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Abstract 

A New Implementation of Super Resolution Technique in PET Imaging 

by 

GUOPING CHANG 

A new implementation for Super-Resolution (SR) techniques has been proposed. 

This new SR implementation has multiple clinical advantages versus the original 

standard implementation. We tested and validated this new approach by comparing it to 

the original SR implementation in theoretical and experimental studies. Characterization 

and evaluation of this new SR processing are also conducted in experimental as well as 

patient studies. The results show that this new SR implementation can be used to replace 

the original standard SR implementation while exhibiting similar performance in image 

resolution and signal-to-noise ratio (SNR). 
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Chapter 1 

Overview of Positron Emission Tomography 

Positron emission tomography (PET) is a non-invasive, diagnostic imaging 

technique for measuring the metabolic activity of cells in the human body. It is clinically 

useful in diagnosing patients with certain conditions affecting the brain and the heart, as 

well as in diagnosing patients with certain types of cancer. PET imaging first made its 

appearance in clinical diagnostic medicine in the early 1990s. It has the unique ability to 

produce functional (Figure 1.1a) rather than anatomical or structural images (Figure Lib), 

such as those generated by X-ray computed tomography (CT) or magnetic resonance 

imaging (MRI). Functional images reveal biochemical processes within the human body, 

such as blood flow, receptor density and glucose metabolism. A PET scan is a relatively 

simple procedure, involving the use of a small amount of radioactive material, similar to 

what is used in other nuclear medicine procedures such as Planar Imaging and Single-

Photon Emission Computed Tomography (SPECT). In PET imaging, the radioactivity is 

attached or tagged to a radioactive material that is intrinsic to the human body (e.g. 

glucose, water, and ammonia). The radioactive material is administered to the patient 

(usually by injection) and a specially designed PET scanner monitors how the body 

processes this material. For instance, F labeled fluro-deoxy-glucose ( FDG) is a 

"glucose analog" that accumulates in regions having high metabolic activity such as brain, 

liver and malignant tumors (figure 1.1a). Consequently, accumulation (uptake) of 18FDG 

by the tissue is directly related to its metabolic state (hyper or hypo-metabolic), and an 

abnormal increase in uptake would indicate the presence of malignant tumor cells. Thus, 
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PET has the ability to non-invasively detect functional changes in vivo with high 

sensitivity and specificity [1]. An important additional advantage of PET imaging is its 

ability to quantify the amount of radioactivity taken up. This aspect is particularly 

important in the diagnosis, staging, and evaluation of treatment response. These 

advantages have enabled wide acceptance of PET imaging as a diagnostic and a research 

tool, with applications in oncology [2, 3], neurology [4], cardiology [5], and 

pharmacology [6]. 

This chapter starts with a brief introduction to the fundamentals of PET imaging, 

including the processes of PET data acquisition and image reconstruction. The closely 

related topic of PET/CT multi-modality imaging is also discussed, as are factors affecting 

Figure 1.1: Example of (a) PET image and (b) CT image 



PET image resolution. The chapter ends with an introduction to the Super-Resolution (SR) 

technique which is the central topic of this dissertation. 

1.1 PET data acquisition 

A PET scan requires the patient to either inhale or be injected with radioactive 

materials that are labeled with positron emitting radio-nuclides. The most commonly used 

positron-emitting nuclides are F, O, N and C, which constitute the most abundant 

elements in human's body. These positron-emitting nuclides can be used to label many 

compounds to make radio-pharmaceuticals such as nCO, 13NH3, 150-labeled water and 

18F-FDG. These various radioactive labels decay by emitting positrons, which are the 

Detector 
" m ^ S S 

Figure 1.2: Process of PET imaging 



anti-particles of electrons. When positrons and electrons collide, they annihilate with one 

another, resulting in the production of two gamma photons. From the theorem of energy 

conservation, each gamma photon has an energy of 511 keV, and the two gamma photons 

emitted travel in opposite directions due to the conservation of momentum. 

The process of PET imaging is illustrated in Figure 1.2. When positron-electron 

annihilation occurs, the two gamma photons are emitted simultaneously in opposite 

directions, hitting two detectors within a time frame of several nanoseconds. 

Consequently, two detections made within such a small timing window are assumed to 

constitute a "coincidence event" resulting from positron-electron annihilation. A line 

connecting the two detectors is recorded (a "line-of-response (LOR)"), which indicates 

that the annihilation occurred somewhere along this line. As the scanning process 

G 

"- —t 

i 

« 

1 1 1 1 1 1 1 

sinogram 
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Figure 1.3: Mapping relationship between LOR and sinogram data in 2-D mode 



continues, additional coincidence events occur along each possible LOR. Data collection 

along each LOR is either sorted into a histogram (usually called a Sinogram) according to 

their locations (e.g., radial distance and view angle in 2-D mode as shown in figure 1.3), 

or stored on an event-by-event basis known as a List-Mode acquisition. As a rough 

approximation, the total number of coincidence detections along a specific LOR can be 

considered proportional to the line integration over the underlying radioactivity 

distribution. Using such a model, the sinogram constitutes a Radon transform of the 

original radioactivity distribution [7], which is formulated as: 

/

so roc 
/ g{x,y)5[p — xcos 9 — ysmO) dx dy 

-oo J— oo (1.1) 

Here, the Randon transform g(p,0) is the line integration of the image g(x,y), which is 

2D 

Jr 

3D 

% 

Figure 1.4: 2-D vs. 3-D mode in PET imaging 
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specified by the line parameters (p, 0), where p is the distance from the center of the field 

of view (FOV) to the specific line and 6 is the pitch angle of the line. 

PET data can be acquired in either 2-D or 3-D mode (Figure 1.4). In 2-D mode, 

data are collected slice by slice, which is implemented using extendable septal barriers 

imposed between adjacent slices. These barriers are strips that can be extended from the 

scanner body to help stop gamma photons coming from other slices. An accepted LOR is 

therefore limited in the trans-axial plane, axially spanning no more than two adjacent 

detector rings. In the 3-D whole body mode, data is collected with these same septa 

retracted enabling a 3-D acquisition. Here, LORs are not constrained in the trans-axial 

planes and may span across many detector rings. 3-D acquisition affords better detection 

since it can accept more coincidences. However, the image reconstructed from 3-D 

acquisition is also corrupted by a greater amount scatter, which will be discussed later in 

this chapter. 

1.2 PET Image Reconstruction 

PET image reconstruction represents the inverse problem associated with PET 

data acquisition (i.e., formation of an estimate of the original object via analysis of the 

acquired image data). In PET imaging, the detected data (the sinogram) is first 

reconstructed to images prior to evaluation by a physician and quantitative mathematical 

analysis. Typically, a filtered back-projection (FBP) algorithm having widespread use in 

image reconstruction (e.g., [8]) is used to form an image of the distribution of the radio

activities within the body from collected sinogram data. This FBP technique is performed 



under the assumption that sinogram data can be modeled as a Radon transform of the 
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Figure 1.5: Filtered Back-projection (FBP) reconstruction for PET imaging 

original image (see previous section). Data collected from each angle are first filtered 

with a chosen filter and then back-projected to image space (Figure 1.5). As more and 

more angles are projected, the original object appears. This FBP model, however, is 

algorithmic and does not adequately describe the various physical processes involved in 

the photon detection process. It also lacks the ability to account for detection noise. 

Statistical image reconstruction techniques provide more accurate system models 

and have been shown to generate images of better quality [9-11]. In this case, the PET 
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imaging system is usually modeled as a discrete-discrete system [12] described by the 

expectation: 

.v 

(1.2) 

Here {yn} is the sinogram data vector. The vector {xmj is the image representation which 

contains the amount of radioactivity inside each pixel or voxel (3-D pixel), and the term 

r„ in (1.2) accounts for background noisy counts, including random and scattered 

coincidences. Due to the statistical nature of PET imaging, rn is usually modeled as a 

Poisson noise distribution. Alternatively, random and scattered events can be 

incorporated into (1.2) via the term r„ because of their statistical nature. Finally, matrix H 

is called the system matrix, whose elements Hnm are proportional to the probability that a 

photon pair originated from the voxel m can be detected along the LOR n. This design for 

the system matrix allows one to incorporate significant modeling detail including 

physical processes such as positron range, non-collinearity, attenuation correction, 

detector efficiency normalization and depth of interaction. Integrating such modeling 

detail into the system matrix description produces a product that can better reflect the true 

photon detection probability [13-14]. 

Statistical image reconstruction is generally formulated as an optimization 

problem, wherein a cost function is introduced that relates the image estimate to the 

measured data. A popular choice for this formulation is based on the maximum likelihood 

(ML) method, where an optimal image is the one that maximizes the probability of 

making a detection of the data that are actually measured: 

•v (1-3) 
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Here Y and X are the sinogram and image vector, respectively, and P() is the Poisson 

likelihood function. It is well-known however, that ML-based image reconstruction is an 

ill-conditioned problem, in that small changes in the data can cause large variations in the 

reconstructed image [15]. When reconstructing a specific data set, it can be observed that 

as the ML algorithm progresses to high iteration numbers, the image becomes 

increasingly noisier. Consequently in practice, optimization of the ML cost function is 

usually terminated before convergence is reached. In addition, smoothing filters are 

usually applied to the image during or after the optimization process to suppress image 

noise. 

Iterative techniques are usually employed to solve the image reconstruction 

problem. For ML reconstruction, the most popular iterative technique is the expectation 

maximization (EM) algorithm [16], which has the advantage of employing a closed form 

updating equation: 

J,P) 

>_,, n,j *—* \ n,,,r' 4- I. 
S " (1-4) 

Here, x ^ is the value image voxel m after/? iterations. A major drawback of the ML-EM 

algorithm, however, is its slow convergence. To accelerate the optimization process, 

variants of the EM algorithm based on the concept of subsets have been developed [17-

19], wherein a given EM iteration is divided into a number of sub-iterations, and each 

sub-iteration only deals with a subset of the whole acquired data (sinogram). The image 

resulting from one sub-iteration is then updated by the next sub-iteration. This variant of 

the EM algorithm is called the Ordered-Subset Expectation Maximization (OSEM) 
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algorithm [17] and it works much faster than ML-EM algorithm while achieving similar 

convergence. 

After the image reconstruction process, the PET images are displayed so that 

physicians can evaluate and diagnose patients' tumors based on 18F-FDG concentration 

and standardized uptake values (SUVs). The whole process of PET imaging, including 

data acquisition, data storage and image reconstruction and display, is summarized in 

Figure 1.6. 

Annihilation Image Reconstruction 

Figure 1.6: The process of PET imaging 
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1.3 PET/CT multi-modality imaging 

Despite great advantages as a functional imaging modality, PET has its limitations 

especially when dealing with anatomy-related tasks such as lesion localization and tumor 

volume measurement. This is due to its low image resolution and relatively high image 

noise level when compared to other anatomical imaging modalities such as CT and MRI. 

Consequently, functional images provided by PET and anatomical images provided by 

CT or MRI are usually presented together to facilitate diagnosis and treatment planning. 

(a) (b) (c) 

Figure 1.7: Images generated in a PET/CT for the same patient, 
(a) CT, (b) PET, (c) Fused PET/CT. 
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Figure 1.7 shows an example of the PET/CT multi-modality imaging, where the 

PET image, CT image and fused PET/CT image are displayed side by side to provide 

both functional and anatomical information. An implicit assumption in this practice is 

that the PET image is properly aligned with the CT or MRI image, so that a lesion 

identified on the PET image can be readily localized on the CT or MRI image. If the 

patient needs to be transported between different scanners, a change in the external pose, 

as well as internal organ displacement could occur between the two imaging sessions. 

Consequently, an extra image registration step is often required to align the images 

acquired from different imaging sessions with each other [20]. This adds to the 

complexity of the imaging protocol and also reduces the reliability of the overall 

approach. 

The PET/CT scanner has been introduced as an alternative to the dedicated PET 

scanner. In the current PET/CT scanner implementation, the PET scanner is integrated 

with a modern multi-slice CT scanner. As a result, within the same imaging session the 

patient can receive both a CT and PET scan (figure 1.8), which minimizes the patient 

motion between the PET and CT scans, and facilitates better co-registration between the 

acquired PET and CT images. In addition, the CT image acquired in a PET/CT imaging 

session can also be used to correct the PET data for attenuation [23]. 

Today, individual PET scanners are rarely made by major medical imaging 

equipment manufacturers. Rather, integrated PET/CT scanners are usually supplied. The 

success of PET/CT scanners has motivated the exploration of other multi-modality 

imaging techniques, such as the single photon emission computed tomography 

(SPECT)/CT imaging and PET/MRI imaging. 
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patient cnucn 

4 » 

I I H I 
CT PET 

PET Image 

**• v 

Fused PET/CT 

Figure 1.8: A schematic illustration of the PET/CT scanner. 

1.4 Factors affecting PET image resolution 

Compared to other imaging modalities, the spatial resolution of PET scanners is 

very low. Currently, PET scanners usually have a spatial resolution of 4.5 to 6 mm, 

where CT scanners can achieve a spatial resolution of less than 1 mm. PET image 

resolution is limited by physical parameters such as scatter, positron range, non-



14 

colinearity and patient motion, as well as by the intrinsic resolution of PET detectors. The 

final reconstructed resolution of a PET image is usually poorer than the best obtainable, 

intrinsic resolution because reconstruction algorithms typically trade off resolution for 

reduced noise. Either reconstructed using back-projection or EM algorithm, PET images 

contain much higher noise than the corresponding CT images, since total counts of 

gamma photons that PET detectors accept are limited due to the short period of scan (3 

minutes scan clinically for each FOV). Various factors that can affect PET image 

resolution are discussed as below. 

Scatter 

When two single events happen within the duration of the coincidence window of 

the PET scanner, they are recorded as a "coincidence". Figure 1.9 illustrates three kinds 

of coincidence events that PET scanners accept: (a) scattered events, in which one or both 

gamma rays scatter within the patient and the two gamma photons are detected by a 

different detector pair; (b) random coincidences, in which two separate decays result in 

(a) (b) (c) 

Figure 1.9: Three kinds of coincidences: (a) Scatter, (b) Random and (c) True 
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the detection of only one gamma ray from each one and the two events are close enough 

in time to be in coincidence; and (c) true coincidences, in which gamma rays are detected 

from a single decay that have not scattered in the patient. The goal of PET imaging is to 

measure and reconstruct the distribution of true coincidences while minimizing the 

scattered and random coincidences and correcting for the bias associated with scattered 

and random coincidences. Scattered events can happen both inside the object and inside 

the detectors. Scattering inside the object generally causes a decreased image contrast and 

activities that appears outside object boundaries. This results in decreased image 

resolution and inaccurate quantification of the image. Therefore, scattering within the 

detector is a limiting factor of system resolution. In contrast, random events have a 

greater effect on noise content in PET images, rather than image resolution. 

Positron Range 

Spatial resolution of PET imaging is limited by the fundamental nature of positron 

annihilation. As positrons travel through human tissue, they give up their kinetic energy 

principally by Coulomb interactions with electrons. Because the rest mass of the positron 

Table 1.1 
Half-life and positron range of isotopes commonly used in PET 

Isotope 

n C 
,3N 
1 5 0 

18p 
68Ga 
82Rb 

Half-Life (min) 

20.3 
9.97 
2.03 
109.8 
67.8 
1.26 

Maximum Positron 
energy (MeV) 

0.96 
1.19 
1.7 

0.64 
1.89 
3.15 

Positron Range in 
Water (mm) 

2.1 
— 

— 

1.2 
5.4 
12.4 

* Data come from [21] 
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is the same as that of the electron, the positrons may undergo large deviations in direction 

with each Coulomb interaction and they follow a tortuous path through the tissue as they 

give up kinetic energy (Figure 1.2). Although the radial distribution of annihilation events 

is sharply peaked at the origin (site of positron creation), a calculation of the radius that 

includes 75% of all annihilation events gives a realistic comparison of the impact of the 

maximum positron energy on the spatial resolution of PET imaging. Table 1.1 lists the 

major emitters used in PET imaging, along with positron energy and their range in water 

[21]. 

Non Co-linearity 

In addition to positron range, the variation in the momentum of the positron also 

leads to a limitation of the spatial resolution of PET imaging. One would normally expect 

the annihilation gamma rays to be anti-parallel. However, the variation in momentum of 

the positron results in an angular uncertainty in the direction of the 511-keV photons that 

is approximately 4 mrad (0.23 degree). This is referred to as non-colinearity. Table 1.2 

shows the resolution loss due to non co-linearity as a function of detector ring diameter 

[21]. 

Table 1.2 
Resolution loss due to non co-linearity versus PET detector ring diameter 

Ring Diameter, D (cm) 

60 
80 
100 

Resolution Loss (mm) 

1.3 
1.7 
2.2 

Data come from [21] 
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Intrinsic Resolution 

The most significant factor limiting PET image resolution is the intrinsic spatial 

resolution of the PET scanner detectors. The resolution of a single detector is often 

quantified by the full-width half maximum (FWHM) of the position spectrum obtained 

for a collimated point source placed before the detector at a fixed distance from it. The 

coincidence detector-pair resolution is normally specified as the FWHM of the point-

spread function (PSF) obtained from the convolution of the two individual detector PSFs. 

For a detector composed of small discrete crystals, all interactions are assumed to occur 

at the center of individual crystals for the purpose of back-projection and image 

reconstruction. As a result, the PSF for such detectors is similar to a step function with a 

total width equal to the size of a crystal. The coincident PSF is, therefore, a triangular 

function whose base width is again equal to a crystal size. Thus, the FWHM of the 

coincident detector PSF is one-half the crystal size. 

Patient Motion 

Patient motion during data acquisition has a deleterious effect on image resolution. 

PET scanning has a low count rate, since scan durations of three to five minutes is 

required for each bed position or FOV to generate an acceptable image. If patients move 

within each bed position, small lesions will be blurred and the true SUV values will not 

be calculated correctly. This can affect the physician's evaluation and tumor detectability. 

Cardiac and respiratory motions are the two primary sources that lead to motion 

blurring. While cardiac motion is non-controllable, respiratory motion can be reduced as 

much as possible by requiring the patients to execute breath-holding during data 
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acquisition. This requirement can bring discomfort to some patients, particularly those 

with respiratory problems. Some are unable to complete the PET scan without a deep 

breath. Recently, a motion gating technique has been developed to depress the effects 

stemming from patients' respiratory motion [22-27]. By dividing the respiratory cycle 

into multiple bins (usually 8 to 10 bins), the data acquired within each bin over all 

respiratory cycles are combined to generate a "motion-free" image for each bin. This 

supposes that there is little motion within each bin (Figure 1.10). Images reconstructed 

from data in each bin are registered to a reference frame and summed together to generate 

a "high-count, motion-free" PET image. Images reconstructed from each bin, however, 

are low-count data sets since they come from data taken fro a small part of the whole 

scan duration. Registration of these low-count, low-resolution PET images itself is a very 

popular research topic, which until now has not had a perfect, error-free solution. 

Alternatively, long scan duration can be utilized to reduce the effects of low bin counts. 

This, however, increases the patient discomfort, which will lead to increased patient 

motion. 

Respiratory motion gating technologies can be separated into two different 

categories: phase gating and amplitude gating. Because of its simplicity to implement, 

phase gating is usually employed in experimental studies or patients who can keep very 

regular respiratory cycles in which data corresponding to the same phase are collected 

into the same bin. This, however, is usually jeopardized by patients' irregular respiratory 

motion in most of the cases. Therefore, phase gating is only valid for phantom studies or 

experiments in which a regular motion can be easily controlled and maintained. 

Amplitude gating is a gating technology currently applied in clinical scanning, where 
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data corresponding to the same motion range are collected into the same bin. 

Consequently, this reduces the effects of data overlapping from different bins due to a 

patient's irregular breath in phase gating technology. In spite of the advantages of the 

amplitude gating, it is difficult to implement, since the amount of respiratory motion is 

more difficult to monitor than timing (phase). Outside-scanner instruments are usually 

employed to facilitate amplitude gating in PET scanning, and this remains a popular topic 

in current PET imaging research. 

Bin 1 Bin 8 

Figure 1.10: Respiration gating 

1.5 Super-Resolution (SR) Techniques 

Since its first clinical application, PET imaging with 18F-FDG has been widely 

used to evaluate whether a tumor is benign or malignant [31-33]. Application of 18F-FDG 

PET to characterize solitary pulmonary nodules (SPNs) has also been shown to be a 
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highly sensitive and specific noninvasive diagnostic approach [34, 35]. Recent studies 

[35, 36], however, have shown that SPNs of sub-centimeter diameter are often missed 

mainly due to the poor spatial resolution of PET scanners. In this regard, improving PET 

scanner spatial resolution is a necessary prerequisite for enhancing the detectability of 

small tumors in PET images. 

Many methods have been proposed to improve the spatial resolution of PET 

scanners [37-39]. These methods either rely on: (1) the incorporation of a scanner point 

spread function (PSF) model during PET image reconstruction or (2) an increase in 

spatial sampling frequency [40-43]. The latter approach is usually implemented using 

discrete or continuous bed motion, while sorting the data into appropriate sampling 

distances. In this case, improvement in image resolution is only in the axial direction. 

Since current scanners exhibit better spatial resolution in the axial direction (Z-axes) 

compared to the transverse direction (X-Y plane), this increase in axial sampling rate has 

little impact on the resulting PET image resolution. 

Super-resolution (SR) methods use several acquisitions of low-resolution images 

to generate one or more high-resolution images. Several SR approaches and algorithms 

have been applied in signal and image related fields [44, 45]. Methods for improving PET 

resolution using spatial shifts have been suggested for a long time. Increasing the spatial 

frequency of the axial sampling has already been employed to improve PET image 

quality. Either using a "stop-and-shoot" method [40] or emulating continuous bed motion 

with discrete steps [41, 42], the acquired data is assigned to the axial location at which it 

was acquired, as in the interleaving method. SR however, is a more general approach 

than these other sampling methods, and is not restricted to equal-interval axial sampling 
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techniques. Therefore, any rigid spatial transformation with sub-pixel accuracy can be 

used, as long as the transformation does not render the data redundant (e.g., an integer 

number pixel shifts along the coordinate axes). 

Recently, SR approaches have been applied to improve the resolution of PET 

images [46]. In these techniques, several low-resolution images acquired from different 

points of view (POVs) are combined using the SR algorithm to generate a high-resolution 

image. Kennedy et al. [46] applied SR techniques to PET imaging and demonstrated its 

capability of improving the spatial resolution and contrast ratio of clinical PET images. 

The SR algorithm used by Kennedy et al. [46] used is the same as used in [47], and its 

details are described as follows. 

The SR algorithm starts with an initial guess of the high-resolution image/0'1. The 

initial guess is iteratively updated by using the procedure described below, so that after n 

iterations a high-resolution image guess fn' is obtained. From fn' a set of new low-

resolution images {g k} is generated synthetically via low-resolution sampling of fn\ 

where the index k refers to acquisitions at different points of view (k=l, 2, 3 ) . The 

synthetically generated set of low-resolution images {g(n)t} is then compared to the 

measured set of low-resolution images {gkj and a correction to/"'' is inserted based on the 

discrepancy between the two sets. 

Following the model utilized in [47], the imaging process of a low-resolution 

image is given by 

Here 7* is the geometrical transformation of the image to the same reference frame of 

acquisition for gk, h is a blur kernel, and r\k is additive noise. The symbol (*) is the 
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convolution operator and [s represents the down-sampling of a high-resolution image to a 

low-resolution image by a factor s. 

The initial guess for the high-resolution image/0'' is calculated as the average of 

the set of low-resolution acquisitions, which are brought to the same reference point and 

up-sampled: 

(1.6) 

Here, the symbol "[s represents the up-sampling operation from a low-resolution image to 

high-resolution image. 

The nth low-resolution synthetically sampled set of images {g(n\} is obtained from 

the approximation of the ntl high-resolution image f1' (ignoring noise), by 

y v } } (1.7) 

The current iteration is updated according to the difference between this low-

resolution sampling (g \} and the acquired low-resolution images {gk}. The current high-

resolution guess /"-* is corrected based on the difference between the two sets of low-

resolution images (gk -g(n)k), i.e., 

/(-ii-/^+|Ev(((^-r)^)^) 
h~] (1.8) 

Here,/? is the "sharpening" kernel: ideally the inverse of the blurring kernel h. The whole 

updating process is repeated iteratively, until the root mean square of the Euclidean norm 

of the difference (gk -g(n)k) for all sets of acquisitions is minimized 

' • ' • = \ 1 - 1 (1.9) 
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In practice, the algorithm is terminated when en has been minimized, has reached a 

predefined threshold, or exceeded a maximum number of iterations. 

Irani and Peleg [17] have proven that this algorithm converges. For 2-D 

translations and rotations the convergence condition is given by 

11A'- ft *p\\ < i 

(1.10) 

Here S is the unity impulse function. This criterion allows the sharpening kernel p to be 

different from the exact inverse of the blurring kernel h. For example, if h is an ideal low-

pass filter, its exact inverse cannot be calculated; therefore, a different kernel p that 

satisfies (1.10) can be used to approximate the inversion of h. However, Irani and Peleg 

have demonstrated that the smaller the measure || S - h*p\\, the faster the algorithm 

converges [47]. 

The SR implementation in PET imaging starts with an initial guess for the high-

resolution image/0"1 by averaging multiple low-resolution images as given by (1.6). In 

this case, ^s represents the splitting of the pixel of each acquisition into multiple pixels, 

the number of which depends on the number of low-resolution images acquired. The 

spatial transformation 7*, is a simple shift of a low-resolution pixel along the 

corresponding direction. The inverse of the spatial transformation 7V represents the shift 

of the high-resolution form of the acquisitions (gk\s) to a common high-resolution 

reference frame. 

The high-resolution image was iteratively updated by using (1.7) and (1.8). In this 

case, [s represents the down-sampling by summing neighboring high-resolution pixels 

along the corresponding directions. For simplicity, both the h andp kernels were taken as 

delta functions with a width of one pixel. This removes any smoothing or sharpening of 
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the images within the algorithm, but the kernels are included here to keep the model more 

complete. The procedure was stopped when the error en given by (1.9) reached a 

minimum or after a specific number of iterations. 

To obtain an initial guess of the high-resolution image, multiple low-resolution 

images from different POVs are first generated. In the original implementation of SR 

techniques, multiple images were acquired sequentially, each time by moving the same 

object by a sub-pixel distance with respect to the previous acquisition. There are two 

main disadvantages of this implementation, particularly when applied to patient studies. 

First, the acquisition of multiple images from different POVs requires a long scan 

duration which increases the probability of patient motion between the necessary 

acquisitions. Methods that decrease scan duration by shortening the acquisition time 

result in images characterized by a low signal-to-noise ratio (SNR), which tends to negate 

any improvement in image resolution. Second, any resolution improvement obtained 

through implementation of the SR technique is compromised when patients move 

between POVs. Such motion leads to the blurring of small objects in the SR image. 

We propose a different approach for the implementation of the SR technique 

which does not suffer from these drawbacks. Rather than moving the objects or patients 

to generate images from different POVs, we propose to shift the image reconstruction 

pixel grid by the same amount during the image-reconstruction process to generate the 

required images. That is, from sinogram data, different reconstruction grids are applied so 

that multiple images are reconstructed on these grids sets. These low-resolution images 

are generated from the same data acquisition (sinogram), but are reconstructed from 
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different POVs (or different reconstruction grids). Consequently, the effects of long scan 

duration and patient motion between POVs are eliminated. 

In this thesis, we concentrate on the comparison between the original and the 

proposed new SR implementation schemes, as well as on the characterization and 

evaluation of the new SR processing scheme with regard to image resolution, contrast 

ratio, noise level and signal-to-noise ratio (SNR). PET image resolution is usually defined 

as the full-width half maximum (FWHM) of a point source which is positioned in the 

field of view (FOV) of the PET scanner, whereas noise level is usually determined by 

calculating the standard deviation of multiple pixels which are randomly selected from a 

background with uniform F-FDG activities. 

1.6 Forward to the Thesis 

This thesis starts with a theoretical or mathematical framework to evaluate the 

equality or similarity between the original and the new SR implementation schemes. This 

theoretical framework is then followed by several studies, which can be categorized into 

two groups based on their objectives: comparison studies and characterization studies. 

The comparison studies include: (1) A Simulation Study, used to facilitate the 

theoretical framework by comparing the resolution and SNR of the SR images generated 

from the original and new SR processing; (2) A Point Source Study, concerned with 

evaluating the image resolution and contrast ratio of the SR images generated by the 

original and new SR implementations; (3) A NEMA/IEC Phantom Study I, used to 

compare the noise and SNR properties of the two SR implementations. Based on these 

comparisons involving theoretical, simulation and experimental studies, we proceed to 
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conduct characterization studies, which include two phantom studies (NEMA/IEC 

phantom II and Jaszczak phantom) and eight patient studies. These characterization 

studies are used to help assess the performance of this new implementation scheme of the 

SR algorithm with respect to SNR, contrast ratio, reconstruction FOV, matrix size, and 

capability of lesion detection. The results are assessed using ROI analysis, line profiles 

and human observers. 
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Chapter 2 

Materials and Methods for the New SR Implementation 

2.1 A New SR Implementation 

In this section, we propose a new SR implementation scheme and discuss its 

advantages relative to the original standard SR implementation. In addition, we propose 

specific studies to (1) compare the relative functionality of the two SR processing 

schemes, and (2) characterize the properties of the new SR implementation. Finally, the 

SR algorithm which is used in this thesis is reformulated in a simplified iterative form. 

2.1.1 Introduction to the new SR implementation 

As described in section 1.5, multiple data acquisitions from different points of 

view (POV) are required in the original SR implementation [46]. These multiple data sets 

are realized by moving the imaged object or the patient by sub-pixel distances with 

respect to the previous acquisition during the data-acquisition process. Low-resolution 

PET images are generated corresponding to each data set and the SR algorithm is applied 

to combine these low-resolution images into a single "SR" image. The resulting SR 

image is expected to contain all the information present in the low-resolution images, but 

also have a higher resolution than any of the component low-resolution images. Clinical 

applications present a challenging problem in that patient motion is difficult to control 

during the long scan duration associated with the original SR implementation. Multiple 
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scans are required in this implementation as data are acquired from different POVs. 

Consequently, any improvement in image resolution brought about by using SR 

techniques is compromised by the image blurring that occurs from having a slightly 

different patient position as data is acquired in different POVs. Methods aimed at 

decreasing scan duration by shortening acquisition time result in images characterized by 

low signal-to-noise ratio (SNR). This tends to counter any improvement gained in image 

resolution. 

To address these drawbacks in the original SR implementation, we propose a 

different implementation scheme. Rather than moving the same object or patient to 

generate multiple low-resolution images from different POVs, we propose shifting the 

image reconstruction pixel grid by the same amount to generate the required images. 

These multiple low-resolution images are reconstructed from the same sinogram and 

generated during the image-reconstruction process rather than the data-acquisition 

process. Consequently, only one data set is required, saving time and eliminating the 

effects of long scan duration and patient motion between POVs. 

In the next section of this chapter, we compare the capability of the two SR 

implementation techniques (new and original) to improve PET image resolution and 

contrast ratio. Noise and SNR properties are also evaluated when possible. We first 

propose a theoretical or mathematical framework to evaluate the difference between the 

two SR implementation schemes (new and original), and then based on this framework 

conduct three "comparison" studies: (1) A simulation study, (2) A Point Source study 

and (3) A NEMA/IEC Phantom study I. These studies are used to show that both SR 

implementations have a similar capability to improve PET image resolution and contrast 
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ratio. However, the two implementation schemes have slightly different noise levels and 

SNR (explained later). Further studies are conducted to characterize the performance of 

the new SR implementation scheme with respect to SNR, contrast ratio, reconstruction 

FOV, matrix size, and lesion detectability. We refer to these more detailed studies as 

"characterization" studies. Specifically, we conduct: 1) A NEMA/IEC Phantom Study II, 

which was used to investigate how the new SR processing scheme affects the SNR 

properties of the resulting PET images; 2) A Jaszczak Phantom Study, which was used to 

evaluate how the resulting PET image resolution and contrast ratio can be modulated by 

the reconstruction field of view (FOV) and matrix size following the new SR processing; 

and 3) Patient Studies, which were used to assess the impact of this new approach on 

clinical studies. The specific conditions employed in each of these studies are described 

in the remaining sections of this chapter, and results are shown in Chapter 3. 

2.1.2 Data Acquisition for experimental and patient studies 

All experimental data, including point sources, phantoms and patients' data were 

acquired on a DISCOVERY RX PET/CT scanner (GE Healthcare, Waukesha, Wisconsin, 

USA). Figure 2.1.1 shows this PET/CT scanner, which has a gantry that consists of 24 

rings with 630 detector crystals in each ring. This PET scanner has a trans-axial FOV of 

70 cm and a 15.7 cm axial extent. PET data can be acquired in both 2-D and 3-D mode, 

and can be reconstructed using any one of these matrix sizes: (1) 64*64, (2) 128*128 and 

(3) 256*256. Both FBP and OSEM reconstruction algorithm can be applied to reconstruct 

the acquired data. The description and performance characteristics of this scanner have 
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been published elsewhere [49]. The reconstruction FOV of this scanner can be changed in 

increments of 0.1 mm and up until 70 cm at most. It can also be shifted along the X (left-

right) and Y (up-down) axes in increments of 0.1 mm. All acquired data in the studies of 

this thesis were corrected for attenuation, scatter and dead time and reconstructed using 

OSEM (2 iterations, 21 subsets) algorithm. 

sS^f 

^B 

Figure 2.1.1: A Discovery RX PET/CT scanner (GE Healthcare) 
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2.1.3 Simplified Super-Resolution (SR) Algorithm 

In all the simulation and experimental studies (including phantom and patients 

studies), the multiple low-resolution images required by SR processing schemes are 

acquired in the equally-spaced sampling mode. Implementation of the SR algorithm 

described in (1.5) can be simplified as follows: 

1) Multiple low-resolution images are generated from different POVs. In the new SR 

processing scheme, the multiple images are reconstructed from a single data set 

using shift in the image reconstruction pixel grid. 

2) These low-resolution images are up-sampled to a high-resolution image (e.g., 

pixels are split), mathematically shifted to a common reference frame, and 

averaged to generate an initial high-resolution guess. 

3) The high-resolution guess generated in step 2 is shifted to the reference frames of 

the initial POVs and down-sampled to a lower resolution (e.g., previously split 

pixels are summed) to synthetically generate low-resolution images, given the 

high-resolution guess. 

4) The synthetically generated low-resolution images of Step 3 are compared to the 

measured low-resolution images of Step 1. Discrepancies (e.g., root mean square 

errors) are calculated. 

5) Discrepancies for each POV in Step 4 are again up-sampled, shifted to a common 

reference frame, averaged, and used to update the high-resolution guess. 

6) Steps 3 to 5 are repeated until the discrepancies are minimized or until a 

maximum number of iterations is reached. In all of the studies, this maximum 
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number was selected to be 20, which is adequate for algorithm convergence of the 

algorithm (details discussed in section 4.1). 

A computational flow diagram of the SR algorithm is shown in Figure 2.1.2. 

1. low resolution images acquired 
from different points of view 

2. up-sampled, shifted to the 
same reference frame, averaged 

3. shifted to the reference 
frame of the initial FOV, 
down-sampled to generate 
the low resolution guess 

4 
4. low resolution guess from 
step 3 is compared with the 
measured low resolution 
image of step 1, discrepancies 
are calculated. 

4 

No 

High resolution result •l 
High resolution guess 

update 

5. The discrepancies of each 
FOV in step 4 are up-sampled, 
shifted to a common frame, 
averaged, update the high 
resolution guess in step 2 

Yes 
discrepancies are minimized 
or a maximum number of 
iteration is reached ? 

Figure 2.1.2: Flow of SR algorithm 
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2.2 Comparison between the Original and New SR Implementation 

In this section, we propose a theoretical framework to evaluate the difference 

between the two SR implementation schemes (new and original). Based on this 

framework, we conduct three "comparison" studies: (1) A simulation study, (2) A Point 

Source study and (3) A NEMA/IEC Phantom study I, which were used to prove that both 

SR implementations have a similar capability to improve PET image resolution and 

contrast ratio while maintaining a similar or slightly different noise level and SNR. The 

results of these studies were investigated based on line profiles and SNR, as well as 

human observers. 

2.2.1 Theoretical Framework 

In this section, a theoretical or mathematical framework (a mathematical model of 

PET imaging) is proposed to evaluate the equality or similarity of the two SR 

implementation schemes. The results of this comparison are validated by simulation 

studies of the PET imaging and point source studies. The results of these studies are 

shown in Chapter 3. 

Model 

A simple 2-D noisy model is used to simulate the process of PET imaging, which 

is illustrated in the diagram below. This model can be easily extended to 3-D. 

Object 

I(u,v) 

HFP(u,v) 

HF 

Sinogram 

pI(u,v) + n(i 

HBP(u,v) 

J,V) 

Image 

J(u,v) 

A noisy model for PET imaging 
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In this model, the imaged object is specified by its Fourier transform or frequency 

response I(u, v), where u and v are the spatial frequencies corresponding to X-axis and Y-

axis in image space (2-D real space), respectively. Conceptually, any image is a space-

limited object, however, we can extend this image to an unlimited space by putting zeros 

in all the other pixels outside the original image place. When the object is scanned during 

the data-acquisition process, we are actually forward-projecting (FP) the object onto the 

sinogram space, which is based on the Radon transform (see section 1.1) [7]. In image 

space, this forward-projection or Radon transform is equivalent to convolving the object 

I(x, y) with the FP kernel HFP(x, y). In frequency space, this is represented by a simple 

multiplication of their spatial frequency responses I(u, v) and HFP(u, v), where u and v are 

variables in Fourier space that correspond to variables x and y in image space, 

respectively. Thus, 

S(u,v) = HFP(u,v)I(u,v) + n(u,v) ,~ u 

Represents the corrupted sinogram data where the term n(u, v) characterizes the spatial 

frequency response of additive noise. Based on the known PET imaging properties [15, 

16, 17], n(u, v) can be modeled as Poisson distribution. Due to digitization or sampling of 

the PET scanner detectors, the FP kernel HFP(u, v) is band-limited, and its cut-off 

frequency is dependent on the parameters and properties of the PET scanner. 

During the image-reconstruction process, the noisy sinogram data S(u, v) is 

transformed back into image space where a "reconstructed image" J(u, v) is produced. 

This back-projection process can be regarded as a convolution of the acquired sinogram 

data S(u, v) with the back-projection (BP) kernel HBP(u, v). This is a multiplicative 

process in Fourier space: 
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J(u,v) = H^(u,v)S(u,v)=HBr(u,v)Hrr(u,v)I(u,v) + H"r(u,v)n(u,v) ( 2 2 ) 

Here J(u, v) is the Fourier transform of the reconstructed data. Note that all the Fourier 

transforms used in this section are in continuous rather than discrete form. The 

reconstructed data J(u, v) first has to be sampled at a rate that is usually above the 

Nyquist frequency, prior to display. The first term on the right-hand side of (2.2) (namely 

lfp(u, v) HFP(u, v) I(u, v)) represents the useful information reconstructed from the 

acquired data, whereas the second term {lfP(u, v) n(u, v)) arises from additive noise 

during the data-acquisition process. This second term contains no useful information for 

either the physician's evaluation or tumor detectability. Although the band-limited 

property of the FP kernel lfP(u, v) depends only on the PET scanner properties, the BP 

kernel HBP(u, v) is dependent not only on these same scanner properties, but also on the 

reconstruction algorithm. This means many factors can affect the performance of the BP 

kernel HBP(u, v) including the particular reconstruction algorithm (FBP, ML-EM or 

OSEM etc), the number of iterations (for EM algorithms), and the particular type of filter 

used in the image-reconstruction process. Furthermore, HBP(u, v) is not necessarily a 

linear transformation, especially for EM algorithms (the EM algorithm itself is not a 

linear image-reconstruction algorithm). However, no matter what factors affect its 

properties, HBP(u, v) is a band-limited kernel. Hence, its frequency response 

characteristics can be simulated together with those of the FP kernel HFP(u, v) as follows: 

DD ™ |, 1, when \u\ < Un and Ivl < vn 

H (u,v)H (u,v) = 
0, otherwise 

\£-->) 

Here UQ and vo are cut-off spatial frequencies corresponding to the X and Y-axes in image 

space, respectively. 
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In the original SR processing scheme, multiple data sets from different POVs are 

acquired by moving the same object by sub-pixel distances for the reconstruction of 

multiple low-resolution images. These objects from different POVs can be modeled 

below as: 

I,(u,v) = / „ ( „ , v ) e » * ^ + M , \ < r < R ( 2 4 ) 

Here IQ(U, V) is the frequency response of the object in the initial position and Ir(u, v) 

represents the frequency responses of the rth (l<r<R) shifted objects in different POVs. 

The spatial shifts (Axr and Ayr) of the same object correspond to phase shifts in frequency 

space, which are represented in the exponential portion of the equation (2.4). When these 

R shifted objects are scanned and reconstructed, R low-resolution reconstructions are 

obtained: 

Jr(u,v) = H»p(u,v)[H0
FP(u,v)Ir(u,v) + nr(u,v)] 

= H? (u, v) Hpp (u,v) I0 (u, v) ^ ( A ^ V ) + H*P (M> v ) nr (M, v) ^ 

Here H0
BP(u, v) and HoFP(u, v) are BP and FP kernels corresponding to the initial position 

of the object. The first term on the right-hand side of (2.5) contains the useful information 

in the R reconstructed data. The second term arises from the additive noise during data-

acquisition process. 

In our proposed SR implementation scheme, only one data acquisition is required 

without any movement of the object or patient. Consequently, only one sinogram data is 

obtained: 

S0(u,v) = Hpp(u,v)I0(u,v) + n0(u,v) ^ 6 ) 

Here the subscript "0" represents the initial position of the object. During the image-

reconstruction process, multiple images are reconstructed from different POVs of the 
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same sinogram by shifting the reconstruction grids by the same amount (same Axr and 

Ayr) as in the original SR implementation. Here it is the BP kernel HBP(u, v) that has 

changed, since in the new SR implementation the image reconstruction or back-

projection process is done in different locations. The band-limited properties of these 

different BP kernels can be modeled as: 

H?p{u,v)HFP{u,v)=\ " ° I ' ° , l < r < * 
|[0, otherwise n _. 

Therefore, the R low-resolution reconstructions become: 

Jr(u,v) = H?p(u,v)S0(u,v) 

= Hf (u, v) Hpp (u, v) I0 (u, v) e
j2jl(^u+^v) + Hf (u, v) n0 (u, v y 2 ^ ^ 

(2.8) 

As usual, the first part on the right-hand side in (2.8) contains the useful information 

whereas the second part comes from the additive noise. 

Equations (2.5) and (2.8) reveal that the multiple low-resolution images that are 

generated using either the original or the new SR implementation have the same useful 

information but different noise content. In the original SR implementation, the noise 

content of the multiple data acquisitions come from different data-acquisition processes, 

which are independent of one another. In the new SR implementation, however, the noise 

content arises from the same data acquisition process and hence the noise-related terms 

are related to one another by phase shifts in their frequency responses. Therefore, the 

original and the proposed new SR implementation schemes should have similar 

capability in improving PET image resolution and contrast ratio, but the resulting SR 

images may contain different amount of noise or different noise structures. 
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It should also be noted that in either (2.5) or (2.8), the useful information in the 

multiple low-resolution images is corrupted by the band-limited properties of the 

multiplication of the FP and BP kernel lfP(u, v)HFP(u, v). Therefore, high-frequency 

content in the original object Io(u, v) is eliminated after application of the data-acquisition 

and image-reconstruction processes. Neither the original nor the new SR processing 

scheme can recover the high frequencies above a certain frequency, the inverse of which 

is specified as the intrinsic resolution of PET scanner detectors. In other words, SR 

processing can not produce a PET image with resolution higher than the intrinsic 

resolution of the PET detectors. SR processing is employed to eliminate factors that 

corrupt PET resolution (detector blurring and redundant noise encountered during data-

acquisition and image-reconstruction process), so that it becomes more feasible to 

approximate the intrinsic resolution of the PET detectors. 

2.2.2 Comparison of Resolution and Noise — A Simulation Study 

Based on the theoretical framework described in (2.2.1), a simulation study was 

conducted to evaluate the equivalence and similarity between the original and proposed 

new SR implementation schemes. This simulation study was based on a system model 

developed for characterizing the PET imaging system. Simulation codes were written in a 

PC Matlab environment. 

This simulation study contains two simulated parts: 1) PET imaging system and 2) 

A digital phantom. For the simulation of PET imaging system, a system matrix of the 

PET scanner was generated by calculating the probability of a detector pair (LOR) 

absorbed a gamma-ray coincidence that originated from a 18F-FDG source positioned in a 
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Figure 2.2.1: Simulation of PET Imaging System and a digital phantom used in the 
simulation study 

specific location. Results for all detector pairs at all sampled locations within a specific 

FOV were assembled as the system matrix. Sinogram data and the corresponding data in 

image space were related via equation (1.2). The two data sets were treated as 

lexicographically indexed vectors. The ML-EM algorithm was employed to reconstruct 

PET data into images and SR processing was used to combine multiple low-resolution 
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images into a high-resolution SR image. The ML-EM reconstruction algorithm and the 

SR algorithm were realized based on equation (1.4) and (1.5)-(1.8), respectively. 

For the phantom simulation part, a digital phantom containing spheres of different 

diameters (32, 25, 18, 11, 3.6 mm, respectively) was positioned in the center of the FOV 

of the scanner (Figure 2.2.1). The sphere-to-background ratio (SBR) was selected to be 

9:1 and all data acquisitions were simulated in 2-D mode. After forward projecting the 

digital phantom into sinogram data, Poisson noise was simulated and added. Images were 

then reconstructed in a FOV of 46.08 cm using ML-EM algorithm (42 iterations, 

corresponding to 2 iterations and 21 subsets in OSEM which is the clinical standard 

protocol). Four low-resolution images (matrix size 128*128, pixel size 3.6 mm) were 

reconstructed from four different data sets (sinogram) that were acquired from four 

different POVs. The centers of the four different POVs form a square which has a side 

length of half pixel (1.8 mm). This means that the four centers of the POVs are at (0, 0), 

(0, 1.8), (1.8, 1.8) and (1.8, 0) mm, respectively. The original SR image (matrix size 

256*256, pixel size 1.8 mm) was generated by combining these four low-resolution 

images using the SR algorithm. Simultaneously, a new SR image was generated by 

combining four low-resolution images reconstructed from four different POVs of the first 

data set. The multiple POVs associated with the new (proposed) SR implementation 

were realized by shifting the reconstruction grid by the same amount as in the original SR 

implementation. For the purpose of comparison, an up-sampled image was generated by 

up-sampling the low-resolution image at the initial location into a matrix size of 256*256 

in each case. The two up-sampled images from here onward will be called the original 

and new up-sampled image, respectively, corresponding to the original and new SR 
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images. Moreover, an original high-resolution native reconstruction (matrix size 256*256, 

pixel size 1.8 mm) was also generated for the purpose of comparison with the SR images 

(original and new). 

Three different PET scanners with different numbers of detectors (400, 600 and 

1000) but the same FOV were used in this study. The number of detectors in a PET 

scanner correlates directly with the intrinsic resolution of the PET scanner. Consequently, 

by comparing the results of different scanners, the effects of the intrinsic resolution of the 

PET scanner on SR processing can be demonstrated. Within each simulation, line profiles 

along the smallest spheres (3.6 mm diameter) were plotted for the original up-sampled 

image, the new up-sampled image, the original high-resolution native reconstruction, the 

original SR image and the new SR image. Noise was calculated based on the standard 

deviation of 60 randomly selected pixels in the background. Signal-to-noise ratio (SNR) 

was determined by calculating the ratio between the average pixel value of a region of 

interest (ROI) drawn inside each sphere and the noise level. SNR versus different sphere 

sizes were plotted for both the original and new SR processing for each scanner with 

different number of detectors (400, 600 and 1000). 

2.2.3 Comparison of Resolution — A Point Source Study 

The objective of the point source study was the assessment of the image 

resolution and contrast ratio via the two SR implementation schemes as applied to a 

clinical experimental study. 

A point source was made by pipeting a 1-ul drop of 18F-FDG having a 

concentration of 74 mBq/ml onto a glass slide. The radioactive drop was then pulled into 
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a hematocrit capillary tube (Fisher Brand glass heparinized microhematocrit capillary 

tube, Pittsburg, PA) by capillary action to form a point source of activity. Two such 

sources were constructed and attached to a plastic stick mounted on a motor-controlled 

platform [48]. The positions of the two point sources were at (-3 cm, 0) and (4 cm, 0) 

from the center of the scanner respectively, as shown in Figure 2.2.2. The two point 

sources were imaged 16 times in 2-D mode, each time for a total number of 5 million 

gamma photons (around a scan duration of one minute). Each data acquisition was 

completed by accepting a specific number of photons instead of a constant scan duration 

in order to compensate for the decay of F-FDG activities of the two point sources. For 

each data acquisition, the two point sources were shifted by 1 mm either along the Y-axis 

or the X-axis with respect to the previous acquisition. The Y-axis shift was achieved by 

adjusting the position of the patient couch while the X-axis shift was realized by 

changing the position of the motor-controlled platform. The centers of the 16 different 

POVs formed a 4*4 rectangular lattice, with each two locations separated by 1 mm with 

respect to one another. The centers of the 16 data acquisitions were at position (0, 0), (0, 

1), (0, 2), (0, 3), (1, 0), (1, 1), (1, 2), (1, 3), (2, 0), (2, 1), (2, 2), (2, 3), (3, 0), (3, 1), (3, 2) 

and (3, 3) mm, respectively. 

After data acquisition, a low-resolution image using a matrix size of 64*64 was 

first reconstructed in a FOV of 25.6 cm (pixel size 4 mm) from each of the 16 data 

acquisitions. In addition, 16 low-resolution images using the same matrix size and FOV 

as before were also reconstructed from the first data set (position (0, 0) mm) by shifting 

the reconstruction pixel grid each time by 1 mm along either the X or Y axes. In both 

cases, the 16 low-resolution images were then combined with one another according to 
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the SR algorithm to generate a high-resolution image of 256*256 matrix size (pixel size 1 

mm). From here onwards, the SR image generated from the 16 "different acquisitions" is 

called the original SR image, whereas those generated from the "shifted reconstruction 

grids" will be called the new SR images. The low-resolution image (64*64) acquired at 

position (0, 0) mm was also up-sampled to a 256*256 matrix size (pixel size 1 mm) using 

a bilinear interpolation algorithm. The up-sampled image was used as the representative 

of the low-resolution image. The three images (original SR, new SR, up-sampled) are 

then compared to a 256*256 native reconstruction (pixel size 1 mm) of the point sources 

at location (0, 0) using visual inspection and line profiles. The peak amplitude and the 

full-width half maximum (FWHM) for each point source are determined, and the results 

are shown in Chapter 3. 

All data acquisitions for the point source study were completed in the Department 

Figure 2.2.2: Two point sources were placed at (1) X= -3 cm, Y= 0 cm, and (2) X= 4 
cm, Y= 0 cm in the FOV of the PET scanner. 
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of Imaging Physics and Department of Nuclear Medicine at MD Anderson Cancer Center, 

Houston, TX. The motion-controlled motor and the two point sources were provided by 

Department of Imaging Physics and the 18F-FDG activity was provided by the 

Department of Nuclear Medicine. All the aspects of data acquisition and image 

processing were done by the author of this thesis. 

2.2.4 Comparison of Noise — A NEMA/IEC Phantom Study I 

The objective of the NEMA/IEC Phantom study I was to compare the noise 

properties and signal-to-noise ratio (SNR) of the two SR implementation schemes in a 

pseudo-clinical environment. 

As suggested in the theoretical framework (section 2.2.1), the two SR processing 

techniques only differ in the noise realizations. In other words, the noises of the multiple 

low-resolution images in the new SR implementation are related by a phase shift in their 

Fourier space while in the original SR implementation, these noise realizations are 

independent of one another. To realize the comparison of noise and reduce any influence 

from heterogeneous structures, a background with uniform radioactivity concentration is 

usually implemented. To simulate tumors of different sizes in patient body, spheres that 

have different diameters but the same radio-activity concentration are often used. Based 

on these requirements, a NEMA/IEC phantom (http://www.spect.com/pub/NEMA_IEC_ 

Body_Phantom_Set.pdf) containing six spheres of different sizes (10, 13, 17, 22, 28 and 

37 mm in diameter, respectively) is selected for this study (Figure 2.2.3). A hollow insert 

(cylinder of diameter 51 mm) is included in the center of this phantom to simulate a 

scattering medium. Because no radio-activity can be filled in it, this hollow insert is 

http://www.spect.com/pub/NEMA_IEC_
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usually called a "cold" cylinder, while the six spheres with high activity concentration are 

called "hot" spheres when they are compared to the "warm" background. 

The background of the NEMA/IEC phantom was filled with 18F-FDG water with 

a radio-activity concentration of 0.099uCi/cc, which is close to the concentration in 

patient body in a clinical PET scan. Besides, all the six spheres were filled with a 

1 Q 

concentration of 1.03uCi/cc which is similar to a typical F-FDG concentration of a 

tumor. Therefore, a sphere-to-background ratio (SBR) of 10.5:1 was achieved to simulate 

a real clinical circumstance. This phantom was positioned on top of a long plastic stick, 

which was mounted to the same motor-controlled platform as used in the point source 

study (section 2.2.3). To balance the weight of this NEMA/IEC phantom, a heavy lead 

block was put on top of the other side of the plastic stick so that the gravity center of the 

whole system remained in the position of the platform (Figure 2.2.4). 

The whole system (phantom, lead block and the motor-controlled platform) was 

positioned in the center of the FOV of the PET scanner (Figure 2.2.4) and data were 

acquired in 2-D mode. 16 different data sets were acquired by moving the NEMA/IEC 

phantom along the X-axis or Y-axis, in 2 mm steps. The first data set was acquired for 3 

minutes to simulate a typical clinical scan; while the other data acquisitions were 

acquired until the same amount of gamma photons as the first scan were collected by the 

PET scanner. The positions of the phantom in these 16 data acquisitions form a 4-by-4 

square lattice. Each time the phantom was moved, a two-minute waiting period was 

observed to be sure that everything had settled to steady state. After data acquisition, a 

low-resolution image with matrix size of 64*64 was reconstructed from each of the 16 

acquired data sets respectively. Simultaneously, another group of 16 different low-
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resolution images were reconstructed from the first data set, but in different POVs. This 

was realized by shifting the reconstruction grids by the same amount. All reconstructions 

were done in a FOV of 51.2 cm and the OSEM (21 subsets and 2 iterations) algorithm 

was used. 

The original and new SR images were generated by combining the two groups of 

16 image reconstructions using the SR algorithm, respectively. In addition, an original 

256*256 native reconstruction was generated from the first data set for the purpose of 

comparison. In all the three images (matrix size 256*256), the noise level was calculated 

as the standard deviation of 60 randomly-selected pixels in the background. In addition, a 

region of interest (ROI) was drawn on each sphere according to the CT structural 

information. The signal value was then calculating as the average value of all the pixels 

inside each ROI, and SNRs for each sphere were determined based on the ratio between 

the calculated signal values and background noise level. Furthermore, a 31*31 square 

ROI was drawn in the background of each image, and 2-D FFT was applied in order to 

Figure 2.2.3: The NEMA/IEC phantom 
(http://www.spect.com/pub/NEMA_IEC_Body_Phantom_Set.pdf) 

http://www.spect.com/pub/NEMA_IEC_Body_Phantom_Set.pdf
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investigate the difference of noise structure among these three images. A line profile 

along each sphere was also drawn in the three images to compare the resolution and 

contrast properties among these images. All the results for the NEMA/IEC phantom 

study I were shown in Chapter 3. 

All data acquisitions for the NEMA/IEC phantom study I were completed in the 

Department of Imaging Physics and department of Nuclear Medicine at MD Anderson 

Cancer Center, Houston, TX. The motion-controlled platform, including the plastic stick 

and the lead block were provided by Department of Imaging Physics and the 18F-FDG 

activity was provided by the Department of Nuclear Medicine. All aspects of the data 

acquisition and image processing were completed by the author of this thesis. 

Figure 2.2.4: The set-up of the NEMA/IEC Phantom Study I 
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2.3 Characterization of the New SR Implementation 

We continue to characterize the performance of this new implementation scheme 

of the SR algorithm based on the results from the comparison studies (theoretical 

framework, simulation study, point source study and the NEMA/IEC phantom study I) 

discussed in section 2.2. These characterizations focus on SNR, contrast ratio, 

reconstruction FOV, matrix size, and lesion detectability. They are based on three 

experimental studies: 1) a NEMA/IEC Phantom Study II, which was used to investigate 

how the new SR processing scheme affects the SNR properties of the resulting PET 

images; 2) a Jaszczak Phantom Study, which was used to evaluate how the resulting PET 

image resolution and contrast ratio can be modulated by the reconstruction field of view 

(FOV) and matrix size following the new SR processing; and 3) Patient Studies, which 

were used to assess the impact of this new processing approach on real clinical studies. In 

"characterization'1'' studies, no original SR images were generated, since the objective of 

this section was not comparison but characterization of the new SR processing. 

2.3.1 NEMA/IEC Phantom Study II 

The NEMA/IEC phantom II and Jaszczak phantom (discussed in 2.3.2) studies 

were conducted to characterize the performance of the new SR implementation with 

respect to SNR and contrast ratio, while varying reconstruction FOV and matrix size. 

The same NEMA/IEC phantom as used in section 2.2.4 was positioned in the 

center of the FOV of the PET/CT scanner, as shown in Figure 2.3.1. The phantom was 

scanned twice, each time with a sphere-to-background ratio (SBR) of 5.34:1 and 8:1, 

respectively. Data was acquired in 2-D mode for three minutes to mimic a real clinical 
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PET data acquisition, and an OSEM algorithm (2 iterations, and 21 subsets) was used to 

reconstruct the images. In this study, three combinations of FOVs and matrix sizes were 

tested to assess the effect of the new implementation of the SR technique on the SNR 

properties of PET images. Each combination from here onward will be referred to as a 

group. In each group, multiple new SR images were then generated using different initial 

matrix configuration. Table 2.3.1 summarizes the different combinations that were 

studied in each group. Groups I, II and III have a group-specific matrix size of (1) 

128*128, (2) 256*256 and (3) 512*512 respectively, which means that all the images 

(native reconstruction or SR images) contained in each group were either reconstructed or 

SR-processed into this matrix size. The original high-resolution native reconstruction 

using the group-specific matrix size in each group was also generated for the purpose of 

comparison with SR images. No original SR images were generated for this study. 

Table 2.3.1 
Different groups of images in NEMA/IEC phantom studies 

^ — ^ 

Scanning SBR 

Reconstruction FOV 
(cm) 

Group-specific 
matrix size 

Number of images 
in each group 

Generating methods 
of Images included 

in each group 

Group I 

7.99:1 

51.2 

128*128 

2 

Recon 128*128 
SR 64*64-^128*128 

Group II 

7.99:1 

51.2 

256*256 

3 

Recon 256*256 
SR 128*128^256*256 

SR 64*64-^256*256 

Group III 

5.34:1 

25.6 

512*512 

3 

SR 256*256^512*512 
SR 128*128^512*512 

SR 64*64^512*512 
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For each group, the SNR versus different sphere diameters for each reconstruction 

scheme (native reconstruction and SR) was plotted. SNR was determined as the ratio 

between the mean pixel intensity of a ROI drawn inside the sphere and the noise level in 

the background. The noise level was calculated as the standard deviation of 60 randomly-

selected pixels in the background. Comparisons of these plots were then made between 

images within the same group. By comparing the SNR plots within each group, the noise 

and SNR properties of the SR processing are determined. 

All the data acquisitions for the NEMA/IEC phantom study II were completed in 

the Department of Imaging Physics and Department of Nuclear Medicine at MD 

Anderson Cancer Center, Houston, TX. The NEMA/IEC phantom was provided by 

Figure 2.3.1: Set-up of the NEMA/IEC Phantom Study II 
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Department of Imaging Physics and the 18F-FDG activity was provided by the 

Department of Nuclear Medicine. All the aspects of data acquisition and image 

processing were done by the author of this thesis. 

2.3.2 Jaszczak Phantom Study 

The aim of this study was to evaluate how the resulting PET image resolution and 

contrast ratio can be modulated by the reconstruction field of view (FOV) and matrix size 

following the new SR processing. 

A Jaszczak phantom with a hot-spot insert containing six sets of cylinders 

(http://www.spect.com/pub/Hot_Spot_Inserts.pdf, diameters: 4.8, 6.4, 7.9, 9.5, 11.1, and 

12.7 mm, respectively) was filled with 0.34uCi/cc F18-FDG. The phantom was positioned 

in the center of the FOV of the PET/CT scanner with the axial of all the cylinders along 

the axial direction of the scanner, as shown in Figure 2.3.2. Data was acquired for 15 

minutes in both 2-D and 3-D mode, and images were reconstructed using the OSEM 

algorithm (2 iterations, and 21 subsets). 

Images corresponding to three different combinations of FOVs and matrix sizes 

were tested in this study. Table 2.3.2 summarizes the different combinations used for 

Table 2.3.2 
Different combinations of FOV and matrix size used in Jaszczak phantom studies 

" - " • — ~ ~ ~ ~ — _ _ _ 

Reconstruction FOV (cm) 
Matrix size of original reconstruction 

Pixel size in original reconstruction (mm) 
Distance shifted each time (mm) 

Number of low-resolution images combined 
Matrix size of SR image 

Pixel size in SR image (mm) 

Test I 

38.4 
128*128 

3 
1 
9 

384*384 
1 

Test II 

38.4 
128*128 

3 
0.6 
25 

640*640 
0.6 

Test III 

64 
128*128 

5 
1 

25 
640*640 

1 

http://www.spect.com/pub/Hot_Spot_Inserts.pdf
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each test. In each test, multiple (9, 25 and 25 respectively) low-resolution images were 

first reconstructed from different FOVs each time by shifting the reconstruction pixel 

grids by a sub-pixel distance along either the X or Y axes (1, 0.6 and 1 mm respectively 

for each test, see Table 2.3.2). These low-resolution images were then combined into a 

high-resolution image (new SR) using the SR algorithm. In addition, the originally 

reconstructed low-resolution image was up-sampled to the same matrix size (384*384, 

640*640 and 640*640 respectively for each test) as the new SR image. No original SR 

images were generated for this study. 

The new SR images of the three different tests and their corresponding up-

sampled images were compared visually and by line profiles drawn along the different 

sets of cylinders in the Jaszczak phantom. The comparison was based on FWHMs and 

peak amplitudes. By comparing the results from Test I and Test II, the effects of pixel 

size or matrix size on the results of the new SR processing can be uncovered, while by 

comparing the results from Test II and Test III, the effects of FOV on the functionality of 

SR processing will be evaluated. The detailed results are discussed in Chapter 3. 

All the data acquisitions for the Jaszczak phantom study were completed in the 

Department of Imaging Physics and Department of Nuclear Medicine at MD Anderson 

Cancer Center, Houston, TX. The Jaszczak phantom was provided by Department of 

Imaging Physics and the 18F-FDG activity was provided by the department of Nuclear 

Medicine. All the aspects of data acquisition and image processing were done by the 

author of this thesis. 
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Figure 2.3.2: A Jaszczak phantom with a hot-spot insert 
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2.3.3 Patient Studies 

The aim of the patient studies is to test the clinical application of the new SR 

technique. 

Eight patients (4 male and 4 female, age 45±20 yrs) referred for FDG PET-

evaluation of small lung lesions were selected. All patients fasted for 4 hours prior to 

being injected with an average of 555 MBq of 18F-FDG. Imaging started 90 minutes post 

injection, during which the patients were allowed to lie comfortably on a reclining chair. 

Imaging consisted of a whole-body CT scan, followed by a whole-body 2-D PET scan 

covering 5 to 6 FOVs depending on patients' height, with 3 minutes per FOV. 

After data acquisition, patient data were then reconstructed using the OSEM 

algorithm (2 iterations, and 21 subsets) with a matrix size of 128*128 in a FOV of 69.1 

cm (pixel size 5.4 mm). The FOV of 69.1 cm was selected to mimic the standard clinical 

PET imaging FOV of 70 cm, and under this specific FOV, the shift of the reconstruction 

grid also became easier (2.7 mm for each time). A SR image with a matrix size of 

256*256 (pixel size 2.7 mm) was then generated by combining four low-resolution 

images (128*128) obtained by shifting the reconstruction grid by (0, 0), (0, 2.7), (2.7, 2.7) 

and (2.7, 0) mm with respect to the initial position of the grid, respectively. The original 

low-resolution image with a matrix size of 128*128 was also up-sampled to a matrix size 

of 256*256 (pixel size 2.7 mm). In addition, the original PET data was also reconstructed 

using a 256*256 matrix size (pixel size 2.7 mm). 

All four images (original 128*128, up-sampled 128*128^256*256, SR 

128*128->256*256, and original 256*256) of each patient were then presented in 

random order to two experienced nuclear medicine physicians (Division of Diagnostic 
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Imaging, The University of Texas MD Anderson Cancer Center, Houston, TX). The 

physicians were asked to evaluate the images for quality represented as tumor 

detectability on a scale of 1 to 5 (1 for best, 5 for worst). The results from physicians' 

evaluation were processed statistically. The average and standard deviation of the eight 

patients data for each reconstruction method (native reconstruction, up-sampled image 

and new SR image) was calculated based on each physician's evaluation. 

All the data acquisitions for the patient studies were completed in the Department 

of Imaging Physics and department of Nuclear Medicine at MD Anderson Cancer Center, 

Houston, TX. The patient data acquisition was done by PET scanner technologists in 

Department of Nuclear Medicine, since no special requirement is needed when acquiring 

the data for these patients except the standard protocol of PET/CT scanning. The image 

processing part of this study was done by the author of this thesis. 
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Chapter 3 

Results of Comparison and Characterization Studies 

The results of the comparison between the two SR implementation schemes 

outlined in the previous chapter are presented in this Chapter. These "comparison''' 

studies include: 1) the Simulation Study, 2) the Point Source Study, which are used to 

prove that the two SR implementation schemes have similar capability at improving the 

PET image resolution and contrast ratio; and 3) the NEMA/IEC Phantom Study I, which 

is conducted to investigate how the noise and SNR properties differ between the two SR 

images. After these comparisons, the results from the other "characterization" studies are 

also presented to characterize the performance of this new SR implementation scheme: 1) 

the NEMA/IEC Phantom Study II, which is used to investigate how different 

configurations of this new SR processing can affect the SNR properties of the resulting 

PET images; 2) the Jaszczak Phantom Study, which is used to evaluate how the resulting 

PET image resolution and contrast ratio can be modulated by the reconstruction FOV and 

matrix size following the new SR processing; and 3) Patient studies, which are used to 

assess the impact of this new approach on real clinical studies. The evaluations of these 

results are based on line profiles, the signal-to-noise ratio (SNR) and human observers. 

3.1 Results of Comparison between the two SR Implementations 

3.1.1 Results from the Simulation Study 

This simulation study includes the simulation of both the PET scanner detectors 

and a digital phantom. The original SR image, the new SR image, and the line profile 
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across uniform spheres (3.6 mm diameter) for the PET scanners having different numbers 

of detectors (400, 600 and 1000) are shown in Figure 3.1.1, 3.1.2 and 3.1.3 (a-c), 

respectively. The original and new SR images are both truncated for the purpose of 

display. In the line profiles for each scanner, the original up-sampled image, the new up-

sampled image, the high-resolution native reconstruction (matrix size 256*256, pixel size 

1.8 mm, 42 iterations ML-EM), the original SR image and the new SR image are plotted 

using pink, green, black, blue and red lines, respectively. 

From visual inspection, the original and new SR images generated from the same 

PET scanner exhibit a similar contrast ratio and image resolution, suggesting that both SR 

implementations improve PET image resolution and contrast ratio to the same degree. 

Figure 3.1.1c shows that the original SR image has a lower signal amplitude when 

compared to the new SR image. This is mainly due to the blurring across spheres of 3.6 

mm diameter (Figure 3.1.1a). The new SR image has a higher signal amplitude and the 

blurring across the spheres is much less than in the original SR image. Blurred or not, 

these spheres cannot be resolved in either SR image (original or new) due to the poor 

intrinsic resolution of the PET scanner (400 detectors). As the number of detectors is 

progressively increased (Figs. 3.1.2c and 3.1.3c), the same set of spheres (3.6 mm 

diameter) are resolved to a better and better degree in both SR images. The contrast ratio 

improves as well. Thus the original and new SR images have similar ability at improving 

PET image resolution and contrast ratio when compared to the up-sampled images for 

each scanner (line profiles 3.1.1c, 3.1.2c and 3.1.3c). 

In the line profiles (Figs. 3.1.1c, 3.1.2c and 3.1.3c), the high-resolution native 

reconstruction is also plotted (the black line), which in PET imaging is an alternative 
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method of generating a PET image with matrix size of 256*256 (rather than using SR 

technique to combine 4 128*128 images). These comparisons show that the SR images 

(original and new) have a higher signal amplitude and better contrast ratio than the native 

reconstruction with the same matrix size (image not shown). This result indicates that the 

SR processing (original and new) has the ability at recovering from Partial Volume 

Effects (PVE). PVE is a phenomenon wherein the measured activity is less than the 

actual activity in a PET image due to the blurring properties of PET scanners. This 

constitutes a major advantage of SR processing over the high-resolution native 

reconstruction. That is, by applying SR processing, the part of the lost signal via PVE can 

be recovered. 

Comparisons between the images generated using different scanners (Figs. 3.1.1 

a~b, 3.1.2 a~b and 3.1.3a~b) indicate that the ability of SR processing to improve PET 

image resolution is ultimately limited by the intrinsic resolution of the PET scanner. 

When the number of detectors increases, the ability of the PET scanner at resolving 

closely-positioned small spheres increases, which suggests an improvement in the 

intrinsic resolution of the PET scanner. In clinical settings, SR processing can be usefully 

employed to improve the image resolution and contrast ratio of the imaging system, but 

never to exceed the intrinsic resolution of the PET scanner. This result is also validated 

by comparing the contrast ratio of either the original or the new SR image (Table 3.1) and 

their line profiles (Figure 3.1.1c, 3.1.2c to 3.1.3c). 

The comparisons of the original and new SR implementations show similar 

improvement in image resolution and contrast ratio (although multiple data sets were 

acquired for the original SR implementation). The theoretical framework proposed in 
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(2.2.1) suggests that the main reason for this observation is that the multiple data sets in 

the original SR implementation did not provide any additional information regarding 

resolution or spatial frequencies, but rather only additional noise realizations with similar 

spatial content (albeit sampled from different POVs). In such scenarios, sampling is 

improved but spatial frequency content remains the same due to the blurring or band-

limited properties of the PET scanner. In this regard, it is expected that the image 

resolution of either SR implementation is equivalent. Images generated from the two SR 

implementations, however, may have different noise structures, mainly due to the 

different realizations of the data. 

To provide a qualitative answer to this question, we measured the SNRs for the 

two SR images in our simulation study. SNR is calculated based on the ratio between the 

average of an ROI drawn on each sphere and the standard deviation of 60 randomly-

selected pixels in the background. The simulation of the PET scanner detectors and the 

digital phantom for the three scanners was repeated 20 times respectively. Each time the 

SNRs were calculated so that the results were not dependent on any specific simulation. 

SNRs (average of the 20 repetitions ± standard deviation) versus different sphere sizes 

are shown in Figure 3.1.4 for the PET scanner with (a) 400 detectors, (b) 600 detectors 

and (c) 1000 detectors, respectively. Figure 3.1.4 shows that SNRs of the original and the 

new SR images are different, indicating that they contain different noise levels. In the 

case of lower intrinsic resolution (PET scanner with 400 detectors), the original SR 

images have a higher SNR and lower noise than the new SR images, whereas in the case 

of higher intrinsic resolution (PET scanner with 1000 detectors), the new SR images 

contain slightly less noise. In current clinical PET scanners, such as the GE Discovery 
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RX scanner used in this thesis, 630 detectors are involved to detect the gamma-rays 

originating from positron emission, which is similar to the case in this simulation study 

with a PET scanner of 600 detectors. Therefore, our analysis would predict that clinical 

PET images would contain a similar noise level and SNR when the image is 

reconstructed using either the original or the new SR implementations. 

In this simulation study, only the basic physical processes of the PET system, i.e., 

gamma-ray generation and detection, are simulated to calculate the system matrix 

required by the ML-EM reconstruction and SR post-processing. This system model, 

however, is not adequate, since many other physical processes, such as scatter, 

attenuation, positron range, depth of interaction etc, are not involved in this simulation. 

This may bring discrepancies between the simulation study and real clinical studies 

(experimental and patients studies). All the results from the simulation study in this 

section have to be validated through real clinical studies. Therefore, we did a point source 

study and NEMA/IEC phantom study I to facilitate proving that the original and the new 

SR processing have similar ability at improving PET image resolution and contrast ratio 

while maintaining similar noise level and SNR in clinical PET scanners. 

Table 3.1.1: Average Subject Contrast 
across spheres (3.6 mm diameter) for different scanners 

Scanner (No. of detecters) 

Original SR Image 

New SR Image 

400 

0.20 

0.19 

600 

0.35 

0.32 

1000 

0.81 

0.77 

Subject Contrast: C=(Pmax-Pmin)/Pmax 
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Simulation Study: PET scanner with 400 detectors 
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(c) 
Figure 3.1.1: Results from the simulation study for PET scanner with 400 detectors: 
(a) the original SR image, (b) the new SR image and (c) line profiles across spheres of 
3.6 mm diameters 
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Simulation Study: PET scanner with 600 detectors 
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Figure 3.1.2: Results from the simulation study for PET scanner with 600 detectors: 
(a) the original SR image, (b) the new SR image and (c) line profiles across spheres of 
3.6 mm diameters 
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Figure 3.1.3: Results from the simulation study for PET scanner with 1000 detectors: 
(a) the original SR image, (b) the new SR image and (c) line profiles across spheres of 
3.6 mm diameters 
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Noise Comparison between Original and New SR Processing 

Comparison of SNR between original SR and new SR processing Comparison of SNR between original SR and new SR processing 

sphere size (mm) 

(a) 400 detectors 

sphere size (mm) 

(b) 600 detectors 

Comparison of SNR between original SR and new SR processing 

sphere size (mm) 

(c) 1000 detectors 

Figure 3.1.4: Noise comparison between the original SR and the new SR processing for 
PET scanner with (a) 400 detectors, (b) 600 detectors and (c) 1000 detectors. 

3.1.2 Results from the Point Source Study 

The point source study was designed especially to investigate the resolution and 

contrast properties of the PET images generated from the two SR implementations. No 

background radio-activity other than the two point sources existed in this study. 

Therefore, effects of background radio-activity on measuring the full-width half 
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maximum (FWHM, representation of resolution for PET imaging system) is eliminated. 

The results of the point source study are shown in Figure 3.1.5 and 3.1.6. The up-sampled 

image (64*64->256*256), the original SR image (64*64->256*256), the new SR image 

(64*64—>256*256) and the original high-resolution native reconstruction (matrix size 

256*256) of point source I and II are shown in Figure 3.1.5 (a, c, e, g) and (b, d, f, h), 

respectively. All images in Figure 3.1.5 are normalized to the same color scale for display. 

The corresponding horizontal and vertical line profiles for the two point sources are 

shown in Figure 3.1.6 (a) - (d), where the red, blue, pink and black lines represent the line 

profiles for the new SR image, the original SR image, the original native reconstruction 

and the up-sampled image, respectively. 

From visual inspection (Figure 3.1.5), both the original and the new SR images 

show a much higher and more concentrated radio-activity in the positions of the two 

point sources. Among the four different reconstruction methods for generating a 256*256 

image, the image coming from up-sampling 64*64->256*256 has the lowest and widest 

radio-activity distribution, which suggests that it has the lowest image resolution. From 

the line profiles (Figure 3.1.6), the new SR image had an average of 1.6% difference in 

contrast ratio and a 3% improvement in full-width half maximum (FWHM) when 

compared to the original SR image. Comparison between the new SR image and the up-

sampled image showed an improvement in "signal amplitude" of 122% and 129% for 

point source I and II, respectively. The same comparison between the original SR and up-

sampled images showed an improvement of 122% and 127% respectively. The results in 

line profiles of 3.1.6 also show that the original and new SR images even have higher 

signal amplitude than the original high-resolution native reconstruction, suggesting that 
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the SR processing (whether new or original) might be used to reduce PVEs. The 

horizontal and vertical FWHMs for both the original and new SR images compared to up-

sampled images decreased from ~6 and ~8 mm to -4.5 and ~4.6 mm, respectively, which 

indicates a 19.6% ~ 46.4% improvement in image resolution. Furthermore, the two point 

sources in both the original and new SR images had similar FWHM as in the original 

high-resolution native reconstruction, suggesting that a high resolution image can be 

achieved by applying either the original or the new SR processing. The same result also 

indicates that neither the original nor the new SR implementation scheme can achieve a 

better image resolution than the intrinsic resolution of PET scanner detectors; therefore, 

neither SR image has an obviously narrower FWHM than the original 256*256 native 

reconstruction. A summary of all the point source results is provided in Table 3.1.2. 

Table 3.1.2 

A. Results of peak amplitudes for the two point sources 

Peak Amplitude Improvement (%) 

Original SR v.s. Up-Sampled 
Original SR v.s. Native Recon. 

New SR v.s. Up-Sampled 
New SR v.s. Native Recon. 

Point source I 

122% 
32.6% 
122% 
32.6% 

Point source II 

129% 
31.1% 
127% 
31.0% 

B. Results of FWHM for the two point sources (mm) 

Up-sampled 64*64^256*256 
Original SR 64*64^256*256 

New SR 64*64^256*256 
Reconstruction 256*256 

Point Source I 
Horizontal 

5.6 
4.5 
4.5 
4.9 

Vertical 
8.0 
4.7 
4.6 
4.7 

Point Source II 
Horizontal 

6.6 
4.4 
4.5 
4.9 

Vertical 
8.4 
4.6 
4.5 
4.5 
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Point Source Study 

Upsample 64*64-->256'256, Point Source I 

(a) 

Upsample 64'64-->256*256, Point Source II 

(b) 

Original SR 64'64-->256'256, Point Source I 

(c) 

Original SR 64*64-->256'2S6, Point Source II 

Jlf 

(d) 

New SR 64*64~>256*256, Point Source I New SR 64*64->256"256, Point Source il 

(e) 

• 

CD 

Recon 256*256, Point Source I Recon 256*256, Point Source II 

£HKfi£ 

w* 

(g) (h) 

Figure 3.1.5: Images of point sources in the Point Source study, (a) (c) (e) and 
(g) are for Point Source I and (b) (d) (f) and (h) are for Point Source II. 
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Point Source Study 

Horizontal Prolile, Point Source I Horizontal Profile, Point Source I i 

-*"Upsample64*64-->256*256 

— O l d SR 64'64~>256"256 

-—New SR 64*64-->256"256 

— Recon 256*256 

(a) 

156 158 1 

(b) 

Vertical Profile, Point Source I Vertical Profile, Point Source II 

— Upsample 64*64->256"256 

— O l d SR 64*64-->256"256 

— N e w SR 64*64->256*2S6 

— R e c o n 25G'256 

120 122 124 126 128 130 132 134 
Position (mm) 

(c) (d) 

Figure 3.1.6: Line profiles of the point source study: (a) Horizontal line profiles for point 
source I. (b) Horizontal line profiles for point source II. (c) Vertical line profiles for point 
source I. (d) Vertical line profiles for point source II. 
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3.1.3 Results from the NEMA/IEC Phantom Study I 

The NEMA/IEC phantom study I was designed especially to compare the noise 

and SNR properties of the SR images generated using the two SR implementations. The 

six spheres and the background of the phantom are used to simulate the tumors of 

different sizes and background in patient's body, respectively, since they all have a 

similar radio-activity concentration with patient's body correspondingly. 

The two SR images (original and new) as well as the original 256*256 native 

reconstruction are shown in Figure 3.1.7 (a), (c) and (f), respectively. The same color 

scale was applied to the three images for display. From visual inspection, all the six 

spheres in the three images can be clearly resolved since they all have a large diameter 

and a high sphere-to-background ratio (SBR) or contrast ratio in this study. Therefore, the 

resolution and contrast properties cannot be compared in this study for the three images. 

However, these three images exhibit different noise structures. The original SR image 

shows a slightly lower and uniformly-distributed noise in the background whereas the 

new SR image has a non-uniformly distributed noise structure. Visual inspection also 

shows that the original 256*256 native reconstruction contains a much higher and more 

uniformly-distributed noise. Thus, it has a much lower SNR than the two SR images. 

Quantitative results of an SNR comparison among the three images are shown in Figure 

3.1.8 (a). Figure 3.1.8 (a) shows that the two SR images have similar SNR properties, 

although the SNRs for the new SR image are slightly lower (average 12.5%) than the 

original SR image for the six spheres. The SNR of the original 256*256 native 

reconstruction, however, is much lower than the two SR images. The six spheres in the 

native reconstruction image only have an average of 30.3% and 34.6% of the SNRs in the 
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original and new SR image, respectively. This SNR comparison indicates that by using 

SR processing, the resulting images will have a much higher SNR than the native OSEM 

reconstructions. The six spheres have different SNRs in all the images mainly due to the 

PVE, where the sphere with smaller diameter gets more blurred by the surrounding 

background pixels and thus has a lower activity concentration and smaller SNR. 

Figure 3.1.8 (b) shows the line profile across the 10 mm spheres for all the three 

images. This line profile shows that the two SR images have similar contrast ratio. The 

original 256*256 native reconstruction, however, is much more corrupted by noise, since 

the high noise not only exists in the background, but also in the positions of spheres. 

The noise spectra (2-D FFT) for the three images are shown in Figure 3.1.7 (b), (d) 

and (f), respectively. This noise analysis is conducted on a square ROI (31*31) drawn in 

the background (Figure 3.1.7). The average pixel value in this ROI is deducted from each 

pixel therefore no DC component (frequency is 0) is left in the result of spectrum analysis. 

The noise spectra in Figure 3.1.7 clearly show that the new SR image has more low-

frequency components than the original SR image, which has a more uniform noise 

distribution in the whole frequency range. In other words, the noise in the original SR 

image is more "white". This result is mainly due to the requirement of different and 

independent noise realizations in the original SR processing, whereas in the new SR 

implementation, the different low-resolution images come from the same data set and 

thus their noises are more closely related to one another. The results also show that the 

native reconstruction has much more widely distributed noise and thus has a much higher 

noise level and lower SNR versus the two SR images. 
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NEMA/IEC Phantom Study I 

Oriflinal SR S4*64->25S*2S6 Noise Spectrum: Original SR 

(a) (b) 

N«w SR 64'64~>256*2S6 

I 1 

(c) 

Noise Spectrum: NewSR 

(d) 

Nlttve Racon 256-256 

* 

» 

^^- ^ 

# 

• 

Noise Spectrum: Native Recon 

(e) 

/yi 

(f) 

Figure 3.1.7: Results from the NEMA/IEC Phantom Study I: (a) the original SR image, 
(c) the new SR image, (e) the 256*256 native reconstruction and their corresponding 
noise spectrum are shown in (b), (d) and (f), respectively. 
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NEMA/IEC Phantom Study I 

SNR Comparison 

—Original SR 64'64~>256'256 
-•"NewSR64*64-->256*256 
""Nat ive Recon 256*256 

**"***-i. ^ " S h . 

' * " " - • . . 

Line Profile across Sphere 10 mm 

K 

—•—Original SR 64 *64--> 256*256 
- • -NewSR 64'64-->256'256 
-*»"Native Recon 256*256 

(a) (b) 
Figure 3.1.8: Results from the NEMA/IEC Phantom Study I: (a) SNR Comparison for 
each sphere, and (b) Line profile across the 10 mm sphere. 

To conclude the "comparison" studies, the new SR implementation scheme has a 

similar capability to improve the PET image resolution and contrast ratio as the original 

SR processing, while maintaining a similar noise level and SNR. The only difference 

between the two SR implementations is that they realize different noise properties. The 

new SR image has a non-uniformly distributed noise structure while the original SR 

image exhibits a more uniform background noise. These results are confirmed in the 

simulation study, the point source study as well as the NEMA/IEC phantom study I. 
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3.2 Characterization of the New SR Implementation 

3.2.1 Results from the NEMA/IEC Phantom Study II 

The NEMA/IEC phantom study II was conducted in order to characterize how 

noise or SNR changes when different SR configurations are applied. The noise 

calculation was based on the standard deviation of 60 randomly-selected pixels in the 

background, because pixels in background were less likely to be affected by the high 

counts than the pixels within spheres. In spite of the uniform distribution of F-FDG 

activity in the background, noise still arises due to the existence of random counts, scatter 

events and Poisson-distributed single counts. The signal values, however, are not affected 

so much because they are calculated based on the average value in a ROI drawn in each 

sphere and this averaging process eliminates the influence of noise. 

Images from the NEMA/IEC phantom study II for the three groups are shown in 

Figure 3.2.1-3.2.3, respectively. In Figure 3.2.1, results from the Group I are shown: (a) 

Image of NEMA/IEC phantom from original reconstruction with a matrix size of 

128*128; (b) SR Image of NEMA/IEC phantom with a matrix size of 128*128 generated 

from combining four low-resolution images with a matrix size of 64*64; (c) SNR versus 

sphere diameter for the original reconstruction (blue line) and the new SR processing (red 

line). In Figure 3.2.2, the results from Group II are shown: (a) Image of NEMA/IEC 

phantom from the native reconstruction with a matrix size of 256*256; (b) SR Image of 

NEMA/IEC phantom with a matrix size of 256*256 generated from combining four low-

resolution images with a matrix size of 128*128; (c) SR Image of NEMA/IEC phantom 

with a matrix size of 256*256 generated from combining 16 low-resolution images with a 
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matrix size of 64*64; (d) SNR versus sphere diameter for original reconstruction (blue 

line) and two SR images: 128*128 -» 256*256 (red line) and 64*64 -^256*256 (black 

line). Results from Group III are shown in Figure 3.2.3: (a) the SR Image of NEMA/IEC 

phantom with a matrix size of 512*512 generated from combining four low-resolution 

images with a matrix size of 256*256; (b) the SR Image of NEMA/IEC phantom with a 

matrix size of 512*512 generated from combining 16 low-resolution images with a 

matrix size of 128*128; (c) the SR Image of NEMA/IEC phantom with a matrix size of 

512*512 generated from combining 64 low-resolution images with a matrix size of 64*64; 

(d) SNR versus different sphere diameters for the three SR images: 256*256 ->512*512 

(blue line), 128*128 ^512*512 (red line), and 64*64 ^512*512 (black line). 

From visual evaluation (Figure 3.2.1a~b, 3.2.2a~c and 3.2.3a~c), the new SR 

images in each group always have a lower noise and higher SNR than the original native 

reconstructions which are reconstructed using the group-specific matrix sizes. This result 

is confirmed by the SNR plots for each group (Figure 3.2.1c, 3.2.2d and 3.2.3d). SNR 

curves also show that, in each group, the new SR image generated using the smallest 

matrix size always has the least noise and highest SNR independent of sphere sizes and 

SBRs. The new SR images show an improvement in SNR of 5% to 70% over the high 

resolution reconstruction depending on reconstruction matrix size and sphere volume 

(Plots in figures 3.2.1-3.2.3). In each group, the image which is originally reconstructed 

using its group-specific matrix size (the high-resolution native reconstruction) always 

exhibits the highest noise and lowest SNR. 

The results from both the NEMA/IEC phantom study I and II suggest that the new 

SR implementation which combines multiple low-resolution images has the potential to 
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become an alternative method to generate a PET image with a specific matrix size. This 

alternative method, from the results of the simulation study and the point source study, 

can achieve a similar image resolution (represented as FWHM) and higher contrast ratio 

(represented as signal amplitude) than the high-resolution native reconstruction using the 

same matrix size. In addition, the images reconstructed using this alternative method have 

a lower noise level and higher SNR versus the high-resolution native reconstruction, 

which is a distinct advantage. 

NEMA/IEC Phantom Study II: Group I 

Original Reconstruction 128*128, FOV: 51.2cm 
Super Resolution 64*&4-->128*128, FOV: 51 2cm 

• • 

IP 

» • 

(a) (b) 

SNR Comparison Final Image Size: 128*128 FOV 51 2cm 

a»meter 28 mm aiameter 22 mm aflm««r17mm 
Sphere Size in I EC phantom 

(c) 

Figure 3.2.1: Results from the NEMA/IEC phantom study II (Group I) 
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NEMA/IEC Phantom Study II: Group II 

Original Reconstruction 256*256, FOV: 51.2cm 

# * 

(a) 

Super Resolution 64*64->256*256, FOV: 51.2cm 

• • 

• 

# • 

Super Resolution 128128~>256*256, FOV: 51.2cm 

• • 

• § 

(b) 

SNR Comparison Final Image Size: 256*256 FOV 51,2cm 

-super-resolution 64*64-->256*256 
- super-resolution 128*128->256*256 
• original 256*256 

dlemeter37mm diam«ter28mm djamettf 22 mm dameteMTmm diameter 13 mm dlameteMOm 
Sphere Size in IEC phantom 

(c) (d) 

Figure 3.2.2: Results from the NEMA/IEC phantom study II (Group II) 

When generating a PET image with a higher matrix size (like 256*256), this 

alternative reconstruction method can have several different configurations (Figure 3.2.3). 

This means that a specific matrix size can be achieved by combining different numbers of 

low-resolution images with different matrix sizes. Among these different configurations 

of SR processing, trade-offs between image contrast ratio and SNR exist. The higher 

matrix size the low-resolution images use, the higher contrast ratio will be realized in the 
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resulting SR images, but concomitantly, the noisier the images become. In clinical PET 

images, higher matrix sizes are usually not required for assessment of a large tumor or 

general evaluation of biomedical processes in patients' bodies due to their high noise 

content. In these cases, SNR becomes an important parameter related to image quality. 

Therefore, by applying the new SR implementation, a higher-SNR PET image is 

generated without prolonging the total scan duration, since only one data acquisition is 

required. 

NEMA/IEC Phantom Study II: Group III 

Super-Resolution 256*256-->512*512, FOV: 51.2cm Super-Resolution 128*128-->512*512, FOV: 51.2cm 

4 

(a) 

Super-Resolution 64*64->512*512, FOV: 51.2cm 

(c) 

(b) 

SNR Comparison Final Image Size: 512*512 FOV: 51.2cm 

dlameter37mm diameter 28 mm diameter 22 nvn diameter 17mm aiametsr13mm dlametem 
Sphere Size in I EC phantom 

(d) 

Figure 3.2.3: Results from the NEMA/IEC phantom study II (Group III) 
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3.2.2 Results from the Jaszczak Phantom Study 

The Jaszczak phantom with a hot-spot insert was used in this study to investigate 

how the new SR processing can be modulated by the matrix size and FOV of PET images. 

The hot-spot insert contains six sets of cylinders positioned very closely, which have 

different diameters. Therefore, comparison of the resolution and contrast ratio of PET 

images can be conducted by investigating which set of cylinders can be resolved in each 

image. Evaluation of the results from the Jaszczak phantom study is usually c based on 

line profiles, from which contrast ratios can be determined. 

Results of the Jaszczak phantom study in 3-D mode for the three different 

combinations of FOV and matrix size are shown in Figures 3.2.4-3.2.6, respectively. The 

matrix sizes for each combination are 384*384, 640*640 and 640*640 respectively, 

while the corresponding FOVs are 38.4 cm, 38.4 cm and 64 cm. For each combination, 

the up-sampled image, the new SR image, and the line profiles across cylinders with 

diameter of 6.4 mm and 4.8 mm are shown in (a), (b), (c) and (d), respectively. Bi-linear 

interpolation methods were employed in this study when up-sampling a low matrix-size 

image into a high matrix-size image. Line profiles are shown for the new SR image, the 

up-sampled image using the same matrix size, as well as two other up-sampled images 

using different matrix sizes, which are specified by the blue, red, magenta and black lines, 

respectively. The results for 2-D mode images are similar to those for the 3-D mode and 

therefore are not shown here. 

Both visual comparison and line profiles suggest that the new SR images have 

higher peak amplitudes and contrast ratios when compared to the up-sampled images. In 

Figure 3.2.6, cylinders with a diameter of 6.4 mm that are not able to be recognized in the 



79 

up-sampled image are clearly visible in the new SR image. The line profiles in each 

figure also show that the up-sampled images using different matrix sizes have similar 

contrast ratios, indicating that high resolution and contrast ratio can not be achieved by 

just changing the up-sampling matrix size on the original reconstructions. This result is 

reasonable, since no useful information regarding higher resolution should be obtained 

just by changing the up-sampling matrix size. 

The Maximum-Minimum Difference (MMD) along the line profiles was selected 

Jaszczak Phantom Study: Test I 

Upsample 128*128~>384*384, FOV: 38.4cm, mode: 3D 

(a) 

SR 128*128~> 384*384, FOV: 38.4cm, mode: 3D 

(b) 

Line Profile: 6.4 mm, FOV: 3S.4cm. mode: 3D 
Line Profile: 4.8 mm, FOV: 36.4cm, mode: 3D 

-up-sample 128*128~>384*384 
-up-sample 128*128-->192*192 
-•up-sample 128*128-->768'768 
-Super-Resolution 128'128->364'384 

Pixel 

(c) 

200 210 220 

— Super-Resolution 128*128~>384*384; 

— Up-sample 128*128~>384*384 
— Up-sample 128*128->192*192 
•— Up-sample 128'128-->76S*768 

T50 160 170 180 190 
Pixel 

(d) 

220 230 240 

Figure 3.2.4: Jaszczak phantom study (Test I) in 3-D mode (cylinders with diameter 
of 7.9, 6.4 and 4.8 mm are shown clockwise): (a) Up-sampled image (b) New SR 
image, (c) Line profiles across cylinders with diameter of 6.4 mm. (d) Line profiles 
across cylinders with diameter of 4.8 mm. 
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to be the representation of contrast ratio in this study (which is different from the subject 

contrast in Table 3.1.1). The ratio between the MMD of the new SR and up-sampled 

images along the line profiles for cylinders with a diameter of 6.4 mm and 4.8 mm are 

summarized in Table 3.2.1, for both 2-D and 3-D modes. This table shows that new SR 

images always have higher contrast ratios when compared to up-sampled images. The 

results from Table 3.2.1 as well as Figures 3.2.4-3.2.6 also show that images 

Jaszczak Phantom Study: Test II 

Upsample 128*128~>640*640, FOV: 38.4cm, mode: 3D SR 128*128~>640*640, FOV: 38.4cm, mode: 3D 

(a) (b) 

Line Profile: 6.4 mm, FOV: 38.4cm, mode: 3D Line Profile: 4.8 mm, FOV: 38.4cm, mode: 3D 

-up-sample 128*128-->640'640 
~up-aample 128*128-->320*320 
-up-sample 128*128-->1280*1280 
-J3uper-Re30lntlon 126*128->640'640 
260 300 320 340 360 

Pixel 

(c) 

-Super Resolution 128*128-->640*640 
-Up-sample 128*128->640'640 
-Up-sample 128*128-->320*320 
-•Up-sample 128*128->128Q-1280 

320 340 3«0 380 400 

Pixel 

(d) 

Figure 3.2.5: Jaszczak phantom study (Test II) in 3-D mode (cylinders with 
diameter of 7.9, 6.4 and 4.8 mm are shown clockwise): (a) Up-sampled image (b) 
New SR image, (c) Line profiles across cylinders with diameter of 6.4 mm. (d) Line 
profiles across cylinders with diameter of 4.8 mm. 
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reconstructed in a larger FOV (64 cm) have a higher MMD ratio (higher contrast ratio) 

than images reconstructed in a smaller FOV (38.4 cm). This result is also reasonable 

since in a larger FOV of PET imaging, low-resolution images (matrix size 128*128) were 

usually sampled below the Nyquist frequency. The up-sampled image itself, as discussed 

in this section, cannot add any additional spatial frequency content to the image, but only 

interpolated values. However, when multiple low-resolution images generated from 

different POVs are combined in the SR algorithm, the resulting SR image contains all the 

useful frequencies from the image series. Consequently, the SR image has a better 

resolution and a much higher contrast ratio when compared to the up-sampled image. In 

clinical settings, patient images are always reconstructed in a large FOV (70 cm) in order 

to cover the whole body. Hence, the standard reconstructed PET image is sampled below 

the Nyquist frequency. By applying the new SR implementation, a higher resolution can 

be achieved, but not to a level that would exceed the intrinsic resolution of the PET 

scanner detectors. This is always true in PET imaging or any other imaging modality. 

Table 3.2.1 
Results of the line profiles in Jaszczak Phantom studies 

^ \ ^ 

Ratio of MMD* in 2-D 
mode (SR/up-sampled) 

Ratio of MMD in 3-D 
mode (SR/up-sampled) 

128*128-^384*384 
FOV 38.4 cm 

Cylinder 
of 6.4 mm 

1.35 

1.41 

Cylinder 
of 4.8 mm 

1.42 

2.20 

128*128->640*640 
FOV 38.4 cm 

Cylinder 
of 6.4 mm 

1.65 

1.41 

Cylinder 
of 4.8 mm 

1.50 

2.20 

128*128^640*640 
FOV 64 cm 

Cylinder 
of 6.4 mm 

2.14 

1.58 

Cylinder 
of 4.8 mm 

1.75 

2.50 

MMD: Maximum-Minimum Difference 
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Jaszczak Phantom Study: Test III 

Upsample 128*128-->640*640, FOV: 64cm, mode: 3D 

(a) 

Line Profile: 6.4 mm, FOV: 64cm. mode: 3D 

-up-sample 128*128-->640*640 
-up-sample 128*128-->320*320 
-up-sample 128*128-->1280*1280 
-Super-Resolution 128*128-->640*640 

280 230 " 300 310 320 330 3*0 350 

Pixel 

(c) 

Super Resolution 128*128-->640*640, FOV: 64cm, mode: 3D 

(b) 

Line Profile: 4.8 mm, FOV: 64cm. mode: 3D 

-Super Resolution 128*128->640*640 
••Up-sample 128*128->640*640 
-Up-sample 128*128->320*320 
•• Up-sample 128"128->1280'1280 

300 310 320 330 340 
Pixel 

(d) 

Figure 3.2.6: Jaszczak phantom study (Test III) in 3-D mode (cylinders with 
diameter of 7.9, 6.4 and 4.8 mm are shown clockwise): (a) Up-sampled image (b) 
New SR image, (c) Line profiles across cylinders with diameter of 6.4 mm. (d) Line 
profiles across cylinders with diameter of 4.8 mm. 

3.2.3 Results from the Patient Studies 

Patient studies were conducted for the purpose of investigating whether the new 

SR processing can have impact on diagnosis via PET images. 

Figure 3.2.7 shows one example from the eight patient studies. It was randomly 

selected and is typical of these clinical studies. The figure shows trans-axial images of the 
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native reconstruction with a matrix size of 128*128 (Figure 3.12-a), the up-sampled 

image with a matrix size of 256*256 (Figure 3.12-b), the new SR image with a matrix 

size of 256*256 (Figure 3.12-c) and the native reconstruction with a matrix size of 

256*256 (Figure 3.12-d). Among the four images, (a) is more pixelized since it is 

reconstructed and displayed using a smaller matrix size (128*128), whereas (d) is a 

native reconstruction with a higher matrix size (256*256) that contains a significant 

amount of noise that can jeopardize a physicians' evaluation of the tumors. Therefore, 

these patient studies actually tail down to a determination of whether image (b) or (c) is 

preferred by physicians in clinical settings. 

Using visual inspection, it can be seen that the two lung nodules that lie closest to 

one another can be best identified in Figure 3.2.7-c and Figure 3.2.7-d, whereas the left 

nodule cannot be confirmed in either Figure 3.2.7-a or 3.2.7-b. In fact, these two lung 

nodules do not share the same set of slices and hence the left nodule does not look as 

bright as the right nodule in the selected slice. This, however, does not affect the 

recognition of the left nodule in Figure 3.2.7-c and 3.2.7-d, but does affect its recognition 

in Figure 3.2.7-a and 3.2.7-b. The image resolution in Figure 3.2.7-c and 3.2.7-d are 

almost similar; however, the SNR characteristic of Figure 3.2.7-c is higher than that of 

3.2.7-d. This would constitute the physical basis as to why Figure 3.2.7-c is preferred by 

physicians. 

Table 3.4 shows the physicians' evaluation of image quality represented in terms 

of lesion detectability. The evaluation results from all the eight patients were collected 

together, and the distribution for each reconstruction method (native reconstruction, up-

sampling from a lower matrix size, and the new SR processing) is determined by the 
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statistical data. The evaluation results show that the patients' images following the new 

SR processing have the lowest scores on the physicians' evaluation, indicating that they 

represent the best image quality. The up-sampled images, although have a higher score 

(less preferred by physicians) than the new SR images, can be used as an alternative to 

the new SR image in clinical studies. Table 3.2.2 also indicates that an image with a 

higher SNR and lower noise is preferred by physicians in PET imaging rather than an 

image with higher contrast ratio but lower SNR. 

In summary of all the "characterization" studies, the new SR images have a 

lower noise level and higher SNR when they are generated by combining lower-

resolution images with smaller matrix sizes. The new SR implementation has higher 

ability to improve PET image resolution and contrast ratio when images are reconstructed 

in a larger FOV, which is usually the clinical case. In clinical studies, the new SR images 

are preferred by nuclear medicine physicians in evaluation of image quality and tumor 

detectability. 

Table 3.2.2 
Physicians' evaluation on the eight patient studies 

Physician A 

Physician B 

Overall 

Recon 128*128 

4.75±0.46 

4.25±0.71 

4.50±0.63 

Up-sample 
128*128^256*256 

2.38±0.74 

1.88±0.64 

2.13±0.72 

SR 
128*128^256*256 

1.63±0.74 

1.88±0.83 

1.75±0.77 

Recon 256*256 

2.63±0.74 

3.50±0.53 

3.06±0.77 
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Patient Studies 

Original Reconstruction 128*128, FOV; 69,1cm Super-Resolution 128*128~>256*256. FOV: 69.1cm 

HP 0 

(a) (c) 

Upsample 128*126-^256*259, FOV; 69,1cm Original Reconstruction 256*256. FOV: 69.1cm 

0 

(b) (d) 

Figure 3.2.7: Patient study: (a) Originally reconstructed image with a matrix size of 
128*128. (b) Up-sampled image from a matrix size of 128*128 to 256*256. (c) SR image 
with a matrix size of 256*256 generated by combining four low-resolution images with a 
matrix size of 128*128. (d) Originally reconstructed image with a matrix size of 256*256. 
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Chapter 4 

Discussion and Extensions 

4.1 Discussion of the Comparison and Characterization Results 

In this thesis, we demonstrated the feasibility of implementing the SR techniques 

by combining multiple low-resolution images from different POVs which are generated 

by shifting the reconstruction grid rather than moving the objects or patients. To 

thoroughly understand the functionality of this new SR implementation, several studies of 

different types were conducted. These studies can be divided into two groups: 

"comparison" studies and "characterization" studies. Results from the comparison 

studies (the simulation study, the point source study and the NEMA/IEC phantom study I) 

show that the original and new SR images have a similar ability in improving PET image 

resolution and contrast ratio, while maintaining a similar noise level and SNR in clinical 

PET scanners. Therefore, the new and simpler SR implementation can be used to replace 

the original SR implementation while maintaining the same image resolution and contrast 

ratio as well as a similar SNR. 

Based on the results from all comparisons, the characterization studies employed 

the new SR algorithm in a variety of phantom studies (NEMA/IEC phantom II and 

Jaszczak phantom), as well as clinical studies. The objective was to assess the impact of 

this processing approach on PET image SNR, contrast ratio, and lesion detectability, 

while varying the number of low-resolution images combined, the size of the 

reconstruction FOV and the matrix size. In these latter phantom and patient studies, the 
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new SR images were compared to the corresponding up-sampled images as well as the 

high-resolution native reconstructions that use the same FOV and matrix size. No original 

SR images were generated for these characterization studies. Results from these 

characteristic studies showed that the new SR images have a higher resolution and 

contrast ratio when compared to the corresponding up-sampled images (Table 3.2.1, 

Figures. 3.2.4-3.2.6). Comparisons made with the high-resolution native reconstructions 

showed that the new SR images have similar resolution but a higher SNR than the native 

reconstructions formed using the same matrix size and FOV (Figure. 3.2.1-3.2.3). 

Our new SR implementation has as its main advantage a shorter scan duration and 

higher scanner throughput, when compared with the original SR implementation. Hence, 

the potential blurring effect of patient motion is reduced, which improves SR image 

quality. Moreover, our new SR implementation requires only one single CT scan for 

attenuation correction, whereas the original SR approach requires multiple CT scans 

corresponding to the different POVs of the PET scans. Hence, our method has the added 

advantage of reducing total patient X-ray dose. 

Comparison between the original and new SR implementations showed a similar 

improvement in image resolution and contrast ratio (Table 3.1.1-3.1.2, Figure 3.1.1-3.1.3, 

and 3.1.5-3.1.6), although multiple data sets were acquired for the original SR 

implementation (which was used only in these "comparison" studies). The theoretical or 

mathematical framework proposed in (2.2.1) indicates that the main reason for this 

observation is that the multiple data sets in the original SR implementation did not 

provide any additional information regarding resolution or spatial frequencies, but rather 

only additional noise realizations with similar spatial content (albeit sampled from 
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different POVs). In such scenarios, sampling is improved, but the spatial frequency 

content is the same due to the blurring or band-limited properties of the PET scanner. In 

this regard, it is expected that the image resolution of either SR implementation scheme is 

equivalent, as is shown in the simulation study and the point source study (section 3.1.1 

and 3.1.2). Images formed from the two SR implementations, however, have different 

noise structures, mainly due to the different realizations of the data (Figure 3.1.4). This 

result has been confirmed in the NEMA/IEC phantom study I (Figure 3.1.7 and 3.1.8), as 

part of the comparison studies. 

Besides the comparison between the two SR implementations, we also made 

comparisons between the new SR images and high-resolution native reconstructions 

which have the same matrix sizes and FOV. The point source study has demonstrated that 

the new SR implementation can achieve similar (or even slightly better) resolution as the 

original high-resolution native reconstruction. The NEMA/IEC phantom study I and II 

has revealed that the new SR images exhibit higher SNR than the original high-resolution 

native reconstructions, particularly when the SR image is generated from the lowest-

resolution images. These two factors suggest that an optimal approach for generating a 

high-resolution image with a specific matrix size is via the new SR processing, while 

combining multiple low-resolution images that have smaller matrix sizes. 

Improvements in image quality when using the new SR implementation were 

determined by comparing the new SR images with the up-sampled images, since up-

sampled images were representations of the low-resolution images in all the studies of 

this thesis. The results from the Jaszczak phantom study show that the new 

implementation of the SR technique exhibits 35% ~ 150% better performances in contrast 
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ratio over up-sampled images. This improvement is especially obvious when the FOV is 

large, i.e. greater than 60 cm. In such situations, both the contrast ratio and the spatial 

resolution of PET images are greatly improved following the new SR processing (Figure 

3.2.5 and Table 3.2.1). When the FOV is small (<40 cm), the SR images show similar 

improvement in contrast ratio compared to the cases in large FOVs, but slight to no 

improvement in image resolution (Figure 3.2.3, Figure 3.2.4 and Table 3.2.1). These 

results indicate that the improvement in image resolution in PET imaging is limited by 

the intrinsic resolution of PET scanner detectors. Because of the intrinsic resolution of the 

PET scanners, a higher resolution image can not be obtained by just decreasing the pixel 

size of PET images or by combining an increasing number of low-resolution images if 

these images are reconstructed in a small FOV. In clinical whole-body scanning, however, 

PET images are usually reconstructed in a large FOV (70 cm) in order to cover the width 

of the patient's body. Therefore, these images are expected to have both an improved 

resolution and contrast ratio if they are processed by the new SR technique. The results 

from the Jaszczak phantom study also show that the matrix size of the SR images does 

not play an important role in improving PET image resolution and contrast ratio, which 

can be seen by comparison between Figure 3.2.3 and Figure 3.2.4. 

In common with many image reconstruction algorithms, the SR approach is 

iterative in nature, and hence the number of iterations utilized has the potential of greatly 

impacting the final results. During the SR processing (either original or new), the average 

discrepancy between the high-resolution guess and the up-sampled image in each POV is 

added to the high-resolution guess before updating each iteration of the SR algorithm. 

The criteria for stopping are either that the discrepancy is minimized or a maximum 
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number of iteration is reached. The maximum number of iteration of the SR algorithm in 

this thesis was chosen to be 20 for both the original and new SR implementations. Figure 

4.1.1 shows the effect of changing the number of iterations on the peak amplitude (Figure 

4.1.1a), noise (Figure 4.1.1b), and SNR (Figure 4.1.1c) of the NEMA/IEC phantom study 

II using the new SR processing. In Figure 4.1.1 (a), the red line represents the peak 

amplitude of the 17 mm sphere in the original 128*128 reconstruction. This figure clearly 

shows that as long as the number of iterations is above 9, the peak amplitude in the SR 

image will be higher than that in the original reconstruction. The plot also shows a 

diminishing increase in peak amplitude as the number of iterations increases. Similar 

results are also found for noise in Figure 4.1.1 (b). Figure 4.1.1 (c) shows the effect of 

changing the number of SR iterations on SNR while the blue, red, black and pink lines 

are for spheres with diameters 37, 28, 22 and 17 mm, respectively. The SNR levels for 

original high-resolution native reconstructions are also shown as the corresponding 

dashed lines for the purpose of comparison. These plots indicate that SNRs with SR 

processing for all spheres are always higher than the high-resolution native 

reconstructions. Combining results from figures 4.1.1 (a) and 4.1.1 (c) indicates that SR 

processing with 9 or more iterations will always yield better performance (SNR and peak 

amplitude) compared to the high-resolution native reconstructions. On the other hand, an 

increase in the number of iterations also increases processing time, which in turn will 

affect clinical efficiency. 

The increase in peak amplitude shown in Figure 4.1.1 (a) also suggests that the 

new SR processing might reduce the Partial Volume Effects (PVE) when the number of 

iterations is above nine. Due to PVE, the true signal amplitude is not recovered in the 
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high-resolution native reconstruction. However, if the SR technique is used, more of the 

true signal amplitude - plateau of the blue line in Figure 4.1.1 (a) will be recovered when 

a large number of iteration is chosen. This partial recovery from PVE is also confirmed 

by the line profiles in the Jaszczak phantom study (Figure 3.2.3-3.2.5). 

Contrast Ratio, Noise and SNR v.s. SR Iterations 

x 1Q4 Peak Amplitude v.s. SR Iterations for NEMA/IEC phantom Noise vs. SR Iterations for NEMA/IEC phantom 

(a) (b) 

SNR vs. SR Iterations for NEMA/IEC phantom 

— S R ; sphere 37 mm 
— S R : sphere 28 mm 
— S R : sphere 22 mm 
— S R : sphere 17 mm 
—Original Recon: sphere 37 mm 
—Original Recon: sphere 28 mm 
—Original Recon: sphere 22 mm 
—Original Recon: sphere 17 

(c) 

Figure 4.1.1: (a) Peak amplitude, (b) Noise, and (c) SNRs for different spheres versus 
iteration numbers in the new SR implementation 

Improvements in PET images due to the application of the SR techniques come at 

the cost of increased computer processing time. The new implementation of the SR 

technique requires approximately 25 times the processing time of the standard OSEM 
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reconstruction when using 20 iterations for the SR algorithm. This additional 

computation time, however, will be largely reduced if only nine iterations as suggested 

are used. Any future increases in computer processing speeds will further reduce these 

time limitations. 

4.2 New SR Processing Using Incomplete Set of Low-Resolution Images 

This section works as an extension to the topic of this thesis: the new SR 

processing. We will concentrate on how to optimize the new SR implementation by 

combining incomplete set of low-resolution images. 

4.2.1 Introduction to the Incomplete SR implementation 

In the original SR implementation, multiple low-resolution images were 

reconstructed from different data sets, while in the new SR implementation, the required 

images are reconstructed from the same data set in different POVs. In either original or 

new SR processing, the total processing time depends not only on the speed of the SR 

post-processing, but also on the number of low-resolution reconstructions that are 

combined. When the SR technique is used in trans-axial planes of PET imaging, multiple 

data acquisitions (or steps) along each direction (X or Y axis) are required to achieve 

high resolution in both directions. The numbers of steps used to move the object (original 

SR) or to shift the reconstruction grid (new SR) along the two coordinate directions are 

not necessarily equal to each other. However, as long as no preference of high-resolution 

exists in either X or Y direction, an equal number of steps in either direction are usually 
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employed so that the SR image looks homogeneous in any direction of the trans-axial 

plane. Otherwise, the image will look blurred in the direction where a smaller number of 

low-resolution images are combined, while the other direction looks sharper and noisier, 

which will affect the precision and efficiency of physicians' evaluation on tumors. In the 

case of equal number of low-resolution images in each direction, a rectangular/square 

lattice will be formed when putting together all the centers of POVs for the multiple low-

resolution images. In other words, when N steps are required in each direction, N low-

resolution images will be reconstructed for the implementation of the SR algorithm. 

X 
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X 
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X 
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X 
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X 
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X 

X 

X 

X 

X 

X X X 

(a) (b) (c) 

Figure 4.2.1: Different SR processing schemes: (a) Complete SR, (b) Incomplete SR 
version I, and (c) Incomplete SR version II. 

In this section, two optimized SR processing schemes are proposed which are 

combining incomplete sets of low-resolution images. In the first optimized SR scheme, 

equal numbers of shift steps are also employed in each direction, however, the centers of 

all POVs are only limited along two sides of the square lattice. Therefore, only 2*N-1 

low-resolution images are generated in this optimized SR scheme when TV steps are 

employed in each direction. In the second optimized SR scheme, the steps are completed 

along the diagonal direction of the square lattice, and no steps along a single X or Y 
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direction are used here. Consequently, only N low-resolution images are reconstructed 

when N steps are required in each direction, which constitutes a considerable reduction in 

the number of images combined during the SR processing. From here onwards, the first 

and second optimized SR schemes will be named Incomplete SR version I and II, 

respectively, while the SR processing scheme which combines a complete set of low-

resolution images (N2) will be called the complete SR processing. The position 

relationship among multiple low-resolution images for the Complete SR, the Incomplete 

SR version I and II are shown in Figure 4.1.2 (a), (b) and (c) respectively. 

In this section, the two proposed Incomplete SR processings are applied to the 

new SR implementation scheme, where multiple low-resolution images are reconstructed 

from the same data acquisition but in different POVs. To investigate the two proposed 

Incomplete SR implementations, (1) a Point Source study and (2) a NEMA/IEC phantom 

study were conducted to evaluate their resolution and noise properties, respectively. The 

results of these studies were also compared to the Complete SR processing using human 

observers, line profiles, noise and SNR, and contrast. 

4.2.2 Characteristics of Resolution — Point Source Study 

In this point source study, the same point sources were used as in section 2.2.3. 

Data were acquired in 2-D mode for one minute. OSEM algorithm (2 iterations and 21 

subsets) was applied to reconstruct the same multiple low-resolution images (matrix size 

128*128, FOV 25.6 cm) as in section 2.2.3 for new SR processing. The corresponding 

multiple images were combined to generate the Complete SR image, the Incomplete SR 

image version I and II according to Figure 4.2.1 (a), (b) and (c) respectively. The three 
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SR image are shown in Figure 4.2.2 (a, c, e) and (b, d, f) for Point Source I and II, 

respectively. The same color maps were used for all the SR images for the purpose of 

comparison. All the images were truncated for the purpose of display. 

Point Source Study 

Complete SR: New SR 64"64-->256*256, Point Source I Complete SR; New SR 64*64-> 256 "256, Point Source II 

(a) 
Incomplete SR version 1: New SR 64'64-->256'256, Point Source I 

• 

(C) 
Incomplete SB version 2: New SR 64*64-->256*256, Point Source I 

(e) 

•HHr 

(b) 
Incomplete SR version 1: New SR S4*64->256'256, Point Source II 

(d) 
Incomplete SR version 2: New SR 64"64->256"256, Point Source II 

(f) 

Figure 4.2.2: Results of Point Source Study: (a) Complete SR, (b) Incomplete SR 
version I, and (c) Incomplete SR version II for Point Source I; (d) Complete SR, (e) 
Incomplete SR version I, and (f) Incomplete SR version II for Point Source II. 
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Point Source Study 

Horizontal Profile, Point Source I 

- • "Upsample 64"64--j25e-2S6 

— Incomplete 3H version 1: New SR W 6 4 - J 2 5 6 ' 2 S 6 

- • - Incomplete SR version 1: Naw SR W64->2S6,S56 

""•""Recon JK' i&E 

% • : 

(a) 

Vertical Profile, Point Source I 

(c) 

Horizontal Profile, Point Source II 

(b) 

Vertical Profile, Point Source II 

(d) 

Figure 4.2.3: Horizontal line profile for (a) Point Source I and (b) Point Source II; 
Vertical line profile for (a) Point Source I and (b) Point Source II. 

From visual inspection, the two point sources in the three SR images exhibit more 

or less the same concentrated 18F-FDG activity, which suggests that the three versions of 

SR processing may have similar ability of improving PET image resolution and contrast 

ratio. To facilitate comparison among the three different SR implementation schemes, 

both horizontal and vertical line profiles across the two point sources are shown in Figure 

4.2.3. In Figure 4.2.3, the blue, red and pink line represents the line profile for Complete 

SR image, Incomplete SR image version I and II, respectively. The up-sampled image 
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(64*64->256*256) and the original high-resolution native reconstruction (matrix size 

256*256) were also added into the line profiles as the black and green lines for the 

purpose of comparison. 

Table 4.2.1: Comparison of Full-Width Half Maximum (FWHM) 
in Point Source Study 

FWHM for Point Source I 

Horizontal 
(mm) 

Vertical 
(mm) 

Up-sampled 

5.6 

8.0 

Complete 
SR 

4.5 

4.6 

Incomplete 
SR Ver. I 

4.3 

4.9 

Incomplete 
SR Ver. II 

4.6 

4.8 

Original 
Recon. 

4.9 

4.7 

FWHM for Point Source II 

Horizontal 
(mm) 

Vertical 
(mm) 

Up-sampled 

6.6 

8.4 

Complete 
SR 

4.5 

4.5 

Incomplete 
SR Ver. I 

4.5 

4.8 

Incomplete 
SR Ver. II 

4.3 

4.6 

Original 
Recon. 

4.9 

4.5 

These line profiles clearly show that the three SR implementation schemes have 

similar ability in improving signal amplitude (contrast ratio) when compared to the up-

sampled image. All the three SR images also have an even better contrast ratio than the 

original high-resolution native reconstruction, which indicates that the three SR 

processings have similar ability of recovering from PVE. The full-width half maximums 

(FWHM) for the two point sources in each image are shown in Table 4.2.1. This table 

clearly shows that the FWHMs of the two point sources in the three SR images and the 

original high-resolution reconstruction are similar to one another, which indicate that they 

all have similar image resolution, in both X and Y directions. All these comparisons 
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suggest that the Incomplete SR processing version I and II both have the same ability to 

improve PET image resolution and contrast ratio as the Complete SR implementation. 

Therefore, these optimized SR implementation schemes can be used to replace the 

Complete SR implementation. By using the optimized SR processings, the total duration 

of SR post-processing can be greatly reduced, which has its greatest advantage in clinical 

PET scans. 

4.2.3 Characteristics of Noise/SNR — NEMA/IEC Phantom Study 

In the point source study (section 4.2.2), we have validated that the Incomplete 

SR implementations (both version I and II) have similar ability of improving PET image 

resolution (FWHM of the point source) and contrast ratio (signal amplitude) as the 

Complete SR processing. In this section, we continue to investigate the noise and SNR 

properties of these optimized SR implementations by conducting a NEMA/IEC phantom 

study. The results are compared to the Complete SR implementation. 

A NEMA/IEC phantom with six spheres of different diameters was filled with 

18F-FDG radio-activity using a sphere-to-background ratio (SBR) of 7:1. The phantom 

was positioned in the center of the PET FOV and scanned for three minutes in 2-D mode. 

After data acquisition, 16 low-resolution images (matrix size 64*64) were reconstructed 

in a FOV of 51.2 cm using OSEM algorithm (21 subsets and 2 iterations) according to 

the configuration shown in Figure 4.2.1 (a). These 16 low-resolution images were 

combined into a Complete SR image by applying the SR algorithm. Simultaneously, 

seven and four images were extracted from these 16 low-resolution reconstructions 

according to the relative positions shown in Figure 4.2.1 (b) and (c), respectively. The 
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same SR algorithm but combining different numbers of images was used to generate the 

Incomplete SR images version I and II from the two groups of multiple low-resolution 

NEMA/IEC Phantom Study 

Complete Sfl: New SR 64*64~>256"25S 

(a) 

Spectrum: Complete SR 

# 

(b) 

Incomplete SR version 1: New SR 64-64->256*256 

# 

(c) 

Spectrum: Incomplete SR version 1 

# 

(d) 

Incomplete SR version 2: New SR 64'G4-->256'256 

(e) 

Spectrum: SR Incomplete version 2 

# 

(f) 

Figure 4.2.4: Results from NEMA/IEC Phantom Study: Images for (a) Complete SR 
image, (c) Incomplete SR image version I and (e) II; Their 2-D FFT are shown in (b), 
(d) and (f), correspondingly. 



100 

images. The three SR images are shown in Figure 4.2.4 (a) (c) and (e), respectively, 

which are displayed using the same color map. In order to facilitate the comparison of 

noise properties among the three SR images, 2-D FFT spectrum were completed for each 

SR image and their results are shown in Figure 4.2.4 (b) (d) and (f) correspondingly. 

Again, these 2-D FFTs are also displayed using the same color map. 

From visual inspection, all the three SR images look similar with one another. 

Any small structure that is clearly shown in the Complete SR image can also be resolved 

in the two Incomplete SR images. This similarity can also be recognized from the 

comparison among the spectra of the three SR images (Figure 4.2.4 (b), (d) and (f)). The 

similarity among the three SR images and also their spectra indicates that these three SR 

images have similar noise and SNR properties. SNRs of the three SR images were plotted 

as a function of the sphere size shown in Figure 4.2.5. The same method was used to 

NEMA/IEC Phantom Study 
SNR comparison 

17 

16 

15 

13 

12 

11 
37 28 22 17 13 10 

Sphere Size (mm) 

Figure 4.2.5: SNR comparison among the three SR image. 

J I I I L 
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calculate the SNR as in section 3.2.1. Although a little discrepancy exists among the three 

SNR curves, the three SR images show more or less the same SNR properties, as can be 

recognized from Figure 4.2.5. 

Thus to summarize, the two proposed Incomplete SR processings have similar 

effects in improving PET image resolution and contrast ratio, as can be confirmed in the 

Point Source study. The NEMA/IEC phantom study shows that SR images which are 

generated from the proposed incomplete SR implementations have similar noise and SNR 

properties as the Complete SR. Therefore, the two proposed optimization of the new SR 

implementation can be used to replace the Complete SR processing. By using these two 

implementations, shorter processing duration can be achieved while maintaining the same 

image resolution and SNR. 

4.3 SR-Incorporated PET Image Reconstruction 

This section is another extension to the topic of this thesis. All the previous work 

that has been completed regarding to the SR implementation (either original or new), 

including the topic of this thesis, are post-processing methods. In other words, data 

acquisition and image reconstruction have to be completed first before the SR algorithm 

can be applied. In this section, we will continue to propose a new method of PET image 

reconstruction, through which a high-resolution image can be generated from multiple 

acquired data sets. Due to its similarity to the SR processing, this new reconstruction 

method is called the SR-incorporated reconstruction. 
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In either the original or new SR implementation, multiple low-resolution images 

were first generated and then combined into a SR image using the SR algorithm. Each of 

the low-resolution images used in the SR processing can be regarded as a shifted-and-

down-sampled blurring of a high-resolution image. This high-resolution image is exactly 

the solution that the SR processing is seeking. All the shifted-and-down-sampled blurring 

images used in the SR processing are related with the high-resolution image through 

shifted-and-down-sampled blurring kernels: 

x. =Ktz, i = l,2, R ( 4 1 ) 

Here xt is the z'th shifted-and-down-sampled blurring image of the high-resolution image z, 

and Ki is the z'th shifted-and-down-sampled blurring kernel. 

According to equation (1.1), each shifted-and-down-sampled blurring image (*,•) 

and the corresponding sinogram (y;) are related by: 

E{yi}=Hlxi+r.t 1=1,2, R ( 4 2 ) 

Here Ht is the z'th system matrix that forward-projects the image xi into the sinogram yt, 

and ri is the noise realization for the z'th low-resolution image. Substituting (4.1) into (4.2), 

we can obtain: 

£{>>,}=#,*,* + #;, * = 1,2, R ( 4 3 ) 

We bring three new vectors into this discussion: 

y* = [yi,y2> yRf 
T H* = [H1Kl,H2K2, HRKR] 

r - | / i > r 2 ' YR\ (4.4) 

By substituting these vectors into (4.3), equation (4.3) becomes 
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Efy*}=H*z+r*,i=],Z R ( 4 5 ) 

which has the same form as the equation (1.1). Consequently, the same reconstruction 

algorithm (ML-EM or OSEM) can be applied to estimate the high-resolution image (z) 

from multiple sinogram data (yi, y2 , yR, combined as y ). This new method to 

generate the required high-resolution image, from here onward, will be called the SR-

incorporated reconstruction. In the new-SR-incorporated reconstruction, which is similar 

to the new SR implementation, the sinogram combination y is the repetition of the same 

acquired data, since only one data set is acquired for the new SR processing. In the 

original-SR-incorporated reconstruction which is similar to the original SR 

implementation, however, y is the combination of multiple data acquisitions. One thing 

to note here is that, although the "SR-incorporated reconstruction" is called "SR", the SR 

algorithm is not used in this image-reconstruction method. 

A preliminary simulation study was conducted using the SR-incorporated 

reconstruction method (original and new), where the same PET scanner and digital 

phantom is used as the simulation study in Chapter 2. The PET scanner containing 600 

detectors was selected to approximate the current PET scanners in clinical use. All the 

shifted-and-down-sampled blurring kernels are calculated based on eight-neighbor-

weighting interpolation in 2-D, where the weights of the center, the nearest neighbors and 

the diagonal elements are assigned as 1/4, 1/8 and 1/16, respectively. Both the original 

and new-SR-incorporated reconstructions (128*128-^256*256, FOV 46.08 cm) were 

simulated in this study. Furthermore, the original high-resolution native reconstruction 

(256*256, FOV 46.08 cm) was also generated for the purpose of comparison. The results 

from this preliminary study are shown in Figure 5.1. The original SR image, the new SR 
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image, the high-resolution native reconstruction, SNR v.s. sphere size, and line profiles 

across spheres of 11 mm and 3.6 mm diameter are shown in (a) to (f), respectively. In the 

SNR curve and line profiles, the blue, red and pink line represents original SR, new SR 

and high-resolution reconstruction, respectively. 

These comparisons suggest that the SR-incorporated reconstructions (original and 

new) can achieve similar image resolution and contrast ratio (Figure 4.2.6e and 4.2.6f) as 

the original high-resolution native reconstruction while maintaining a higher SNR (Figure 

4.2.6d). This result indicates that the SR-incorporated reconstruction has the ability of 

reducing noise and improving SNR in PET imaging. Therefore, the SR-incorporated 

reconstruction can be used to generate a PET image having a specific matrix size rather 

than using the native reconstruction. However, due to the limitation and incompleteness 

of the simulation study, the same results can not be easily extended to real clinical 

scanners. Further studies, including phantom and patient studies, are needed to explore 

the feasibility and new features of this "SR-incorporated reconstruction". 
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Figure 4.2.6: Results from the SR-Incorporated Reconstruction: (a) original SR image, 
(b) new SR image, (c) high-resolution reconstruction, (d) SNR vs. sphere sizes, line 
profiles across spheres of (e) 11 mm diameter and (f) 3.6 mm diameter. 
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Chapter 5 

Summary and Conclusion 

In this thesis, we presented our new implementation scheme of the SR techniques, 

by combining multiple low-resolution images from different POVs which are realized by 

shifting the reconstruction pixel grid. In the comparison studies (simulation, the point 

source study and the NEMA/IEC phantom study I), it has been shown: 

• The new SR implementation has similar ability of improving image resolution 

and contrast ratio as the original SR implementation, independent on the intrinsic 

resolution of the PET scanner. 

• Neither the original nor the new SR implementation can achieve a higher 

resolution than the intrinsic resolution of the PET scanner detectors, which is also 

validated in our theoretical framework. 

• The new SR images have slightly lower SNR than the original SR images which 

has more uniformly distributed noise structures. 

In the characteristic studies (the NEMA/IEC phantom study II, the Jaszczak phantom 

study and the patient studies), it has been shown: 

• The new SR images have higher SNR than the original high-resolution 

reconstructions using the same matrix size. 

• The new SR images which are generated from combining low-resolution images 

with the smallest matrix size have the highest SNR. 
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• Both contrast ratios and image resolution are improved when the new SR 

techniques are used to process the multiple low-resolution images. The improved 

contrast ratio and image resolution are more evident when images are 

reconstructed in a larger FOV (>60 cm). With a smaller FOV (<40 cm), the 

improvement in contrast ratio is still evident, but with a slight-to-no improvement 

in resolution. 

• The feasibility of using the suggested SR technique in patients' scanning was also 

confirmed using patient studies. 
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