is applied. This supports the result from the simulated study for uptake
images.
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As uptake polar maps are usually evaluated on a relative basis in the clinic, the
polar maps in Figure 2.19 were segmented according to the 17 segment model and
normalized to their maximum segmental value in a similar manner to that done for the
simulated data which were shown in Figure 2.13. Figure 2.22 shows these normalized
polar maps.
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Figure 2.22 Uptake polar maps shown in Figure 2.19 that are normalized to the selfmaximum segmental value

The error maps calculated from normalized data demonstrate a better estimation
of relative image uniformity since normalization reduces the difference between the mean
value in all polar maps and the motion-free map mean value, and are shown in Figure
2.23. Normalization helps reduce the large errors seen in the max-intensity CTAC polar
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map previously seen in Figure 2.21. These results support the simulated data which
suggested that the large errors seen in the max-intensity CTAC images were mostly due
to a large error between its mean value and the mean value of the "motion-free" polar
map. However, although MC reduces the difference with the motion-free image, the
remaining errors are nevertheless larger compared to those seen for the phase-matched
and average CTAC images, which suggests that the max-intensity CTAC does not
produce a more accurate correction, even for relative (non-quantitative) images.
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Figure 2.23 Segmental mean percentage error calculation for normalized uptake images,
relative to the motion-free polar map shown in Figure 2.22.

In order to determine the significance of differences between the sMPE values in
the motion-corrected and motion-blurred polar maps, a paired T-test analysis was done.
Differences were significant (p < 0.05) only in the phase-matched CTAC images for the
uptake polar maps.
Similar analyses have been completed for blood flow values. In Figure 2.24 the
blood flow distribution in the LV is shown in units of mL/min/g.
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Figure 2.24 Absolute blood-flow polar maps showing image uniformity before and after
motion correction.

Figure 2.25 shows difference polar maps relative to the motion-free image in
Figure 2.24. The largest error is seen for the non-gated image.
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Figure 2.25 Percent difference maps for the absolute blood flow maps shown above in

Figure 2.26 shows the segmental mean percentage error calculation. The similarity with
the motion-free image increase in all cases compared to the non-gated image, however
the effect of MC between images with different CTAC approaches remains inconclusive
as MC does not yield improved results in the case of the average CTAC method. Also,
image uniformity does not improve in the case of the phase-matched CTAC image which
is different than that seen for the uptake images or for the simulated data.
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In the case of the blood flow polar maps, the T-test analysis did not show
significant differences after MC at the 5% significance level.
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One limitation of this technique is the elevated level of noise introduced when

selecting a limited number of respiratory phase images to represent the motion-free

86

image. This can lead to in-homogeneities in this image which is used as the gold standard
for comparison. 4D reconstruction algorithms should be investigated in order to limit the
noise level in individual respiratory gates [94, 95]. Also, the high noise level reduced the
accuracy of the fitting algorithms and so the fitting was repeated a number of times, and
the average of the calculated motion vectors were used to provide a more accurate
localization of the LV in the gated images and ultimately a better phase-alignment.
The analysis described in this chapter operates on the assumption that the extent
of breathing motion during image acquisition remains constant, so that estimation of
motion using the later dynamic frames can be used for motion compensation in earlier
dynamic frames. The later dynamic frames are used for motion estimation since the LV is
highly distinguishable and provides for more accurate estimation of location than the
earlier frames. Although this can be assured - to some extent -while using a ventilator in
animal scans, potential for error exists when this technique is applied to patient studies.
Clinical studies would be needed to assess the prevalence and impact of changes in
motion during the acquisition and, if found to be significant, more complete motion
estimation techniques may need to be developed that could be applied on a frame-byframe basis.
In this animal study, efforts were made in order to generate a relatively large
breathing motion of the myocardium. However, the maximum range of motion measured
in the swine only 5 mm which is rather moderate compared to that seen in patients, which
can be as large as 1.5-2 cm cranial-caudally. Figure 2.18 shows that for the pig, the
majority of motion occurs along the septal-lateral direction in the pig, different than that
seen in humans which occurs cranial-caudally. Also configuration of the heart in the
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animal is different than the configuration of the heart in humans. These factors can affect
the magnitude and pattern of errors and create differences from what was simulated for
humans in section 2.1, in which most motion occurred along the z axis. However,
although the specifics of the animal results may differ from those of the simulation, the
general conclusions are consistent between the two.
Also, Figure 2.18 shows that the breathing curve is distributed rather evenly
between inspiration and exhalation. Human breathing patterns are very variable.

A

significant change in the breathing pattern might lead to more or less emphasis of certain
phases of the respiratory cycle in the averaged image and a different distribution of
motion averaging of the PET data. The effect of variations in the breathing pattern has
not been evaluated in this study and is a potential avenue of future investigations.
An additional potential for error lies within manual registration of the CT to the
PET data. In the case of respiratory phase-matched AC, manual registration was repeated
for each of the 8 respiratory phases. Inaccuracies here could lead to mis-registration
errors and could further complicate the correction process. Automated methods of CTPET alignment are being developed by others [53] and use of these approaches should
reduce possible errors and would also greatly facilitate implementation of our technique.
Although all corrected images show improvements over the non-gated images, the
results from this chapter show that the optimal correction approach is different between
uptake and flow images. Despite the smaller range of motion and other differences
mentioned between the simulated and pig study, the results of the simulation study are
supported by the pig study for the uptake images. The conclusions in both cases are that
the phase-matched CTAC method which is the most complicated AC approach, yields the
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best results among other approaches which improve after MC. However, the analysis
with respect to blood flow is inconclusive. The differences between our simulations and
the pig study may be attributed to the complicating factors stated above but further
studies would be required to confirm this.
In conclusion, the motion compensation and attenuation correction techniques
illustrated in this chapter show feasibility in live-subject imaging scenarios. A more
extensive analysis is needed to verify application to clinical studies.
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Chapter 3 Improved measurement of Defect Size and
Severity using Respiratory Motion Compensation in
Cardiac PET/CT

As discussed in previous chapters, respiratory induced motion of the myocardium
has been shown to degrade image quality by blurring the acquired counts along the path
of movement. We hypothesize that motion compensation (MC) would help increase the
accuracy of the size and contrast of defects (myocardial regions of reduced activity
indicative of reduced perfusion) by reducing the errors introduced by motion blurring in
the uptake images. In Chapter 2, a method was introduced for automated realignment of
gated emission image volumes, and its effect in improving image characteristics for
normal studies was evaluated. In this chapter, we have extended this work to evaluate the
impact of respiratory-motion correction on abnormal studies.

3.1 Methods
Simulation studies were conducted using the nonuniform rational b-splines
(NURBS)-based cardiac torso phantom (NCAT) [85]. Activity and anatomical settings
were identical to that of the study discussed in Chapter 2. Two phantoms were generated,
one with a 50 mm and the other with a 30 mm lesion in the lateral wall of the left
ventricle. The angular extent was 60° for both lesions. In order to simulate the lesions,
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phantom activity values were separately set to zero at the location of the lesion.
Orthogonal views of the phantoms are shown in Figure 3.1.

50 mm lesion

30 mm lesion

Figure 3.1 Orthogonal views of the heart showing (a) coronal, (b) sagittal and (c) transaxial
views for phantoms with a 50 mm lesion (first row) and 30 mm lesion (second row) in the lateral wall
of the left ventricle.

The activity and attenuation map images were used as input to SimSet in order to
simulate a static
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Rb-PET acquisition. The same number of photons (400 million) were

generated leading again to low-noise data sets. Images were reconstructed using OSEM
in the same manner as described in Chapter 2, however only the uptake images were used
for this evaluation. Respiratory phase-matched AC was done in order to focus on the
effect of motion blurring.
Image quantification and polar map generation were done using FlowQuant®
software. Registration of respiratory phase images was done using the methods described
in Chapter 2. The registered image volumes were averaged to represent the motioncorrected data set. Attenuation corrected respiratory phase images were averaged without
registration to represent the motion-blurred data set. A single-phase PET image (end-
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expiration) was selected as the standard for comparison as it contains no motion blurring.
This image is labeled "motion-free" in the following figures. The motion-blurred and
motion-corrected images were compared to this motion-free image in order to evaluate
the improvement in defect size and severity.
The area of the perfusion defect was determined by the number of pixels in the
polar map below a cutoff value of 70% of the normal wall uptake, in segments containing
the defect. This is normalized by the number of pixels in the polar-map.
Mean Percentage Errors from the motion-free image were calculated for each
segment (sMPE) using the standard 17-segment division of the heart (see section 1.7).
The standard deviation of the sMPE for each polar map was used as a measure of
variability compared to the "motion-free" image.
Segmenting the uptake data allowed for scoring of the polar maps similar to what
is used for clinical evaluation in research studies at the UOHI. To determine the severity
of the state of the disease in the image, each segment is scored based on comparison with
the segment with maximum uptake (assumed to be normal heart tissue): score=0 for
segments > 70% max, score=l for 60-69%, score=2 for 50-59%, score=3 for 40-49%,
and score=4 for <40%. The sum of the scores for each polar map is calculated and is
referred to as the summed perfusion score (SPS). SPS is then rated: normal for SPS=0-3,
mild for SPS=4-8, moderate for SPS=9-12 and severe for SPS=13-17.
To assess the feasibility of applying the developed method to clinical scans, the
motion correction algorithm was retrospectively applied to a patient's respiratory-gated
static 82Rb cardiac perfusion scan. The patient data were acquired in list-mode according
to the UOHI clinical protocol using a Discovery Rx PET/CT scanner (GE Healthcare).
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The patient study contained a visible area of reduced perfusion to allow for assessment of
defect size and severity. The static scan is comparable to the uptake images from the
simulation study. Measures of absolute flow quantification were not possible with this
data set as the list-mode data were no longer available for reprocessing. Assessment of
the feasibility of these methods for flow imaging was discussed in section 2.2. PET data
were retrospectively binned into 8 respiratory phases using an acceptance window of 15
breaths per minute +/- 50%, corresponding to a range in the respiratory period of 2-6sec.
. The respiratory trigger was obtained using a real-time patient monitoring (RPM) device
(Varian Medical Systems) which optically tracks the transaxial motion of the chest using
an external marker. Attenuation correction was done using a single fast CT acquisition,
obtained near full expiration following the PET acquisition. The CT was manually
aligned to the non-gated image. Image reconstruction was done using filtered
backprojection (FBP) followed by a 14mm Hann filter. FBP was chosen for these images
as this is the algorithm used for clinical evaluation. Evaluation of the effects of motion
correction on the patient data set was done in the same manner as for the simulation
studies. The 'motion-free' image for the patient data is again the end-expiration phase as
this is the phase near which the CT image was acquired and should be accurately
corrected for attenuation. End-expiration is also a period in the respiratory cycle during
which there is minimal motion.

3.2 Results
Polar map comparisons for the simulation studies are shown in Figure 3.2 and
Figure 3.3. The corrected images show improvement in defect size and contrast. Motioncorrected images show point differences of up to 40% when compared to the motion93

blurred data set. These differences occur mostly in the anterior-lateral, inferior-septal and
apical regions for the simulation studies where most of the motion-averaging occurs.
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Figure 3.2 First row: uptake polar maps shown for the large simulated defect. Second row;
Percentage difference polar maps for the polar maps shown in the first row compared to the motionfree image. Third row; Segmental mean percentage errors for the motion-corrected and motion
blurred polar map compared to the motion-free polar map in the first row.
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Figure 3.3 Polar map comparisons, similar to Figure 3.2, for the small simulated defect. First
row: uptake polar maps shown for the small simulated defect. Second row: Percentage difference
polar maps for the polar maps shown in the first row compared to the motion-free image. Third row:
Segmental mean percentage errors for the motion-corrected and motion blurred polar map
compared to the motion-free polar map in the first row.

Motion compensation improves the variability of the image compared to 'truth'
by 2.7% for the image with the large simulated defect and by 6.0% for the small
simulated defect. Motion compensation also improved the mean segmental error across
all segments by 5.8% and 6.6% for the large and small defects respectively.
Polar map comparisons for the patient study is shown in Figure 3.4. The
maximum displacement between respiratory phases for the patient scan was found to be
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5.6, 2.1 and 10.1 mm on the x, y and z axes respectively. SPS was calculated to be "6",
"6" and "4" for the motion-free, motion corrected and motion blurred images,
respectively.
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Figure 3.4 Polar map comparisons for the patient study. First row: uptake polar maps.
Second row: Percentage difference polar maps for the polar maps shown in the first row compared
to the motion-free image. Third row: Absolute segmental mean percentage errors for the motioncorrected and motion blurred polar map compared to the motion-free polar map in the first row.

The change in defect size was approximately 12% for the large defect and 17%
for the small simulated defect, when compared to the motion-free image for each image.
The summary of SPS and defect size calculations are shown in Table 3.1 and Table 3.2.
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As with the simulation study, the mean error and the variability with 'truth'
improved in the patient images by 8.3% and 3.4% respectively. A summary of the SPS
calculations and defect size changes after motion-compensation is shown below.
Table 3.1 Summed Perfusion Scores (SPS) for the clinical and simulated studies before and
after motion-correction

Large simulated defect
Small simulated defect
Clinical image

MotionBlurred
3
2
4

MotionCorrected
5
2
6

Motion-Free
5
2
6

Table 3.2 Defect size difference as a percentage of the motion-free defect size, before and
after motion-correction.

Large simulated defect
Small simulated defect
Clinical image

Motion-Blurred
16.1%
41.3%
22.3%

Motion-Corrected
4.3%
24.1%
5.7%

As seen in the table above, the difference with respect to the defect size in the
motion-free image decreases after MC, by approximately 12% in the case of the large
defect and by 17% for the small defect. Due to limited spatial resolution of PET scanners,
it is difficult to visualize smaller defect sizes therefore a relatively large error (24%) in
the small defect remains even after MC.
In order to determine the significance of differences between the sMPE values in
the motion-corrected and motion-blurred polar maps, a paired T-test analysis was done.
Differences were significant in all cases (p < 0.001).

3.3 Discussion
The SPS increases by 2 after motion correction in all cases except for the case
with the small lesion size. SPS can represent the severity of disease, typically 0-3 is
normal, 4-8 is mild, 9-12 is moderate and >12 is severe. A change of 2 thus represents a
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shift of half of the width of a disease category and has the potential to alter the degree of
disease assessed and thereby potentially alter patient management.
Unfortunately, 4DCT is not currently acquired as part of the clinical scanning
protocol at the UOHI. Therefore, the effect of more sophisticated attenuation correction
methods is yet to be directly explored. These simulation studies focused on the best
possible method of AC, that of phase-matched AC. The degree to which a simpler
approach to AC would degrade the benefits of motion-compensation has not been
explored. By necessity, the clinical study used a simpler form of AC and thus may underrepresent the potential for improvement in real scans. Other studies have shown that more
accurate AC leads to improvements in image quality [43, 74, 76]. As well, our work with
simulation studies in normal (homogeneous) hearts suggests that more accurate AC such
as phase-matched attenuation correction will provide better results than the simple AC
approach used for the clinical data in this chapter. Additional improvements in clinical
imaging are, therefore, likely possible and merit further investigation.
A potential for error exists when estimating the 'truth' image in the patient study.
In order to perform AC, the CT image was matched to the non-gated PET image rather
than the end-expiration phase, as the clinical protocols currently in place do not take use
of the gated data for PET-CT alignment. This can cause a discrepancy in the 'truth'
values due to the possible mis-alignment of the PET and CT images.
Motion compensation was shown to increase the accuracy of the size and contrast
of defects. The automated method of compensating for motion between respiratory
phases is feasible for use on clinical images and shows promise for improving the quality
of clinical cardiac PET images. However, a more comprehensive clinical study is
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required to assess its true performance in a clinical setting on a broader range of patient
data sets.
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Chapter 4 Conclusions

The objective of this work was to develop correction methods to reduce image
artifacts caused by respiratory motion in respiratory-gated

82

Rb-PET images. In order to

accomplish this, fitting algorithms were used to localize and align the myocardium in
respiratory-gated PET images in order to reduce the amount of motion blurring.
Evaluation of the performance of these algorithms showed that the location of the center
of the myocardium can be identified to a precision of (0.50, 0.60,0.43) pixels on x, y and
z axes in noise-free images. The application of these algorithms on low noise images,
such as the simulated images, showed promising results. However, in the case of the
animal study or the clinical images in Chapter 3, the fitting was repeated a number of
times, and the mean of displacement vectors were used to provide a more accurate
localization and ultimately a better phase-alignment.
In order to evaluate the effect of the correction methods, many experiments were
carried-out. Simulated PET images were used to generate respiratory motion blurring
effects in a controlled environment. In order to validate the simulation results in the case
of a live-subject imaging scenario, the correction methods were applied to respiratorygated 82Rb-PET dynamic data set.
For uptake images, motion correction consistently provided better results than the
non-corrected images. The degree of improvement was approximately 5% of the mean
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error across all segmental values in the simulated and animal studies. In the case of
images without MC, a similar distribution of motion-blurring errors was seen in
respiratory phase-matched CTAC images and respiratory averaged CTAC images. This
similarity suggests that the average-CTAC provides as accurate a correction as phasematched CTAC, if no MC is performed. However, if motion-compensation is used, the
differences between the two corresponding motion-corrected images indicate that a more
accurate AC could lead to improved image accuracy {i.e. phase-matched CTAC).
Automated phase-alignment of the PET images for motion compensation can
reduce respiratory-induced errors in the estimating perfiision-defect size and severity.
The change of "2" in the summed perfusion score represents a shift of half of the width of
a disease category and can potentially change the prognosis of the disease. The methods
developed using simulated data show feasibility for application on clinical studies.
An improvement of approximately 5% in the accuracy of myocardial blood flow
quantification may not have immediate clinical implications. On the same note however,
this is not as trivial since it is comparable to the repeatability accuracy in serial Rb MBF
measurements. Recent studies show the average per sector repeatability coefficients for
the calculations of MBF values is 8.5% [96] or have a mean difference of 6.18% between
MBF measurements [97]. An improvement on this scale can help reduce this variability
and secure the position of PET as the gold standard for measuring MBF.
In this work, only respiratory motion with large amplitudes were simulated. The
magnitude of errors shown are not as severe for all patients, but rather the subset of
patients with 'large' respiratory amplitudes. Studies show a prevalence of 7.5% for
patients having a displacement between expiration and inspiration of >= 8mm [98], or
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similar [68, 69], Although this does not concern the majority of patients, however the
number of patients involved is not trivial and could benefit from the increased accuracy.
The work completed in this thesis shows great promise for improving the quality
of cardiac PET perfusion imaging but also suggests many potential directions for further
improvements. Possible future work involves the incorporation of cardiac gating in order
to reduce the motion blurring due to the contractile motion of the heart. It has been
suggested by others [99] that correction of both respiratory and cardiac motion leads to
improved image quality for FDG PET cardiac imaging. Extension of the developed
method to include compensation for cardiac contraction is hypothesized to provide a
similar level of improvement for 82Rb imaging. This extension is not without challenges,
however, as further division of the data through cardiac gating will greatly increase the
noise in the individual images. 4D reconstruction techniques can provide lower noise
levels that may compensate for the increase in noise caused by a second dimension of
gating. 4D techniques may also reduce noise when using a subset of the data as the
motion-free standard for comparison. More sophisticated simulations could provide a
better representation of the magnitude of the effects of motion and using human datasets
in the validation study would reveal clinical implications more easily. Data-driven gating
techniques can be used which eliminate the need for external markers and reduce the
amount of processing in order to calculate spatial shifts between the gated data.
Automated techniques should be pursued for alignment of the CT to the PET images for
AC in order to reduce the chance for misregistration errors.
The results presented in this thesis show that respiratory motion compensation
holds great potential for improving the accuracy of myocardial perfusion imaging with
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PET. The automated method developed herein has achieved success with simulated
studies and is feasible for application to clinical studies. Incorporation of this method has
the potential to further reinforce PET's position as the gold standard of myocardial
perfusion measurement.
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