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Abstract 
On-board imaging is useful for guiding radiation to patients in the treatment 

position; however, current treatment-room imaging modalities are not sensitive to 

physiology – features that may differentiate tumor from nearby tissue or identify 

biological targets, e.g., hypoxia, high tumor burden, or increased proliferation.  Single 

photon emission computed tomography (SPECT) is sensitive to physiology.  We 

propose on-board SPECT for biological target localization. 

Localization performance was studied in computer-simulated and scanner-

acquired parallel-hole SPECT images.  Numerical observers were forced to localize hot 

targets in limited search volumes that account for uncertainties common to radiation 

therapy delivery.  Localization performance was studied for spherical targets of various 

diameters, activity ratios, and anatomical locations.  Also investigated were the effects of 

detector response function compensation (DRC) and observer normalization on target 

localization.  Localization performance was optimized as a function of iteration number 

and degree of post-reconstruction smoothing.  Localization error patterns were analyzed 

for directional dependencies and were related to the detector trajectory.  Localization 

performance and the effect of the detector trajectory were investigated in a hardware 

study using a whole-body phantom. 
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Typically targets of 6:1 activity were localized as accurately using 4 -minute 

scans as those of 3:1 activity using 20-minute scans.  This trend is consistent with the 

relationship between contrast and noise in the contrast-to-noise ratio (CNR) and implies 

that higher contrast targets are better candidates for on-board SPECT because of time 

constraints in the treatment room.  Using 4-minute scans, mean localization errors were 

within 2 mm for superficial targets of 6:1 activity that were proximal to the detector 

trajectory and of at least 14 mm in diameter.  Localization was significantly better (p < 

0.05, Wilcoxon signed-rank test) with than without observer normalization and DRC at 5 

of 6 superficial tumor sites.  Observer normalization improved localization substantially 

for a target proximal to the much hotter heart.  Localization error patterns were shown 

to be anisotropic and dependent on target position relative to the detector trajectory.  

Detector views of close approach and of minimal attenuation were predictive of 

directions with the smallest (magnitude) localization bias and precision.  The detector 

trajectory had a substantial effect on localization performance.  In scanner-acquired 

SPECT images, mean localization errors of a 22-mm-diameter superficial target were 0.8, 

1.5, and 6.9 mm respectively using proximal 180°, 360°, and distal 180° detector 

trajectories, thus demonstrating the benefits of using a proximal 180° detector trajectory. 

In conclusion, the potential performance characteristics of on-board SPECT were 

investigated using computer-simulation and real-detector studies.  Mean localization 

errors < 2 mm were obtained for proximal, superficial targets with diameters >14 mm 
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and of 6:1 activity relative to background using scan times of approximately 5 minutes.  

The observed direction-dependent localization errors are related to the detector 

trajectory and have important implications for radiation therapy.  This works shows that 

parallel-hole SPECT could be useful for localizing certain biological targets. 
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1. Introduction  
 

1.1 General Introduction 

This dissertation explores the potential performance characteristics of on-board 

single photon emission computed tomography (SPECT) imaging for the task of target 

localization while a patient is on the therapy couch and in the treatment position.  

On-board imaging is an important tool in radiation therapy for patient 

positioning immediately prior to radiation delivery.  On-board imaging can reduce 

positioning uncertainties.  With greater confidence in tumor position, dose can be 

escalated to increase the probability of local control without increasing the risk of 

normal tissue complications, or conversely, normal tissue complications could be 

reduced for the same probability of local control.  However, tumor and surrounding soft 

tissues are often similar anatomically.  The imaging modalities currently available inside 

radiation therapy treatment rooms are primarily anatomical.  Because tumor visibility is 

often limited, high-contrast surrogates, e.g., bony anatomy in transmission x-ray images, 

are used for beam alignment that may not correlate well with tumor position.  Further, 

there is growing interest in multidimensional radiation therapy that conforms to 

biological targets – targets that cannot be directly localized using the currently-available 

treatment-room imaging modalities.   
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We propose on-board SPECT for biological target localization.  SPECT is a 

functional and molecular imaging modality with a broad and growing array of 

radiotracers that have been used or are under investigation for tumor imaging.  Though 

SPECT is challenged by finite spatial resolution, attenuation, and noise due to limited 

counts, the typically strong signal differences between a target and background may 

provide sufficient information for accurate and precise target localization.  This 

dissertation work explores SPECT for target localization by considering the constraints 

of imaging inside radiation therapy treatment rooms and by also considering the 

information available from treatment planning, which simplifies the localization task.  

More specifically, we investigate the potential performance characteristics of on-

board SPECT imaging through a series of computer-simulation and real-detector 

studies.  Localization performance is assessed as a function of target size, position, and 

activity ratio relative to background.  Hardware- and software-based methods are 

investigated to minimize localization errors.  We study localization performance as 

function of the detector trajectory, target appearance in the observer template, and the 

reconstruction model. Through these computer-simulation and real-detector studies, we 

demonstrate mean localization errors < 2 mm using scan times ≤ 5 minutes for 

superficial targets of 6:1 activity ratios with diameters ≥ 14 mm.  
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1.2 Hypothesis 

On-board SPECT imaging is technically feasible for the task of localizing 

biological targets to ≤ 2 mm using scan times of ≤ 5 minutes. 

1.3 Preview of Chapters 

Chapter 2: Background is an overview of radiation therapy, target volumes, and 

multidimensional radiation therapy.  The principles of SPECT are described along with 

applications in tumor imaging that, in light of the above discussion on radiation therapy, 

provides motivation for on-board SPECT imaging.  Also discussed are target 

localization, numerical observers, and metrics for analyzing target localization.  

Chapter 3: The Effects of Target Size, Target Position, Target-Background Activity 

Ratio, and Scan Time on Localization were investigated in a computer simulation study.  A 

broad range of potential targets were studied using clinically realistic activity levels and 

target-to-background activity ratios to gauge the potential and limitations of on-board 

SPECT for target localization.  Findings from this study were published in a peer-

reviewed journal Medical Physics, 36(5):1727-35, May 2009.  

Chapter 4: Observer Information explores the dependencies of localization errors 

on observer normalization and on target appearance in observer templates.  Target 

localization was compared for numerical observers using normalized and un-

normalized cross correlation.  Target localization was also investigated using observer 



 

 4

templates with varying degrees of knowledge about target appearance in SPECT 

images.  Select findings have been reported in a manuscript “Direction-dependent 

localization errors in SPECT Images” that was submitted to Medical Physics for peer 

review.  Medical physics intends to publish this work pending revisions.  

Chapter 5: Detector Response Function Compensation presents work done to assess 

the effect of modeling distance-dependent spatial resolution on target localization and 

on target volume estimation.  An analytic model of the detector response function was 

implemented in ray-driven code and validated with scanner data.  Target localization 

was assessed in computer-simulated images, reconstructed with and without detector 

response function compensation.  Select results have been submitted to Medical Physics 

for peer review.  The manuscript “Direction-dependent localization errors in SPECT 

Images” has been revised and resubmitted to Medical Physics. 

Chapter 6: Detector Trajectories explores the effect of the detector trajectory on 

target localization in scanner-acquired and computer-simulated images.  Localization 

accuracy and precision were evaluated with respect to the attenuation of and the 

distance between a target and the collimated SPECT detector.  Localization errors 

patterns were estimated from image ensembles.  Direction-dependent localization bias 

and precision were observed and were related to the detector trajectory.  Findings from 

the real detector study have been prepared in a manuscript “On-board SPECT: Effect of 
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detector trajectory on target localization in scanner-acquired images” and submitted for 

peer review in Medical Physics. The hardware study demonstrates localization errors < 2 

mm using a commercially available detector and scan times under 5 minutes.  

Chapter 7: Summary, Conclusions, and Future Work provides an overarching 

summary of findings from the dissertation work and discusses future research 

directions.
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2. Background and Significance 

2.1 Radiation Therapy 

2.1.1 Overview  

Radiation is an important therapeutic used to control cancer or palliate the 

symptoms of advanced disease.  The American Cancer Society estimates that the lifetime 

risk of developing cancer is approximately 1 in 2 for men and 1 in 3 for women.  This 

year approximately 1.5 million Americans will be diagnosed with cancer and over 

560,000 will die of cancer, making cancer the second leading cause of death only behind 

heart disease [1].  About 60% of all cancer patients will receive radiation therapy, either 

alone or in combination with another therapy [2].  Radiation therapy is clearly important 

for cancer care, though as indicated by the number of cancer deaths, the current 

implementation of radiation therapy is only effective for some patients. 

The goal of radiation therapy is to deliver tumoricidal dose while sparing nearby 

healthy tissues.  This is the ultimate compromise in radiation therapy.  Local control 

improves with escalating dose [3-6].  However, radiation damage to normal tissues can 

result in severe morbidity and even death [7-10].  To address this tradeoff, considerable 

effort has gone into determining dose prescriptions and developing methods for 

delivering prescribed doses to intended targets with acceptable risks of normal tissue 

complications.  
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Before delving into recent advancements in dose delivery, it is worthwhile to 

discuss the target volumes and margins that are fundamental to dose prescriptions in 

radiation therapy.  The International Commission of Radiation Units and Measurements 

(ICRU) has formally defined several volumes and margins associated with external 

beam radiation therapy in ICRU Reports 50 and 62 [11 , 12].  The Gross Tumor Volume 

(GTV) is palpable or visible/demonstrable malignant growth.  The GTV is delineated 

based on information from imaging, pathology, and clinical examination.  To account for 

microscopic disease extensions, the GTV is dilated to form a Clinical Target Volume 

(CTV).  Ideally, radiation should only be delivered to the CTV thereby treating gross and 

microscopic disease, with the caveat that GTV and CTV must be defined correctly.  

However, there are uncertainties attributable to motion and patient setup that require 

additional margins.  An Internal Margin (IM) extends from the CTV, resulting in an 

Internal Target Volume (ITV) that accounts for physiological processes, such as 

respiratory motion, bladder or rectal filling.  From the ITV, a Setup Margin (SM) is 

added that includes uncertainties in patient positioning on the treatment couch and 

uncertainties in the mechanical and dosimetric accuracy of a radiation therapy machine. 

The result of the ITV dilated by SM yields a Planning Target Volume (PTV).  Radiation 

dose is typically prescribed to the PTV.  Nearby radiosensitive, healthy tissues are called 

Organs at Risk (OAR).  
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Two of the most notable advances in radiation delivery within the past 20 years 

are intensity modulated radiation therapy (IMRT) and image guided radiation therapy 

(IGRT).  IMRT relies on inverse planning algorithms, that given constraints on the 

desired dose distribution, search for optimal and often arrive at highly-modulated 

radiation beams [13, 14].  This is an inverse to the traditional approach in radiation 

therapy planning.  Traditionally, beam weights are defined by the planner and dose is 

then calculated and evaluated.  IMRT has demonstrated dose distributions that better 

conform to the PTV while avoiding OARs in comparison with 3D-CRT [15].  Preferential 

sparing of OARs can be used to reduce the risks of normal tissue complications for the 

same probability of local control, or dose can be escalated to the PTV, thereby increasing 

the chances of local control without increasing the risks of normal tissue complications 

[5].  Because IMRT is able to produce highly conformal dose distributions, target 

localization during treatment delivery is even more critical to avoid underdosing tumor 

or overdosing OARs [16].  This potential pitfall is especially relevant to therapies that 

deliver larger doses per fraction in fewer fractions [17].  

IGRT uses imaging inside radiation therapy treatment rooms for more accurate 

patient positioning, which complements the dose-sculpting capabilities of IMRT.  

Currently-available treatment room imaging modalities are primarily anatomical and 

include ultrasound, planar x ray, CT on rails, and cone beam CT using either MV or kV 
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radiation beams [18-21].  IGRT has been shown to reduce set-up errors for many body 

sites and to reduce the volume of lung and liver irradiated due to respiratory motion 

[21].  

There are, however, limitations to IGRT.  The currently-available imaging 

modalities provide anatomical information.  Because tumor and nearby soft-tissue can 

be very similar anatomically, contrast is often limited.  Higher-contrast surrogates, e.g., 

bony anatomy in x-ray images, may be used for beam alignment that do not necessarily 

correlate with tumor position [22].  Further, there is interest in using IGRT to target 

regions of tumor with increased burden [21] that differ from other regions by 

physiology or function.  These biological features are not visible on anatomical images. 

2.1.2 Multidimensional Radiation Therapy 

Tumors are heterogeneous biological systems.  Within a tumor there may regions 

of hypoxia, increased proliferation, or greater tumor burden.  To address the issue of 

biological heterogeneity, a new type of target volume was coined – the biological target 

volume (BTV) [23].  A BTV could be derived from functional and molecular images, and 

radiation dose might be modified according to biological features for better local control 

[23-25].  Thus, multidimensional radiation might be optimized that conforms to both 

anatomy and physiology.  It has been postulated that in contrast to advances in 

radiation therapy in the last 20 years that have relied on better techniques for dose 
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delivery, improvement in the next 20 years will likely result from using information 

from molecular genetics, biology, as well as functional and molecular imaging to adapt 

and individualize therapy [26].  The dose-sculpting capabilities of IMRT are well suited 

to multidimensional radiation therapy, but IGRT, as currently implemented, lacks the 

capabilities to directly image and therefore localize biological targets.  

2.2 Single Photon Emission Computed Tomography 

2.2.1 Overview  

Single photon emission computed tomography (SPECT) is a functional and 

molecular imaging modality, with a rich history that has been documented by pioneer 

Ronald Jaszczak [27].  SPECT uses a broad and ever expanding array of radiotracers.  

The tracer component targets a physiological process, while the radioactive component 

emits photons that can be detected noninvasively.  Because photon emissions are 

isotropic, collimation is needed to select photons from a particular direction.  Collimated 

photons then strike a detector that provides position and energy information to form a 

2D projection image.  By collecting projection images over a sufficiently large angular 

range, it is possible to reconstruct the 3D radiotracer distribution.  SPECT removes the 

underlying and overlying activity present in 2D projection images.  A schematic of 

SPECT imaging is shown below in Figure 1.  Each step of the imaging process is 

discussed in greater detail below. 
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As mentioned above, collimators are used to select photons from a particular 

direction.  There are several types of SPECT collimators, e.g., cone beam, fan beam, 

parallel beam and pinhole.  Sensitivity, the fraction of detected photons, is not distance 

dependent for parallel beam collimators, but as distance increases, the detected photons 

are spread over a larger area of the detector surface, thus resulting in distance-

dependent spatial resolution.  Converging collimators collect relatively more counts 

from deep within the body (up to the focal point or line), while pinhole collimators have 

exceptional sensitively and spatial resolution for objects in close proximity to the pinhole 

aperture.  For all collimators, spatial resolution degrades as distance increases between a 

source and the collimated detector.  Converging and pinhole collimation may prove 

beneficial for target localization in certain cases.  This dissertation work focuses entirely 

on SPECT imaging using parallel collimation.  

Photons that pass through the collimator then strike a detector.  The most 

common detector used in SPECT imaging is the NaI gamma camera [28].  A gamma 

camera provides position and energy information.  Energy discrimination is useful for 

discarding photons that have scattered in the body and therefore appear to come from a 

direction other than where they originate.  Note that in contrast to collimators used in 

transmission x-ray imaging, SPECT collimators do not preferentially reject scattered 

photons.  Energy discrimination with NaI detectors is less than ideal, and photons 
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within +/- 10% of the expected energy are typically recorded as true counts.  As such, a 

140 keV photon from 99mTc can Compton scatter by up to 52° and still be counted in the 

photopeak window.  Scatter manifests as low frequency blurring that reduces image 

contrast.  For photons of 140 keV, ≤ 99% of interactions in water are due to Compton 

scatter, so only a small fraction of photons are absorbed via the photoelectric effect [29].  

The linear attenuation coefficient for 140 keV photons in water is about 0.15 cm-1, 

meaning that the number of photons – the signal in SPECT – is reduced by half for every 

4.6 cm that is traversed in water-like material, e.g., soft tissue [30].  Both attenuation and 

scatter – two consequences of Compton scatter – degrade the quality of SPECT images. 

With parallel collimation, the detector trajectory must span 180° for sufficient 

sampling, though 360° detector orbits are often used for surveying large regions due to 

the effects of distance-dependent spatial resolution and attenuation [31].  The many 2D 

projection images are used to reconstruct the 3D radioactivity distribution.  Analytic and 

iterative algorithms have been used to reconstruct SPECT images.  The analytic filtered-

backprojection algorithm is faster than iterative algorithms, but iterative techniques 

provide a framework for accurately modeling the physics of SPECT imaging [32], 

including attenuation, scatter, and the detector response function.  In this dissertation 

work, two iterative algorithms are used extensively: maximum likelihood expectation 
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maximization (MLEM) [33, 34] and an accelerated version of MLEM called order subsets 

expectation maximization (OSEM) [35].  

2.2.2 Oncology Applications 

A number of SPECT radiotracers have oncology applications.  Hypoxia in 

tumors has been imaged in patients using 99mTc-HL91 [36].  SPECT can image apoptosis 

using 99mTc labeled Annexin-V [37].  SPECT analogs to PET-FDG  are under development 

for imaging glucose metabolism [37].  Though SPECT currently lacks a general purpose 

tumor imaging agent, i.e., 18F-FDG, a number of SPECT radiotracers have applications 

for imaging one or a subset of tumors.  ProstaScint® has shown focal uptake associated 

with prostate cancer [38].  Tumors with somatostatin receptors can be imaged using 

99mTc-depreotide [39].  Radiotracers initially developed for cardiac imaging are now 

being used to image breast cancer and a number of other solid tumors [40-43].  

Radiolabelled amino acid derivatives as imaged by SPECT are sensitive to recurrent 

brain tumor [44].  Colorectal cancer has been used with SPECT using radiolabelled 

monoclonal antibodies [45].  Other radiotracers and tumor imaging applications are 

discussed in these review articles [37, 46].  Unlike in PET where photons are 511 keV, 

SPECT tracers use a variety of radionuclides with different photon energies, so it is 

possible to simultaneously image multiple biological targets with SPECT.   



 

 15

2.3 On-board SPECT Imaging  

2.3.1 Clinical Motivation 

Current and potential SPECT radiotracers could be used to derive BTVs for 

multidimensional radiation therapy, and SPECT imaging could be developed for 

imaging inside radiation therapy treatment rooms to localize biological targets while a 

patient is on the treatment couch.  

2.3.2 Localization Task 

In contrast to diagnostic imaging where the task is often to survey a large region 

that may or may not contain disease, the on-board imaging task is different.  Tumor is 

known to exist and its location is known approximately.  The task then is to estimate 

target position.  The search region can be reduced to a few centimeters while accounting 

for positioning uncertainties common to radiation therapy delivery.  Further, the size 

and shape of the target can be estimated from treatment planning images and used to 

aid in target localization.  Given that a target is known to exist in a relatively confined 

volume, the task then is to select the most suspicious location.  

2.3.3 Observer 

An observer is responsible for estimating target position.  An observer may be a 

human or an algorithm.  Each has advantages and disadvantages.  Because medical 

doctors are ultimately responsible for patient care, humans are typically the most 
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relevant observers but are also the most expensive and are subject to fatigue.  In 

contrast, numerical observers are cheap and tireless but may not correlate well with 

human observers depending on the task.  Numerical observers are studied exclusively 

in this work.  A discussion of different numerical observers and the rationale for those 

used in this work are given below.  

Several types of numerical observers have been investigated for target 

localization [47, 48].  Numerical observers are distinguished based on knowledge of 

signal and noise correlations.  Noise correlations degrade performance in a number of 

tasks [49].  The Hotelling observer is the ideal linear observer because it has full 

knowledge of target signal and of noise correlations.  To estimate the noise covariance 

matrix and to subsequently prewhiten, or remove noise correlations in an image, N2 

independent noisy images are required, where N is the number of voxels in an image. 

Clearly, this number of images is impractical clinically since we are interested in target 

localization using one image for an individual patient, i.e., a SPECT scan while a patient 

is on the therapy couch.  Channelized Hotelling observers have been implemented that 

prewhiten only select frequency channels, thus reducing the imaging requirements, but 

at the expense of discarding information from the remaining channels.  Though 

substantially reduced as compared with the Hotelling observer, many independent 

images are still needed to estimate noise correlations.  Methods for rapidly computing 
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the covariance matrix have been investigated but are complex and make several 

approximations [50, 51].   

In this dissertation work, localization performance was assessed using numerical 

observers that had no knowledge of noise correlations.  As such, the observers were 

suboptimal.  Methods for estimating noise correlations either require many more images 

than are feasible for individual patients or make large approximations.  For these 

reasons, non-prewhitening observers may be preferred even though localization 

performance is not expected to be as good.  The non-prewhitening observer has been 

shown to outperform human, channelized non-prewhitening, and channelized Hotelling 

observers at the detection of hot spheres with unknown positions in SPECT images [48].  

Channelized observers better match human performance by only using information in 

certain frequency channels [48], but it is not our objective here to match human 

performance.  Ideally, the observer should use all of the available information, and 

much information is available in radiation therapy.  For these reasons, we chose to 

assess target localization performance with the non-prewhitening numerical observer 

and variations of the non-prewhitening observer.   

2.3.4 Metrics 

Target localization performance was evaluated by the distance between a 

position selected by the observer and the true target location.  (Target and tumor are 
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used interchangeably.)  A spherical search region SR, approximately 3 cm in diameter, 

was centered on a target.  An observer template w was translated across the SR, and 

normalized cross correlation between w and the image g was calculated as  

 λ , (2-1)

where k indexes SR coordinates.  The location with the highest value of λ was recorded 

as the measured target location M: 

 M(x, y, z) argmax∈ λ . (2-2)

Localization error was calculated as the Euclidean distance dr between measured 

M(x,y,z) and true T(x,y,z) target positions:   

 . (2-3)

True target positions were defined mathematically and thus known exactly in computer 

simulation studies.  In hardware studies, true positions were estimated from low-noise 

images.  

 Localization error was calculated across ensembles of independent images to 

gauge localization accuracy and precision.  This metric was used in all localization 

studies.  Variations on cross correlation, the search region, and observer template are 

described in detail in the following chapters.  Contrast-to-noise ratio (CNR) is defined in 

Chapter 3.  We developed metrics for direction-dependent localization bias and 

precision, which are discussed in Chapter 6. 
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3. The Effects of Target Size, Activity Ratio, and Scan 
Time on Localization 

This study was published in Medical Physics, 36(5):1727-35, May 2009.  This work 

was supported in part by NIH grant number T32EB007185 from the National Institute of 

Biomedical Imaging and Bioengineering and by the Department of Defense Breast 

Cancer Research Program Predoctoral Fellowship W81XWH-08-1-0365. 

3.1 Introduction 

A computer simulation study was performed to broadly assess the potential 

performance characteristics of on-board SPECT for target localization by investigating 

the effects of target size, target-background activity ratio, and scan time.  

3.2 Methods and Materials 

3.2.1 NCAT Phantom 

A female anthropomorphic phantom was generated with NCAT software [52].  

The phantom was placed supine on a flat-surface treatment couch.  Twenty tumor 

locations were defined on a square grid with centroid-to-centroid spacing of 

approximately 6 cm.  Tumors were centered on voxels in an axial slice superior to the 

heart.  For each tumor location, 3 tumor diameters – 10.8, 14.4, and 21.6 mm with true 

volumes of 0.980 cm3, 2.10 cm3, and 6.49 cm3 – were simulated in separate phantoms as 

shown in Figure 2.  The eight deepest tumors were located in lung where they were 
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(7.20 mm SI, 7.20 mm AP), anterolateral (10.8 mm SI, 10.8 mm AP), posteromedial (7.20 

mm SI, 3.60 mm AP), posterolateral (10.8 mm SI, 3.60 mm AP).  Tumors outside the 

lungs were stationary.  Activity and attenuation phantoms were implemented on a 384 x 

384 x 384 grid of 0.18-cm-wide voxels.  Attenuation phantoms, one for each tumor size, 

were also placed on a coarser grid with 0.36-cm-wide voxels and were used to correct for 

non-uninform attenuation during reconstruction.  

3.2.2 SPECT Simulation 

SPECT imaging was simulated with analytical, ray-driven software for a gamma 

camera with 46 x 23 cm2 active surface area that was equipped with parallel-hole, low-

energy-high-resolution (LEHR) collimation.  Simulated collimator holes were 2.7-cm 

long by 0.14 cm in diameter.  Collimator spatial resolution varied linearly as a function 

of source-to-detector distance and agreed well with experimental line-source 

measurements.  Detector blur was modeled by convolving a 2D, 0.34-cm-FWHM 

Gaussian kernel with ray-tracing results.  Also modeled were the efficiencies of the 

collimator, scintillator, and branching ratio of 99mTc.  Scatter was not considered.  

Projection images were simulated for step-and-shoot mode every 3 degrees over 

a half-circular trajectory by rotating the detector from right lateral over the chest to left 

lateral as shown in Figure 4.  
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ray was traced from each quadrant to account for finite bin width.  Noisy reconstructed 

images were smoothed with 3D Gaussian kernels of 8, 14, and 20-mm FWHM.  

3.2.3 Image Analysis 

Contrast-to-noise ratios (CNRs) and localization metrics were calculated from 

noisy image ensembles.  For CNR calculations, 3D regions of interest (ROIs) were drawn 

around tumor.  Approximately 7.2 mm away from these ROI boundaries, shell-like ROIs 

were defined in background.  ROIs were approximately spherical for stationary tumors.  

For lung tumors, ROIs were irregularly shaped so as to account for the asymmetric 

burring effects of respiratory motion.  Both tumor and background ROIs were the size of 

tumor volumes and encompassed 21, 45, and 139 voxels for respective tumor diameters 

of 10.8, 14.4 and 21.6 mm. 

Contrast was defined as  

 , (3-1)

 

where   and  are mean tumor and background ROI intensities in image i.  

Mean contrast –  
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 1
, (3-2)

– was calculated from the N = 25 noisy reconstructed images.  This definition of contrast 

allows for negative values when background is hotter than tumor in order to avoid 

upward bias of mean contrast values when background noise dominates the tumor 

signal.  Noise was calculated as the standard deviation of contrast:  

 1 1 . (3-3)

Ensemble average contrast-to-noise ratio was  

 . (3-4)

Localization accuracy and precision were assessed by calculating the mean and 

standard deviation of distances between true and measured tumor centroids over 

ensembles of noisy reconstructed images.  Tumor locations in noisy images were 

selected via a forced choice task using a variation of the non-prewhitening matched 

filter.  This approach to localization is relevant to radiation therapy delivery because 

disease is known to exist, yet the exact position varies with each time the patient is 

positioned on the treatment table.  

Since the approximate tumor location is known from treatment-planning images, 

the search can be limited to a relatively small volume.  In this study, search volumes – 
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14.4-mm-radius spherical ROIs – were defined around each tumor.  Each search volume 

contained 257 voxels that were subdivided 3 times in each dimension.  The location in 

the ROI that had the highest cross-correlation with a noise-free tumor template was 

selected as the measured tumor using Eqs (2-1, 2-2), as defined in Chapter 2. 

The denominator in the above cross-correlation equation normalizes the 

response such that it does not depend as much on voxel intensities as without 

normalization.  As such, cross-correlation values were suppressed for hot background 

structures (e.g., heart) that would have otherwise elicited greater responses than nearby 

tumor.  Tumor templates were generated by convolving true tumor geometries with a 

14.4-mm-Gaussian kernel that approximates typical spatial resolutions in these images.  

For lung tumors, the true tumor geometry included asymmetric blurring from 

respiratory motion.  Tumor templates were constructed on cubic grids of 0.12-cm-wide 

voxels with grid widths of 27, 33, and 39 voxels for tumor diameters of 10.8, 14.4, and 

21.6-mm respectively.  

Mean localization error  was defined as the distance dr, Eq (2-3), between true 

and measured tumor positions, as averaged over the ensemble of N = 25 noisy 

reconstructed images using the following equation:   

 1
. (3-5)

Standard deviation of localization error was computed as follows: 
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 1 1 . (3-6)

3.3 Results 

3.3.1 Reconstructed Images 

Reconstructed images for each combination of tumor diameter and scan time are 

presented in Figure 6.  These images are noisy realizations, not ensemble averages, and 

have been smoothed with a 3D, 14-mm-FWHM Gaussian kernel.  Grids are 

superimposed on images such that each square element is centered on a tumor.  
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time is increased to 8 and then 20 minutes, there are fewer and fewer hot spots off center 

of the grid, which suggests that apparent activity is true tumor signal.  Tumor-to-

background uptake ratios have a substantial effect on tumor visibility.  Those tumors on 

the patient right side with 6:1 uptake ratios are more noticeable than left-sided tumors 

with 3:1 uptake ratios.  Also note the impact of tumor location relative to the detector 

trajectory: Tumors near the chest wall, which are on average closer to the detector, are 

strikingly more apparent than lung tumors and stationary tumors near the spine.  The 

detector trajectory also affects apparent tumor shape.  Anterior tumors are 

approximately circular, while other visible tumors are elliptical with vary degrees of 

eccentricity.  Greater eccentricity occurs with the detector-to-tumor distance is 

substantially different over the detector trajectory.  

3.3.2 CNRs 

CNRs were calculated from ensembles of noisy reconstructed images using Eqs 

(3-1 – 3-4).  CNR values are displayed in Figure 7 as a function of anatomy for the 

investigated scan times and tumor diameters.  Many of the visual trends noted in 

reconstructed images from Figure 6 are expressed quantitatively in Figure 7 as ensemble 

CNRs.  CNRs increase approximately by the square root of imaging time.  Right-sided 

tumors with 6:1 radiotracer uptake ratios have higher CNRs than their laterally-

symmetric counterparts of 3:1 uptake by an average factor of 1.6.  CNRs of anterior 
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In all but the regions of poorest SPECT image quality, tumors of 6:1 uptake are 

typically localized as accurately with 4 minutes of scan time as tumors of 3:1 uptake that 

are imaged for 20 minutes.  This trend is demonstrated in Figure 9 by observing the 

relative height of boxes, specifically the first white and the third black boxes within a 

column.  For locations at which noise and blur are severe, localization is determined 

primarily by random chance for both 3:1 and 6:1 uptake ratios.  In these cases, 

localization accuracy is similar and poor for the two uptake ratios.  This effect is 

illustrated by the 10.8-mm tumors in the lungs.  

Tumor location has a major impact on localization accuracy.  In Figure 9, there is 

a general trend where localization errors worsen when tumor location changes from 

anterior to lateral to posterior.  As with CNRs, tumor location relative to the detector 

trajectory can have a larger effect on localization error than radiotracer uptake ratio.  

These effects are shown in Figure 9 when making comparisons among stationary tumors 

near the chest wall of different uptake ratios, and then with counterparts near the spine 

and posterior ribs.  Though localization is generally poor for posterior tumors, certain 

results are encouraging.  When using relatively short 4-minute scans, anterior tumors 

with diameters of 14.4 and 21.6 mm and 6:1 uptake ratios had mean localization errors 

less than 2 mm.  
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There are other more subtle effects in Figure 10.  In the CNR range of 3 to 5, 

localization is typically better for tumors of 6:1 than 3:1 uptake.  Localization error is 

generally better for stationary tumor of the same uptake ratio than lung tumors with 

similar CNRs.  Two stationary tumors of 3:1 uptake with relatively high CNRs are 

noticeably skewed above the other data points.  The unexpected degradation in 

localization error is attributable to proximity to the heart where radiotracer 

concentrations are much higher and suppress tumor signal inferiorly.  These results 

show potential challenges for localizing targets near hot background structures.  

3.4 Discussion 

In this simulation study, on-board SPECT was investigated for localizing 

functional and molecular targets.  Several parameters were considered: tumor location, 

diameter, uptake ratio, and scan time.  Among these, one of the most influential factors 

was radiotracer uptake in tumor relative to background: as indicated by CNRs, 

localization metrics, and visual inspection.  Tumors of 6:1 uptake were strikingly more 

noticeable that their laterally symmetric counterparts of 3:1 uptake.  These visual 

observations were supported by quantitative values – CNRs and localization accuracy.  

CNRs were on average 1.6 times greater for the tumors of 6:1 radiotracer specificity.  

Typically, tumors of 6:1 uptake were localized as accurately using 4-minute scans as 3:1-

tumors that had been imaged for 20 minutes.  These trends are consistent with the CNR 
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equation.  CNR is proportional to image contrast and inversely proportionally to the 

square root of counts.  Practically these trends have important implications, especially in 

the context of radiation therapy delivery where fast scan times are important to 

minimizing patient motion and ensuring machine throughput.  Thus, specificity will be 

an important criterion when selecting or developing potential radiotracers for on-board 

SPECT imaging.  Conversely, radiotracer specificity observed in treatment planning 

images might be useful in gauging whether individual patients would benefit from on-

board SPECT.  

SPECT imaging within treatment rooms may present unique constraints that 

require specific research and development.  For example, these simulations modeled a 

flat-top treatment couch, which has a shape different from typical curved diagnostic 

couches.  The width of the treatment couch top prevents the detector from maintaining 

close proximity to the phantom, which degrades spatial resolution.  Further, posterior 

couch constraints, i.e., the supporting side rails, were one reason for considering an 

anterior half-circular trajectory.  The couch shape poses inherent challenges to on-board 

SPECT imaging.  

Tumors near the chest wall, which were on average closer to the detector, were 

imaged with better spatial resolution and less attenuation than tumors in other 

anatomical locations, especially those tumors near the spine.  The combined effects of 
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spatial resolution and attenuation had a substantial impact on tumor visibility, CNR, 

and localization error.  These results show the importance of developing detector 

trajectories that maintain close proximity to tumor.  In contrast to diagnostic imaging, 

where the task may often be to survey a broader volume, for on-board-imaging 

guidance of the radiation therapy beam, the approximate location of the tumor is 

known, and detector trajectories could be optimized for imaging these known specific 

tumor sites.  

CNR and localization error are related, but one metric may not necessarily be a 

good predictor of the other.  In this study, noisy reconstructed images were smoothed 

using Gaussian kernels with FWHM widths of 8, 14, and 20 mm.  CNRs and localization 

errors were calculated for each degree of smoothing.  CNRs improved with smoothing.  

In contrast, localization errors improved at certain anatomical locations but worsened 

for others.  On average localization errors were comparable across different degrees of 

smoothing.  These results demonstrate that localization errors cannot be estimated 

directly from CNRs.  Encouragingly, these results also suggest that localization accuracy 

is somewhat robust to smoothing.  It follows that they may be robust to iteration number 

when using iterative reconstruction since smoothness is highly correlated with iteration 

number.  Smoothing did, however, impact localization for certain tumors, and these 

effects need to be studied further. 
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3.5 Conclusions 

SPECT imaging was investigated for localizing biological targets immediately 

prior to radiation therapy.  CNRs and localization errors were analyzed as function of 

tumor size, location, radiotracer uptake, and scan time using computer simulations.  

Localization errors were less than 2 mm for certain tumors using relatively short 4-

minute scans.  These encouraging results warrant further investigation of on-board 

SPECT for localizing biological targets.
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4. Detector Response Function Compensation 
Findings from this study have been submitted for publication in Medical Physics. 

The manuscript “Direction-dependent localization errors in SPECT images” is currently 

under revision.  This work was supported in part by a DoD Breast Cancer Research 

Program Predoctoral Traineeship: W81XWH-08-1-0365. 

4.1 Introduction 

The detector response function (DRF) in SPECT is degraded by finite detector 

spatial resolution and by distance-dependent collimator spatial resolution.  A parallel-

hole collimator with infinitely long holes would only accept rays perpendicular to the 

detector surface.  Real-world collimators are not ideal because there is a tradeoff 

between sensitivity and spatial resolution.  Due to finite collimator hole length and 

width, spatial resolution degrades as distance increases between a radioactive source 

and the detector.   

Using iterative reconstruction methods, it is possible to model the DRF.  

Modeling the DRF during reconstruction has been called detector response function 

compensation (DRC) [53].  To be consistent with this naming convention, images 

reconstructed with no DRC are referred to as nDRC.  DRC is a more physically accurate 

model of the imaging process than nDRC.  DRC is able to restore a greater range of 

spatial frequencies, but noise is increased at these frequencies [54].  The effects of DRC 
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on LROC performance have been studied for 67Ga-SPECT imaging using human 

observers.  Localization was considered correct if an observer was within 1.7 cm of the 

true location.  By averaging over multiple sites in the chest, DRC was found to increase 

the area under the localization receiver operating characteristic (LROC) curve [53].  

Here we investigate DRC in comparison with nDRC for the task of quantifying 

localization errors. 

4.2 Methods and Materials 

4.2.1 Analytic Model 

In SPECT, a collimator is used to select photons emitted in a particular direction.  

For a parallel-hole collimator, hole length l and diameter d define the range of angles – 

θ (-arctan(d/l), arctan(d/l)) – through which rays may pass directly to the detector.  Rays 

perpendicular to the detector surface, where θ  is equal to zero, have the highest 

probability of being accepted.  Angular ray weights a(θ) for circular holes are described 

by the following equation: 

 2 cos tan tan 1 tan 	,	 (4-1)

where c is a normalization factor [55].  For planes parallel to the detector surface, the 

response function is shift invariant.  A schematic is shown below in Figure 11.   
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The number of collimator-resolution rings N is a variable that defines the 

number rays R in a cone: 

 1 8 ∙ , (4-2) 

where i indexes over ring number, starting at zero for the central segment.  This model 

reduces to a central, perpendicular ray when i is equal to zero.  For this sampling 

scheme, each segment of the cone has equal area, and each segment is of the same radial 

and tangential widths, except for the central segment where radial width is half and 

tangential width is double that of a ring segment.  

Intrinsic blur from the detector crystal was modeled with a 2D Gaussian kernel.  

The degree of blurring depends on crystal thickness and photon energy.  For a 3/8” NaI 

crystal and 140 keV photons, the FWHM is typically between 3 and 4 mm [56].  

The simulated DRF was validated with measured data from a Trionix Triad 

SPECT scanner.  The DRF model explicitly assumes circular collimator holes.  Many 

physical collimators have hexagonal holes because hexagonal holes pack more 

efficiently on a hexagonal grid, which allows a greater fraction of photons to pass 

through to the detector.  That noted, the response from circular and hexagonal holes of 

equal area is very similar [55].  
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4.2.1.1 Line Source Data at Various Distances 

Two line sources – capillary tubes of 1-mm inner diameter – were each filled with 

approximately 1.5 mCi of 99mTc.  The radioactive portions of the tubes were 

approximately 8 cm in length.  The tubes were taped parallel to one another and 

separated by approximately 10 cm on a piece of cardboard that was in turn taped to the 

end of the SPECT couch.  Two line sources were used to verify scale, but only one was 

plotted.  Cardboard was used to minimize back scatter.  The SPECT scanner was 

equipped with low energy, ultrahigh resolution (LEUR) parallel-hole collimation.  The 

hexagonal LEUR holes were 1.40 mm in diameter and 34.9 mm in length.  Projection 

images were acquired over a range of source-to-collimator distances: 0.1, 10, 20, 30, and 

40 cm.  Counts were collected for 300 seconds at each detector position in a photopeak 

window set at 140 keV +/- 10%.  Projection images were realized on a grid of 0.89-mm-

wide bins.  The grid size was 512 x 512 bins.   

This experiment was repeated in SPECT-MAP using a simulated line source 

similar to those described above.  The SPECT-MAP model for the DRF assumes circular 

holes, as described above.  As such, a circular hole was simulated with a diameter of 1.47 

mm that is equivalent in area to a hexagonal hole with a diameter of 1.40 mm.  An 

effective hole length of 34.2 mm was modeled to account for penetration of 140 keV 

photons through the lead collimator.  Distance from the patient-side surface of the 
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collimator to the image plane was modeled as 6.2 cm.  Cones of 961 rays were traced 

from 15 transaxial positions in each 0.89-mm-wide bin.  Intrinsic blurring from the 

crystal was modeled with a 2D, 3.4-mm-FWHM Gaussian kernel.    

The scanner-acquired line source data was used to validate our model of 

distance-dependent spatial resolution.  Profiles were drawn across the line sources in 

projection images.  Profiles were centered on and approximately orthogonal to the long 

axis of a line source.  Profiles were 17.8-mm thick to average over noise fluctuations.  

Measured and simulated line sources were the same length.  As such, any edge effects 

due to finite source length were similar in both estimates.  Profiles through measured 

and simulated data were normalized by their respective maximum values and were 

plotted together in Figure 15.  This study was designed to test the SPECT-MAP model of 

the DRF in projection images.  

4.2.1.2 Reconstructed Point Source 

Another study was performed to test DRC in reconstructed images.  A point 

source of 4.44 mm in diameter was realized on a grid of 0.555-mm voxels.  The point-

source intensity was 100 µCi/ml and background was zero.  Projection images were 

simulated for LEUR collimation and a half-circular detector orbit with 60 views.  Cones 

of 121 rays were traced from each detector bin.  At each view, distance between the 

source and collimator was 10 cm.  Images were reconstructed with and without DRC 
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using OSEM.  OSEM was investigated with 1, 4, and 10 subsets.  The DRC model 

matched the forward projection model exactly.  Images were analyzed as a function of 

image updates (subsets ∙ iterations) for 1 to 48,000 updates.  Signal recovery was 

calculated for a ROI placed tightly around the true point source.  Profiles, 4 pixels thick, 

were drawn across the reconstructed point source in the central slice for select image 

updates.  

4.2.2 Computer Simulation using the XCAT Phantom 

 An anthropomorphic phantom was used to study localization performance – 

nDRC vs. DRC – under more clinically realistic imaging conditions.  

A female XCAT phantom, an extended version of the NCAT phantom [52], was 

implemented on a grid of 0.15-cm-wide voxels.  Twelve, 1.5-cm-diameter tumors were 

simulated – in axilla, breast, chest wall, lung, rib, vertebra, and other soft tissues – for a 

broad sampling of locations deep, superficial, anterior, and posterior in an axial slice 

superior to the heart.  Tumor activity concentration was 1.5 µCi/cm3.  Relative activity 

ratios were 20:6:1 for heart, tumor, and other tissues [40].  The simulated activity 

distribution and the 12 tumor sites labeled A-L are shown in Figure 13.  Beneath the 

supine phantom with raised arms, a flat-top couch was simulated that had a lateral 

width of 50.5 cm.  Attenuation was modeled for 140 keV photons, the emission energy of 

99mTc.  Linear attenuation coefficients were as follows for the different structures: lung, 
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The simulated 54-cm detector width was sufficiently broad as to avoid image 

truncation transaxially.  In the axial dimension, the simulated detector was more 

compact at 15 cm than a full-size gamma camera of 20 to 40 cm in width [28].  Projection 

bins were 0.15-cm wide.  Noise-free projection images were degraded with Poisson 

Noise to simulate 5 seconds of imaging time per detector view.  In regions of the 

detector illuminated by background, i.e., not by heart or tumor, approximately 8 counts 

per second were recorded per cm2.  An ensemble of 80 noisy realizations was generated 

using this detector trajectory. 

Images were reconstructed using OSEM [35].  Four subsets were used to 

accelerate DRC reconstructions.  One subset was used for nDRC images because the 

optimization of iteration number indicated that 1 iteration with 4 subsets gave too many 

image updates for optimal localization at many tumor sites.  One-subset OSEM is 

MLEM [33,34].  Both reconstruction methods used the same ensemble of noisy projection 

images.  As such, reconstructed images were paired with the only difference being the 

reconstruction method (DRC or nDRC).  For nDRC, central rays were traced 

perpendicular to the image plane and from each detector bin through the phantom.  The 

DRC model accounts for distance-dependent collimator spatial resolution and crystal 

blurring and is matched exactly to that used for simulating projection images.  For both 

reconstruction methods, non-uniform attenuation was calculated along each ray.  The 
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attenuation map was ideal.  Reconstructed images were implemented on a grid of 0.30-

cm voxels.  Post-reconstruction smoothing was performed using 3D Gaussian kernels 

that ranged from 0 to 2.5-cm FWHM in increments of 0.5 cm.  In sum, 80 noisy images 

were reconstructed using 2 variations of OSEM (DRC and nDRC) and smoothed to 

different degrees with 6 Gaussian kernels at each iteration number.  

4.2.2.1 Target Localization 

Localization was assessed in a forced choice task, where each 3.0-cm-diameter 

spherical search volume Ω contained one and only one tumor.  Tumor was centered in 

Ω at coordinates (xt, yt, zt).  A numerical observer sampled Ω every 0.3 cm in Cartesian 

space.  The voxel with the greatest response and its 26 neighbors were then sampled 

more finely at every 0.1 cm.  The observer selected subvoxel location i(xm ,ym ,zm) within 

Ω of noisy image g that produced the greatest scalar response from cross correlation 

(XC) with a non-prewhitening filter w using Eqs (2-1 – 2-3).  The filter w was 1.5x1.5x1.5 

cm3.  The filter included the background-subtracted tumor signal –  i.e., the same size, 

shape, and intensity – as defined in phantom.  The same filter w was used for all 12 

tumor sites and for both reconstruction methods and variations of cross correlation.  

Note that the filter was not perfectly matched since tumor appearance was distorted in 

SPECT images due to the effects of attenuation and location dependent spatial 

resolution.  
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4.2.2.2 Target Volume Estimation 

Target volumes were estimated across the image ensemble described above.  The 

task was to segment tumor from background in the 3.0-cm-diameter search volumes, 

each containing a 1.5-cm-diameter tumor of 6:1 uptake relative to background.  Because 

the tumors were defined mathematically, true tumor voxels were known exactly.  Voxels 

containing any amount of tumor were considered tumor.  Segmentation was performed 

using intensity thresholds, i.e., voxels below a particular value were considered 

background and the remaining voxels were identified as tumor.  The agreement 

between the segmented tumor volume S and the true tumor volume T was evaluated 

using the Dice coefficient D:  

 2| ∩ || | | |. (4-3)

 Comparisons in volume estimation performance between nDRC and DRC 

images were made using locally optimal parameters.  That is for each target, iteration 

number, post-reconstruction smoothing, and intensity thresholds were optimized to 

yield the best mean Dice coefficient from the image ensemble.   

4.3 Results 

4.3.1 Model Validation 

We tested our model of distance-dependent spatial resolution in 2D projection 

images and in 3D reconstructed images.  
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4.3.2 Computer Simulations using the XCAT Phantom 

Here we use the digital anthropomorphic XCAT phantom to compare target 

localization and volume estimation performance in nDRC and DRC images.  Tumors are 

1.5 cm in diameter and of 6:1 activity relative to background.  

4.3.2.1 Reconstructed Images 

Images are displayed in Figure 18 that have been reconstructed using the same 

projection data with the only difference being the reconstruction model: nDRC vs. DRC.  

Images are displayed for iteration numbers 4, 12, and 20.  At each iteration number, 

images were smoothed 3D Gaussian kernels of 0.0, 0.5, 1.0, 1.5, 2.0, and 2.5 cm FWHM.  



R

 

Figure 18

Representat
displayed a

8: XCAT ima
iteration 

ive images (
s function of

smoothing

ages reconstr
numbers an

(nDRC, DRC
f iteration nu
g with 3D Ga

 57

ructed with 
nd with vary

 

C) reconstruc
umber (4, 12
aussian kern

7

and withou
ying degree o

cted using th
2, 20) and de
nels (0.0 – 2.5

ut DRC, show
of smoothing

he same proj
egree of post
5 cm FWHM

wn at variou
g 

jection data 
t-reconstruct

M). 

 

us 

and 
tion 



4.

 

re

80

er

lo

 

.3.2.2 Target

Smoo

econstructio

0-image ens

rror are disp

Figure 19: T
ocalization e

t Localizatio

thing and ite

n method to

emble.  The 

played in Fig

The effects of
error, as calc

on 

eration num

o yield the lo

effects of sm

gure 19.   

f iteration nu
culated acros

reco

 58

mber were op

owest mean 

moothing an

umber and p
ss an 80-ima

onstruction m

8

ptimized for 

localization 

nd iteration n

post-reconstr
age ensemble
methods 

each tumor

error, as cal

number on m

ruction smo
e, shown for

r site for each

lculated from

mean localiz

othing on m
r nDRC and 

h 

m the 

ation 

 

mean 
DRC 



D

re

T

17

lo

im

n

b

ar

 

Subse

DRC images 

econstructio

Table 1: Opti

For nD

7.5 vs. 17.9 m

ocalization w

mages.  Furth

DRC images

etter in DRC

Locali

re displayed

equent comp

use optimal 

n smoothing

imal combin

DRC and DR

mm.  DRC im

was obtained

her, DRC ha

s.  For 5 of th

C images.  D

ization error

d for each tum

parisons of ta

combinatio

g.  These opt

nations of sm
in nD

RC images, o

mages requir

d using 3.0 it

ad 4 times m

he 6 targets l

RC did not i

rs were calcu

mor site and

 59

arget localiz

ns of iteratio

timal values

 
moothing and
DRC and DRC

optimal smo

red more im

terations for

more subsets

localized to 

improve loc

ulated across

d reconstruct

9

ation perfor

on number a

s are reporte

d iteration n
C images 

oothing was 

mage updates

r nDRC and 

– 4 times m

< 2 mm on a

alization of 

s the image 

tion method

rmance betw

and degree o

ed in Table 1

number for ta

very similar

s.  On avera

8.3 iteration

ore image u

average, loca

lung tumors

ensemble us

d in Figure 2

ween nDRC a

of post-

.  

arget localiz

 

r on average

ge the best 

ns for DRC 

updates – tha

alization wa

s H and J.  

sing Eq (2-3)

20 using box 

and 

zation 

e: 

an 

as 

) and 



p

ob

th

o

p

 

lots.  A box 

btained by u

hose distanc

f informatio

Figu

Box plots 
denote med

oint within 

plot is also d

uniformly an

es from the 

n provided 

ure 20: Targ

of ensemble
dians, filled r
1.5 x IQR fro

Ma

displayed fo

nd exhaustiv

true tumor l

by SPECT fo

et localizatio

e localization
rectangles th
om the 25th 
arked by * is 

 60

or random ch

vely samplin

location.  Th

or target loca

on in XCAT 

 
n errors at tu
he interquar
and 75th pe
a box plot fo

0

hance.  The r

ng the search

his plot is use

alization.  

images with

umor sites A
rtile range (IQ
ercentiles, an
or random c

random cha

h volume an

eful for gaug

h and withou

A-L.  Black ho
QR), whiske

nd filled mar
chance. 

nce plot was

nd recording

ging the amo

ut DRC 

orizontal ba
ers the last d
rkers the out

s 

g 

ount 

 

rs 
data 
tliers.  



 

 61

 
Differences in ensemble localization errors were assessed for statistical 

significance using the Wilcoxon signed-rank test.  P-values were less than 0.05 for F, G, 

H, J, and L.  

4.3.2.3 Target Volume Estimation 

 In the previous section, the iteration number and degree of post-reconstruction 

smoothing were optimized for target localization.  Here they are optimized for the task 

of target volume estimation, using the Dice coefficient as a figure of merit.  Dice 

coefficients were calculated using Eq (4-3) and were averaged across the ensemble of 80 

images using locally optimal intensity thresholds.  The effects of smoothing and iteration 

number on volume estimation are displayed in Figure 21.  In these colorwash images, 

lighter color signifies better volume estimation.  A Dice coefficient equal to one is ideal.  

Note that smoothing with a 3D Gaussian kernel of 1 to 1.5 cm FWHM typically yields 

the best volume estimates.  These distributions shown in Figure 21 are more peaked than 

those in Figure 19.  
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4.4 Discussion 

For superficial tumors A-F, that were in close proximity to the detector trajectory, 

mean localization errors were < 2 mm using either reconstruction model: DRC or nDRC.  

Target localization was slightly better in DRC images for 5 of these 6 tumors, but 

statistical significance was found only for tumor F near the axilla.  Target volume 

estimation was better and significantly so in DRC images for A-F.  Though 

improvements in localization were generally small (~0.2 mm) using DRC as opposed to 

nDRC, by visual observation, tumor was better differentiated from background in DRC 

images.  For this reason, human observers may prefer DRC images even if gains in 

target localization are expected to be marginal.  Improved volume estimation, however, 

would be important for the task of identifying and treating temporally-varying targets, 

e.g., hypoxia, in real time.  In sum, DRC appears beneficial for the well-localized 

superficial, proximal tumors. 

DRC did not improve localization or volume estimation for lung tumors.  In fact, 

performance was worse in DRC images.  Respiratory motion is not the cause since it was 

not modeled for lung tumors in this study.  Using DRC, the signal of deep targets may 

be recovered more slowly, i.e., at higher iteration numbers, than the signal of superficial 

more proximal targets.  However, the highest iteration number was not optimal for 

either target localization or volume estimation of the lung tumors in DRC images.  These 
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results suggest that DRC is not beneficial for localizing or estimating the volumes of 

deep targets.  Deep targets, in general, are poor candidates for parallel-hole SPECT 

imaging because of attenuation and distance-dependent spatial resolution.  Further 

research is needed to understand the underlying mechanism for degraded localization 

and volume estimation using DRC and also the distance and/or degree of attenuation at 

which nDRC and DRC are equivalent for these tasks.  

4.5 Conclusion 

DRC appears beneficial for proximal, superficial targets.  The largest and most 

significant gains are in target volume estimation.  Though DRC typically improved 

localization of these targets, improvements were on the order of 0.2 mm for targets 

localized to < 2 mm.  The clinical benefit is unclear for reductions in localization errors 

on this scale.  Because DRC degraded target localization and target volume estimation 

for deeper, more distal tumors, further investigation is needed to determine scenarios in 

which DRC would be beneficial for either target localization or volume estimation. 
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5. Target Localization Dependence on Observer 
Information 

Select findings from this study have been submitted for publication in Medical 

Physics.  The manuscript “Direction-dependent localization errors in SPECT images” is 

currently under revision.  This work was supported in part by a DoD Breast Cancer 

Research Program Predoctoral Traineeship: W81XWH-08-1-0365. 

5.1 Introduction 

 In radiation therapy, information on the target, e.g., shape, size, and approximate 

position, can be estimated from high-quality treatment planning images.  Using this 

information it would be possible to derive an observer template, and as such, a 

numerical observer could assist with the on-board localization task.  This study 

investigates localization performance as function of the amount of information provided 

to the numerical observer.  Templates are investigated that have exact knowledge of 

target appearance in SPECT images along with other templates that have knowledge of 

target size but imperfect knowledge of geometric distortions due to location-dependent 

spatial resolution and attenuation.  We also investigate observer normalization.  

Normalized cross correlation places less emphasis on activity and more emphasis on 

shape than un-normalized cross correlation.  These studies use datasets described in 

Chapters 3 and 4.   
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5.2 Methods and Materials 

5.2.1 Observer Normalization  

Localization performance is assessed using both normalized and un-normalized 

cross correlation in images described above in Chapter 4.  

Localization was assessed in a forced choice task, where each 3.0-cm-diameter 

spherical search volume Ω contained one and only one tumor.  Tumor was centered in 

Ω at coordinates (xt, yt, zt).  A numerical observer sampled Ω every 0.3 cm in Cartesian 

space.  The voxel with the greatest response and its 26 neighbors were then sampled 

more finely at every 0.1 cm.  The observer selected subvoxel location within Ω of noisy 

image g that produced the greatest scalar response from normalized cross correlation 

(NXC) with a non-prewhitening filter w.  Please reference Eqs (2-1 – 2-3).   

Thus, location (xm ,ym ,zm) was recorded as the measured tumor centroid.  The 3D 

filter w was 1.5x1.5x1.5 cm3 and was large enough to completely represent the 

background-subtracted tumor signal as defined in phantom.  The same filter w was used 

for all 12 tumor sites and for both reconstruction methods and variations of cross 

correlation.  Note that the filter is not perfectly matched since blurring broadens tumor 

appearance in SPECT images. 
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Cross correlation (XC) without normalization – the inner product – was also 

investigated: 

 XC , (5-1)

where w is the observer template and g is a region of the image at least partially inside 

search volume Ω.  

5.2.2 Target Appearance in Observer Template 

Localization performance was evaluated across ensembles of SPECT images, as 

described in Chapter 3, using three variations of the observer template.  All variations of 

the template have correct knowledge of target size, but varying amounts of knowledge 

about target appearance in the SPECT images.  In SPECT, geometric distortions are 

related to attenuation, distance-dependent spatial resolution, and the iteration number 

for iterative algorithms [31].  The first template was the most simplistic.  The target – an 

ideal sphere – was blurred by a 14-mm-FWHM, 3D Gaussian kernel.  This degree of 

blurring roughly approximated blurring in the SPECT images.  The second template 

accounted for image location-dependent spatial resolution but not background activity 

or attenuation.  To generate these templates, noise-free projections were simulated for 

ideal spheres by modeling distance-dependent spatial resolution for spheres in 

particular locations relative to the detector trajectory.  Templates were then obtained 

from noise-free images reconstructed without compensation for spatial resolution using 

the same number of iterations and subsets as for the noisy images.  The third template 
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present in the NPW templates, as shown in Figure 24 (c).  Side lobes occur along a 

direction with the best spatial resolution and minimal attenuation. 

5.3 Results 

5.3.1 Observer Normalization  

The mean value of localization error dr was calculated across the 80-image 

ensemble for each tumor site, reconstruction method, variation of cross correlation, 

iteration number, and degree of smoothing.  Mean localization errors are mapped out as 

a function of these parameters in Figure 25 where darker color signifies better 

localization.  A white crossed box marks the combination of iteration number and 

smoothing that gives the lowest mean localization.  Subsequent comparisons are 

performed at these optimal parameter values.  Optimal values are reported in Table 3. 
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5.3.2 Target Appearance in Observer Template 

Mean localization errors were calculated across the 25 image ensembles 

described in Chapter 3 using Eqs (2-1 – 2-3).  Localization was assessed using three 

variations of the observer template.  Each template had knowledge of tumor size but 

varying degrees of knowledge about geometric distortions due to attenuation, distance-

dependent spatial resolution, and iteration number.  In Figure 28, localization 

performance is compared for templates with Gaussian blurring and templates that 

account for location-dependent spatial resolution.  A black diagonal line marks 

equivalent localization performance.  Data points below that diagonal line indicate 

better localization performance using templates that model image location-dependent 

spatial resolution, and points above that line indicate better performance using a 

Gaussian-blurred template.  For tumors localized to < 0.2 cm, localization errors are very 

similar using either of these observer templates.  
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helped in 38 of the 48 combinations of 12 tumor sites, DRC versus nDRC, and NXC 

versus XC.  At each tumor site, smoothing was always helpful for NXC.  The degree of 

smoothing optimal for localization was largely determined by the type of cross 

correlation – NXC versus XC.  NXC localization was optimized by Gaussian kernels of 

approximately three times greater width than XC.  This can be understood as follows: 

Smoothing increases background gradients, particularly near activity boundaries.  XC – 

the (un-normalized) inner product – is biased by such non-uniformities, much more so 

than NXC.  Thus for example, NXC localization is much better than XC localization at 

tumor site I, which is near the heart.  The normalization in NXC reduces the localization 

biasing effects of lower-frequency background non-uniformities, such as the heart.  By 

allowing for greater smoothing than XC, NXC may also minimize the effects of higher-

frequency noise.  A greater number of image updates (product of the number iterations 

and number of subsets) were needed for optimal localization in DRC than in nDRC 

images.  These results are consistent with the findings of other SPECT studies [53, 54].  

Comparisons were made between nDRC-XC, nDRC-NXC, DRC-XC, and DRC-

NXC for the iteration number and degree of smoothing that yielded the lowest average 

localization error.  Locally optimal parameters – smoothing and iteration number – were 

used to make fair comparisons in localization performance across the different tumor 

sites and between the different reconstruction methods and variations of cross 

correlation.  Optimal parameters are observer dependent and may not be known exactly 



 

 81

in clinical practice.  In two cases, localization performance was best at iteration 25.  In 

the absence of normalization, the XC observer selected the much hotter heart instead of 

tumor I.  It is possible that at higher iteration numbers, cardiac activity would be pulled 

out of the search volume, thereby resulting in better localization performance.     

At superficial tumor sites A-F, which are proximal to the detector trajectory, 

localization was either comparable or best using DRC-NXC.  However, differences in 

localization results are not statistically significantly different from DRC-XC and nDRC-

NXC at each site.  At all of these 6 sites except for E, localization was worst, and 

significantly so, using nDRC-XC.  At the other 6 sites where on average attenuation is 2.9 

times more severe and the collimator 1.4 times farther from tumor, DRC typically did 

not show better localization than nDRC.  Though DRC improved localization at G, 

localization was worse using DRC for lung tumors H and J and for L near the spine.  

These differences are statistically significant.  Results support using DRC and/or NXC 

for localization of proximal, superficial tumors with a non-prewhitening filter.  

Tumor proximity to the detector trajectory had a major impact on localization 

error, generally more so than the reconstruction method or type of cross correlation. 

Close detector proximity improves spatial resolution, and though attenuation only 

depends on the material between the detector and tumor, it too is typically best at views 

of close detector approach.  At site K, mean localization error was very poor; however, K 

was at a comparable depth in the phantom to other tumor sites, e.g., E and G, where 
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localization was vastly better because of closer proximity to the detector trajectory. 

Although the couch will limit detector approach and attenuate photons, localization of K 

may be improved using a posterior detector trajectory.  

This study used an ideal attenuation map.  If on-board SPECT is implemented 

clinically, attenuation maps could be derived from an offline CT, registered with SPECT 

or CBCT, or from on-board MV or kV CBCT.  Because these x-ray beams are 

polychromatic and 99mTc is monochromatic, the SPECT attenuation map cannot be 

measured directly, but it can be calculated [64].  CBCT images are, however, subject to 

artifacts caused by insufficient sampling, beam hardening, and scatter.  Inaccuracies in 

attenuation maps can cause errors in SPECT images [65].  Further investigation is 

needed to determine the effect of an imperfect attenuation map on localization 

performance.  The simulated detector had ideal scatter rejection.  Scatter has been shown 

to degrade localization-detection performance, though this effect can be lessened by 

compensating for scatter during image reconstruction [47]. 

5.4.2 Target Appearance in Observer Template 

Three observer templates were investigated for target localization.  All had 

knowledge of target size but had varying levels of information on target appearance in 

the SPECT images, which is distorted due to attenuation and location-dependent spatial 

resolution.  Localization performance was comparable using either Gaussian-blurred 

templates or templates that only modeled spatial resolution.  The best localization 
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performance was obtained using the matched NPW observer.  This result is expected 

since this observer had the most knowledge of target signal.  However, improvements in 

localization performance were on the order of 0.16 mm for targets localized to within 4 

mm, as compared with the other templates.  These results show that target localization is 

fairly robust to geometric distortions, or lack thereof, in the observer templates.  These 

results are encouraging for clinical implementation since observer templates from 

planning images might not match the target exactly as it appears in on-board SPECT 

images.  

5.5 Conclusions 

These computer-simulation studies compared localization performance for 

normalized and un-normalized variations of the non-prewhitening numerical observer, 

which were used to estimate tumor positions in SPECT images, reconstructed with and 

without DRC.  Normalized cross correlation improved target localization, particularly 

for tumors located near hotter background objects, e.g., the heart.  Also investigated was 

target appearance in the observer template.  All observers had knowledge of target size 

but varying degrees of knowledge on geometric distortions related to attenuation, 

distance-dependent spatial resolution, and iteration number.  Target localization was 

typically the best using perfectly matched templates, but improvements were generally 

modest, i.e., 0.16 mm on average for tumors localized < 4 mm.  These results suggest that 

target localization is fairly robust to geometric inaccuracies in observer templates.  This 
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finding is encouraging because target signal cannot be known exactly in the clinic.  

Further work is needed to characterize localization performance using observer 

templates derived from high-quality SPECT images.  
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6. Detector Trajectory 
Select findings from these studies have been submitted for publication in Medical 

Physics.  The manuscript on directional localization errors “Direction-dependent 

localization errors in SPECT images” is currently under revision, and the hardware 

study “On-board SPECT: Effect of detector trajectory on target localization in scanner-

acquired images” is under review.  This work was supported in part by a DoD Breast 

Cancer Research Program Predoctoral Traineeship: W81XWH-08-1-0365. 

6.1 Introduction   

This chapter explores the effects of the detector trajectory on target localization.  

Localization performance was assessed in hardware studies using three detector 

trajectories.  Localization errors were analyzed for directional dependencies and were 

related to the detector trajectory, using the XCAT Phantom and computer simulations 

described in Chapter 4.2.2.  

6.2 Methods and Materials 

6.2.1 Target Localization in Scanner-acquired Images 

6.2.1.1 Hardware Phantom 

Five fillable spheres – targets labeled A-E – were placed in a single 40-cm section 

of the Extended Oval PET Phantom [Data Spectrum, Hillsborough, N.C.] as shown in 

Figure 30.  Inner dimensions of the phantom are 34 cm laterally and 19 cm anterior-

posteriorly, with a 1-cm-thick polymethyl methacrylate (Acrylic) wall [66].  Spherical 
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6.2.1.2 Detector Trajectories Implemented on SPECT Scanner 

As shown in Figure 31, the phantom was imaged using one detector of a Trionix 

Triad SPECT scanner equipped with low-energy, ultrahigh resolution (LEUR) parallel-

hole collimation.  The LEUR collimator holes were 1.4 mm in diameter by 34.9 mm in 

length.  A photopeak window for 99mTc was centered on 140 keV +/- 10.0%.  Projection 

images were acquired every 2° in step-and-shoot mode and realized on a 256 x 128 grid 

of 1.78-mm-wide bins.  In regions of the detector illuminated by background activity, 

approximately 7 photons were detected in the photopeak window every second per cm2.  

The scan time was adjusted as the radioactivity decayed to maintain the equivalent of a 

4.5-minute clinical scan for a background activity level of 0.25 µCi/ml.  The modeled 

scan time does not include the time spent rotating the detector, and thus models the 

number of counts expected from list-mode acquisition, which could be implemented for 

on-board SPECT imaging.  
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distance-dependent spatial resolution, or scatter.  Iterations 1-9 were smoothed after 

reconstruction with a series of 3D Gaussian filters that ranged in FWHM from 0 to 22.5 

mm in increments of 2.5 mm.  After 10 half lives, the phantom was imaged by CT on a 

GE Lightspeed RT scanner at 120 kVp.  Voxels on the CT grid were 0.9766 x 0.9766 x 

1.250 mm3.  

6.2.1.3 Estimating True Target Position from CT and SPECT 

To calculate localization error, true target position must be known.  In this study, 

the true positions of targets A-E were estimated from CT and 12-hour SPECT images.  In 

the CT image, regions of interest (ROIs) were placed on the spheres.  Intensity 

thresholds were used to segment air, water, and sphere wall.  Target was defined as 

sphere wall and internal water, excluding air pockets.  The center of mass was calculated 

for each target and was used as an estimate of true target position on the CT grid.  

Figure 33 (a) shows the CT image and all targets, as averaged over all axial slices 

containing a target. 

In the 12-hour SPECT image, ROIs were placed on targets A-E.  Background 

activity was estimated from proximate slices and subtracted from each ROI.  Target 

appearance in SPECT images is influenced by distance-dependent spatial resolution, 

non-uniform attenuation, and scatter.  Due to these effects, it was challenging to select 

an ideal intensity threshold based on visual inspection to differentiate target from 

background.  To address this challenge, target positions in SPECT were estimated using 
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The 610 SPECT estimates of target positions were evaluated by registering these 

target positions with those derived from CT.  CT-based target positions TCT were scaled 

to account for different voxel dimensions vox in CT and SPECT images: 

 , , ∙ , ,, , , (6-1)

where i is an index over targets A-E, x and y are transaxial dimensions and z is axial.  

Scaled CT- and SPECT-based target positions – 5 pairs of 3D coordinates – were rigidly 

registered using Horn’s closed-form, least-squares method without scaling [67].  The 

resulting rotation matrix R and translation vector S were used to transform CT-based 

target coordinates onto the SPECT grid: 

 → . (6-2)

Residual errors RE between CT- and SPECT-based target coordinates were 

calculated as follows: 

, , → , → , → , 
(6-3) 

where i indexes over targets A-E and j indexes over the 610 SPECT estimates of target 

positions.  The maximum RE of A-E was recorded for each j.  The j with the lowest value 

was used to select the SPECT-based estimates of true target positions Ti(x, y, z) used in 

subsequent assessments of localization error. 
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At each detector view θ, attenuation survival probability PTi,θ was calculated 

along a central ray between the center of a target Ti and the collimator location CTi,θ.  PTi,θ 

is the fraction of photons that are not attenuated by the phantom or couch, and is 

described mathematically as follows: 

 , , , (6-4)

where i is an index of targets A-E, and µ is the linear attenuation coefficient over a line 

segment dr.  Figure 35 shows the line segment, defined by a central ray, between a target 

and collimator at detector angle θ.  
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Collimator spatial resolution is degraded in proportion to the distance between a 

target and collimated detector.  Collimator-target distance , 	is calculated as a 

function of detector angle θ  for targets A-E:  

 , , , . (6-5)

6.2.1.5 Target Localization 

Target localization was assessed in the 4.5-minute-equivalent SPECT scans using 

a variation of the non-prewhitening matched filter in a forced choice task.  Filters were 

binary spheres of the same diameters as the targets, so the filters were not matched 

exactly due to attenuation and location-dependent blurring in SPECT images.  Search 

regions (SR) were 36-mm diameter spherical volumes encompassing targets A-E and 

were designed to more than include positioning uncertainties common to RT delivery.  

Search regions were sampled at every voxel, and the most suspicious voxel and its 26 

neighbors were sampled at every 1/3 voxel width.  Measured target position M(x,y,z) 

was selected as the highest normalized cross-correlation value λ between filter w and SR, 

which is defined mathematically in Chapter 2, Eqs (2-1 – 2-3).  

The mean localization error of targets A-E was calculated across the 10-image 

ensembles for the 90 combinations of iteration number and degree of post-reconstruction 

smoothing.  Mean localization error was analyzed with respect to iteration number and 

smoothing.  The distribution of these errors was summarized by box plots.  The 

combination of iteration number and smoothing was recorded that yielded the lowest 
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mean localization error.  Optimal combinations of smoothing and iteration number were 

used in subsequent assessments of localization performance between detector 

trajectories.  

6.2.2 Direction-dependent Localization Errors 

6.2.2.1 XCAT Phantom 

The XCAT Phantom and image simulation methods used in this study are 

described in Chapter 4.2.2. 

6.2.2.2 Direction-dependent Localization Bias and Precision 

For each tumor site, direction-dependent localization errors (b┴θ, σ┴θ) were 

computed every 2° over 180°.  These errors were indexed by an angle θ.  Angle θ was 

defined in a transaxial plane as follows: θ is equal to 0 for the view from left lateral to 

center of rotation, π/2 for the anterior view, and π for the right lateral view.  Direction-

dependent localization bias (b┴θ) and precision (σ┴θ), indexed to a specific value of θ, 

were calculated along the dimension perpendicular to θ.  As such, localization precision 

at the anterior view describes the lateral spread of localization errors, and localization 

bias – the lateral bias.  This convention is illustrated in Figure 36.  The direction-

dependent localization errors are defined mathematically as follows: 
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Measured centroid coordinates	 , , 	 ,  
from noisy image k and true centroid 

coordinates , 	  were rotated by angle θ using matrix T: 

 cos sinsin cos  (6-6)

to yield 

 ,, ,,  (6-7)

and  

 . (6-8)

For the direction perpendicular to θ, localization bias b┴θ was calculated as  

 1 ,  (6-9)

and directional localization precision σ┴θ as     

 1 1 , , (6-10)

where 

 1 , 	. (6-11)
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proximal 180° trajectories.  Localization differences between proximal 180° and 360° 

trajectories are statistically significant at A and D with p-values of 0.004 and 0.049, 

respectively.  Using a proximal 180° trajectory, mean localization error is within 1.1 mm 

for A, B, D, and E.  The worst localization errors are within 2 mm for targets A, B, and E. 

6.3.2 Direction-dependent Localization Errors 

6.3.2.1 Localization Errors Superimposed on Phantom  

In Figure 41, target position estimates are overlaid on the attenuation map.  

There are 80 markers at each tumor site encompassing measurements from the 

ensemble.  Localization error patterns are dependent on the tumor site.  For instance at 

site B in the right breast, position estimates are tightly clustered near the true position.  

In contrast, position estimates are distributed more diffusely at site G in the right 

posterior rib where there is a noticeable anisotropy.   
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Contrasted with computer-simulation studies, where target position is known 

and localization error can be directly calculated, true target positions were estimated in 

this study using CT and 12-hour SPECT images.  Attenuation and scatter presented as 

slowly varying intensity gradients in uncorrected SPECT images, as shown in Figures 33 

and 37, but did not strongly affect image registration since residual errors for all targets 

were < 0.33 mm.  These residual errors are approximately three times smaller than CT 

voxel widths and are vastly smaller that SPECT spatial resolution, which in projection 

images is about 6.5 mm FWHM at 10 cm distance from the LEUR collimator used in this 

study.  Minimal residual errors were important for obtaining accurate estimates of 

localization errors. 

Localization was studied for three detector trajectories.  For all but the deep, 

centrally located target C, mean localization errors were lowest using proximal 180°, 

followed by 360°, and then distal 180° trajectories.  This rank order in localization is 

predicted by the attenuation survival probabilities and the collimator-target distances 

shown in Figure 38 and reported in Table 5.  These findings are consistent with cardiac 

SPECT studies comparing 180° and 360° trajectories [71, 72].  Note, however, that neither 

the left nor right 180° trajectory was optimized for specific target sites in this study.  For 

target B, a posterior 180° trajectory would decrease the distance between the target and 

the collimator while increasing attenuation survival probability in comparison with the 

three investigated detector trajectories.  Based on trends discussed above, it follows that 
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localization of B should improve.  These findings support the use of site-specific, 

proximal 180° detector trajectories for on-board imaging of superficial targets with 

parallel-hole SPECT.  For an individual patient, a detector trajectory might be optimized 

using treatment planning images to determine 180° trajectories that minimize distance to 

and attenuation of a target.  

This study demonstrates that parallel-hole SPECT is better at localizing 

superficial targets than deep targets.  The volumes of deep targets C and D were 1.8 to 

3.7 times larger than superficial targets A, B, and E; however, mean localization errors of 

the deep targets were on average almost twice that of superficial targets in images from 

proximal 180° trajectories.  Parallel-hole collimation was used exclusively in this work.  

Other collimators such as pinhole, conebeam, and fanbeam may yield different 

performance as a function of tumor depth [73].  

6.4.2 Direction-dependent Localization Errors Related to the Detector 

Trajectory 

Tumor proximity to the detector trajectory had a major impact on localization 

error, generally more so than the reconstruction method or type of cross correlation. 

Close detector proximity improves spatial resolution, and though attenuation only 

depends on the material between the detector and tumor, it too is typically best at views 

of close detector approach.  At site K, mean localization error was very poor; however, K 

is at a comparable depth in the phantom to other tumor sites, e.g., E and G, where 
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localization is vastly better because of closer proximity to the detector trajectory. 

Although the couch will limit detector approach and attenuate photons, localization of K 

may be improved using a posterior detector trajectory.  Further, detector trajectories 

could be optimized for individual patients and for specific tumor sites prior to on-board 

SPECT imaging since tumor location is known, at least approximately, from treatment 

planning images (e.g., CT), which could be used to estimate direction-dependent 

attenuation and to gauge distances between tumor and the detector at each view. 

 Localization error patterns were anisotropic.  Close detector proximity and 

minimal attenuation were good predictors of a direction with the lowest localization 

bias and best precision.  The direction-dependent localization pattern at site G is 

interesting in that localization is relatively good in one dimension but very poor 

orthogonally because of large differences in detector proximity at these and nearby 

views.  This information is not conveyed by Euclidean distances.  Strong directional 

dependencies have important implications for external beam radiation therapy since 

radiation is often delivered from multiple gantry angles.  Direction-dependent 

localization uncertainties may be factored into angle-specific beam margins, and if 

clinically indicated, radiation might be delivered primarily from gantry angles of good 

SPECT localization.  Conversely, SPECT trajectories might be designed to optimize 

localization for the planned beam angles.  More generally, direction-dependent error 

patterns could be useful to other SPECT-guided procedures such as biopsy.  
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6.5 Conclusions 

These hardware and computer-simulation studies investigate the effects of the 

detector trajectory on the magnitudes and the directional dependencies of localization 

errors.  The detector trajectory can have a substantial effect on target localization.   

Hardware-study results show that a proximal 180° detector trajectory is better 

than a 360° detector trajectory at localizing hot spherical targets.  For targets localized to 

< 2 mm on average, localization errors were typically twice as large with a 360° than 

with a proximal 180° detector trajectory.  This finding is important to on-board imaging.  

Because tumor location is known, at least approximately, prior to radiation therapy 

delivery, e.g., from treatment planning images, 180° detector trajectories could be 

optimized for individual patients to achieve close approach to and minimal attenuation 

of a tumor.  Another contribution of this study is the use of real scanner data.  Using 

scan times < 5 minutes and realistic activities, certain targets were localized to < 2 mm in 

10 independent SPECT images, thus showing the potential of SPECT for target 

localization using real detectors that are commercially available.   

This study demonstrates that localization errors are anisotropic and are related to 

the detector trajectory.  Detector views of close approach and of minimal attenuation are 

predictive of a direction with minimal localization errors.  Direction-dependent 

localization errors are important to radiation therapy and might be incorporated into 

margins or to select angles from which to deliver radiation if clinically indicated.  
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Direction-dependent localization errors may be important to other SPECT-guided 

procedures such as biopsy. 
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7. Summary, Conclusions, and Future Work 
This dissertation research covers several topics necessary to characterizing the 

potential of on-board SPECT.  The simulation and reconstruction code SPECT-MAP was 

modified to model distance-dependent spatial resolution for parallel-hole collimation.  

This model was tested against scanner-acquired data and found to agree well with the 

measurements.  Methods and software were developed for evaluating localization 

errors.  Localization accuracy and precision were studied for targets of different sizes, 

activity ratios, anatomical locations, and scan times.  From this initial study, methods 

were investigated to improve localization performance.  Localization was optimized as 

function of iteration number and post-reconstruction smoothing.  Target localization 

was evaluated in images reconstructed with and without compensation for spatial 

resolution.  Localization performance was assessed using several variations of the 

observer template.  We also investigated localization performance using real SPECT 

scanner data of a physical phantom with physical targets. 

 Through this series of computer simulations and hardware studies, we 

demonstrated that certain targets can be localized to < 2 mm using clinically-realistic 

activity levels and scan times < 5 minutes.  All studies, particularly the hardware study 

described in Chapter 6, show that parallel-hole SPECT is best suited for localizing 

superficial targets that are only a few centimeters deep and proximal to the detector 

trajectory.  Localization of deeper and more distal targets, e.g., lung tumors and those 
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near the spine, is degraded by attenuation and distance-dependent spatial resolution.  

The effects of attenuation and spatial resolution are inherent limitations of SPECT 

imaging.  

 We investigated methods for improving target localization that involve data 

acquisition and image processing.  Target localization was best using proximal 180° 

detector trajectories in comparison with 360° and distal 180° detector trajectories when 

holding the total scan time fixed.  Of the parameters that can be controlled, the detector 

trajectory typically had the largest effect on localization performance.  An exception is 

observer normalization for targets near much hotter background objects.  Normalization 

improved localization performance by placing more emphasis on shape than on activity 

in comparison with an un-normalized observer.  Localization performance for targets 

that were already localized well, i.e., mean localization error < 2 mm, tended to improve 

by modeling target appearance exactly in the observer template and by modeling spatial 

resolution during reconstruction.  However, reductions in localization errors from these 

software corrections were typically on the order of 0.2 mm.  The clinical benefits of 

reducing localization errors by 0.2 mm are uncertain.  For well-localized targets, DRC 

was better than nDRC for volume estimation.  Improvements in volume estimation were 

substantial and statistically significant.  Because of better volume estimation, DRC 

images may be more appealing to human observers even if improvements in target 

localization are expected to be marginal.  
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This dissertation work shows that localization errors are anisotropic and are 

related to the detector trajectory.  We developed metrics – direction-dependent 

localization bias and precision – to characterize anisotropic localization errors.   

Direction-dependent localization errors are important to radiation therapy and might be 

incorporated into margins if on-board SPECT were used clinically.  Direction-dependent 

localization errors might also be important to other SPECT-guided procedures, e.g., 

biopsy.  

While this dissertation addresses a number of scientific issues, other issues need 

to be addressed.  The simulations and phantoms were admittedly simplistic.  Activity 

distributions were piece-wise flat, and the targets were spherical.  Both are good starting 

points but do not describe the broad range of activity distributions and target shapes 

seen in the clinic.  This limitation could be addressed by assessing localization 

performance in hybrid images from disease-free patients that have computer-simulated 

tumors.  Future studies could use observer templates derived from high-quality SPECT 

images.  This approach would more realistically assess localization performance using 

information from offline planning images.  While it is unlikely that a template derived 

from planning images would be an accurate depiction of a tumor over the course of 

radiation therapy, the template could be updated periodically to account for biological 

changes.  The numerical observers studied in this dissertation work had no knowledge 

of noise correlations.  As such, they were suboptimal.  Other localization methods that 
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account for noise correlations might improve localization accuracy and precision.  

Further, if on-board SPECT were to be used clinically, a predictive model to gauge the 

expected localization error for an arbitrary target would be useful for selecting patients 

that might benefit from on-board SPECT imaging.  

In this dissertation work, parallel-hole collimation was studied exclusively.  

Other collimators might be advantageous for imaging certain regions of the body.  

Issues of truncation and sufficient sampling would need to be considered along with 

collimator sensitivity and spatial resolution for different anatomical sites.  We studied 

detector trajectories in this dissertation work where the time per view was constant for a 

particular trajectory.  Localization performance could be studied for time-modulated 

detector trajectories where relatively more time is spent at views of minimal attenuation 

and relatively less time at views of severe attenuation to collect more tumor counts, or 

conversely, if localization is sufficiently good along a particular direction, more scan 

time could be devoted to a different direction.    

Another approach to collecting more tumor counts would be to image with 

multiple detectors.  However, it may be difficult to position multiple SPECT detectors in 

a radiation therapy treatment room, and if possible, it also may be possible to image 

with positron emission tomography (PET).  Though relatively expensive compared with 

SPECT, PET boasts a number of relevant radiotracers, particularly 18F-FDG, and PET is 

vastly more sensitive at a comparable spatial resolution for whole-body imaging than 
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SPECT [74].  PET, however, requires opposing detectors that may be cumbersome to 

position in a room with a radiation therapy machine, flat-top therapy couch, and 

immobilization devices.  Further, PET is only able to image one radiotracer at a time – 

because positron-electron annihilation results in 511 keV photons – while multiple 

tracers and thus multiple targets can be imaged with SPECT simultaneously [74].  For 

these reasons, SPECT and PET may complement each other in bringing biological 

imaging into radiation therapy treatment rooms.   

This dissertation work represents a first step towards biological imaging inside 

radiation therapy treatment rooms for the localization and targeting of tumor biology 

with external beam radiation therapy.  
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