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ABSTRACT 

This dissertation reports investigations into improvements of the performance of 

"modular" gamma-ray cameras. Each modular camera has a 10 cm x 10 cm NaI(Tl) 

scintillation crystal and four 5 cm x 5 cm photomultiplier tubes (PMTs). When the 

gamma-ray photons interact with the crystal, scintillation flashes are emitted from the 

crystal and detected by the PMTs. The PMTs then convert the light flashes to current 

pulses. A digital computing circuitry processes the PMT outputs and assigns an estimated 

(x,y) coordinate corresponding to the location of interaction of each gamma-ray photon in 

the crystal and thus an image is formed. 

This dissertation is concerned with improvements and clinical applications of the 

modular cameras. There are some areas in which we improve the camera performance. 

These areas include position and energy estimation, and scatter rejection. 

We use look-up tables (LUTs) with different windowing methods to estimate the 

scintillation positions and reject scattered photons. We study several possible position 

estimators and compare the results by the bias and the variance of the position estimates. 

There are two types of events that occur in our image: photoelectric absorption and 

Compton scattering. When gamma rays are emitted from the organ, scattered photons will 

be generated which are not the desired events. Milster et al. introduced a discrimination 

method called the likelihood window (LW) to reject scattered events. We also extend the 

maximum-likelihood estimation rule to include energy estimation of different gamma-ray 

photons. Then we use the LUTs calculated from both position and energy estimators to 

study scatter rejection by the energy window (EW) when there are scattered photons. We 

introduce a Bayesian window (BW) for scatter rejection and compare the results with our 

usual L Wand EW through receiver operating characteristic studies. 
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We measure the short-term and long-term stability of PMT gain. We describe and 

compare some uniformity correction methods used in the research group. We do the 

camera characterization by measuring spatial resolution and sensitivity of the modular 

camera and compare these characteristics to those of the commercial gamma camera. We 

design and construct a stand-alone planar imaging system based on the modular camera. 

This imager is examined with a set of phantom and clinical tests to demonstrate the 

clinical feasibility of the stand-alone system. 



1.1 Medical Imaging 

CHAPTER 1 

INTRODUCTION 
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Medical imaging is an important field in medical diagnosis and has existed for 

almost a century since X rays were discovered by Roentgen in 1895. (see Aarsvold, 1993, 

for a brief review of the history). There are mainly four basic medical imaging techniques 

for diagnosis, namely (1) transmission X-ray imaging, (2) ultrasound, (3) magnetic 

resonance imaging (MRI), and (4) emission gamma ray (nuclear) imaging. The first three 

techniques can be characterized as anatomical imaging methods, which display the 

structure of organs; while the last one can be characterized as a functional imaging 

method, which gives information on the physiological function of the human body. In the 

early 1970s, one of the transmission techniques called X-ray computed tomography (CT) 

was introduced by Cormack (1963) and Hounsfield (1973). This invention marked a new 

era in diagnostic radiological imaging, and they shared the Nobel Prize in medicine in 

1979. Now medical imaging had both planar and tomographic images (see Sec. 1.2 for 

explanation). This CT technology has had the most revolutionary impact on diagnostic 

medical imaging since the first invention of X-ray imaging technique because it provides 

the capability to "see" different depths in the organ clearly. 

The development of modern diagnostic imaging techniques is an application of 

physics and advanced computers to medicine. From advances in computer technology and 

physical sciences, radiological imaging has become a complex discipline which includes 

medicine, physics, and engineering. 
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It is important to do pathological diagnosis as well as anatomical diagnosis. The 

radiological imaging systems such as transmission computed tomography (TCT) and 

single-photon emission computed tomography (SPECT) were developed for noninvasive 

diagnosis of the anatomic structure and physiologic function of the human body 

respectively. Here single-photon means that the "I-ray emitter produces one photon per 

disintegration as opposed to two annihilation photons in positron emission tomography 

(PET), which is also a functional imaging technique. 

In nuclear ("I-ray) imaging, since the uptake of radioisotope is different between 

normal and abnormal tissues, physicians can make decisions whether the organ being 

imaged is functioning normally or not by forming images with "I-rays. In the following 

sections, we describe gamma-ray image formation (by lead apertures), detection, and 

reconstruction of radioactivity distribution in the body. 

1.2 Image Formation in Nuclear Medicine 

The radioisotope imaging technique produces images of physiological functions 

from radionuclide emission. A radionuclide combined in a suitable compound is usually 

injected into the blood stream of the body or is taken orally. Some compounds or 

elements are taken up preferentially by some organs or some types of tumors. As the 

radioisotope disintegrates, "I-rays are emitted from the concentration site. The use of 

radioisotope tracers for disease diagnosis has become a recognized medical technique 

known as nuclear medicine (Wagner, 1975, Maisey, 1980, Sharp et aI., 1985). This 

technique uses a radioactive agent called a radiopharmaceutical that localizes in the organ 

or tissue of interest. This agent emits "I rays, some of which escape from the human body 

(some are absorbed). It is the detection of these "I rays using a gamma camera that will 
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give information on the distribution of the agents in the organ. This kind of "camera" is 

analogous to cameras using photographic films to detect optical photons. Since y rays are 

high-energy photons generated from nuclear events, this technique is called nuclear 

imaging. Currently, the radio nuclide technetium-99m (99mTc, where 99 is the atomic 

weight and m stands for metastable) serves as a label for many radiopharmaceuticals; it 

emits 140 keY photons. Other commonly used radiopharmaceuticals are 201TI, 67Ga, 

1111n, 1311, and 1231 (Alazraki and Mishikin, 1991). These radiopharmaceuticals are 

designed to show the physiological function of specific organs. The uptake of the agent 

within a body is determined by physiological and metabolic processes. Thus, uptake is an 

indication of how the organ is functioning. Fig. 1.1 a shows a schematic of a nuclear 

imaging technique and Fig. 1.1 b illustrates a nuclear imaging process. In short, nuclear 

medicine provides different information from other imaging modalities. For example, it 

measures dynamic and physiological functions of organs or tissue. Such functional 

imaging method is very useful in total body imaging, such as bone scans (Staab, 1979). 

Since the energy of y photons is so high, we cannot use lenses to collect y-rays as in 

the case for visible light because essentially no refraction of y-rays occurs. Instead, we 

need to use apertures made of high-attenuation material such as lead or tungsten to absorb 

the energy of unwanted y-rays. These apertures can be in the form of collimators, 

pinholes, or coded apertures (Barrett and Swindell, 1981). These types of image 

formation are also called shadow casting because they employ the principle of absorptive 

collimation. 
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(b) a nuclear imaging process. 
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Nuclear Medicine Apertures 

Collimators: One simple type of collimator for use in nuclear medicine is a parallel

hole collimator as shown in Fig. 1.2. Only the emitted gamma rays that pass through the 

parallel bores can reach the scintillation crystal; the remaining gamma rays will be 

absorbed in the lead. Thus, the location of y-ray photons may be determined because y

rays emitted from, say, the right side of the organ will reach the right side of the crystal, if 

there are no scatter events (see Sec. 1.3 for a discussion of scatter). Although this type of 

collimator is routinely used in nuclear medicine, its collection efficiency is very poor, so 

we collect very few photons in short imaging time, which makes nuclear imaging photon 

noise limited. In other words, nuclear imaging usually is a photon-starved task. There are 

some alternative collimators such as the minifying collimator and magnifying collimator 

as shown in Figs. 1.3 and 1.4. These types of collimators have holes that either diverge 

from a point behind the collimator or converge to a point in front of the collimator. Thus, 

they can either produce minified images of the radioactive object onto the camera or 

produce magnified images of the object. In other words, they select only y-rays traveling 

along certain directions. The objective is to match the organ image to the size of the 

crystal. The minifying (diverging) collimator is useful when a large organ is imaged, 

while a magnifying (converging) collimator is desired when a small organ is imaged 

because full lise is made of the available detector area. 

Pinholes: Another type of image-forming element is the pinhole as shown in 

Fig. 1.5. This imaging mechanism is similar to the mechanism of pinhole camera used in 

visible light. Only the gamma rays that pass through the opening can interact with the 

crystal. The geometric magnification (M) depends on the distance (0) between the object 
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Fig. 1.5 Illustration of a pinhole aperture used with a scintillation 
camera. (From Aarsvold, 1993.) 
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and the pinhole, and the distance (I) between the pinhole and the detector. The relation is 

M = 110. So a pinhole collimator can be used to get magnified images of very small 

organs or structures if I is set greater than O. 

Coded apertures: We can extend the concept of a single pinhole to a muItiple

pinhole array. Each pinhole will project part of the object onto some portion of the 

detector. These multiple projections mayor may not overlap. If they do not overlap, the 

images are called 1lI111lultiplexed; that is, each detector element is sensitive to radiation 

originating along the line from the detector through the pinhole and object. 

Thus the detector approximately measures a line integral of the distribution of 

radiopharmaceutical, see Fig. 1.6a. If they are overlapped, these images are called 

multiplexed. In other words, each detector element "sees" more than one line of 

integration through the object. These multiplexed imaging systems are also known as 

coded-aperture systems (Barrett and Swindell, 1981). A coded aperture can be in the 

form of a lead plate with different kind of openings for passing y-rays. The distribution of 

the openings is called the code. An example of multiple-pinhole coded-aperture is shown 

in Fig. 1.6b. The coded-aperture imaging system is usually used in tomography (see Sec. 

1.3). In other words, this is an indirect imaging system, and a reconstruction (decoding or 

demuItiplexing) step is required to get a usable image. 

Planar Imaging 

Planar imaging is still a very common form of clinical diagnosis used in nuclear 

medicine (Webb, 1988). These planar images consist of two-dimensional projections of 

three-dimensional distributions of radioactivity in the detector field of view. The image

forming device in planar imaging is usually a parallel-hole collimator as discussed above. 
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30 

Despite the usefulness of planar imaging, the 3D information is lost during compression 

of many planes onto one. Thus, it is difficult to determine the function of tissue deep in 

the body, since images of structures at one depth in the body are confounded by images of 

overlying and underlying structures. Hence, 3D imaging techniques are required. 

Tomography 

In order to get a clear image of a particular slice of organ or 3D concentration of 

radiotracer in an organ, we need tomographic methods. Like planar imaging, in 

conventional SPECT imaging, a radioactive isotope is injected into a patient, accumulates 

in the organ of the body, and emits 'y rays isotropically. The gamma camera with a 

collimator then rotates 3600 about an axis through the center of the patient to collect 

enough -y-ray photons from the angular samplings for tomographic reconstruction (see 

Sec. 1.4). For a typical SPECT camera system, the data are usually acquired at discrete, 

equally spaced angular positions (typically 60 samplings with 60 increments). Usually a 

standard Anger camera (see Sec. 1.3) and parallel-hole collimator are used. Once a 

complete data set of multiangle projections of the radionuclide distribution is collected 

(data consist of many line integrals through the distribution), then by using a computer, 

images (multi-slice tomograms) of the radiopharmaceutical distribution in the patient can 

be reconstructed. This SPECT approach will overcome most problems caused by 

superposition of information in a single planar image. SPECT can provide higher contrast 

and better anatomical information than planar imaging. With new compounds that can be 

labeled with currently available single-photon emitters such as 99mTc and 1231, SPECT 

provides a means for qualitatively investigating metabolic and physiologic processes such 

as myocardial blood flow and cerebral perfusion (Alazraki and Mishikin, 1991). For 
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example, SPECT provides a means for depicting certain normal and abnormal brain 

functions such as perfusion. It also provides sensitive means for detecting functional brain 

abnormalities such as stroke and epilepsy. Currently, its ability to quantitate source 

distribution is not as good as with PET because of collimation and attenuation problems 

that are inherent in detection of single photons. 

A research group at the University of Arizona (UA) has devised a novel SPECT 

system for use in brain imaging that consists of multiple-pinhole coded apertures and 20 

modular cameras (Rowe, 1991). To build the imager, we have to address problems such 

as number of pinholes, pinhole size, and pinhole spacing. Since modular cameras are the 

major elements of the brain imager, it is essential to optimize them. It is the goal of this 

research to improve modular cameras for use in the UA brain imager. See Secs.l.3 and 

1.4 for more descriptions on the UA imager and SPECT in general. 

1.3 Image Detection 

After gamma rays pass through an aperture, we need some kind of detector for 

detection of ionizing radiation. The common type of scintillation detectors use 

scintilla tors and photomultiplier tubes (PMTs). A scintillator is a material that interacts 

with incident gamma rays to produce light flashes. PMTs are devices that convert these 

visible photons to electrical signals. By forming PMTs in a 2D array, the positions of 

gamma rays incident on the crystal can then be estimated from the PMT signals. The 

principle of operation and primary function of a scintillation detector are described in 

detail in Chap. 2. We now describe requirements and choice of a good detector below. 
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Detector Requirements 

The ideal scintillator material for gamma-ray detection should have the following 

properties (Knoll, 1989): 

1. High scintillation efficiency (defined as the percentage of incident radiation 

energy that is' converted into visible light). 

2. Light yield proportional to energy over the range of energies to be used. 

3. Tran~parent to its own emitted light wavelength. 

4. Short decay time. 

5. Available in large sizes. 

6. Refractive index near 1.5 to allow efficient coupling to glass face of PMTs. 

7. Emitted wavelength suitable for photocathode of PMT, or whatever is used to 

convert light to an electric pulse. 

The most commonly used scintillators in nuclear medicine are the inorganic alkali halide 

crystals such as NaI(Tl), CsI(Tl) and CsI(Na). Among these scintillators, Nal(TI) is the 

detector of choice for most routine applications in nuclear medicine. 

Pure Nal crystals can produce scintillations only at liquid nitrogen temperatures 

(Sorenson and Phelps, 1987). The role of thallium is to increase the probability of visible 

light emission during the scintillation process at room temperatures (see also Sec. 2.2 for 

more description). The most commonly used radioisotope, 99mTc, emits "(-ray photons at 

the energy of 140 keY. For that energy, a 5 mm thick NaI(Tl) crystal absorbs about 70% 

of a parallel beam of gamma rays, so NaI(TI) is a good absorber of "(-rays emitted by 

99mTc. Since NaI(Tl) is hygroscopic, exposure to moisture or humid air will cause a 
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patchy yellowish discoloration (due to chemical interaction of Tl and H20) that then 

degrades the light collection efficiency, so hermetic sealing is required. 

Photomultiplier tubes (PMTs) are often used to detect optical photons produced by 

gamma rays in a scintillator. A PMT is a photoemissive low-light detector where the 

external photoeffect occurs at the photocathode. When an optical photon strikes a 

sensitive photocathode surface with sufficient energy (greater than the work function of 

the photocathode), it can kick off an electron from the surface of the photocathode with 

some quantum efficiency. This electron is known as a photoelectron. These 

photoelectrons are then multiplied by the dynode chain with some gain to produce output 

signals (electronic pulses) from the PMT. A typical head-on type PMT is shown in 

Fig. 1.7. It consists of a photoemissive surface (photocathode) and electron multiplier 

(dynodes). See Sec. 2.3 for a more detailed description of PMTs. 

Anger Cameras 

As mentioned in Sec. 1.1, nuclear imaging uses gamma cameras as detectors of "(

rays emitted from radionuclides inside the human body. The gamma camera is a two

stage transducer: it converts ,,(-rays to light photons and then converts the optical photons 

to electronic pulses. A review of gamma cameras must start with the Anger camera 

(Anger, 1958) since it has been the workhorse for nuclear medicine over the last three 

decades and is likely to remain so for the foreseeable future. 

The development of single large-area crystals of thallium-activated sodium iodide, 

or NaI(Tl), led to a radical change in radioisotope imaging with the invention of the 

Anger scintillation camera (Anger, 1958, 1964). An Anger camera is a gamma ray 

camera that uses both a scintillator and PMTs. A schematic of an Anger camera is shown 
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in Fig. 1.8. The Anger camera has a single, large-area, NaI(TI) crystal, usually 30-50 cm 

in diameter that is optically coupled through a light guide to an array of 37 or more 

PMTs, arranged in a hexagonal pattern. The Anger camera is a position-sensitive detector 

in which the output signals from PMTs can be used to estimate the direction of origin of 

the incident photon from the interaction site in the crystal. This is in contrast to a 

rectilinear scanner in which the point of direction of the incident photon is determined 

from the physical position of the crystal vis-a-vis the object being imaged (Strauss and 

Sherman, 1979). The scintillator is used to convert the incident "(-ray photons to optical 

photons that can be detected by PMTs. An optically transparent solid, known as a light 

guide or exit window, is used to couple the scintillator to PMTs and act as a guide for the 

scintillation photons. 

In the Anger camera, each gamma-ray photon interacts with the NaI(TI) 

scintillation crystal and produces a shower of optical photons. These optical photons are 

converted to electronic signals by PMTs. PMT signals from several PMTs are compared 

and combined to estimate the position of interaction of a gamma-ray photon within the 

NaI(TI) and the energy as well. Normally, the crystal and PMT assembly is sealed in a 

light-tight aluminum housing to keep out moisture, external light, and for mechanical 

protection because both crystal and PMTs are fragile. 

The detection process of radiation can be described as the following steps (Price, 

1964): 

I. The absorption of the "{ radiation in the scintillator, resulting in electron 

excitation and ionization. 

2. The excited electrons will recombine with the holes and return to the ground 

state, and release visible photons. 

3. The transport of the optical photons to the photocathode of the PMT. 
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4. The absorption of the optical photons at the photocathode and the emission of the 

photoelectrons. 

5. The electron-multiplication process within the PMT. 

6. The analysis of the output electronic pulses of PMT by some kind of electronic 

device. 

We now describe the details of operation of step 6; the rest of the steps are described in 

more detail in Chap. 2. Fig. 1.9 is a block diagram showing the principle of operation of a 

seven-tube Anger camera (Anger, ] 967). Note that modern Anger cameras use up to 

several hundred PMTs. The output signals from tubes numbered ], 2, 3, 4, 6, and 7 are 

combined to form a composite signals X+ with different weights (capacitances) according 

to the tube position (tube 5 has zero capacitance to the X + lead), and tubes ], 2, 5, 6, and 7 

are combined to form a signal Y+ (tubes 3 and 4 have zero capacitance to the Y+ lead). 

Similarly, signals X- and Y- are obtained. 

The position signals X+ and so on are determined by the voltage pulses generated at 

the anodes of PMTs. The voltage signal from tube i is denoted as Vi' Then the position 

estimates are described by (Barrett and Swindell, 1981) 

1\ 7 

X= LWxiVi , wxi = k·xp 
i=1 

1\ 7 

Y = L W yi Vi' W yi = k . Yi ' 
i=1 

(I.I ) 

( 1.2) 

where k is a constant and (Xi' Yi) is the coordinate of the center of tube i relative to the 

crystal center. We can further define wxi as foHows 

+ -
W xi = W xi - W xi ' ( 1.3) 
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39 

( 1.4) 

( 1.5) 

where L is equal to the distance between the centers of the outer tubes (e.g., distance 

between tube 2 and 5). Similar expressions hold for Wyi and W~i. We can now rewrite 

Eqs. 1.1 and 1.2 as follows 

1\ 7 

x= L(w:i -W~i)Vi = x+ -X-, 
i=1 

1\ 7 
Y = L(W;i -W;i)Vi = y+ - y-. 

i=1 

(1.6) 

( 1.7) 

Assume that a scintillation event occurs at the center of tube 1, this tube will detect 

most of the optical photons and produce a larger output signal than the other tubes. This 

tube then contributes a larger signal to the X+ signal than the X- signal because the event 

occurs in the right side of the crystal. Similarly, signal Y+ will be larger than signal Y

because the event occurs in the upper half. The relative amplitude of the four composite 

signals is proportional to the distance of the scintillation event from the center line of the 

crystal, so they are used to estimate the scintillation positions in the crystal. 

In a separate circuit, all of the seven output signals are summed to form an energy 
1\ 

signal Z or energy estimate E. The amplitude of the Z signal is approximately 

proportional to the amount of energy of the incident gamma ray deposited in the crystal 

by the radiation event (since Z is an energy summation signal and is a function of the 

number of optical photons emitted by the scintillator, which is a function of the deposited 
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energy of the y-ray photon, see below), so it is used to estimate the gamma ray energy for 

scatter rejection. In short, the energy signal is given by 

7 

Z = X+ + X- + y+ + y- = LVi 
i=1 

1\ • 

E=kZ ( 1.8) 

where k' is a constant that converts unit of voltage to energy. 

A typical pulse-height spectrum associated with the Z signal (energy signal) from 

the Anger camera is shown in Fig. 1. lOa. This spectrum is also called the energy 

spectrum. It is a plot of the number of detected gamma rays or counts per channel versus 

the detected energy or channel. In this context, each partition width on the horizontal axis 

is conventionally called a channel, numbered in increasing order from left to right. The 
1\ 

channel number is linearly proportional to E. This spectrum can be divided into three 

parts: the photopeak, Compton scatter spectrum (next to the photopeak) from the body, 

and the lower-energy Compton continuum. The photopeak is the characteristic primary 

energy distribution resulting from photoelectric absorption in the crystal. The Compton 

continuum occurs at energies below the Compton edge (-50 ke V). This scatter is a y-ray 

that has lost part of its energy due to interaction in the crystal. On the other hand, 

Compton scattering can also occur in the patient's body. This effect contributes mostly in 

the energy range of 90 to 140 keV. These processes are described in more detail in 

Sec. 2.1. There are still some other peaks that may exist in the energy spectrum, for 

example, peaks due to characteristic x rays. These x rays are emitted by the following 

mechanism. If a high speed electron impinging on an atom of some target material has 

enough energy to knock out an electron in the inner electron shell, this vacancy may be 

filled by an electron from outer electron shell very quickly. When this happens, x-ray 
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radiation is emitted with energy equal to the difference between the corresponding energy 

levels. The energy of this x-ray radiation is characteristic of the material in which it is 

produced. If the x-ray photon from characteristic x rays escapes from the crystal, the total 

energy deposited in the scintillator will be smaller than the incident "(-ray energy by an 

amount equal to the x-ray photon energy. In NaI(Tl), since practically all photoelectric 

processes occur in the iodine atom because of its high atomic number, characteristic x 

rays (due to electrons moving from L shell to K shell) are emitted mainly with an energy 

equal to the difference in binding energies (28 keY) of Land K shell in iodine (Hendee 

and Ritenour, 1992). When the characteristic x ray escapes from the crystal, there will be 

an observable peak within the energy spectrum, approximately 28 keY to the left of the 

primary photopeak. This peak is called a K-escape peak or iodine escape peak because 

this peak results from the escape of the characteristic iodine K-x ray from the scintillator 

during a photoelectric interaction. 

Note that in Fig. I. lOa, the photopeak has a finite width, and this can be quantified 

" A 
as the energy resolution of the camera. The energy resolution is defined as ~ EI E, where 

" A 
~ E is the full width at half maximum (FWHM) of the photopeak and E is the mean 

energy estimate of the photopeak. The energy resolution in a scintillation camera 

determines its ability to distinguish between primary gamma (photopeak) events and 

scattered events. If we set the window (see Fig. 1. lOb and discussion on energy window 

below) wide enough to cover the whole photopeak we will also accept a great portion of 

scattered events. By contrast, if we set a window narrow enough to reject most the 

scattered events we will also reject a great portion of photopeak events. So the finite 

energy resolution of a gamma camera is responsible for accepting scattered events in 

body. One way for a scintillation camera to have good scatter rejection capability is to 

have a detector with good energy resolution. 



Compton Scatter 
From The Crystal Compton Scatler 

/ From The,Body 
/ '-', \ 

/ Compton ,: \ \ 
/ continuum Compton / "'-:'~~ 

..... !:- / edge,' -

........... ::: .... --.-~~.:.(.-_/// 

I 
50 

tI) 

E 

I 
100 

Energy (ke V) 
(a) 

Photopcak (Photoelectric) 

A / 
I 

I 
140 

< 

< :> window width 

lower f upper 
photope k pi otopeak 
thresho d tl reshold 

42 

::s 
o 
U --/ .-----

setting center of peak 

' .... 

I 0 keV 

(b) 

Fig. 1.10 (a) An energy spectrum observed using a NaI(Tl) crystal and 140 
keY gamma-ray photons, (b) a symmetric energy window. 



43 

In the above discussion, we have briefly mentioned scatter in the crystal and the 

patient's body. Two types of gamma-ray photons are recorded by the detectors. Those 

photons that are unscattered contribute to the desired images. Due to finite energy 

resolution of the detectors, many scattered photons that pass through tissues are recorded 

as well. These scattered photons are generally not desired in nuclear imaging because 

gamma ray photons that scatter off some medium, for example the patient's tissue, will 

travel in different directions from the primary photon beam with lower energies and 

produce position errors (see Fig. 1.1 I). In fact, recording the scattered photons, produced 

from the scattering interaction with tissues in the patient, is probably the most important 

cause for radiological image degradation. There is noise associated with Compton

scattered events (Fahimi, 1984). Scatter will reduce the signal-to-noise ratio (see also 

Macovski, 1983). The contrast in nuclear imaging is usually low to begin with, due to 

similarities of neighboring tissues in the uptake of radioactive source administered 

(Parker, 1984), but it is reduced further by scatter. The contrast of these images will be 

improved by better rejection of the Compton-scattered radiation (see also Chap. 2 on 

discussion about Compton scattering). 

In a conventional Anger camera, the sum of the outputs of all PMTs is used as an 

estimate of the energy, and an energy window (EW) is used to reject scattered events (see 

Fig. I .1 ~b). The range of acceptable energies is referred to as the window width or energy 

window. If we denote Eo as the center of the energy window and ~ as the window 

width, symmetrically divided above and below Eo, then energy discriminator will accept 

" estimated energies that satisfy the relation Eo - 0.5 ~E < E < Eo + 0.5 ~E and will reject 

all others. Those signal pulses that are accepted are recorded as counts. In other words, 

the difference between the energy signal and the desired photopeak energy is compared to 
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a preset energy window. If the energy signal difference is less than the window width, 

that event is accepted as a photopeak event. Otherwise, it is rejected. 

Modular Gamma Cameras 

Current SPECT imagers require that the camera be rotated around a patient to 

acquire tomographic data. Because the motion of the assembly, data acquisition takes 

time. Since fast dynamic tomographic studies require that all of the projection data for 

generating a reconstruction be acquired at the same time, conventional Anger camera

based SPECT imagers are not suitable for fast dynamic studies. Milster et al. (1990) have 

designed and constructed modular gamma cameras at the University of Arizona. Each 

modular camera is an independent imager, and modular cameras can be configured 

around the patient to provide simultaneous 3600 angular sampling. Rowe (1991) 

constructed a laboratory prototype 3D brain imager. The imager consisted of a lead-alloy 

hemispherical multiple-pinhole coded aperture and 20 modular gamma cameras, which 

provided promise of acquiring fast dynamic 3D reconstructions without detector and 

aperture motion, and at high sensitivity. 

Our modular gamma camera is a small scintillation camera. The module consists 

of a 10 cm x 10 cm x 5 mm NaI(TI) scintillation crystal cemented to a 10 cm x 10 cm x 

1.9 cm light guide (optical exit window) with four 5 cm x 5 cm PMTs optically coupled 

to the light guide, as shown in Fig. 1.12. The NaI(TI) crystal and light guide are sealed in 

an 11 cm x II cm x 3.2 cm aluminum housing coated with highly reflective material to 

increase light capture, then it is assembled with PMTs in an anodized aluminum can. We 

also wrap a magnetic shield sheet around this aluminum can except for the ends of the 

camera. Since PMTs are susceptible to magnetic fields, which can affect their gain, it is 



Fig. 1.12 The modular gamma camera. (From Roney, 1989.) 
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necessary to cover them with a magnetic shield to minimize the magnetic effect when the 

they are located in the neighborhood of a transformer or other intense magnetic field 

sources. Instead of wrapping individual PMTs with magnetic shields, we put the shield 

around the whole camera because this gives better shielding than the results from 

individual shields. 

Fig. 1.13 shows a block diagram of the data acquisition and digital signal 

processing electronics and computer system used for a modular gamma camera. The 

digital electronics includes direct analog-to-digital conversion of the PMT responses and 

erasable programmable read-only memories (EPROMs) that nonlinearly compress each 

eight-bit input signal to five bits to match available computer memory for signal 

processing (the compression scheme is described in Sec. 4.3). There is a lookup table 

(LUT) for position estimation, and an image memory that accumulates the position 

estimates corresponding to primary events. Detailed discussion of each stage is given in 

Sec. 4.3. 

The modular camera has an intrinsic spatial resolution of about 3 - 4 mm FWHM 

(90% of the area has resolution better than 4 mm FWHM) and energy resolution of about 

10% in the center of the camera face with 140 keY gamma-ray photons. Windowed count 

rates up to around 120,000 counts per second have been measured. 

The Advantages of Modular Gamma Cameras 

One major difference between an Anger camera and a modular gamma camera is 

the detector size. Since each modular gamma camera is small and compact, we can design 

a modular-camera system that consists of several modular gamma cameras to form a task

specific imager. This new design is modular and flexible in forming a variety of novel 
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SPECT imaging geometries surrounding the patient. The radiology research group at the 

University of Arizona has designed and constructed several prototype multiple-pinhole, 

modular-camera SPECT imagers. Roney (1989) and Rogers (1990) discuss multiple-slice 

cardiac imagers that perform SPECT without motion (see Figs. 1.14 and 1.15). 

The spatial resolution, energy resolution and count-rate capabilities of each module 

are comparable to those of full-size commercial Anger cameras, but because each module 

is mechanically, optically and electronically independent of the others, the maximum 

count rate for a system of N modules is N times the maximum count rate for a single 

module when the modules are used in parallel operation. Thus the system count rate for a 

modular-camera SPECT brain imager is much greater than that for an Anger camera 

SPECT system, which is important for high-count-rate dynamic study. Moreover, the 

flexibility of the modules allows us to design different configurations which can be 

placed close to the patient's organ of interest to increase photon-collection efficiency. In 

conventional SPECT imaging, the Anger camera must be rotated around the patient to 

collect adequate angular-sampling data for reconstruction. However, a multiple-pinhole 

coded-aperture SPECT system can be fully wrapped around a patient, so no detector or 

aperture motion is needed. For comparison, Fig. 1.16 shows a conventional SPECT 

system using an Anger camera. This type of imager can only produce a set of static 

images of the concentration of radiotracer in 3D SPECT reconstructions. Fig. 1.17 shows 

an artist's conception of SPECT brain imager based on modular cameras (24 modules 

with a bigger aperture than the one used in the previous prototype, which consists of 20 

modules) and multiple-pinhole coded apertures. This system using 3D whole-brain data 

acquisition without any detector or aperture motion in conjunction with high count rate 

capabilities produce the necessary data to reconstruct 3D images and makes fast dynamic 

study such as first-pass heart imaging possible, and is therefore a 4D imaging system. 
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Fig. 1.15 Photograph of cardiac imager. (From Rogers, 1990.) 
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Fig. 1.16 A conventional SPECT system. (From Aarsvold, 1993.) 



Fig. 1.17 Artist's conception of a fully 3D multiple-pinhole, modular-camera 
SPECT system. (From Aarsvold, 1993.) 
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Semiconductor Detectors 

An alternative approach to the scintillator-PMT camera for imaging, which has 

better scatter rejection, is to use semiconductor radiation detectors that have inherently 

superior energy resolution (separation of primary and scatter spectra is much easier). The 

improvements in scatter rejection capability that can be obtained with semiconductor 

detectors have been shown by several investigators (Beck et aI., 1971). For example, a 

germanium (Ge) detector has very high energy resolution (FWHM < I % at 140 keY), so 

Compton scattering in tissue can be almost entirely rejected, thereby resulting in 

improved image contrast and sharpness or spatial resolution (Strauss et aI., 1979). 

Detailed descriptions of semiconductor detectors are beyond the scope of this 

dissertation. 

1.4 Image Reconstruction in SPECT 

As mentioned in Sec. 1.2, the estimation of 3D distribution of radioactivity in the 

organ of interest is called tomographic reconstruction. Since SPECT is an indirect 

imaging method, an image reconstruction step is required to solve the inverse problem in 

order to obtain recognizable images. Note that the object of reconstruction in SPECT is to 

find the activity distribution in the patient, while the object of reconstruction in TCT is to 

find a map of the linear attenuation coefficients of the tissue in the transaxial slice of the 

patient. 

The are many tomographic reconstruction algorithms applied to medical image 

reconstruction such as filtered back projection and iterative reconstruction algorithms 

with post-reconstruction attenuation and scatter correction schemes for accurate 
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quantitation. A detailed description of the reconstruction algorithms is beyond the scope 

of this dissertation. 

1.5 Scope of This Dissertation 

The organization of this dissertation is that Chaps. 2 to 4 are basically review 

chapters, and Chaps. 5 and 6 discuss the new contributions of this dissertation. 

Though SPECT systems based on the modular cameras have some advantages over 

conventional Anger-camera-based SPECT as mentioned in Sec. 1.3, there is certainly 

plenty of room for improvement in several respects. One way is to improve the detector 

unit of the system, which is the single modular camera. Our goal is to improve the 

performance of each individual modular camera used in the SPECT imager so that the 

overall performance of the SPECT system will be improved. The problems we need to 

solve in order to reach our goal include scatter rejection, and position and energy 

estimation. For example, we need to find a LUT that has smaller bias and variance of 

position estimates, and better energy discrimination method for scatter rejection. There 

are still some fundamental issues such as energy estimators and scatter rejection in 

scintillation gamma camera that need to be understood in order to gain any possible 

benefits. 

In Chap. 2, we discuss detector physics of modular cameras. The discussions 

include the scintillation process in the NaI(TI) crystal, and PMT physics and statistics. In 

Chap. 3, we review the basics of estimation and decision theory to lay the foundation for 

application in position and energy estimation. In Chap. 4, we review the methods used to 

find scintillation event position from the PMT signals. In Chap. 5, we extend the methods 

discussed in Chap. 4 to find gamma-ray energy as well. We also implement optimal 
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Bayesian decision theory for scatter rejection and compare likelihood window, energy 

window, and Bayesian window methods using receiver operating characteristic analysis. 

We also evaluate different position and energy estimators and study energy discrimination 

of our module. In Chap. 6, we describe characterization of the modular camera and 

discuss the clinical feasibility of a single modular camera with a parallel-hole collimator 

by obtaining some planar images. Specifically, we describe the design and construction of 

a stand-alone modular-camera system, and its image acquisition. We measure the PMT 

gain stability and other operational characteristics of the modular camera such as 

sensitivity, uniformity and its correction, and spatial resolution. The clinical planar 

imaging performance of the stand-alone modular-camera system is discussed and 

compared to the performance of a commercial gamma camera. The final chapter contains 

a summary and some suggestions for future work. 
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CHAPTER 2 

PHYSICS AND STATISTICS OF MODULAR CAMERAS 

As discussed in Chap. 1, modular scintillation cameras, or simply modular cameras, 

are the building blocks of our SPECT imagers. Based on the most common detection 

method used in nuclear medicine, a modular camera consists of a NaI(TI) scintillation 

crystal and four PMTs, where the scintillation crystal is used to convert gamma rays to 

visible photons, and PMTs are used to convert visible photons to usable electronic 

signals, which are then used for position and energy estimation of the incident radiation. 

The position dependence of the PMT response to scintillation flashes has been 

studied for decades. To formulate optimal methods for the estimation problem discussed 

in the subsequent chapters and to improve detection performance, the basic physics and 

detection processes of a modular camera is explained in this chapter. Specifically, to 

understand the scintillation process, we will describe the radiation-matter interaction; and 

to understand the photoeleuron detection process, we will explain the photoelectron 

generation statistics. 

2.1 Interaction between Radiation and MaUer 

In this section, we discuss the interaction of high-energy photons (gamma rays or x

rays) with matter. Both gamma rays and x rays are electromagnetic waves. They are 

different in the way they are produced and their frequencies. Gamma rays are emitted 

from decay of radioactive nuclei, and x rays are generated as excited electrons return to 

their ground state (Price, 1964). When an inner-shell orbital electron is ejected, an x ray is 

generated as an outer-shell orbital electron returns to the inner-shell orbital. The energy of 
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the x ray is equal to the binding energy difference of the two orbitals. These x- rays are 

thus called characteristic x rays because their energies give the energy differences of 

electrons in an atom (Sorenson and Phelps, 1987). The frequency range of x rays is 

typically between 3 x 1018 and 3 x 1019 Hz (the corresponding energy range is from 12.4 

to 124 keY), while the frequency range of most gamma rays is between 1 X 1019 and 

3 x 1020 Hz (the corresponding energy range is from 41.3 keY to 1.24 MeV). From these 

ranges, we see there is an overlap in the frequency range of these two groups. 

Gamma-ray and x-ray photons can transfer their energy to matter through 

interaction with its atoms, nuclei, and electrons. Important radiation-matter interactions 

include: (1) the photoelectric effect, (2) Compton (incoherent) scattering, (3) pair 

production, (4) Rayleigh (coherent) scattering, and (5) photonuclear reaction (Sorenson 

and Phelps, 1987). For gamma rays of frequency around 3 x 1019 Hz, the corresponding 

energy is around 124 keY. As a result, the photoelectric effect and Compton scattering are 

the most important photon-matter interactions. These two interactions are briefly 

explained below (see Fig. 2.1). 

Photoelectric Effect 

The photoelectric effect is an atomic absorption process in which an incident 

photon imparts its energy Eo to eject one of the orbital electrons from an atom. This is an 

inelastic collision, and the ejected electron is called a photoelectron. Conservation of 

energy requires that 
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Fig. 2.1 Schematic of two principal modes of interaction of photons with matter. 
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Eo =Ec+Eb, (2.1 ) 

where Ec is the kinetic energy of the liberated photoelectron (usually ejected from a K or 

L shell), and Eb is the binding energy of the electron shell from which the electron was 

ejected. The probability of a K-shell interaction is higher than that of an L-shell 

interaction if both are energetically allowed. When the vacancy left by the ejection of the 

orbital electron is filled again, the binding energy difference may reappear as 

characteristic x rays. 

When a collimated beam of gamma rays passes through a homogeneous medium, 

the intensity is attenuated according to Beer's law (Barrett and Swindell) 

(2.2) 

where 10 and I are the intensities of the gamma ray before and after traveling a distance of 

x in the matter, respectively, and ~ is the coefficient of linear attenuation of the gamma 

rays. The linear attenuation coefficient ~pc associated with photoelectric absorption is 

given by an empirical formula (Barrett and Swindell, 1981) 

pe _ k P Z4 
J1 - A (Eo/' 

(2.3) 

where k is a constant, p is the density, A is the atomic weight, and Z is the atomic number 

of the material. Since the linear attenuation coefficient ~pc is proportional to (Eo)-:\ 

photoelectric absorption is negligible at energies above 200 ke V and in low atomic 

number material (Z ~ 20). Photoelectric absorption also increases suddenly when photon 

energies just exceed the orbital electron binding energies of the absorber. 
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Photoelectrons are emitted in some preferred directions depending on the energy of 

the photoelectron. If the energy of the photoelectron is low, it is most likely emitted at 

right angles with respect to the direction of the incident photon (Ter-Pogossian, 1967). 

On the other hand, it tends to emit at a smaller angle with respect to the photon as the 

energy of the photoelectron increases. The number of photoelectrons d2Nc ejected out of a 

small volume dV and within a small solid angle dQ is given by (Barrett and Swindell, 

1981 ) 

(2.4) 

where <p is the angle between the photoelectron direction and the incident photon beam, 

and v is the velocity of the photoelectron. This equation is valid only when the incident 

photon beam is unpolarized. 

Compton Scattering 

Compton scattering is an interaction between an incident gamma ray and a loosely 

bound (outer shell) orbital electron in an atom as opposed to the tightly bound electron 

(usually from a K or L shell) in the photoelectric effect. Hence binding energy can be 

neglected compared to the incident gamma-ray energy to liberate the electron. Another 

difference of Compton scattering from the photoelectric effect is incident photons do not 

disappear after the interaction. Instead, the incident gamma ray is scattered at an angle e 

at a lower energy E'. From conservation of momentum, the energy of the scattered gamma 

ray is given by (Barrett and Swindell, 1981) 
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1 1 1 
-, --=--2 (I-cose), 
E EO moc 

(2.5) 

where Eo and E' are the incident and scattered photon energies, respectively and 9 is 

shown in Fig. 2.1 b. In addition, from conservation of energy, the energy of the recoil 

electron, Ee, is given by 

(2.6) 

Note that Compton scattering is dominant in low-atomic-number (Z::; 20) materials (e.g" 

body tissues) when the gamma-ray energy is in the nuclear medicine energy range 

(Sorenson and Phelps, 1987). 

Scatter ill SPECT 

The radioactive isotopes used in nuclear medicine usually emit gamma rays in the 

energy range from 50 keY to 200 keY, One of the most common isotopes used is 991llTc, 

which emits y-rays at 140 keY. In this case, Compton scattering is the dominant 

interaction in soft tissues. The y-rays emitted from a patient consist of primary 

(unscattered) photons that we are interested in and scattered photons that cause error 

signals, and both can be detected by the scintillation camera. In conventional SPECT 

imaging, unfortunately, the reconstructed images are degraded by motion, attenuation, 

and scattering in a patient's body. Among these effects, Compton scattering in the patient 

is probably the most significant degradation effect on image quality. As a result, how to 
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handle Compton scattering in a patient is by far one of the most difficult problems 

(Rosenthal et al. 1990). 

To know how much the scattered photons contribute to the measured data, a 

parameter called the scatter fraction is used (Floyd, et a!., 1984). The scatter fraction is 

defined as the ratio of scattered events to un scattered or primary events. Depending on the 

size of the scatter medium, the size of the energy window, and the energy resolution of 

the detector, the scatter fraction can be 0.5 or higher (Rosenthal et ai., 1990). These 

scattered events will reduce contrast, spatial resolution, and quantitation in SPECT 

reconstruction. The image quality can be improved by using scatter rejection and 

correction. There are several scatter rejection methods including the energy windowing 

method to discriminate energy between primary and scattered events (see Sec. 1.3). 

Several correction methods have also been reported (Logan and McFarland, 1992). Some 

of them remove the scattered photons from SPECT images by subtracting the images 

taken with a "scatter window" placed over the Compton part of the energy spectrum 

which corresponds to the Compton scattering in the patient's body (Jaszczak et al. 1984). 

Other correction methods involve estimating the distribution of scattered photons from 

the reconstructed image by deconvolution with an assumed scatter distribution function 

(Sorenson and Phelps, 1987). For a review of scatter correction schemes, see laszczak et 

al. (1985). Detailed description of scatter correction is beyond the scope of this 

dissertation. 

2.2 The Scintillation Process 

When gamma rays are emitted from a patient's tissue, the scintillation crystal and 

the PMTs of a modular camera are two major components to detect them. This section 
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explains the basic physical processes and scintillation physics that convert gamma rays to 

visible photons. 

Review a/Scintillation Physics 

A "scintillation" process turns the gamma ray into light. NaI(TI) scintillator (see 

Fig. 2.2) can absorb most gamma-ray photons within a reasonable thickness (0.5 to 2 cm, 

depending on the energy of y-photons). It then generates flashes of visible photons. 

Scintillation detection is a cascaded process. Each y-ray photon produces a number of 

optical photons which can be detected by the PMTs. Here we will briefly describe the 

physics of the scintillation process in NaI(Tl) (for more details on the scintillation 

mechanism, see Birks, 1964). 

A gamma ray of 140 keY is most likely to be absorbed in NaI(Tl) by the 

photoelectric process. Either a photoelectron or a Compton recoil electron (see Fig. 2. I) 

will travel some distance before colliding with other atoms and producing a large number 

of electron-hole pairs, i.e., electrons in the conduction band and holes in the valence 

band. This is done by the excitation of electrons from the valence band to the conduction 

band. The electrons and holes may subsequently recombine to form excitol1s, which are 

bound electron-hole pairs in the exciton band corresponding to an energy band below the 

conduction band. These excitons are free to drift through the crystal lattice and are likely 

to be captured by luminescence centers (the TI+ ions). Murray and Meyer (1961) consider 

the exciton diffusion as the fundamental process by which the excitation energy is 

transferred from the lattice site to TI+ luminescence centers forming excited activator 

configurations in the forbidden gap between valence and conduction band. If the excited 
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activator energy state has an allowed transition to the ground state, its return to the ground 

state will emit an optical photon through radiative recombination. 

One result of luminescence through activator (impurity) doped scintillator instead 

of a pure crystal is that the crystal is transparent to its own scintillation light because the 

energy transfer for the light emission at an activator site is less than the energy required 

by the creation of the electron-hole pair (Knoll, 1989). Hence, no self-absorption occurs 

in the crystal. The other result of using thallium (Tl) activator is that the luminescent 

centers can be excited by radiation at room temperature while a pure NaI is efficient only 

at around liquid-nitrogen temperature (Hine, 1967). 

Pizoton Generation and Scintillation Characteristics 

The mean number of optical photons generated is proportional to the energy of the 

incident gamma ray deposited (absorbed) in the crystal, but the actual number of optical 

photons emitted varies due to random statistical fluctuations. In this section, we shall 

discuss the deterministic properties of photon generation and scintillation characteristics, 

and leave the discussions of statistical fluctuations of photon generation to Sec. 2.4. 

The scintillation efficiency s of a scintillator is defined as the fraction of the gamma 

energy converted into visible light. The scintillation efficiency of NaI(Tl) is about 13%, 

emitting four or five visible photons of 3 eV mean energy per 100 eV of absorbed energy 

(Philips Photonics, 1994). Stated differently, the mean number of photons created is 

about 37,700 photons (at a wavelength of 420 nm) per I MeV absorbed (Holl et ai., 

1988). Among the monocrystalline scintillators, the efficiency of NaI(Tl) is the highest, 

which is one of the reasons for using NaI(Tl) in gamma cameras. 
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Actually, the light output (efficiency) of scintillators depends on temperature. The 

light emission of NaI(TI) decreases linearly with increasing temperature (Hine, 1967). 

The effect of temperature on light emission is small for NaI(TI) around room temperature. 

For a 100C variation in room temperature, there will be about 1 % change in light 

emission. 

If we denote no as the total number of optical photons, then for gamma rays of 

energy E = 140 ke V, each photoelectric event will produce 5200 optical photons on the 

average in NaI(TI) according to the following equation (see also Cho et ai., 1993) 

(2.7) 

where Eph is the average energy of optical photons. The energy of a y-ray imparted to the 

electron in the scintillator is deposited near the site of photoelectric absorption. The range 

of a photoelectron before colliding with an atom (and emitting light) is about O. 17 mm at 

140 ke V (Sorensen and Phelps, 1987), so the optical photons can be treated as if they 

were created at the site of the original scintillation interaction. However, if the secondary 

photons due to Compton scattering in the scintillator are absorbed in the crystal, the 

Compton scattered events will contribute to the photopeak. Then a portion of the optical 

photons are emitted at a farther distance away from the initial interaction site within the 

crystal (Barrett and Swindell, 198 I). Hence the information on the position of the original 

event is not clear. Primary photoelectric events are thus desirable because they produce 

optical photons approximately at the scintillation site, and Compton scattering events 

(followed by photoelectric absorption) are undesirable because they produce optical 

photons at a different location from the original interaction within the crystal, which 

causes loss of position information in the crystal (see also Fig. 1.11). 
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2.3PMTs 

After gamma-ray-to-visible-photon conversion, PMTs are used to generate 

photocurrent. PMT physics and the photocurrent generation statistics are discussed 

below. 

Review of PMT Physics 

For the PMTs used in a gamma camera, the quantum efficiency 11 defined as the 

ratio of the number of emitted electrons to the number of incident photons is around 0.3. 

That is, for every ten optical photons incident on the photocathode, there will be three 

photoelectrons liberated on average. If a 140 keY y-ray photon produces 5200 optical 

photons (see Sec. 2.2) and if there is 50% light coupling loss (f = 0.5), there will be 

n = fno = 2600 photons reaching the PMT. The mean number of photoelectrons released 

from the photocathode is given by 

(2.8) 

If 11 = 30%, there will be 780 photoelectrons produced. 

These photoelectrons are subsequently accelerated toward the first dynode by an 

electron-optical system (see Fig. 1.7) since the first dynode has a relative higher potential 

than the photocathode. These photoelectrons will kick out secondary electrons after 

colliding with the dynode. The number of secondary electrons ejected depends on the 

energies of the photoelectrons, which in turn are determined by the potential difference 
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between the photocathode and the first dynode. The number of secondary electrons will 

be multiplied by the gain factor or secondary emission factor g of the second dynode, 

which has a higher potential than the first dynode. This process repeats for the remaining 

dynodes (typically the number of dynodes k is between 8 and 10) until a large number of 

electrons are collected at the anode with an overall gain gk on the order of 106• 

Consequently the total number of electrons collected per event at the anode is 7.8 x 108, 

giving the capability to count y-ray photons one at a time. The total mean number of 

electrons is given by the following equation (see also Cho et ai., 1993) 

(2.9) 

Note that in the above expression, for N to be proportional to the gamma energy E, 

it is required that all the coefficients are not functions of E. Except for the scintillation 

efficiency s, the remaining coefficients are associated either with the light collection 

geometry or with the PMT parameters, so they are not functions of E. Although the 

scintillation efficiency depends on the scintillation material and the incident gamma 

energy absorbed in the crystal (Cho et. ai., 1993), the scintillation efficiency of NaJ(Tl) is 

about 13% (Knoll, 1989). Consequently the mean analog PMT outputs are approximately 

proportional to the number of optical photons received by the PMT, which in turn is 

proportional to the energy deposited in the crystal. These PMT signals are used to 

estimate the energy of the incident 'Y-ray photon and the position coordinates x and y of 

each scintillation flash in the gamma camera. 
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2.4 Statistical Nature of the Scintillator and PMT Detection 

We have discussed the physics and deterministic nature of the scintillatorlPMT 

detection. In this section, we shall discuss the statistical aspects of the scintillator/PMT 

detection. 

Statistical Behavior of the Scintillator 

In Sec. 2.2, we mentioned that the number of visible photons generated in a 

scintillator by a gamma-ray photon was a random variable. As discussed before, the 

incident gamma-ray photon may be photoelectrically absorbed or scattered first then 

absorbed in the crystal. We shall only consider the case when the gamma-ray photon is 

photoelectrically absorbed, that is, the energy absorbed in the crystal is fixed. 

There are a couple of factors contributing to the observed fluctuations in the 

number of optical photons liberated in a scintillator by a fixed-energy gamma-ray photon: 

(a) local variations in the scintillation efficiency due to inhomogeneous distribution of 

impurities and crystal defects (Birks, 1964) and (b) statistical noise due to the discrete 

nature of the measured photons (Knoll, 1989). 

The actual number of visible photons produced in a scintillation flash is commonly 

assumed to follow the Poisson distribution. If we only consider the photoelectric events 

(corresponding to the photopeak distribution), this assumption is a reasonable 

approximation (Barrett and Swindell, 1981). The light emission is random and isotropic. 

That is, optical photons are emitted uniformly into 41t steradians from the emission point. 

Depending on the direction, an optical photon may be absorbed, reflected, or exit the light 

guide (made of quartz) and reach the PMT's surface as shown in Fig. 2.2. 



PMT PMT 

-+--- Photocathode 

Photon 

1 Incident gamma ray produces 
scintillation flash 

2 Photon absorbed 

3 Diffuse reflection 

4 Specular reflection 

5 Refraction 

6 Photoelectron production 

Fig. 2.2 Illustration of the scintillation process and PMT detection. 
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Statistical Description of the ScimillatorlPMT Detection 

From Eq. 2.9, the mean PMT output generated by "{-ray photons is proportional to 

the gamma-ray energy (keV) deposited in the scintillator. With an ideal scintillation 

detector, there would be a single narrow peak in the energy spectrum, and the abscissa of 

the peak would correspond to the energy of the monoenergetic radiation completely 

absorbed in the crystal. In practice, what we observe is a broadened peak, and the pulse

height distribution determines the energy resolution of the scintillator-PMT combination. 

There are several factors that cause the widening of the peak, or a loss of energy 

resolution. The sources of resolution loss can be grouped into three components: those 

that are due to the crystal (the intrinsic scintillator resolution) including the fluctuations in 

the number of optical photons produced in the crystal discussed above, those effects that 

are due to the PMT (the PMT resolution), and electronic noise. Among these effects, the 

contributions of the scintillator and PMT are not independent of each other and it is not 

possible to separate them. Denote Rs as the resolution due to the scintillator and PMT 

combination, and Rn as the resolution due to electronic noise. Since Rs and Rn are 

independent of each other, the overall energy resolution R (see also Fig. 1.10) which is 

defined as FWHM, where Eo is the mean energy, is obtained by 
Eo 

The scintillator resolution includes variations caused by (I) random number of 

optical photons produced per keY of radiation energy deposited in the crystal due to 

variations in scintillation efficiency, (2) scintillation flashes occur at different depths 

within the crystal, and (3) random propagation of light photons or random number of 
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optical photons reaching the PMT (see Fig. 2.2). The variations introduced by the PMT 

are caused by (1) statistical fluctuations in the number of photoelectrons produced from 

the photocathode, (2) random emission of photoelectrons and collection at the first 

dynode, and (3) statistical fluctuations in the electron multiplication of other dynodes. 

Because of these causes above, the PMT output has a random distribution after the input 

signal following through the cascaded processes. 

For NaI(TI) scintillators in a gamma camera, the statistical fluctuations in 

photoelectron generation are normally the most significant (Knoll, 1989). Contributions 

of electronic noise (mainly Johnson noise in the load resistance) are usually negligible 

compared with the photon noise from scintillation detectors. That is, Rn is much smaller 

than Rs' Then from Eq. 2.10, R can be approximated by Rs' In other words, the main 

contribution comes from the statistical fluctuations in scintillators and PMTs 

(Tsoulfanidis, 1983). If the thickness of the crystal is thin, then depth-of-interaction effect 

in scintillator resolution only contributes a small portion to the line width. 

The remaining causes of resolution broadening are just due to statistical 

fluctuations in the scintillator and PMTs. These statistical fluctuations will be most 

significant at the stage in the cascaded processes at which the numbers of electrons are at 

a minimum if Poisson noise dominates the noise contributions. This stage is at the 

photocathode as illustrated above. We shall come back to this point later. 

In addition to Poisson noise generation of photoelectrons at the photocathode, there 

is electron multiplication noise associated with dynodes. This multiplication noise 

contributes the excess noise which has been studied by Lombard and Martin (1961) and 

others. They used generating functions to develop the statistics of the electron 

multiplication process; here, we merely summarize the important results below. 
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Consider a primary electron incident on the first dynode. The signal is followed 

through the multiplier chain with k stages, and the mean gain and variance of the jlh stage 

are denoted as gj and a/. Then the total gain and variance of the multiplier chain, 

denoted as G and a/ are given by (RCA, 1980) 

(2.11 ) 

(2.12) 

Eq. 2.11 states that the total mean gain for a multiplier chain of k dynodes is the product 

of the secondary emission yield of each dynode in the series. Eq. 2.12 states that the first 

dynode dominates the contribution to the total variance (noise). The signal-to-noise ratio 

(SNR) for multiplier chain can be derived from Eqs. 2.11 and 2.12 as follows 

(2.13) 

If the first-dynode gain is large, the multiplier SNR is high. Furthermore, if each dynode 

follows Poisson statistics, then the SNR can be approximated by .ji;. That is, the noise 

contribution from the latter dynodes is negligible or the gain stages do not degrade the 

SNR. It is in this sense that the electron multiplier provides noise-free gain. 

However, Poisson statistics do not give the correct distribution of the electron 

multiplication of most PMTs. Instead, Lombard and Martin (1961) found the distribution 

of some tubes to resemble a decreasing exponential. In fact, the observed secondary

emission statistics vary among the different types of dynodes used (RCA, 1980). Most 
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distributions fall within the statistics limited by a Poisson at one extreme (Morton et al., 

1968) and an exponential at the other (Dietz et al., 1967). 

Although an ideal PMT, which provides no multiplier noise, does not exist, high

gain GaP dynodes exhibit nearly Poisson statistics (Morton et al., 1968). In practice, we 

can obtain only approximate noise-free operation with the design of proper electron 

optics and modern dynode materials with good uniformity. In such case, the pulse-height 

distribution is about the same at the anode as in the distribution at the photocathode. Thus 

the principal source of fluctuation is in the number of photoelectrons generated from the 

photocathode. The mean of the PMT output signal is proportional to the mean number of 

photoelectrons. For events in which the same amount of radiation energy is deposited in 

the crystal, the pulse amplitude will fluctuate due to the statistical variation in the number 

of photoelectrons produced for each event. 

For the reasons discussed above, we shall discuss mainly the statistics of the 

photoelectrons generated at the photocathode of a PMT. The distribution of 

photoelectrons is a result of a cascaded random process (see Eq. 2.8). If we assume the 

fluctuations in the number of optical photons generated in a scintillation flash obeys 

Poisson statistics, then the number of optical photons reaching the PMT follows a 

binomial selection of Poisson random process because a visible photon either reaches a 

PMT (with a probability equal to the fractional solid angle Q/4n subtended by the PMT) 

or not. The reSUlting number of optical photons reaching the PMT is also Poisson 

distributed according to Sec. 3.4 in Barrett and Swindell (1981). Similarly, we can apply 

this result to find the number of photoelectrons produced, which also follows a binomial 

selection of Poisson random process because a photoelectron is either produced from the 

photocathode (with a probability equal to the quantum efficiency 11 of the cathode) or not. 

Thus the number of photoelectrons is also Poisson. Furthermore, it can be shown that 
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Poisson sources cannot not produce correlated counts in two different non-overlapping 

detectors (Barrett and Swindell, 1981). Therefore the number of photoelectrons detected 

by each PMT in a modular camera is theoretically independent of the number detected by 

the other three. 

Now let us consider the case when the number of optical photons produced during a 

scintillation flash is not Poisson distributed. According to Eq. 3.174 in Barrett and 

Swindell (1981), we have 

(2.15) 

where No is the number of photoelectrons, p is equal to .Q11/41t, and no is the number of 

optical photons produced. By using the Fano factor defined as the ratio of variance to 

mean (Fano, 1946, 1948), Eq. 2.15 can be rewritten as 

- .Q, -
(FN -1)No = (-7Jt(Fn -1)no' 

" 4n n 
(2.16) 

where FN is the Fano factor associated with the photoelectron statistics and Fn is the 
II n 

Fano factor associated with the optical photon statistics. For 11 of 0.3, even if we let ill41t 

be 0.5, (11ill41t)2 is only about 0.02. This implies that RN is close to 1, or the distribution 
n 

of the number of photoelectrons resembles a Poisson law. However, there is some 

evidence (discussed below) that shows this Poisson distribution of photoelectrons is not 

true. 

Mar (1989) showed that the shape of photopeak distribution can be approximately 

modeled by a peaked distribution with slightly higher tails and a broader peak than that 

predicted by the Poisson law. On the other hand, Hayashi from Hamamatsu Co. pointed 
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out that when a large number of optical photons are created in a scintillation flash, the 

photopeak distribution is well modeled by a normal distribution. One way to quantify the 

deviation from Poisson statistics is using the Fano factor. Hansen's study (1988) 

concludes that the photopeaks are not Poisson because the Fano factor is greater than 1; 

instead a normal distribution fits the photopeak quite well. He also finds that the Fano 

factor varies with position. Marcotte (1993) measured the mean 5-bit response and the 

variance of the four PMTs of the modular camera, and the covariance values between 

PMTs. Marcotte found the variance of the measured data agreed with the variances 

measured by Hansen over most of the crystal area. In addition, Marcotte found the 

covariance values are not zero, and can be about 30% of the variance. So the four output 

signals from the PMTs are correlated (statistically dependent). Since the Poisson model 

cannot accommodate the cross-correlations between the PMT responses (Poisson random 

variables are uncorrelated, see discussion above and Hanbury Brown and Twiss (1956», 

Marcotte proposed a multivariate normal distribution to model the camera response. John 

Sain also observed the deviation from Poisson statistics by showing that the variance of 

the number of photoelectrons is not equal to its mean, i.e., the Fano factor is not 1. Sain 

also calculated the covariances of the photoelectrons produced from two adjacent or 

diagonal PMTs and found that their values are not zero although they are very small 

relative to the variance values. Sain is currently investigating a multivariate normal 

statistical model, which takes into account the Fano factor not equal to 1 without 

invoking the covariance calculations in our new 8-bit data acquisition system. 

We mentioned above that another source of randomness causing broadening of the 

scintillator resolution is the depth-of-interaction. We now describe this effect. Recall that 

the number of optical photons reaching a PMT is proportional to the solid angle seen by 

that photocathode (geometric effect). But the solid angle is a function of three-
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dimensional coordinates of the scintillation location, so it is necessary to consider the 

depth-of-interaction for thick scintillators in order to model the PMT output responses 

accurately. It is very important to find the correct probability model for the PMT outputs 

because estimation of the position and the energy of a scintillation event requires 

knowledge of the statistical model for the response of a set of PMTs. In order to find the 

model that best approximates the photoelectron distribution, we also need to consider the 

stochastic effect of the depth-of-interaction (Gagnon et ai.,1993). Traditionally, we only 

considered the 2-D (x,y) position of the scintillation interaction. Now we shall take into 

account the depth (z) of interaction, which is an approach proposed by Barrett (1993). We 

believe the depth-of-interaction effect causes statistical fluctuations in the crystal light 

output and can explain that the photoelectron distribution is actually broader than a 

Poisson distribution. We describe this point below. 

The probability density function (PDF) of the scintillation depth (z) is an 

exponential function, Ilexp(-Ilz), according to Beer's law, where Il is the linear 

attenuation coefficient (see Fig. 2.3, where the depth of interaction, z, is a random 

variable). If we assume that the number of emitted optical photons for a fixed scintillation 

location is Poisson, then because the detection process and creation of photoelectrons is a 

binary selection process of this Poisson primary, the number Nj of photoelectrons 

generated at PMT i (i = I, 4 for four PMTs in a modular camera) is also Poisson 

(neglecting the electron-multiplier noise), which means the digitized output signals are 

independent random variables. That is, we assume P(Njlx,y,z) follows a Poisson 

distribution with mean Nj which is a function of x, y, and z (N j = fj(x,y,z». Then we can 

write the four-fold Poisson probability law as 

(2.17) 
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Fig. 2.3 Depth-of-interaction of scintillation in the crystal. 
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where N is a 4-D vector (N I, N2, N3, N4). We shall use boldface letters to denote vectors 

and overscore (-) to denote the mean of a random variable throughout this dissertation. 

But we are interested in knowing P(Nlx,y), which can be calculated for a given position 

by 

f P(NI x, y,z)pe-JJzdz 
P(Nlx,y)= 0 11 , 

pe-JlZdz 
o 

(2.18) 

where integration is made over the crystal thickness t. The resulting P(Nlx,y) is broader 

than a Poisson of the same mean (increased variance). We can rewrite P(Njlx,y,z) as 

P(NjINj(x,y,z». Therefore, the amount of broadening depends on how much Njvaries 

with z. The broadening should be greater for locations near the edges than for locations 

right under the PMTs according to Hansen's results (1988). We can use this kind of 

broadening to explain why the Fano factor is greater than one because the likelihood 

distribution, P(Nlx,y), is broader than a Poisson distribution. The depth-of-interaction can 

also cause increased correlations. When a scintillation happens to be close to the 

photocathode plane, all the PMT responses would be high, and conversely if a 

scintillation happens to be far from the photocathode plane. In this case, positive 

correlated fluctuations of counts are detected in different PMTs and PMT signals would 

not be independent. In other words, the correlations are produced by the excess noise, and 

the Fano factor would be greater than one. 

We think if a good approximation to the statistical model, e.g., multivariate normal 

model, of camera response is implemented into our position and energy estimation 

algorithms (described in Chap. 4 and 5), then we can compare the new estimates to the 

old ones and see whether the spatial resolution and distortion (especially at the edges of 
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the crystal) are improved. The verification of the various models for PMT statistics is 

beyond the scope of this dissertation, and we shall still use the conventional Poisson 

model for PMT statistics throughout this dissertation. 

Mean PMT Signals 

Because the number of photoelectrons generated at the cathode is a random 

variable, we need to know the mean value in order to characterize PMT response. In the 

modular camera, since there are four PMTs, a scintillation event will produce a set of 

responses from four PMTs. This set of responses is denoted by (N l' N2, N3, N4), where 

N j is the number of photoelectrons produced by PMT i. The mean of N j is defined as the 

mean detector response junction (MDRF) for PMT i and is a function of 2D scintillation 

location in the crystal (actually, mean detector response function depends on (x, y, z), 

which is discussed above), that is 

MDRF = Nj(x,y) = f;(x,y), (2.19) 

where the bar denotes the statistical average or mean value. We shall describe how to 

measure the MDRF or calibrate a modular camera in Sec. 4.4. If we assume that the 

number of photoelectrons follows a Poisson distribution, the probability of producing a 

set of (N I, N2, N3, N4) at scintillation position (x,y) would be 

(2.20) 
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where peN J ,N2,N3,N4Ix,y) is also called likelihood or likelihood function and is used in 

the design of position estimator (see Chap. 4). 

Pulse Pile-Up 

Now we want to describe an effect caused by randomness in arrival time of PMT 

pulses. Iri practice, many y-photons will interact with the scintillator over a period of 

acquisition time. Thus, the output of the PMT signals will consist of a train of current 

pulses, each corresponding to a scintillation event. Because the time spacing between 

pulses is random, some pulses may be superimposed on the tails of preceding pulses 

causing distorted pulse-height amplitude. We use a shaping filter in our signal-processing 

electronics to integrate a current pulse with a shaping time constant sufficient to achieve a 

high counting rate. The overall mean pulse width after PMT and electronics stages is 

about 2 MS. 

Because pulses with finite width are randomly spaced in time, the effects of 

overlapping between pulses are often significant, except at very low counting rates. For 

those events separated by a short time interval (most likely to happen at high counting 

rates), due to the spread of the signal pulses, pulse pile-up will happen and can be 

minimized by making the overall pulse width as small as possible. 

Pulse pile-up occurs when a second scintillation event occurs before the light pulse 

from the first scintillation event has decayed to zero. When this occurs, two kinds of pile

up can happen (see Fig. 2.4). The first type occurs when the superposition of the two 

pulses produces a pulse (one peak) with a peak amplitude that is not the same as either of 

the original two and is interpreted by the system as occurring from a higher energy photon 

(see Fig. 2.4a). So pulse pile-up changes energy information of the incident y-photons and 
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results in counting losses in scintillation counting, since two events are counted as one 

event or are not counted (rejected). Therefore the observed count rate is lower. In other 

words, the random arrival of 'Y-photons imposes count-rate limitations. These counting 

losses is also called dead time losses, where the dead time is the minimum time 

separation required for the counting system to distinguish two separate events. The dead 

time is set by the detector or the time characteristics of the associated electronics. The 

second type of pile-up occurs when the detector still detects these two pulses separately 

(two peaks), but the amplitude of the second pulse would become larger than what it 

should be due to pile-up on top the tail of the first pulse (see Fig. 2.4b). One effect on the 

pulse-height measurement is to worsen the energy resolution by broadening the recorded 

peaks. Another effect is error in position estimation because of wrong voltage signals 

produced which are used for estimating position of the scintillation event, hence 

degrading spatial resolution too. In short, the effects of pile-up can cause inaccurate 

position and energy estimation, and counting losses. 
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Two types of pile-up. (a) Two pulses are close enough so that 
they are counted as a single pulse. (b) Two pulses are far enough 
so that they are still counted as two separate pulses. In each 
figure, the pulse represented by the solid curve is the sum of the 
two pulses represented by the two dotted curves. 
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CHAPTER 3 

ESTIMATION AND DECISION THEORY 
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In Chap. 2, we described the hardware aspects of the modular camera. Each 

camera consists of four PMTs. Each PMT is used to detect photoelectrons produced by a 

scintillation event. The goal of the camera is to provide information on where the gamma

ray photons strike the camera face. To achieve this goal, we apply estimation and decision 

theory to estimate the position of interaction and the energy of the gamma ray from the 

PMT signals. It is the purpose of this chapter to review fundamentals of estimation and 

decision theory. 

3.1 Review of Estimation Theory 

Estimation deals with an inverse problem in statistics. That is, we want to know 

something about the source or object that gave rise to given data. In other words, given 

the data, we want to find a "best" estimate of some unknown parameter, which 

characterizes the source. Estimation theory is an extension of decision theory which is 

discussed in the next section. In this chapter, we will pursue only one type of estimation 

problem: parameter estimation (the other is probability law estimation). Parameter 

estimation can be further divided into two cases. We denote the symbol e as the unknown 

parameter (which could be a vector, e.g., x, y position coordinates) to be estimated, from 

the given data vector g. Parameter e can be deterministic (but unknown) or random. 

A model of a general estimation problem is shown in Fig. 3.1. First, there is a 

parameter e of the source to be estimated. Then an observation is made and the data set g 

(random vector) is measured through some probabilistic mapping. From the given data g, 
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" we want to find an estimate 8 (g) for 8. The estimation rule or algorithm that we use to 

" find 8 is the estimator. The results certainly depend on the choice of the estimator. In this 

section we shall discuss some common estimators, each of which best approximates 8 in 

a different sense. The first one is the maximum likelihood (ML) estimator, the second and 

the third one are the maximum a posteriori (MAP) and minimum meall-square-error 

(MMSE) estimator respectively. The MAP and the MMSE are classified as Bayesian 

estimators. 

Estimation of Nonrandom Parameters 

There are some cases for which the unknown parameter cannot be treated as a 

random variable. This is when there is only a single 8 exists in the estimation problem. In 

other words, there is not a random distribution of 8 or 8 is a deterministic (nonrandom) 

parameter. Now, we want to discuss some properties of an estimator and describe the 

estimator that is good in maximum-likelihood sense. 

General properties: In estimation problems, it is not easy to say how "good" a 

estimator is. It really depends on what "sense" you use. We can use bias and variance to 

evaluate an estimator. The mea1l square error (MSE) of an estimator is defined as 

" ~ 
MSE =< (8- 8t > g,O 

" A A 

=< (8 - < 8 > + < 8 > _8)2 > g,O 

1\ 1\ /I. A" 1\ 

=< (8- < 8 »2 +« 8 > _8)2 + 2(8- < 8»« 8 > -8) >g,O 

1\ A 2 "") 
=«8-<8» >g,o+«<8>-8t>o 

A 

= Var(8)+ < B2 >0 (3.1 ) 
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where < ... > means statistical average over the data g and the parameter e to be estimated. 

" B stands for bias (first measure of estimator quality) which is defined as < e > - e and is 

the systematic error. Var stands for variance (second measure of quality) and is the 

random error. So MSE is the total error. If B = 0, the estimator is said to be unbiased, i.e., 

correct on average. In this case, MSE equals variance which is another measure of 

" performance because it measures the width of distribution of 8 around the true value of 

the' parameter 8 (spread of error). As shown in Fig. 3.1, 8 is mapped to g by a 

measurement system and any estimator is a mapping from the data space g to the 

" estimation space 8, so the whole mapping can be described by the probability density 

" function p(818). An example of the probability density function is shown in Fig. 3.2. In 

" the figure, < e >g can be written as 

< 9 >g= f d9p(918)9(g) 

= f dgp(gl e) 9(g) . (3.2) 

" We would like to have a probability density function pee 18) clustered at the true value 

with little spread. In other words, since bias measures the accuracy of the estimator while 

variance measures the precision of the estimator, an unbiased estimator with small 

variance is generally desired although we can usually trade off bias for variance. Note that 

there are two types of bias, one is a constant known bias that can be easily subtracted; the 

other one is 8-dependent unknown bias that is hard to correct, see Frieden (1991). 

One may ask if an unbiased estimator is achieved, can the variance be made 

arbitrarily small? The answer is no. There is some finite lower limit on estimation 

variance. This limit is called the Cramer-Rao bound, which provides a bound on the 
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variance of any unbiased estimate. An expression for the Cramer-Rao bound can be found 

in Melsa and Cohn (1978). 

Maximum likelihood estimator; Assume WI;; know the probability density of the 

observed variable p(gIS). That is, p(gIS) is a known function of Sand g. We call p(gIS) the 

likelihood function. The maximum likelihood (ML) estimate of S is the value that 

maximizes p(gIS) for the given g, 

" p(gIS) = maximum with respect to S at S = S ML(g). (3.3) 

" The S that satisfies this equation is denoted as e ML. Of course, its value will depend on 

" the data g; therefore it is also denoted as e ML(g). Because the logarithm of a quantity 

monotonically increases with the quantity, Eq. 3.3 is equivalent to 

In p(gIS) = maximum. (3.4) 

" If In p(gIS) has a continuous first derivative, then e ML is obtained when 

alnp(gIS)1 h =0. 
as O=OML 

(3.5) 

This equation is calIed the likelihood equation. 

Any unbiased estimate that satisfies the Cramer-Rao bound with equality is called 

an efficient estimate, though there is no guarantee that such an estimate exists. It can be 

shown that if an efficient estimate does exist, it is the ML estimate. Other properties of 

the ML estimate are that it is asymptotically unbiased (consistent) and asymptotically 
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efficient as the number of independent observations approaches infinity. These properties 

of the ML estimator provide some motivation for using it. 

Estimatio1l of Random Parameters 

Up until now, we assumed the unknown parameter S to be fixed and deterministic. 

We now turn our attention to the Bayesian method when the parameters of interest are 

random. In this case, S is random variable following a known probability density p(S). 

This is called the a priori probability density because it is known prior to data 

measurement. Bayesian estimation theory takes into account the a priori information p(S) 

to improve the estimate of S. Bayesian estimation theory is parallel to Bayesian decision 

theory discussed in section 3.2. 
1\ 

Cost functions: As in Bayesian decision theory, we assign a cost C(S,S). Once the 

cost function is chosen, we can define a risk R as the average cost. The Bayesian 

estimator is chosen so that R is minimized. 

1\ 

R == < C(S,S) > = minimum, (3.6) 

1\ 

where the average is over two random vectors Sand g. Because S (g) is determined from 
1\ 

g, it is also a random variable depending on g only, so a separate average over S is not 
1\ 

required (Barrett et al., 1988). An estimate S of S that satisfies Eq. 3.6 is called a Bayes 
1\ 

estimate. The two estimators (the rule which we use to find estimate S) described below 

are in the category of Bayesian estimator. 

Different cost functions lead to different estimators. We next consider two of the 

typical cost functions shown in Fig. 3.3. Fig. 3.3a shows the uniform or step cost 
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1\ 1\ 1\ 

function. This cost function is defined as C(8,8) = 0, if 18- 81< E or C(8,8) = 1, 
A 

otherwise. That is, if the error (8 - 8) is less than a threshold E (usually E --7 0), we assign 

zero penalty; if the error is larger than E, we assign a unit penalty. 

Maximum a posteriori estimator: It is shown in Van Trees (1968) that the value of 

8 that minimizes the risk associated with the step cost is that which maximizes the a 

posteriori probability density p(8Ig). It is the probability density for the unknown 8 after 

we have measured the data g. This estimator is called the maximum a posteriori (MAP) 
A 

or posterior mode estimator. The corresponding estimate is denoted as 8MAP. This is the 

solution to 

Jlnp(8Ig)1 , =0. 
CA3 8=Omap 

(3.7) 

The above equation is called the MAP equation. 

Usually the posterior probability density needs to be inferred from the likelihood 

function and prior probability density. By using Bayes' rule, the MAP equation becomes 

[
Jln p(gI8) + Jln p(8)] =0. 

DB DB 9=Omap 

(3.8) 

From the above equation we can see when p(8) = constant, Eq. 3.8 becomes Eq. 3.5. 
1\ A 

Hence SMAP = SML. In other words, in the case of equal prior probability density or no 

prior information, the ML and MAP estimates are equal. In general, the ML estimate is 

different from the MAP estimate if any prior information about 8 is available. 

Minimulll mean square error estimator: Fig. 3.3b shows the quadratic cost 

function. The estimator finds 8 that minimizes the average quadratic cost function, so this 
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estimator is also called the minimum mean-square-error (MMSE) estimator. That is, we 

want to find a MMSE estimate so that 

< [s-sf > = min. (3.9) 

In the above equation, the term on the left hand side can be written as 

<[s-sf>, = jdSjdSp(S,S)(S-S)2 
0.0 

= j dS j d S p(SI S)p(S)(S- S)2 

= j dSp(S)[j dSp(SIS)(S-S)2]. (3.10) 

1\ 

The corresponding estimate is denoted as S MS' This can be obtained from (Melsa and 

Cohn, 1978) 

SMS (g) = J: S p(SI g)dS . (3.11 ) 

1\ 

We can see S MS is the posterior mean. Because it is usually easier to compute the 

likelihood function, we can express p(Slg) in terms of p(gIS) by using Bayes' rule. The 
1\ 

final form for S MS is 

1\ L: Sp(gIS)p(S)dS 

SMS = f~ p(gl S)p(S)dS . 
(3.12) 

If p(S) is assumed constant, then the above equation yields 
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" 1: Sp(gIS)dS 

SMS = 1:p(gIS)dS' 
(3.13) 

From Eqs. 3.5, 3.8, and 3.12, we see that the ML estimator requires knowing p(gIS); and 

both the MAP and the MMSE require knowing p(gIS) and p(S). These probability density 

functions are sometimes given or can be calculated, but when they are unknown, the 

above estimators cannot be used. 

3.2 Review of Decision Theory 

In this section, we shall review basic decision theory which is closely related to 

estimation theory discussed in last section. As a matter of fact, we can think of an 

estimation problem as an extension of a multiple-decision problem. In other words, in the 

case of large number of hypotheses, the multiple-decision problem becomes an estimation 

problem. Both problems have the same basic structure. That is, they have either a 

parameter space or a source which is mapped to observation space through a probabilistic 

transition mechanism. Then, either an estimation rule is applied to find estimates or a 

decision rule is applied to make a decision. In estimation problems, we want to find the 

estimation rule (estimator); in decision problems, we want to find the decision rule which 

is the topic we are going to discllss next. 
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Basic Decision Theory 

In this section we present basic decision theory. We shall discuss the simplest case 

of decision problems, binary decisions (two hypotheses or classes) associated with two 

events. In binary-decision problems, there are two possible decisions, for example, 

whether a disease is present or not. There are also two possible states of truth: the disease 

is actually present or not. We then use the theory to develop the likelihood ratio test for 

the hypothesis-testing problem. The Bayesian method takes into account the a priori 

information which forms the statistics of the two hypotheses as described below. 

The basic components of a simple decision problem are shown in Fig. 3.4. (Van 

Trees, 1968). The first component is a source that generates an output corresponding to 

one of two hypotheses (in the binary-decision case). The goal is to decide which 

hypothesis is true. Many problems fit this general structure, including the problems that 

radiologists and physicians encounter in radiological imaging and medical decision

making. 

The second component of the problem is a probabilistic tra1lsition mechanism. The 

third component is an observation space. The transition mechanism generates a point 

(data) in the observation space according to the conditional probability density functions. 

The fourth component is a decision rule. After observing the outcome in the 

observation space, our goal is to find the optimum decision rule which assigns each point 

(data) to a different subspace of the observation space. In the case of binary-decision 

problems, the observation space is divided into two inclusive, nonoveriapping subspaces. 

In one subspace, we classify the data corresponding to one hypothesis, in the other 

subspace we classify the data corresponding to the other hypothesis. 
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Bayesian Decision Rule 

For the binary-hypothesis problem, the first hypothesis is denoted as Ho and the 

second hypothesis is denoted as HI' Because only two alternative hypotheses exist, this 

test is called a binary-hypothesis test. We assume that the data consist of a set of M 

numbers and can be denoted by a vector g 

(3.14) 

In Eq. 3.14, T represents the transpose operator. We can form a test statistic A(g) to test 

against a threshold A in order to partition the observation space so as to decide which 

hypothesis is true. If the decision problem is to decide Ho is true when A(g) is a larger 

value and HI if A(g) is a smaller value, we then have 

Choose Ho if A(g) > /\" 

Choose HI if A(g) ~ /\,. 
(3.15) 

Next we need to define the scalar test statistic A(g) and then choose the threshold A. 

In the binary-hypothesis problem, we consider the statistics of the data g under two 

hypotheses so we only have two conditional probability density functions p(gIHo) and 

p(gIHI). The probability density function p(gIH) is also called the likelihood or 

probability of the data g under hypothesis j (j=0 or I). The decision is therefore based on 

p(gIHo) and p(gIH I). In a simple case, we can decide which hypothesis is true based on 

which likelihood (probability) is greater (maximum likelihood). We compare these two 

likelihoods and see whether p(gIHo) > p(gIHI) or not. This is equivalent to forming a 

likelihood ratio of p(gIHo)/p(gIHI) and see whether the likelihood ratio is greater than one 
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or not. The likelihood ratio is thus the test statistic A(g) and the threshold A is unity in 

this case. Note that the likelihood ratio is a random variable (a scalar) because it is a 

function of the measured data g. The likelihood ratio is useful because it expresses the 

strength of evidence ("odds") of an event for hypothesis Ho relative to hypothesis HI' We 

shall show that the likelihood ratio is the optimal test statistic for Bayesian binary 

decision problems later. The comparison of a scalar likelihood ratio to a decision 

threshold is called a likelihood ratio test (LRT). In short, we define the likelihood ratio as 

(3. 16) 

and then we can form a LRT as 

110 

A(g) ~ A. (3.17) 
/II 

The next step is to select a decision criterion for choosing a threshold against which 

the likelihood ratio is compared to make a decision regarding which hypothesis produced 

the observed data. In this way, we can develop a decision rule to partition the observation 

space into two regions corresponding to the two hypotheses respectively. 

For a simple binary decision, it is convenient to use a 2 x 2 decision matrix as 

shown in Fig. 3.5 (Barrett and Swindell, 1981). There are two states of truth or 

hypotheses (Ho and HI) and two possible decisions (Do and D I). There are four possible 

outcomes (two of them are correct) of the observation. We call one of the correct 

outcomes true positive (TP), when Ho is true and the observer makes decision (Do) to 

choose Ho; this case is also called a "hit" in radar terminology. We call the other correct 

outcome true 1legative (TN), when HI is true and the observer makes decision (D I) to 
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True Positive False Positive 
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Fig 3.5 2 x 2 decision matrix. 
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choose HI' Similarly, we call an outcome false positive (FP) or "false alarm" when HI is 

true and the observer makes decision (Do) to choose Ho; and false negative (FN) or 

"miss", when Ho is true and the observer makes decision (01) to choose HI' 

The question of selecting a rule for making decision leads to the area of statistical 

decision criteria (choices of the optimum threshold). In other words, in order to design a 

decision rule we need to determine a criterion. The purpose of a decision criterion is to 

assign some relative importance to the four possible outcomes and take into account the 

prior probabilities of occurrence of the two hypotheses. Certainly the decision we make 

will depend on which test statistic (which could be other than the likelihood ratio, e.g., 

p(gIHo), if the value is greater than A then choose Ho' otherwise choose HI) and criterion 

we choose. 

We are interested in seeking optimal decision rules which means that no other rule 

can do better at decision performance on the average. Since we are interested in the 

performance of decision rules in the long run, not just in some particular decisions, we 

want to know the mean value of a decision rule, which is the sum of the probabilities of 

all possible decision outcomes with each probability multiplied by the cost assigned to 

each of the outcomes (Green and Swets, 1966). Bayesian methods take into account the 

cost and prior probabilities. The basic idea of the binary Bayesian decision criterion is the 

same as in Bayesian estimation; in both cases we assign a cost to each of the outcomes 

first. Next step is to minimize the risk or average cost for making the decision. This 

decision rule requires that we know the conditional probability density functions p(gIHo) 

and p(gIH I) for forming the test statistic defined in Eq. 3.16 (the likelihood ratio) to 

succeed in minimizing the risk (shown below); and the prior probabilities (P(Ho) and 

P(H I)) and the costs for choosing the threshold of the test. 
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An illustration of the decision rule for binary-hypothesis test is shown in Fig. 3.6. 

Ideally, we want to minimize the risk. We now show that Bayesian decision rule based on 

likelihood ratio will minimize the risk below. 

The probability of making decision Dj given hypothesis Hj , denoted as P(DjIHj ), is 

P(DjIH)= f p(gIHj)dg, (3.18) 
AI 

where i or j = 0, 1 and the integration is over all those data that occur in the subspace Aj 

which is defined as the observation region over which we choose Hj . The expected value 

of the cost or risk R is then defined as (Van Trees, 1968) 

R = CooP(Ho)P(DoIHo) + CIOP(Ho)P(DIIHo) 

+CIIP(HI)P(DIIHI)+ CoIP(HI )P(DoIHI) , 
(3.19) 

where Coo' C IO' CII , and COl' are costs associated each outcome. Using the following 

identity 

where i = 0, 1, we have 

R = CIOP(Ho) + CIIP(HI) + (COl - CII )P(HI )P(Dol HI) 

-(CIO -Coo)PCHo)PCDoIHo) 

= CIOP(Ho) + CIIP(HI) + f ([CCOI - CII )PCHI )P(gl HI)] 

(3.20) 

(3.21 ) 



probability 
density 
p(A1 H) 

102 

L..-.o::;---~--+--~---,;~-'A 

A 
decision 
threshold 

Fig. 3.6 Probability density functions of a test statistic. 
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Note that CIOP(Ho) and CIIP(HI) are constants, so that minimizing the risk is equivalent 

to minimizing the integral by selecting the decision region Ao. Since the cost of a wrong 

decision is usually assigned to be higher than the cost of a correct decision, we can 

assume Cal> C II and C IO > Coo. The integral can be minimized by choosing the region 

for which the integrand is negative. This condition is satisfied only when the expression 

shown below holds 

(3.22) 

We can rewrite this in the form 

(3.23) 

where the quantity on the left is A(g) and the quantity on the right is A. Conversely, 

choose DI when the left side is smaller than the right side. Since likelihood ratio can be 

used to achieve the decision maker's goal (minimizing risk), it is an optimum test statistic 

for a binary Bayesian decision. 

In a special case, if we set the threshold to be 1, then the decision criterion is called 

the maximum-likelihood criterion (Melsa and Cohn, 1978) and decision rule becomes 

II" 
A(g) ~ 1. (3.24) 

III 

However, if we know the a priori probabilities of the hypotheses P(Ho) and P(HI), we 

might want to choose another decision criterion using P(HI)/P(Ho) as the threshold of the 
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test, then the decision criterion is called the maximum a posteriori (MAP) criterion 

(Melsa and Cohn, 1978) and decision rule becomes 

A(g) ~fI P(H,) . 
III P(Ho) 

(3.25) 

In this case, the choice of the threshold depends on the priors. In general, the choice of the 

threshold may depend on both the priors and the costs. 

In summary, for a Bayesian decision criterion the optimum test consists of 

calculating the likelihood ratio A(g) and then comparing A(g) to a scalar threshold A that 

depends on the prior probabilities of the two hypotheses and on the costs assigned to each 

decision outcome. If A(g) > A, the decision is Ho; otherwise it is HI' So a Bayesian 

decision-maker is the one who uses the most information in an optimal way to make a 

decision so as to minimize a defined risk. 

Peliormance A1lalysis 

One way of comparing test performance is using a receiver operating characteristic 

curve or ROC curve (Metz, 1978). A typical conventional ROC curve is shown in 

Fig. 3.7. The curve is a plot of the probability of detection, or the true positive fraction 

(TPF), versus the probability of false alarm, or the false positive fraction (FPF), as a 

function of decision threshold, where 

TPF == number of true positive decisions 

number of actually positive cases 

FPF == number of false positive decisions 

number of actually negative cases 
(3.26) 
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Note that the total number of observations should be large in order for the ratios defined 

by Eq. 3.26 to be treated as conditional probabilities. The threshold can be varied from 

zero to infinity to generate a curve. This curve is called the ROC curve, since it describes 

the inherent detection characteristics of the test and since the receiver of the test 

information can operate at any point on the curve by using an appropriate decision 

threshold. 

Fig. 3.7 shows three different operating points. Point A corresponds to use of a 

strict threshold. Point B corresponds to use of a moderate threshold. Point e corresponds 

to use of a lax threshold. The straight line corresponds to a chance line or worthless test. 

For the binary decision test, all ROC curves must pass through the lower left corner and 

the upper right corner of the graph because all tests can be called positive when there is 

no threshold at all, and negative when the threshold is infinity. Also, if the test provides 

useful information to the decision maker, the intermediate points on a ROC curve will be 

above the chance line because in that case a positive decision is more likely to be made 

when a case is in fact positive than when a case is in fact negative. There are some other 

properties of ROC curves which can be found in Van Trees (1968). 

One figure of merit for test performance is the area under the ROC curve, or AVe. 

A perfect decision maker would call signal correctly without giving any false positives as 

the threshold is reduced. The ROC curve thus follows the left-vertical and upper

horizontal edges of the square which gives the AVe equal to 1. On the other hand, the 

performance of random guessing would have the AVe equal to 112. In realistic cases, the 

AVe would be in between. The larger the AVe, the better the performance is. That is to 

say better decision or detection performance is indicated by a ROC curve that is higher 

and to the left in the ROC space. Therefore, the amount by which the ROC curve moves 

towards the upper-left corner is a measure of the test performance. 
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CHAPTER 4 

POSITION ESTIMATION IN MODULAR CAMERAS 

In Chap. 3, we reviewed basic estimation and decision theory. In this chapter, we 

examine the application of estimation theory to position estimation using PMT signals. 

A good position estimation in a scintillation camera depends on both the light 

output characteristics of the scintillation process (see Sec. 2.2) and the estimator. For 

modular cameras, in position estimation we need to know the probability model for the 

detected PMT output signals. Conventionally, we have chosen Poisson model as the 

underlying statistics of the camera response, although work by Hansen (1988) and 

Marcotte (1993) indicate that the distribution of photopeak events is slightly non-Poisson 

(see Sec. 2.4). The position estimator is the theme of this chapter and will be examined 

from the viewpoint of estimation performance. 

We first examine the practical implementations of our signal processing electronics. 

Next we review some previous work in position estimation done by Milster (1987). He 

applied maximum likelihood (ML) and minimum-mean-square-error (MMSE) estimation 

rules in digital position estimation of our scintillation modular cameras. Finally, we 

discuss camera calibration procedures. 

4.1 Practical Implementations 

So far, all gamma cameras (using PMTs as detectors) used in nuclear imaging 

require some kind of electronics to process the "raw" PMT output signals. Modular 

cameras are no exception. As Anger cameras have their electronic circuits for signal 

processing, we have our own special-purpose electronics for modular camera signal 
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processing, which is quite different from the one used in Anger cameras. The digital 

signal processing for the module consists of six stages, acquisition, conversion, 

compression, estimation, accumulation, and post-processing as shown in Fig. 1.13. In the 

acquisition stage, a scintillation event will produce current signals in the four PMTs. 

The current pulses from the anode are integrated by a passive shaping filter, then 

converted to voltage pulses and amplified by two stages of gain with a factor of about 

500. The voltage signals pass through a sample-and-hold, then are converted to digital 

signals by an eight-bit analog-to-digital converter (ADC). 

The eight-bit digitized signals are then further input to an erasable, programmable, 

read-only memory (EPROM). The output signal is nonlinearly compressed to five bits 

according to a data-compression scheme illustrated in Fig. 4.1. The transformation is 

approximately a square-root mapping, which transforms a Poisson random variable 

(number of photoelectrons emitted from photocathode) into one 5-bit signal with 

approximately constant variance (Bartlett, 1936). On the horizontal axis of the figure, 

there are two probability distributions of photoelectron response, nl, of tube I at two 

locations. Each p(nllx,y) is transformed to a distribution of 5-bit signal output, A, of 

EPROM I. We refer to this 5-bit value (ranging from 0 to 31) as a channel. The 

probability of the event being recorded in one of the 32 channels is a sum of several 

probabilities of the 256 channels according to the nonlinear compression. When nl is 

small, fewer values of nl will be mapped to one channel. If nl is large, more values of nl 

will be assigned to a channel. One of the reasons for using this transformation is to 

sample the PMT signals finely when mean signals (variance) are small (source far away 

from PMT) and coarsely when mean signals are large. The other reason is that this 

mapping conveys maximum information in a fixed number of bits (Dolazza and Poulo, 

1984). Up until now, the signal conversion and compression from each PMT are done 
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on signal variance. (From Mar, 1989.) 
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independently on an analog card (since it processes, digitizes and compresses the analog 

signals from each PMT), which consists of four ADCs and four EPROMs for four PMTs. 

The four EPROM output signals (5-bit each) are concatenated to form a 20-bit 

address to the 22°-word lookup table (LUT) where the position estimates of the 

scintillation events in the crystal are stored. Each LUT takes two-megabyte memory from 

a memory board residing on the VME computer bus. Each location of the LUT 

corresponds to an (A, B, C, D) combination. The address location has one word (16 bits) 

of memory. Since our image matrix is digitized to 64 x 64 or 2 12, 12 bits of the word are 
A A 

used for position estimates: six bits for x and six bits for y. Another four bits are used to 

detennine which of the 12 LUT memories (the data acquisition system is connected to 12 

modular cameras) is activated to accumulate the position estimates if the event is 

unscattered, or to put a flag on an event if it is scattered. If (A, B, C, D) corresponds to a 

scattered event indicated by the flag, then this event is not accepted for the LUT 

calculation for the position estimates. 

The next stage is image formation of gamma photons incident on the camera face 

by accumulating position estimates from the LUT in an image memory. This image 

memory resides on the VME bus. As mentioned above, the image memory contains a 
A A 

64 x 64 matrix (x = 0, 1,,,., 63 and y = 0, 1,,,., 63, see Fig. 4.2b). If an event corresponds 

to a photopeak event in the LUT, the position estimate is addressed to the corresponding 

image memory location and the content of that image memory address is incremented by 

one count. Stage 4 and 5 are done on an intelface card. This card, which resides on the 

VME computer bus, controls the signal flow from the camera to the LUT and the image 

memories (plug-in memory cards on the VME bus). 

The last stage is post-processing. This is done by the Motorola 68020 

microprocessor (residing on the VME bus too) running at 20 MHz. The host processor 
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serves mainly to perform various kinds of image processing such as image enhancement 

and data reconstruction if that is desired or necessary after data are acquired in the image 

memory. In addition to the electronics mentioned from stage 4 to 6, the computer system 

also has a disk controller and an image-display card. 

4.2 ML Position Estimator 

In this section previous work on the problem of position estimation from the PMT 

signals is reviewed. Conventional Anger cameras use weighted sums of the PMT output 

signals generated from a capacitive circuit to calculate position estimates as described in 

Sec. 1.3. One of the earliest investigations of Bayesian position estimation in scintillation 

cameras was by Gray and Macovski (1976). They derived a MAP estimation method for 

use in an Anger scintillation camera. This estimate is equal to the ML if the prior 

probability density function of position is constant. Other researchers, for example, 

Clinthorne et al. (1987), have used an ML position computer for scintillation cameras. 

Milster (1987) applied both the ML and MMSE (or simply MS) estimators in position 

estimation in modular scintillation cameras. He implemented both the ML and MS 

estimation algorithms and calculated the respective look-up tables (LUTs), which are a 

mapping from the PMT responses to the position estimates. He found that the MS 

estimator gave images similar to those obtained with the ML estimator. We now review 

the ML portion of his work. 

In the modular scintillation camera, the image is formed from the individual "{-ray 

photons incident on the camera face (Fig. 4.2a). However, the scintillation event positions 

are not observed directly. Instead, a shower of secondary optical photons is emitted from 

the NaI(Tl) scintillation crystal and reaches the photocathodes of the four PMTs, which 
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then produce a set of photoelectrons. These photoelectrons are then amplified by the 

dynodes, and the output from each anode is an analog signal. The problem is to estimate 

the position coordinates x and y of each scintillation flash using a set of responses from 

four PMTs, g. The data vector g has four components, denoted by A, B, C, and D, which 

are the digitized signals after the four PMT signals are processed by the circuit card. Note 

that the camera face is also denoted by PMT A, B, C, and D (Fig. 4.2b). Next a position 

estimator is sought. We must first calculate the likelihood function. In order to calculate 

the likelihood function, we need to know the probability model for the PMT signals. We 

shall discuss the position estimation using the conventional Poisson model first, then 

discuss briefly the position estimation if we use the multivariate normal (MVN) model. 

Poisson Model 

Assume the numbers of the photoelectrons are independently Poisson distributed 

under the conditions that the statistics of photoelectron generation is a binomial selection 

of Poisson distributed optical photons. Then, since PMT signals are proportional to the 

number of photoelectrons generated at the cathodes 

(4.1) 

where V is the mean voltage signal measured at the output of the PMT, G is the gain of 

the PMT, and npc is the mean number of photoelectrons produced in the PMT. The 

digitized 5-bit signals from four PMTs in the modular camera are also statistically 

independent random variables and each signal is approximately proportional to the square 
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root of the voltage signal Vi of the ith phototube due to nonlinear compression. Thus the 

likelihood function is 

p(A,B,C,Dlx,y) == p(Alx,y)p(Blx,y)p(Clx,y)p(Dlx,y). (4.2) 

Each of the factors in the above equation is determined by knowing the mean 

number of photoelectrons (if we assume Poisson distribution) produced in each PMT by a 

scintillation flash at coordinate (x,y) (see below). We call this function the mean detector 

response function (MDRF). The MDRF at each position is determined by calibration 

method, see Sec. 4.4 for more explanation. So the likelihood conditioned at (x,y) is equal 

to that conditioned by the MDRF at (x,y). We denote a (x,y) as the mean of signal a, 

which is the 8-bit input signal to EPROM corresponding to PMT A, similarly for PMT B, 

C, and D. The mean signal a is linearly proportional to the mean number of 

photoelectrons produced in the PMT A. Thus 

p(Alx,y) == p(AIa(x,y», (4.3) 

where p(Alx,y) is not a Poisson law due to an 8 to 5-bit data compression (see Fig. 4.1), 

but it is calculated from a Poisson law. 

In order to know the MDRFs, we need to perform a calibration for each modular 

camera (for the calibration procedure, see Sec. 4.4). After the MDRFs are known, the 

likelihood function p(A,B,C,Dlx,y) is easily calculated for each (A, B, C, D) combination 

given x and y by inserting Eq. 4.3 into Eq. 4.2. And p(AI"5(x,y» is obtained by the 

binning and nonlinear compression as follows (see also Fig. 4.1) 
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a,,+1 

peA = Anla(x,y» = LP(ala(x,y)), (4.4) 

where n = 0, ... , 31 (see vertical axis of Fig. 4.1) and the number of bins between an and 

~+l (see horizontal axis of Fig. 4.1) is detennined by the nonlinear compression 

algorithm. In other words, the summation in the right side of Eq. 4.4 is over a range of a 

values that map to channel A. 

Now it is easy to find the ML estimates of (x,y) for all (A, B, C, D)'s. In doing so, 

we search the 64 x 64 x-y space to find the (x,y) that maximizes p(A,B,C,Dlx,y). We use 

a nested-search routine based on the assumption of independence of the PMT signals 

(Milster et ai., 1990). First, we exhaustively search in x-y space to find the area of x-y 

space where p(Alx,y) is greater than a preset threshold T ns (where ns stands for nested 

search). This area, denoted S l' is exhaustively searched to find another area S2 where 

p(Blx,y) > T ns' Repeat for the C and D signal values, and the resulting area S4' which is 

much smaller than the 64 x 64 x-y space, is then exhaustively searched for the ML 
A A 

estimate. The (x,y) that maximizes p(A,B,C,Dlx,y) is the ML estimate (XML'YML) 

corresponding to that particular (A, B, C, D). Repeating for all possible (A, B, C, D) 

combinations, we can store the resulting estimates in a LUT (a mapping from (A, B, C, 
A A 

D) to (x,y)) indexed by (A, B, C, D). Because each signal is digitized to 5 bits (to reduce 

computer memory required for storing each LUT, we use a nonlinear compression 

scheme), the four compressed output signals A, B, C, D are combined to form a 20-bit 

address for the LUT, so there are 220 locations in the LUT; each addressed location 
A A 

contains one word (16 bits) of memory. Six bits for the x estimate and six bits for the y 

estimate; the remaining bits are used for determination of the camera ID and event 
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discrimination. Thus we have a two-megabyte LUT memory for each modular camera. In 

short. ML position estimates are obtained from 

1\ 1\ 

p(A,B,e,Dlx,y)= max. at XML'YML' (4.5) 

Multivariate Normal (MVN) Model 

For the MVN model, the PMT signals are correlated so we need to treat the (A, B, 

e, D) signals as a 4D vector s. As we did in Eq. 4.2, we need to compute the likelihood 

function using the MVN model. In this case, the likelihood function can be expressed as 

p(A,B,e,Dlx,y)= 2 I 05· exp[-..!..(s-sYK-' (s-s)]. (4.6) 
(21t) (detK) .. 2 

where the elements of the vector (s - s) are the differences between the mean PMT signal 

(Sj) at the given coordinate (x, y) (where the gamma interaction takes place) and the 

signal being considered (Sj) for each PMT (i = A, B, e, or D). The matrix is the 

covariance matrix. Notice that s, S, and K all depend on camera coordinate (x,y). 

Applying the same ML principle used in Eq. 4.5, a LUT that is based on the MVN model 

is generated by finding the coordinate (x,y) that maximizes the probability 

p(A,B,e,Dlx,y) for each 5-bit signal (A, B, C, D). 

At this writing, one electronic board for acquisition of 8-bit PMT signals has been 

built to include a processor for one camera. The 8-bit quantization of the four PMT 

signals are combined to form a 32-bit integer that is supplied to the processor. The 

processor can perform various functions such as position estimation from these signals. 
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Future work will involve rapid implementing the LUT mapping based on the MVN 

model with the dedicated processor to compute position estimates. 

4.3 MMSE Position Estimator 

In this section, we briefly review the minimum mean-square error (MMSE) method 

to find the position estimates. The principle of the MMSE estimation rule is described in 

Chap. 3. The method Milster used to calculate the MS LUT is similar to the method he 

used in the ML LUT calculation. Recall that the MMSE estimation rule is to minimize 

the average quadratic cost function or to find minimum mean-square-error estimates. By 

applying Eq. 3.9, we have 

(4.7) 

where each term is defined in Eq. 3.10. The corresponding MS estimate is just the 

posterior mean, so we need to know the posterior probability density function 

p(x,yIA,B,C,D). By applying Eq. 3.11, we have 

~Ms(A,B,C,D) = Ixp(x,yIA,B,C,D). (4.8) 
x,y 

But usually it is easier to calculate the likelihood function, so by using Bayes' rule, we 

have 
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~MS = L xp(A,B,C,Dlx,y)p(x,y) 
x~ p(A,B,C,D) 

L xp(A, B, C, DI x, y)p(x, y) 
_ x,y 

- LP(A,B,C,Dlx,y)p(x,y) . (4.9) 
x,y 

~ ~ ~ 

. A similar expression holds for YMS' If p(x,y) is a constant, the final forms of XMS and YMs 

are 

~ 

L xp(A, B, C, DI x, y) 
XMS = -';:x;:'y:--_____ _ 

L peA, B, C, DI x, y) 
x.y 

~ 

Lyp(A,B,C,Dlx,y) 

YMS= ~ 
.L.t peA, B, C, DI x, y) , 

x.y 
(4.10) 

x~ 

The summation is over an area of x-y space defined by a nested-search for each (A, B, C, 

D) combination. This area is denoted S4 as explained in Sec. 4.2. After summing all the 

points in S4' an MS estimate is obtained and stored in the LUT memory. Repeating for all 

the (A, B, C, D) combinations, we also have a two-megabyte MS LUT. 

4.4 Camera Calibration 

All gamma cameras used in nuclear medicine need some means of calibration 

before good performance can be achieved. The modular camera is no different from any 

other gamma camera in this respect. Because of the statistical nature of PMT responses, it 

is necessary to characterize the camera in terms of mean detector response function 
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(within the Poisson approximation). The MDRF value is proportional to the mean 

number of photoelectrons liberated from a photocathode in response to a scintillation 

event. In other words, we want to know the mean number of photoelectrons generated 

from each PMT at any location of camera face. The MDRFs have two uses. First, the 

MDRFs can be measured again to observe any PMT response change from the original 

calibration. Second, the MDRFs are required for building the LUT. The best way to 

determine MDRF accurately is to measure them directly instead of using analytical 

methods or simulation. The whole idea of camera calibration is to characterize the camera 

well through accurate estimation of the MDRFs. 

We used to calibrate the MDRF on top of a table where the camera sits vertically 

inside a lead-shield box and a computer-controlled x-y translational stage is mounted 

below the camera. The x-y stage controls the source positioning so that a collimated 

gamma source 99mTc can be moved for measuring MDRF of the modular camera in step 

of 4 pixels. The source holder, which has a beam diameter of about 2 mm, is mounted 

normal to and under the camera face on the x-y stage (see Fig. 4.3). With the current 

system if we measured all 4096 (64 x 64) points, it would take about 8 hours. In order to 

speed up the procedure, we move the source to every fourth grid point in each direction. 

That is, we measure only 256 (16 x 16) points, which takes about 30 minutes. At each 

grid point, we collect a large number of photons, say 25,000, in a preset cOllnt mode, i.e., 

the total number of counts is set, to be contrasted with time mode, where an imaging time 

interval is set. Note that in count mode, constant variance in data points is obtained. From 

the 32-channel (5-bit) pulse-height spectrum, the mean number of photoelectrons for each 

PMT at each source position is accurately estimated by way of a logarithmic mate/led 

filtering processing technique (Aarsvold et al., 1988) that takes into account the 

assumption of Poisson distribution of the number of events recorded (in a preset time) in 
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the histogram, nonlinear compression, and 5-bit quantization and employs maximum 

likelihood estimation rule. 

We now explain in more detail the logarithmic matched filtering procedure. Let us 

consider a collimated source at position (x,y) in front of the crystal face. A scintillation 

event will produce ni (i = 1, 2, 3, 4) photoelectrons in PMT i. If we just look at one single 

tube, one count will be recorded in channel k (k = 0, ... , 31) through the nonlinear 

compression mapping so k is approximately proportional to the square root of n. The 

histogram is generated by collecting 32-channel spectrum. Denote the number of counts 

recorded in bin k of the histogram of the responses of the tube by Mk• For a Poisson 

source, the total number of counts detected in a fixed time is a Poisson random variable. 

Since each count is either recorded in a specific channel or not, the overall process is a 

Poisson process followed by a binomial selection process, and it is shown that p(Mklx,y) 

is Poisson distributed (Barrett and Swindell, 1981) with mean 

(4.11 ) 

where Ml is the mean number of total events recorded and p(kln(x, y» can be calculated 

from knowledge of the nonlinear compression and binning in the EPROM if we assume 

p(nln(x, y» is known as follows 

1lL..! 

peA = klx,y) = p(kln(x,y»= LP(nln(x,y», (4.12) 
n=n. 

where the number of bins between nk and nk+1 (see horizontal axis of Fig. 4.1) is 

determined by the nonlinear mapping. The ML estimate of n(x,y) given the data {Md is 

sought, where k = 0, ... , 31. This estimate is obtained by maximizing the likelihood 
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function, p( {Mdln(x,y». This is equivalent to finding the value of n(x, y) that 

maximizes 

31 

In[p( {Mdln(x,y))] = ~ln[p(Mkln(x,y»] 
k=O 

= ~)n{Mk MteXp[-Mk]}. 

k=O Mk! 
(4.13) 

By inserting Eq. 4.11 into Eq. 4.13, after some manipulations and neglecting terms 

independent of n(x,y), the problem becomes to find nj(x,y) such that (Aarsvold et aI., 

1988) 

31 

~Mkln[p(kln(x,y»]= max. (4.14) 
k=O 

By maximization of the sum we find the estimate n(x, y) which is the mean number of 

photoelectrons detected at position (x,y) and is called the MORF. 

After the coarse-grid MDRFs are measured, we use an interpolation scheme (see 

Milster et ai., 1990) to calculate the MORF values at the remaining positions. Thus the 

full MORF is determined. This map from (x,y) space to mean detector response IS 

required for the subsequent generations of the position-estimate LUTs for the cameras. 
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In Chap. 3 and 4, we reviewed estimation and decision theory and application of 

estimation theory to position estimation. The problem of position estimation has existed 

for decades, but we think there are some fundamental issues not yet addressed properly, 

so there is some room for improvement. From now on we describe some new research 

aimed at formulating better position estimation and energy estimation, and improved 

scatter rejection performance of modular cameras up to the edges of the camera. 

All gamma cameras used in nuclear medicine have finite energy resolution. 

Therefore they cannot perfectly discriminate scattered radiation from photopeak events. 

Because scattered radiation will degrade the image quality of a gamma-ray image, 

different scatter-correction methods have been developed to reduce this effect. We think 

it is best to reject scatter events on an event-by-event basis in data acquisition as much as 

possible. Since there is no way to reject all scattered events without sacrificing primary 

photon sensitivity, we might still need to apply scatter correction after acquisition, but it 

is better not to allow the scattered photons to get into the image in the first place. 

In the modular cameras, the conventional type of energy estimate is not feasible 

since the variations in light-collection efficiency are large. Therefore, up until recently, 

we have used a different approach introduced by Milster et al. (1985) based on a 

likelihood window (LW) rather than an EW. In order to make comparisons, we devised a 

new kind of EW that is applicable to the modular cameras. The LW is described in 

Sec. 5.1 and the EW is discussed in Sec. 5.2. We have developed yet another scatter

rejection scheme, the Bayesian window (BW) described in Sec. 5.5. We then compare the 
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effectiveness of scatter rejection by BW, LW, and EW through receiver operating 

characteristic (ROC) analysis. 

The ability of a detector to distinguish between two radiations of different energies 

(e.g., two y-rays of different energies) is known as its energy discrimination capability 

(Chandra, 1992). An important feature of any gamma camera for use in nuclear medicine 

is some method of energy discrimination. 

5.1 Likelihood Window 

In Chap. 4, we described the ML LUT. The LUT not only determines position 

estimates but also determines the type of events (photopeak or scatter). One method we 

use for energy discrimination is the likelihood window described next. 

To generate the LUT as discussed in Chap. 4, we need to know the MDRFs and 

likelihood functions first. Then we calculate position estimates using ML estimator. 

Finally, we apply a likelihood window (LW) for energy discrimination. The use of LW 

rather than the conventional energy window (EW) for scatter rejection is one of the 

techniques for good performance of the modular camera done in this research group 

(others include digital signal compression and logarithmic matched filtering as described 

in Chap. 4, see also Aarsvold et af., 1988). 

We now explain how the LW works in the context of a modular camera with four 

PMTs. Recall that, in the ML LUT calculation, we find the ML estimate for each 

(A,B,C,D) combination, assuming that the photon is unscattered. Then, we use LW to test 

" " whether the event is primary or scattered. In doing so, we compute p(A,B,C,Dlx,y) 

(maximum likelihood) and compare it to a preset threshold T LW (where LW stands for 

" " likelihood window). If pCA, B, C, DI x, y) > T LW' this (A,B,C,D) signal is assumed to result 
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1\ 1\ 

from a primary or photopeak event, and the ML estimate (X ML ' y ML) is valid and stored in 
1\ 1\ 

the LUT address. If p(A,B,C,Dlx,y) < TLw, we say the event that produces (A,B,C,D) is 

not a photopeak event and reject it by putting a tag in the LUT address to indicate a 

scatter event, so when that location is addressed, the image memory will recognize the tag 

and not accumulate the count. This technique is called the LW because the likelihood 
1\ 1\ 

function peA, B, C, DI x, y) rather than the total energy signal (Z signal described in 

Sec. 1.3) is used for event discrimination. In short, we have a null hypothesis Ho: photon 

is unscattered, and we calculate the probability density function p(A,B,C,DIHo) as: 

p(A,B,C,DIHo) = maxp(A,B,C,Dlx,y,Eo)' (5.1 ) 
x,y 

where Eo is the primary-photon energy. Then we reject an event if p(A,B,C,DIHo) < T LW' 

5.2 Energy Window 

In a conventional Anger camera, the total light detected by the PMT arrays is 

proportional to the summation of the voltage signals Vi (see Sec. 1.3) and is independent 

of position, so the energy can be estimated by the Z signal or (see also Sec. 1.3) 

4 

E= k'z= k'L Vi' (5.2) 
i=l 

where k' is a constant which converts the units from voltage to keV. The energy estimate 
1\ 1\ 

E is a linear function of voltage signals and < E > :::: E::j:. f(x, y). The event is rejected if 
1\ 

1 E- Eol > dE, where Eo is the primary energy and ilE is the EW width. 
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In the modular cameras, the sum of the MDRFs (a + b + c + Ci) is a function of position 

(see Fig. 5.1 for illustration and Sec. 5.6 for explanation), so this usual EW is not 

applicable. Therefore, we developed a similar energy window that is applicable to the 

modular cameras. From the PMT signals, we apply the MAP estimator to obtain both 

position and energy estimates (see Sec. 5.3). We can then use energy windowing to test 

whether the event is primary or scattered by comparing the energy estimate to a preset 

lower energy threshold Elll which is the lower energy limit of the EW, and an upper 
1\ 

energy threshold Eu which is the upper energy limit of the EW. If E is within the EW, the 
1\ 1\ 

event is valid and we accumulate the count in image memory. If E < Elll or E > Eu' we 

reject the event by not accumulating the count in image memory. The EW width could be 

20% of the photopeak energy Eo (e.g., 140 keY for 99mTc), centered at the peak, and this 

kind of EW is called a 20% symmetric EW. On the other hand, the EW width could be 

10% of the photopeak energy with Eu slightly greater than Eo, and this kind of EW is 

called a 10% asymmetric EW (the EW is not centered at the photopeak energy). 

5.3 Energy Estimation 

In order to apply the EW described above, we need to estimate energy E and use the 

" E as an input to a decision rule. This energy estimation is described below. 

MAP Energy and Position Estimation 

Instead of using the ML principle just for position estimation, we have extended it to 

include energy E as a parameter to be estimated along with the scintillation coordinates x 
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Fig. 5.1 Sum of MDRFs as a function of position of the modular camera. 
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and y. With the ML principle, we can obtain an ML energy estimate that can be tested 

against a window just as in conventional Anger cameras. 

Recall in the ML position estimation method, we calculate p(A,B,C,Dlx,y,Eo) for 

the measured PMT signals (A, B, C, D) first, then search x-y space to find the ML 

1\ " 

estimate (X ML ' Y r.1l) that maximizes the likelihood. In the case of energy-position 

estimation, we need to form the likelihood p(A,B,C,Dlx,y,E) first. Then we need to search 
1\ 1\ " 

x-y-E space to find the ML estimate (XML'YML,EML ) that maximizes p(A,B,C,Dlx,y,E). 

But in this case we do not compare the likelihood function to T lls and T LW threshold 

values (see Secs. 4.2 and 5.1) to obtain the ML estimates. Instead, we use an EW for 

scatter rejection. Since this extended energy-estimation approach is computer intensive, 

we limit the search range in E. Two ranges have been used. One energy range is 110-140 

keY, in 1 keY steps. The other energy range is 72-152 keY, in 4 keY steps to reduce 

energy bins for computational reasons. We used the first range when we generated a LUT 

for creating images. We used the second range when we generated a LUT to caiculate 

bias and variance of the estimates because setting the upper threshold to 140 keY would 

introduce bias in energy estimates. 110 keY approximately corresponds to a 900 scattered 

y-ray energy for an incident photon of 140 keY (energy of y-ray emitted from 99I1JTc). 

Limiting the search range in ML estimator makes the estimator effectively a MAP 

estimator, since no energies outside the search range are admitted. Recall that a MAP 

estimator requires knowledge of the prior probability density of the parameter to be 

estimated as described in Sec. 3.1. 
1\ 1\ 1\ 

We store the position estimate (XMAP'YMAP) and energy estimate EMAI' in two 

separate LUT memories, allotting two megabytes of memory for the position estimates 

and one megabyte of memory for the energy estimates. From these LUTs and the raw 

PMT signals, we can generate multiple images associated with different energy windows 
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(different lower thresholds Ellt with the same upper threshold, 140 keY) as in the EW 

method described in last section. 

In the above discussions, we described the MAP energy estimation using a prior 

energy spectrum shown in Fig. 5.2a. Next, we describe energy-position estimation using 

the MAP rule with another form of prior energy information. Note that there is no 

preferred position where a gamma ray can hit on the crystal face so we can write 

p(x,y,E) = p(x,y)p(E) = (l/K)p(E), where K is the area of the crystal face. If we can 

further assume that all the primary events have photon energy Eo (140 keY) then this 

prior can be expressed as 

I 
p(x,y,E) = -[ a(E - Eo)P(Pr) + p(EISc)P(Sc)]. 

K 
(5.3) 

In the above equation, Pr stands for primary event, Sc stands for scatter event, and P(Pr) 

or P(Sc) means probability of primary events or scatter events, respectively. Note that 

P(Pr) + P(Sc) = I. For simplicity, we can assume that p(EISc) is uniformly distributed. 

This prior (artificial) energy spectrum is shown in Fig. 5.2b, where we limit the energy 

range from 110 keY to 140 keY in 1 keY steps. Note that we still assume no prior 

information about the positions of the scintillations. Thus it is a MAP energy estimator 

because of the use of prior information about the energy spectrum only. 

As described in Sec. 3.1, MAP is also called the posterior mode estimator. The 

" estimation rule is to find SMAP so that 

p(x,y,EIA,B,C,D) = maximum. (5.4) 

By using Bayes' rule, the above equation becomes 
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Fig. 5.2 Artificial energy spectra. 
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p(A,B,C,Dlx,y,E)p(x,y,E) = maximum. (5.5) 

In choosing peE), we need to decide what scatter fraction we want. The scatter fraction is 

defined as the ratio of the number of the scattered events to the number of the non-

scattered events. We use a scatter fraction of one. That is we assume P(Pr) = P(Sc) = 0.5 

for a large scatter medium (e.g., a patient's body). Depending on the size of the scatter 

• 
medium and the source position, we can have a scatter fraction (scatter/non-scatter) equal 

to a smaller number, say 1/3, for a relatively small scatter medium (see Rosenthal and 

Henry, 1990, for a calculation of scatter fractions for different source locations and 

phantom sizes). In Eq. 5.5, we assume no prior information about the position but we do 

use an energy prior (see Fig. S.2b) in p(x,y,E). As is stated in Eq. 4.3, p(Alx,y,Eo) is the 

likelihood function and can be written as 

p(Alx,y,Eo) = p(Ala(x,y)), (5.6) 

where a is a digitized 8-bit data and is approximately proportional to the mean voltage 

signal V (see Eq. 4.1) of PMT A. Similar expressions hold for tubes B, C, and D (see 

explanation below Eq. 4.3). The voltage signal from the PMT is linearly proportional to 

the number of optical photons generated in the crystal, and this number is proportional to 

the gamma-ray energy deposited in the crystal, so the likelihood function for a scattered 

photon with energy E is 

p(Alx,y,E) = p(AI~a(x,y)), 
Eo 

and similar expressions hold for tubes B, C, and D. 

(5.7) 



132 

Again we search all of x-y-E space (with an energy prior shown in Fig. 5.2b) 
1\ 1\ 1\ 

to find the MAP estimate (X MAP ' y MAP' E MAP ) that maximizes the expression 

p(A,B,C,Dlx,y,E)p(x,y,E). Also, we do not use a threshold for event discrimination to 
1\ 1\ 1\ 

obtain the valid MAP estimate (XMAI"YMAI',EMAP)' but use EW for energy discrimination 

during the image accumulation stage. Thus, we build MAP position and energy estimate 

LUTs (totally three megabytes of memory). From these LUTs and PMT data, we can 
1\ 

generate different images according to different energy windows. Only if Eo ~ EMAI' ~ Elh, 

do we accept that event and increment one count in the image memory. 

Results Using EW Method 

Fig. 5.3 shows four typical flood images obtained with different energy thresholds 

using LUTs generated from the MAP estimator with two energy priors shown in Fig. 5.2a 

and 5.2b respectively. The upper left is a flood image generated from the MAP EW LUT 

with a step-function prior using lower energy threshold 110 keY, the upper right image is 

generated from the same LUT but using energy threshold 140 keY; the lower left image is 

generated from the MAP EW LUT with the B-function weighting prior using energy 

threshold 110 keY, the lower right image is generated from the same LUT using energy 

threshold 140 keY. Compare the images on the left to the one on the right, we see both 

LUTs accept less counts in images when energy threshold is set to 140 keY. That is, only 

those photons with energy estimate equal to 140 keY are accepted. In the case of the 

MAP EW LUT with a step-function prior, when energy threshold is set to 140 keY a 

portion of counts especially in the edges and corners are rejected, but in the case of MAP 

EW LUT with the B-function weighting prior, even at energy threshold of 140 keY most 

counts are still accepted due to the prior energy spectrum (see Fig. 5.2b) used to create 
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Fig.5.3 Four flood images: upper left is generated from MAP EW LUT with 
a energy prior shown in Fig. 5.2a using energy threshold 110 keY, 
upper right is generated from the same LUT but using energy 
threshold 140 keY; lower left is generated from MAP EW LUT with 
a energy prior shown in Fig. 5.2b using energy threshold 110 keY, 
lower right is generated from the same LUT but using energy 
threshold 140 ke V. 
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that LUT. By varying the threshold value, we can plot an ROC curve for the estimator 

and compare the ROC curves generated by other estimators (see Sec. 5.6). 

5.4 Application of Bayesian Decision Theory to Scatter Rejection 

Up until now, we only have a null hypothesis about y-photon energy: each event is 

due to an unscattered photon (E = Eo). We now describe a new method that utilizes two 

hypotheses: each event is due to either a primary photon or a scattered photon. Neither the 

MAP energy estimation nor the ML likelihood windowing method makes any use of the 

actual spectrum of the scattered photons (though the MAP energy estimation uses a step

function prior spectrum of the scattered photons) in making a decision to accept or reject 

a single photon. We have now developed a Bayesian method of scatter rejection that does 

make use of this important information. We refer to the method as a Bayesian window 

(BW) (Chen and Barrett, 1993). We will study the performances of these lookup tables 

(using these three different window methods) as they pertain to improving the image 

quality by scatter rejection. 

In this section, we want to apply Bayesian decision theory to scatter rejection which 

is a binary-decision problem. In contrast to ML methods, Bayesian decision theory 

explicitly considers the statistics of two hypotheses 

Ho : g results from unscattered photons, 

HI : g results from scattered photons, (5.8) 
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where the data g in this case are signals (A,B,C,D) from four PMTs. Ho is often called the 

null hypothesis because it represents the hypothesis under which the photon is not 

scattered. 

As discussed in Sec. 3.2, in a Bayesian test, the first step is to calculate the optimal 

test statistic, which is the likelihood ratio (LR) A(g) defined in Eq 3.16, for a binary 

Bayesian decision problem from the given data vector g. The likelihood ratio is the 

optimal test statistic because LR minimizes Bayes risk (see also discussion in Sec. 3.2). 

The second step is to compare A to a threshold A in order to choose a hypothesis or make 

a decision. Note that this A(g) requires only that we know the conditional probability 

density functions, p(gIHo) and p(gIH 1). Then we need to find accurate expressions for 

probability densities. We can form a generalized likelihood ratio test in which p(gIHo) 

can be written as 

(5.9) 

Similarly, 

p(gIHI) = ~~x LEo dE p(glx,y,E)p(EISc). (5.10) 

In other words, we make an ML estimate of x and y, assuming that the photon is 

unscattered. We then evaluate p(glx,y,Eo) at x = ~ML and y = YML' A similar procedure is 

done for Eq. 5.10. We can now determine the likelihood ratio A(g) and make optimal 

Bayesian decisions according to the likelihood ratio test as defined in Eq. 3.17. The 

threshold of the test is usually selected based on different decision criteria without 

knowing the prior probabilities of the hypotheses, P(Ho) and P(H1), which in this case 
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correspond to the probabilities of primary and scatter events. However, if we know the 

priors, we can choose a different threshold, say P(H()IP(Ho) for the test. In general, the 

threshold value depends also on costs. The use of Bayesian decision in the construction of 

the BW LUT is described next. 

5.5 Bayesian Window 

To compare to the other two methods (L Wand EW) of scatter rejection, we 

generated a BW LUT for a single modular camera using the method discussed in the 

previous section. The BW LUT, like the LW and EW, is addressed by the PMT signals, 

and the information stored at each location in the LUT is the ML position estimate for 

those signals, as wel1 as a flag determining whether the event should be accepted or 

rejected according to the Bayesian decision criterion. This method, like the other two, 

includes a threshold value setting the tradeoff between primary rejection and scatter 

acceptance. Al1 three LUT calculations involve classification (discriminate type-of-event) 

and estimation (determine the position estimates and/or energy estimates). In the BW 

method, classification is done through the likelihood ratio test, while the other two 

methods use likelihood windowing and energy windowing, respectively. Various forms of 

the scatter spectrum are used in BW, including one derived from Monte Carlo simulations 

described below. 

We now describe how the BW estimate is calculated for u particular (A,B,C,D), that is, 

for one address in the LUT. First, we calculate the likelihood function p(A,B,C,Dlx,y,Eo)' 

where Eo is the primary photon energy (140 keV). Then x-y space is searched to obtain 

the maximum of p(A,B,C,Dlx,y,Eo)' which yields p(gIHo) (see Eq. 5.9). Second, we 

calculate the likelihood function p(A,B,C,Dlx,y,E) (where E is the scattered-photon 
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energy that ranges from 0 to 139 ke V), which is equal to the multiplication of 

p(Alx,y,E)p(Blx,y,E)p(Clx,y,E)p(Dlx,y,E) since A, B, C, and D are independent random 

variables (see Eq. 5.7 for how to calculate each term). Then we multiply it by various 

forms of the scatter spectrum p(EISc). So far, we have used a uniform scatter spectrum 

(see Fig. 5.2b) and a Monte Carlo-simulated first-order Compton scatter spectrum 

(simulated by Tim White). By first order, we mean that the spectrum includes only those 

photons that have scattered in the object once. This simulated spectrum is shown in 

Fig. 5.4. This spectrum is generated for a point source in the center of the scattering 

medium (water in a sphere) that has a diameter of 10 cm. In the BW LUT calculation, we 

sum (instead of integrate) the product in Eq. 5.10 from 110 keY to 139 keY. Then x-y 

space is searched to obtain the maximum of the sum, which yields p(gIH 1) (see Eq. 5.10). 

Finally, we apply a Bayesian decision criterion to determine if the event corresponds to a 

photopeak event. We call this procedure "Bayesian windowing". For example, if we 

choose threshold value A = P(Sc)/P(Pr) = 1, we will reject event if p(gIH1) > p(gIHo) (see 

Eq. 3.24). Otherwise, we will accept the event as a primary event and the corresponding 

ML position estimate is stored in the LUT. 

5.6 Comparison ofLW, EW, and BW LUTs Using ROC Analysis 

Simulatio1l Results 

To compare the three methods of scatter rejection, we used simulation to produce 

scattered photons with known energy. We simulated two point arrays. Each image has an 

array of 64 collimated sources imaged in air. One point array corresponds to primary 

photons that have an energy of 140 keY. For simplicity, the second simulated point array 
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Fig. 5.4 Monte-Carlo simulated first-order Compton-scattered energy spectrum 
(simulated by Tim White). 



139 

has an artificial spectrum where the scattered photons are all at energy 112 ke V, which is 

20% lower than the energy of primary photons. Note that in this case, the spectrum of the 

scattered photons used for testing scatter-rejection performance of LUT is a delta function 

while the scatter spectrum used to create the LUT is either uniformly distributed as shown 

in Fig. S.2b or more realistic as shown in Fig. 5.4. Each array consists of 64 locations on 

an 8 x 8 grid. At each location, we simulated Poisson-distributed photons going in the 

direction normal to the camera face with mean number of "(-ray photons equal to 1000. 

Using these simulated data and a LUT, we generated two images. For each image, 

we can calculate total counts in an image and then divide by the number of total events to 

determine the probability of accepting 140 ke V photons, P(PrI140) or TPF (see Sec. 3.2), 

and the probability of accepting 112 keY photons, P(PrIl12) or FPF as if they were 

140 keY photons. Here Pr means accepted as primary photons. These probabilities mean 

the percentages of photons that get through the LUT window. From these two numbers, 

we get one point on an ROC curve. For each method, we generated a set of LUTs simply 

by varying the threshold. Then we generated an ROC curve. Repeating for the other 

methods, we generated different ROC curves corresponding to different windowing 

methods. 

In all cases we generated ROC curves (TPF versus FPF) with each point on the 

curves corresponding to a threshold value. The resulting ROC curves were compared for 

the three methods. Two forms of the scatter spectrum were used to create BW LUTs, 

including one derived from Monte Carlo simulations performed by Tim White. 

As an example of the data obtained, Fig. 5.5a shows the ROC curves as a function 

of the threshold value for the EW , the LW and the two BWs. The two BW LUTs differ in 

the assumed p(EISc) used in calculation of p(gIH 1). The curve labeled BWI corresponds 

to the flat scatter spectrum (p(EISc) = constant, see Fig. 5.2b) and BW2 uses p(EISc) as 
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determined by the Monte Carlo simulation, see Fig. SA. The EW LVT corresponds to the 

MAP x-y-E estimator with a step-function energy prior, see Fig. S.2a. The graph shows, 

for this case, that the L W window is the worst method in terms of scatter rejection except 

at high primary acceptance probability. The two BWs have similar performance, but the 

one using the uniform scatter spectrum is slightly better because the area under the ROC 

curve (AVC) is larger. We can see that EW and BW (with uniform scatter spectrum) are 

the better two. Because these two ROC curves cross, which one is better cannot be 

decided by AVC. When the threshold is set to discriminate more strongly against the 

112 keY photons, the BW gives a higher probability of accepting the primary 140 keY 

photon. If, however, more low-energy photons can be accepted, the EW is better. 

In the above evaluation of the Bayesian window method, the energy spectrum used 

as a prior in the LVT creation was different from the one used to test the resulting LVT. 

We now compare the BW ROC to the EW ROC in the case that the same spectrum was 

used for the BW LVT generation and scatter spectrum to test the LVT. We used real 57CO 

as the source of our scattered photons. We used 57CO to collect a point-array histogram of 

abuut 900,000 total counts. We created a BW LVT using the spectrum shown in Fig. S.Sb 

as a prior. Note that most of the 'Y-photons emitted by 57CO have an energy of 122 keY 

except a small fraction of 'Y-photons have an energy of 136 keY. Real 99111Tc was used to 

emit primary photons. We used 99111Tc to collect a point-array histogram of about 104 

million total counts. With the two histogram data collected from the two sources and 

LVTs (BW and EW), we generated two ROC curves by varying the respective thresholds 

in each method as described before. The curves are shown in Fig. S.5c. We see that in this 

case the BW performs better than the EW because its curve lies above the EW one (the 

AVC is larger). 
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The goals of comparing these ROC curves are not only to find the best scatter 

rejection method but also to find the optimal operati1lg point on the ROC curve. Details 

of finding the optimal operating point have been described by Patton (1993). In practice, 

if we desire to operate at lower scatter acceptance probability (FPF) on an ROC curve we 

can choose a strict threshold value to reject more of the scatter at the expense of primary 

acceptance probability (TPF). This is fine with simulation data and phantom studies 

because we can increase computer or exposure time to get enough counts. 

The following figures show some images of simulated primary and scatter point 

arrays using three LUTs corresponding to three windowing methods with different 

thresholds. Note that the thresholds are chosen such that the TPFs are about the same with 

different FPFs. Since all the three images generated from simulated primary source are 

very similar, we only show the one created by the BW LUT. In Fig. 5.6, upper left is an 

image of a primary point array using the BW LUT with a threshold of the test equal to 1. 

Upper right is an image of a scatter point array using same the BW LUT. Lower left is a 

scatter point array using the EW LUT with energy threshold equal to 122 keY or a 

window width of 18 keY. Lower right is a scatter point array using the ML LUT with 

likelihood window threshold equal to 0.01. The brightness of each pixel in each image 

corresponds to the number of counts recorded in it. We can see in all three scatter-event 

images that most counts are rejected by the respective LUT window, except at the edges. 

This shows scattered photons tend to build up near the edges and are harder to reject in 

the edge area than in the central area of the crystal. This scatter packing effect at the edges 

of modular cameras was seen by Conrad et al (1991). Fig. 5.7 shows similar images as in 

Fig. 5.6 except using more strict thresholds in the respective LUTs. Upper left is an image 

of the primary point array using the BW LUT with a threshold of the test equal to 3. 

Upper right is an image of the scatter point array using the BW LUT with a threshold 
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Fig. 5.6 Images of simulated point array generated using LW, EW, and BW 
LUT respectively, all with less strict threshold; upper two are 
images of primary and scattered photons through BW LUT; lower 
left is an image of scattered photons through EW LUT; lower right 
is an image of scattered photons through LW LUT. 
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Fig. 5.7 

Pr-BW Sc-BW 

Sc-EW Sc-LW 

Images of simulated point array generated using LW, EW, and BW 
LUT respectively, all with more strict threshold; upper two are 
images of primary and scattered photons through BW LUT; lower 
left is an image of scattered photons through EW LUT; lower right 
is an image of scattered photons through LW LUT. 
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equal to 3. Lower left is an image of the same scatter point array using the EW LUT with 

energy threshold equal to 140 keY. Lower right is the same data using the ML LUT with 

likelihood threshold equal to 0.05. Obviously the scatter fraction in each scatter-event 

image is less than the corresponding one in Fig. 5.6 because each LUT now uses higher 

threshold but at the expense of primary sensitivity. Again, even at very strict threshold of 

each LUT, we can still see a very small fraction of scattered photons at the edges. Among 

these three methods, the L W performs less efficiently for scatter rejection than the EW or 

the BW. 

The reason for scatter packing is because of crosstalk that occurs near edges of the 

crystal when scatter response of one point-source location overlaps primary response of 

another point-source location, see Fig. 5.8. In this figure, we plot MDRF of PMT B 

versus MDRF of PMT A along a horizontal profile (y = 32) for photons of 140 and 112 

keY respectively. Each point on the curves corresponds to a position along x direction 

starting at x = ° in the lower-right corner to x = 63 in the upper-left corner. We see in the 

two edge regions, two curves overlap, causing ambiguity. For example, in the case of the 

ML LUT, a 112-keV photon at x = 5 overlaps a 140-keV photon at x = 0, the ML position 

estimator will tend to move the event from x = 5 to x = 0, i.e., moving counts towards 

corners and edges. So the LUTs cannot discriminate well the type-of-event in the edges, 

causing scatter packing. However, in the center of the crystal these curves do not overlap, 

so the LUTs can distinguish different events well, hence most scattered photons are 

rejected easily in the center of the crystal. Note that Fig. 5.8 is a 2D plot; in the real 4D 

PMT space, the ambiguity discussed above would be reduced. 

Recall that our modular camera has an aluminum housing for the crystal mounting. 

Between the housing and the crystal, there is a black rubber band around the crystal. The 

black band is the specific edge treatment to absorb photons escaping from the edges of 
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Fig. 5.8 MDRF ofPMT B vs. MDRF ofPMT A, each point on the curve 
corresponds to a position x for y = 32. Note that two curves (one for 
primary photons one for scattered photons) overlap in the two edge 
regions, so called "crosstalk". 
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the crystal. Thus a smaller number of photons around the edges of the crystal will reach 

the photocathode, causing a smaller number of photoelectrons generated at the edge 

locations. That is why we have a signal mean energy surface as shown in Fig. 5.1. The 

falloff of mean energy signal near the edges of the crystal is responsible for the "e-clamp" 

shaped curve as shown on each curve in Fig. 5.8. This is designed on purpose to increase 

the slope of the MDRF curves (see Fig. 5.9 for a typical MDRF curve as a function of 

position) near the edges of the crystal in order to improve spatial resolution in those 

regions (a camera with a flat MDRF curve will have no spatial resolution at all). On the 

other hand, when there are photons having different energies detected by a camera with a 

characteristic such as shown in Fig. 5.8, crosstalk will occur, making scatter rejection 

more difficult. In order to reduce crosstalk we need to use some scatter rejection methods 

that can reject most of the scattered photons. But while rejecting scattered photons, they 

will inevitably reject some portion of primary photons too. Since a smaller number of 

primary photons is accepted in a given time, spatial resolution will degrade. If we tried to 

make the total light signal independent of position, for example, by coating a high 

reflectance material around the crystal, the camera characteristic as shown in Fig. 5.8 will 

become two parallel straight lines, making scatter rejection an easy task but at the 

expense of spatial resolution. In short, there are tradeoffs between scatter rejection and 

spatial resolution. 

5.7 Estimator Performance 

Up until now, we have discussed the performance of various estimators of position 

and energy (associated with different windowing methods). In this section we want to 
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Fig. 5.9 MDRFs' one-dimensional trace across the camera face (y = 32) for a 
typical modular gamma camera. Note that y = 32 crosses the center 
of the crystal face. 
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evaluate various estimators discussed above by looking at their performance in terms of 

bias and spatial resolution (variance) on simulated data. 

First, we simulate an array of point-sources either along a diagonal path (see 

Fig. 4.2b) from corner (0,0) to corner (63,63) or along a horizontal trace across the center 

line of the crystal (y = 32) at positions x = 0, 2, ... , 62 pixel locations with a LUT 

preloaded in the memory for calculating bias (B) and variance. At each position, we 

simulate the mean number of photons. Then we can generate a Poisson distributed 

random number of photons. For each photon, we then generate four PMT signals for each 

tube. Given these data and the LUT, we can find the corresponding position and energy 

estimates. Before we simulate 'Y-photons, we need to choose the sample size (number of 

events or 'Y-photons). We simulate 100, 1000, and 10,000 mean photons per location and 

calculate bias of the estimator at each point of the array. For example, if we look at the 

bias values at x = 0, y = 32 (edge) for these three numbers of photons, the bias (B) values 
N 1\ 

«(I IN) L (Xi - x)) at x = a are 3.12 pixels for one sample of 100 photons (N = 100), 
i=l 

3.314 pixels for one sample of 1000 photons (N = 1000), and 3.293 pixels for one sample 

of 10,000 photons (N = 10,000) respectively. We can see these three bias values are about 

the same. The associated sample variance values of position estimate 
N 1\ 1\ 

«(1/N)L(xi-<Xi »2) at x = a are 6.666 pixel square for the sample of 100 photons, 
i=l 

6.299 pixel square for the sample of 1000 photons, and 6.094 pixel square for sample of 

10,000 photons respectively. Again these three variance values are about the same. If we 

use 95% confidence interval with normal distribution (see Montgomery, 1984), the errors 
1\ 

of the bias estimates (B) are 0.42 pixel for 100 photons, 0.13 pixel for 1000 photons, and 

0.04 pixel for 10,000 photons respectively. The error is inversely proportional to the 

square root of number of photons. We see that even for sample size of 100 photons the 
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error is small, so 100 photons would be good enough (error < 0.5 pixel) for our sample 

size in simulating 'Y-photons. Hence, in order to reduce computing time we use a mean 

number of photons equal to 100 in later simulations for estimating bias values though we 

simulate 10,000 photons at each location for measuring variance of position and energy 

estimates. 

Maximum A Posteriori (MAP) Results 

We now assess the performance measures for the MAP estimator by calculating 

bias and the variance of point-array source at different positions in the camera field 

according to Eq. 3.1. Bias of the position estimator causes geometric distortion, ancl 

variance affects spatial resolution, which can be seen in Fig. 3.2. Bias and variance for 

MAP energy and position estimators (MAP x-y-E estimators) are shown in Fig. 5.10. 

Position bias and variance are in units of pixel and pixel squared, respectively. Energy 

bias is in units of keY. Note that the upper limit of the energy estimates in this LUT is 

152 keY as shown in Fig. 5. lOa to reduce bias of the energy estimates. Fig. 5. lOb shows 

that y estimates are almost unbiased for points along the x direction, but the x estimates 

exhibit large bias near the edges of the crystal and show minimum in magnitude (almost 

unbiased) around the center of the crystal. The energy estimates also exhibit significant 

bias near the edges of the crystal. This estimator performs well for points in the center of 

the crystal but not so well for edge points. Fig. 5.lOc shows the variance of the position 

estimates. We can see that the variance of y estimates is nearly flat, but the variance of the 

x estimates increases as points move toward the edges. Again these demonstrate that 

MAP x-y-E LUTs produce little bias and variance of the position and energy estimates 

over large portion of the crystal area except near the edges. Fig. 5.lOd shows that energy 
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estimates are flat in the center of the crystal but exhibit significant variance near the edges 

of the crystal. The energy resolution of 10% is calculated from the data shown in Fig. 

5.lOd, where variance of energy estimates is about 36 in the center of the crystal, i.e., 

standard deviation 0' = 6 ke V. If we assume the photopeak is modeled by a Gaussian, 

FWHM = 2.35·0' = 14.1 keY. This yields an energy resolution of -10%. Fig. 5.lOe shows 

the covariance of x and E estimates. The covariance values are not zero near the two sides 

of crystal, which means the energy estimate will affect the position estimate. They have 

negative covariance near pixel 0 and positive covariance close to pixel 63. For reference, 

Fig. 5.11 shows bias of the ML x-y position estimator using (see Sec. 4.2 on describing 

maximum-likelihood position estimator). This estimator exhibits very little bias even at 

the edges. Compared to Fig. 5.1 ~b, this tells us that large energy bias near the edges of the 

crystal can affect the position bias, as seen in Fig. 5.8. In other words, ML estimator is 

close to being unbiased while MAP shows a larger bias. This is normally true because 

ML estimator is asymptotically unbiased, any use of prior information in the estimator 

would tend to increase bias. 

Since the MAP x-y-E estimator with step energy prior shown in Fig. 5.2a not only 

has significant energy-estimate bias but also shows large position-estimate bias near the 

edges of the crystal, we devised another MAP x-y-E estimator with an energy prior shown 

in Fig. 5.2b so that the estimator will produce energy estimates that are close to the 

primary-photon energy. In this MAP energy estimator, we take advantage of choosing 

some prior information about the energy spectrum as compared to another prior energy 

information (events due to primary photons and scattered photons of each energy bin are 

equally likely) so that energy bias is reduced if evaluated at the primary-photon energy, 

which in turn reduces the position-estimate bias. Fig. 5.12 shows little bias in position 

and energy estimates with this MAP x-y-E estimators. Although the use of prior energy 
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spectrum helps reduce bias for primary events, it also makes this estimator produce 

energy estimates towards primary energy for scattered photons. So when scattered events 

exist, the MAP energy estimator will be biased to accept more of these photons. That is, it 

will increase accepting scattered events in an image or increase FPF (see Fig. S.Sa), so it 

is not an ideal choice for scatter rejection either. 

Minimum Mean Square Error (MMSE) Results 

We also generated an MMSE position estimator for evaluation. In the LUT 

calculation, we do not use the LW for event discrimination, in fact, no event discriminant 

at all. Certainly we could apply a windowing method (e.g., the EW) as a second stage to 

the LUT. Note that this is the difference between our MMSE estimator and Milster's 

MMSE method (1987), where he still used the LW test for event discrimination. 

Fig. 5.13a shows this MMSE has little position bias for points along a diagonal path from 

corner to corner. This result is different from Milster's result, where he found his MMSE 

position estimator showed a significant bias near the edges of the crystal. We think this is 

because our MMSE LUT basically accepts all the events, which then affect the bias 

calculations. In other words, the position estimates of all the events are used to calculate 

the mean of the estimates, which then subtracts the true value of the coordinate to yield 

the bias. Comparing Fig. 5.13a to Fig. 5.11, we see both ML and MMSE (no windowing) 

estimators perform similarly and are close to be unbiased, which results in good spatial 
1\ 

linearity. In other words, if we plot, say, < x > versus x, the curve would be 

approximately a straight line along the 450 direction. Even though the MMSE LUT 

without windowing has little bias for position at most of the crystal area, the bias 
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increases when we use the LW for scatter rejection as shown in Fig. 5.13b. That is why 

we don't routinely use the MMSE estimator. 

Bayesian Window (BW) Results 

In this section, we calculate the bias associated with the BW LUT. The results are 

summarized in Fig. 5.14, which shows the bias along the center line of the module 

(y = 32). We test the BW LUT with threshold equal to 2. We can see that the bias in y is 

small as expected. Also the bias in x is little, even at the very edge, with the bias less than 

one pixel. Recall that the bias in the EW LUT is larger at the edges. 

From the ROC curves and bias study of the LW, EW, and BW LUTs, we decided to 

choose the BW LUT as the one used for all 24 modules in the 3D brain SPECT system. 

As an example of the real data obtained from one of the 24 modules used in the 3D brain 

SPECT. Fig. 5.15 shows the images of real flood and point-array sources using the BW 

LUT with a relatively strict threshold value of 2. 

Summary 

In conclusion. ML (x-y), MS (without windowing) and BW LUTs exhibit little 

position bias. MAP x-y-E LUTs with an energy prior as shown in Fig. 5.2b exhibit little 

position and energy bias while MAP x-y-E LUTs with a step-function energy prior (see 

Fig. 5.1 Oa) exhibit larger position and energy bias at the edges of the camera face. 
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Fig. 5.15 Flood and point-array images generated from BW LUT: the two 
images on the left are unprocessed and the two images on the right 
are processed through flood-correction techniques. 
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5.8 Energy Discrimination Studies 

In the last section, we used simulated primary photons (E = 140 ke V) and scattered 

photons (E = 112 keY) to assess the performance of different LUTs. In Sec. 5.6, we 

generated a BW LUT based on a spectrum similar to that of real 57CO (see Fig. 5.Sb), then 

used real 57CO as lower-energy scattered source to test scatter rejection of the BW and 

EW methods for comparison. In this section, we include 57CO (E = 122 keY mostly) and 

201Tl (E::::: 80 keY) isotopes as real photon sources to study energy discrimination between 

different-energy photons in dual imaging. 57CO simulates scatter from 991llTc and is used in 

scatter rejection studies for comparison with simulated data and results from a 

commercial camera. The spectrum we used to generate the BW LUT is the one shown in 

Fig. S.2a. 991llTc and 201Tl are used to study dual-isotope imaging. This combination is 

finding increasing application in clinical myocardial and tumor imaging studies. 

Scatter Rejection Peliol'mallCe of BW LVT 

Now we shall use 57CO to test the scatter rejection performance of the BW LUT 

again through ROC analysis. After we chose the BW LUT, we tested its scatter rejection 

performance by using simulated and real 57CO photons as our scattered photons. In 

simulation, we simulated a 8 x 8 point array of primary photons with mean number of 

1000 photons at each grid point. We also simulated a 8 x 8 point array of scattered 

photons (89% of the data have energy of 122 ke V and 11 % of the data have energy of 136 

keY) with mean number of 1000 photons at each grid point. In data collection from real 

57CO and 991llTc photons, we collected a 8 x 8 point array of 991llTc photons (-1.37 million 

total counts) and an array of 57CO photons (-890,000 total counts). In each case (real data 



168 

or simulated data), we chose a threshold in the BW LUT to generate two images 

corresponding to primary or scattered photons and calculated TPF (99111Tc sensitivity) and 

FPF (S7CO sensitivity) as described in Sec. 5.6. By varying the thresholds, we generated 

ROC curves of simulated and real data (see Fig. 5.16). Comparing the ROC curves 

associated with real and simulated data, we found the AUCs for real and simulated data 

are about the same. 

In order to know how well the scatter rejection of the BW LUT performs compared 

to a commercial camera, we did an experiment using a Toshiba 90 I gamma camera. The 

camera had a low-energy, high-resolution parallel collimator attached to the crystal. We 

put both 99111Tc and 57CO 30 cm away from collimator face so that the images would be 

point images centered at the camera face. Also the camera face was aligned perpendicular 

to the floor to reduce the Compton backscattering. By varying the symmetric energy 

window peaked at 140 keY, we got different counts in each 99111Tc image. We started with 

5% EW and increased window width from 10% up to 50% in steps of 10%. When we set 

50% EW, photons with energies ranging from 105 keY to 175 keY were accepted as 

primary events. We then divided the number of counts in each EW by the number of total 

counts to get acceptance probabilities for 99111Tc (TPF). Next we set a 50% EW adjacent to 

the first 50% EW to acquire counts and sum the counts collected in these two EWs as the 

total number of counts. That is, we use the number of counts collected in a window with 

energies ranging from 35 ke V to 175 ke V as the total number of counts. Repeating for 

57CO but still using the 99111Tc photopeak energy windows, we generated acceptance 

probabilities for 57CO (FPF). From these data we formed an ROC curve for the 

commercial camera (see Fig. 5.16). Because the ROC curve of the commercial camera 

and the curve of the modular camera (both generated with real data) cross, in this case, 

which one performs better depends on the situations in which they are applied. For 
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Fig. 5.16 Scatter-rejection performance of modular camera using BW LUT 
and comparison with a commercial camera. The data used for 
modular camera are real and simulated point arrays, respectively. 
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example, if we are allowed to operate at a lax condition, the modular camera would 

perform better. However, if it is desired to operate at strict threshold, the commercial 

camera would perform better. 

Energy Discrimination Pelformance of LW LUT 

In the last section we tested the scatter-rejection performance of the BW LUT by 

rejecting photons from 57CO using LUT for primary photon. In this section, we test the 

energy discrimination performance of the LW LUT by generating two LUTs for two 

different isotopes respectively and then by generating images through each LUT using 

dual isotopes. 

In diagnostic applications, sometimes we would like to have our detectors capable 

of simultaneous imaging of dual or even multiple radionuclides, a technique also called 

dual-isotope imaging (Webb, 1988). In this technique, images are obtained of the 

distribution of two radiopharmaceuticals labeled with different radioisotopes, and by 

comparison or subtraction of the two images, a clearer image of target-organ function is 

obtained. For example, in diagnosis of nonpalpable breast lesions, patients are often 

injected with 991llTc and 20lTI sestamibi simultaneously (McNeill, 1993) and dual-energy 

images can be obtained from only one scan by simultaneous, but separate acquisition of 

99111Tc MIBI and 20lTI data through 99111Tc and 20lTl photopeak windows (dual imaging at 

80 and 140 keY peaks). This not only saves operation cost (one versus two scans) but also 

time, because the two scans can be acquired together and in perfect registration. In 

clinics, commercial cameras use dual-energy window to obtain energy discrimination. 

However, in the modular camera, we can just modify the primary-energy LUT to be used 

for lower-energy gamma radiation. One approach is by exploiting the linear response of 
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PMT as a function of energy. Since a lower-energy photon produces fewer photoelectrons 

than a primary photon does at the same interaction location in the crystal, the measured 

MDRFs are smaller than those of a primary photon. If we consider "(-ray radiation 

with lower energy E = g. Eo (g < 1) then the corresponding MDRFs become 

fa(x,y)=g·fao(x,y), fb(x,y)= g·fbo(x,y) and so on for other two PMTs, where fao(x,y) 

etc. are the MDRFs of primary photons (see also Eq. 5.7). Hence, we only need to 

multiply the MDRFs by a factor, then use the modified MDRFs as MDRFs for different 

radiation energy to generate modified LUT for new photon energy. In this way, we can 

generate different LUTs corresponding to different energies of radiation. 

We now use LW LUT as an example to generate a LUT for 20lTI that has a 

photopeak energy of about 80 ke V. The factor g is equal to 801140 or 0.5714. Hence, by 

multiplying MDRF data by a factor of 0.5714, then using this new MDRF data to 

generate a LUT, we got a LUT for 2olTI. We also generated a LW LUT for 9911lTc. Next, 

we used the modular camera to image a "heart" phantom that has four chambers, two of 

them filled with 9911lTc (-200 IlC), and the other two with 20lTI (-250 IlC), We used a 

high-resolution parallel-hole collimator for imaging. The phantom was placed against the 

collimator. We collected about 566,000 total counts in one minute imaging time. Using 

this data and two LUTs, we generated some images after smoothing operations (see 

Fig. 5.17). Upper left is the image of the phantom using the 9911lTc source. Upper right is 

the image of the phantom using 2olTI. The Lower two images are the same as the upper 

ones except displayed at lower gray level. At this gray level, the image data of the other 

energy start to show up because some of these photons were accepted in the L W 

windowing. 



Fig. 5.17 Dual-isotope imaging to test energy discrimination of modular 
camera using the LW LUT: upper left is an image using the LUT 
corresponding to 140 ke V, only Tc-99m source shows up and 
TI-20 1 source is hardly seen because most of those events are 
rejected by the primary-energy LUT; upper right is an image 
obtained when the LUT is modified for lower energy TI-20 1 
(-80 ke V), this time only TI-20 1 source shows up and Tc-99m is 
hardly seen; the lower two images are the same as the upper two 
except displayed at different grey level, so that both sources are 
seen in the same image. 
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CHAPTER 6 

CHARACTERIZATION AND INITIAL CLINICAL APPLICATION OF A 

STAND-ALONE MODULAR CAMERA SYSTEM 
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We have built and used a stand-alone system with a single modular camera and a 

high-resolution parallel-hole collimator in initial clinical small-organ studies. In this 

chapter, we first describe the characterization of the modular camera. Then we describe 

the initial clinical application of the stand-alone modular camera system in planar 

imaging. 

6.1 Construction of Stand-Alone Modular Camera System 

The stand-alone system consists of a modular gamma camera and an electronics 

console. Components of the module include a 10 cm x 10 cm NaI(TI) crystal, an exit 

window, and four 2" square PMTs. The modular camera and a high-resolution, low

energy parallel-hole collimator are installed inside a lead box, see Fig. 6.1 a. The lead box 

consists of two separate parts. In the upper part there are two springs to hold the module 

in place. There is also a lead "umbrella" in the upper box. The "umbrella" reduces stray 

radiation from entering at the cable outlet "A" and from entering the main housing 

through the connector parts "C", thus shielding the box while allowing the cables to be 

routed out. The lower box hosts the module and collimator. Both the upper and lower 

boxes are shielded by lead except the front end of the housing. See Fig. 6.1 b for a view of 

both ends of the camera. The lower figure is a top view of the main housing, which shows 

the holes for connectors and the "umbrella". The upper figure shows the front of camera. 
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The portable electronics console consists of a terminal, monitor, VME bus (hosts 

computer system and other electronics), voltage control box and power supplies 

(including high voltage supply for PMTs). Fig. 6.2 is a picture of the stand-alone system 

that has been built. In the left side of the console, there is a black lead box (as described 

above) in which the modular camera is installed. 

The computer architecture of stand-alone system is similar to the laboratory one. 

The stand-alone system is about the size of a small computer workstation and the camera 

is mounted on a cantilevered arm extending from a mobile stand so that the whole system 

is portable and easily positioned in the region of interest. 

6.2 Image Acquisition 

As discussed in Sec. 4.4 (MDRF calibration), we need to calibrate the modular 

camera first before mounting it on the stand-alone system for clinical studies. We 

calibrated the camera in the laboratory system. We also generated a LUT for the stand

alone module using its MDRFs. 

After a LUT is generated for the camera, we can collect data and generate images. 

Image acquisition or data collection can be done in two modes, namely, histogram mode 

and image mode. Histogram mode is also called list mode where each scintillation event 

increments a counter at a 24-bit address; the lower 20 bits of the address represent four 

PMT signal A, B, C, and D and the upper 4 bits represent in which camera the 

scintillation event occurred if we use more than one camera for imaging. The other mode 

is image mode or frame mode where each scintillation event increments a counter in a 

64 x 64 matrix array representing pixels on the camera face. The 5-bit PMT response (A, 
1\ 1\ 

B, C, D) forms an address to a 24-bit look-up table; the address contains (x, y) which is 
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used as the address to the image matrix (64 x 64 array). This method is to be contrasted 

with histogram mode method. Another mode of the processing electronics is command 

mode when no data collection occurs. In this case, the host CPU is the bus master and the 

interface card serves as an image memory space. When using this mode, the user tells the 

computer whether list or frame mode should be used to acquire data and whether the 

counts are collected in preset time or count mode. 

Before we moved the stand-alone system over to the hospital for clinical studies, 

we did some imaging tests in the laboratory. Representative images are shown in Figs. 6.3 

and 6.4. Fig. 6.3 shows an 8 x 8 point-source array that has been post-processed through 

the flood-correction method described in Sec. 6.4. A single-bore collimator was used as 

the source holder, and the effective beam width from the 99mTc source on the scintillation 

camera face was about 2 mm and source-to-camera distance was about 2 mm. The data 

was collected on 64 grid points by means of a computer-controlled x-y stage. At each 

location data were collected in histogram mode for a preset number of counts (25,000). 

Fig. 6.4 shows an image of a Picker thyroid phantom. The image was taken through a 

high-resolution parallel-hole collimator placed between the phantom and the camera face. 

In other words, the phantom was placed against the collimator face. The data were 

collected in histogram mode for a total of about one million counts, then this image data 

was divided by a reference flood and smoothed. 

6.3 PMT Gain Stability 

In Chap. 4 and 5 we described various position-estimation methods for LUT 

generation. In order to build a LUT, we need to know a camera's MDRF. So a camera's 

response plays an important role in LUT generation, hence affects the image quality. If a 
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Fig. 6.3 Image of a point-source array generated by a flood-corrected LUT. 
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Fig. 6.4 Image of a Picker thyroid phantom through a parallel-hole collimator 
with about one million counts. 
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camera's response during image acquisition is different from the response when the LUT 

was generated, then the LUT created based on the original response from a precise 

measurement of the MDRFs is not valid any more. This will cause the wrong LUT 

location to be addressed and wrong x-y position in image memory to be assigned during 

image formation, producing a distorted image. Also the sensitivity to primary photons can 

be greatly reduced. So one limit of performance of a camera is its stability. In clinical 

operation it is very important that the scintillation cameras have high stability for a long 

time under varying conditions for the sake of quality assurance. This requires that PMT 

responses (the MDRFs of the camera determined by calibration) to stay stable over a long 

period for later image acquisitions without the need of frequent recalibration. Since 

MDRF calibration and computation of LUTs are time consuming, if the camera system 

needs to be recalibrated frequently it is not very useful in practice. 

Unfortunately, the Anger-type scintillator-photomultiplier camera does not have 

sufficient gain stability for various reasons although it is still probably the most widely 

used gamma camera. For a given constant light input, the PMT response should be the 

same with the same voltage. The drift in response probably means the gain (current 

amplification) of the PMT is changing. Several other factors can also cause response 

instability, such as temperature-dependent light output of Nal(Tl) scintillator for a given 

energy deposition, yellowing or discoloration due to moisture, and optical decoupling 

between crystal and light guide. But under normal operation, these effects are small, so 

we focus only on the PMT instability problem. The problem with a PMT is its short- or 

long-term changes in response. Several factors cause these gain drifts, including 

temperature, magnetic field, count-rate, and high-voltage power supply variation. The 

reason for gain drift over time is that photocathode and dynode materials use a small 

amount of cesium to reduce the electron affinity or to increase electron volatility. Due to 
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cesium migration, the electron affinity of photocathode and dynode change and thus PMT 

gain changes (Young, 1974). Some of these effects will be described in more detail in the 

next section. 

Effects Oil PMT Gain Stability 

In this section we describe some effects on the stability of PMTs and why they 

occur. 

Temperature: Among those PMT instability factors mentioned above, probably the 

most serious source of PMT gain drift is temperature effects. Temperature change affects 

PMT anode sensitivity and gain as well as spectral response. The reason for gain drift due 

to temperature change is that cesium on the dynode surfaces are attached by Van der 

Waals force, so cesium can be easily redistributed within the PMT to change dynode 

secondary emission and cathode sensitivity and thus change gain. The temperature 

coefficient of gain is usually negative (see discussion of the experiment below). 

Maglletic field: The PMT is a photoemissive detector where photoelectrons emitted 

from the photocathode bombard the dynodes and generate multiplied electrons down the 

chain to the anode. The multiplication factor depends on the position of collision on the 

dynode. Since magnetic fields can deflect electrons from their normal paths between 

stages, PMT responses will be affected by the presence of external magnetic fields to 

some degree. The gain variation depends on the PMT structure and its orientation in the 

magnetic field. Our PMTs have a box-and-grid dynode structure with head-on 

photocathode (see Fig. 1.7) that has a relatively long path from the photocathode to the 

first dynode, so these PMTs are relatively sensitive to magnetic fields compared to other 
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tubes (RCA, 1980). In general, magnetic fields perpendicular to the electron path will 

have the most severe effect according to the Lorentz force. 

In fact, even the earth's DC magnetic field (about 0.5 gauss) can affect the PMT 

response. Of course, when PMTs are operated near strong AC magnetic field sources 

such as transformers and motors, the effect will be greater than that produced by earth's 

field. Hence it is important to use some kind of magnetic field to minimize the magnetic 

effect and ensure stable PMT response. In the case of VA SPECT imager, since the whole 

system is stationary, the ambient magnetic shield has less impact than it would have on a 

rotating SPECT camera. The strongest AC magnetic.: field in our laboratory is due to an 

isolation transformer behind the VME computer system, which is weak (because of the 

distance of the imager from the AC source) at the place where the imager is located. In 

conventional SPECT, tomographic images are obtained by a rotating camera. This 

requires that the PMTs are not sensitive to magnetic field variations or that a good 

magnetic shield is used. 

Time stability: The time instability of PMT output response may be due in part to 

the desorption of the cesium from the dynode surfaces during long periods of electron 

bombardment, and the subsequent adsorption of the cesium on other surfaces. This effect 

may be reversible after a period of non-operation when the cesium may migrate back to 

the dynode surfaces (RCA, 1980). This recovery process may be accelerated by "baking" 

the PMT during non-operation to a temperature within the maximum temperature rating 

of the tube. Heating above the maximum temperature will cause a permanent loss of 

sensitivity and damage the tube. 

Source position: Since the combined PMT responses depend on the position of the 

source and our camera has an intrinsic spatial resolution of about 3 mm FWHM, it is 
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essential that the relative position of source and detector be kept constant or within, say, 

I mm (FWHM/3) during an MDRF measurement. 

Measurements of PMT Gaill Stability 

In this section, we describe some experiments to study the effects causing PMT 

instability. 

Temperature study: To see how the temperature affects the gain of PMTs, we did a 

study on Hamamatsu R1534-07 PMTs. We used a collimated 99mTc radioactive source 

and the logarithmic matched filtering scheme to measure the PMT responses. We 

collected 25,000 counts in preset count mode in each measurement. During each 

measurement, we also measured the temperature with an integrated-circuit temperature 

sensor which was installed inside the modular camera. We used a digital multi meter that 

measures the temperature in steps of I K. Fig. 6.5 shows data for a PMT characteristic 

having bialkali photocathodes. The data show the variation of MDRFs with temperature. 

Results of this experiment indicate that the PMT output responses decrease with 

temperature. The temperature coefficients range from about -0.5%/K to -1.15%/K. Since 

the expected changes in temperature under operating conditions are a few K, temperature 

effect on gain stability is not very significant. 

Maglletic field effect: In order to test the effects of the earth's magnetic field, we 

measured PMT responses for different orientations without a magnetic shield and 

repeated the same test with the camera covered by mu-metal foil having high permeability 

(see Fig. 6.6). This experiment was done using the modular camera in the stand-alone 

system which has an LED light pulseI' installed inside the modular camera. The light was 

transmitted to the center point of the PMTs via fiber optic cable. We measured the 
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Fig. 6.6 Module with a magnetic shielding wrapped around four 
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responses of A, B, C, and D tubes to the LED reference light source. In each orientation, 

we measured MDRFs two times to make sure that the result was repeatable within 2 units 

of MDRF value. Otherwise, we repeated the measurement three times and recorded the 

average of values obtained. After the measurements, we measured the responses again in 

the initial orientation and found the changes were reproducible. The results are shown in 

Table 6.1. Without a magnetic shield, standard deviations of 5 to 20 MDRF units in the 

responses of the four PMTs were observed. We can see, by merely rotating the position of 

the PMTs, the noticeable gain change under the influence of the earth's magnetic field. 

When four sides of the camera housing were covered by mu-metal foil, standard 

deviations all less than 4 MDRF units in the responses with various orientations were 

seen. Since MDRF measurements are reproducible within 3 units, both the changes with 

rotation and the difference with foil are significant. So by wrapping the camera with mu

metal foil, the influence of earth's magnetic field on the PMTs' responses is reduced quite 

a bit. Note that the ends of camera (see Fig. 6.6) are not covered by mu-metal foil in this 

experiment. 

Working with Irene Pang, we did another test to see the magnetic effect on the 

PMT responses using a radioactive source. We compared the variation of the PMT 

responses of a modular camera without magnetic shielding and with shielding (0.004" 

shielding around entire camera including front end of the camera face). In each case, we 

measured the PMT responses for different camera orientations. In all cases, a collimated 

99111Tc source was placed under tube C and the camera was facing south. We rotated the 

camera about its long axis 900 four times so that each time two different tubes would be 

on bottom of the camera face. In each measurement, we set for 25,000 counts and 

recorded the MDRFs of the four PMTs. The result is shown in Table 6.2. Again, we can 

see standard deviations of the MDRFs in different orientations in the case of magnetic 
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Table 6.1 Effects on PMT responses (MDRF values) under different camera orientations 

using LED reference light source with and without magnetic shield. 

without shield with shield 

~ A B C D A B C 0 
orientation 

vertical (face down) 362 315 320 245 375 317 330 246 

horizontal(face north) 386 321 349 255 380 318 336 248 

horizontal(face south) 353 308 305 237 371 316 330 246 

vertical (face up) 381 316 340 249 375 316 334 249 

mean value 370.5 315 328.5 246.5 375.3 316.8 332.5 247.3 

standard deviation 15.59 5.35 19.81 7.55 3.69 0.96 3 1.5 
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Table 6.2 Effects on PMT responses (MDRF values) under different camera orientations 

using 9911lTc source with and without magnetic shield. 

without shield with shield 

~ A B C D A B C D 
orientation 

AB on bottom 185 55 824 171 193 62 900 149 

BD on bottom 193 59 891 154 181 62 903 154 

CD on bottom 180 65 947 137 179 62 907 152 

AC on bottom 169 62 902 151 178 58 900 150 

mean value 181.8 60.25 891 153.3 182.8 61 902.5 151.3 

standard deviation 10.05 4.27 50.81 13.67 6.95 2 3.32 2.22 
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shielding ranging from 2 to 7 MDRF units as compared to those standard deviations of 4 

to 50 MDRF units in the case of no shielding. Recall that MDRF measurements are 

reproducible within 3 units, so the observed differences again show the significant 

improvement on gain stability with foil. 

Temporal drift: We did an experiment to check temporal drift of PMTs from the 

time of turning the high-voltage supply on (PMTs are operated at about -1000 V). All 

tubes were initially set to 0 V; they had been off for 5 h. In this short-term time-stability 

test, we used a collimated 99mTc radioactive source and the logarithmic-matched filtering 

scheme to measure PMT responses. The 99mTc source was placed under the center of 

camera face and a total of 25,000 counts were collected. In order to make sure data were 

reproducible, we measured MDRFs two times if data were exactly the same (more than 

half of the times the second readings are the same as the first readings). Otherwise, we 

measured three times and recorded the average. The responses in logarithmic-matched 

filtering units were calculated and recorded at several time intervals for a period of 

36 hours. We found the gain drift values for these four PMTs with bialkali photocathodes 

to be less than 1 % in 36 hours when measured under the conditions mentioned above. So 

the PMT responses are stable within 1 %/day when operated continuously over a short

term (about one day) period (see Fig. 6.7). 

We also did a long-term stability study on PMT responses. Over a period of 21 days 

the responses of PMTs using the 99mTc scintillation light were observed. Each day we 

measured the responses by using a collimated 9911lTc under a fixed position of crystal face. 

That is, we reproduce the 99mTc source each day by placing the source in a source holder 

that was positioned under a fixed location of the camera face. Fig. 6.8 shows the 

variations of PMT responses in 21 days. The gain drift of the PMTs was 0.5% to 2% in 

21 days, showing that gains started to vary slightly with time, although operating 
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conditions (position of the collimated source relative to the camera face and orientation of 

the camera) remained the same. However, we did not measure the temperature of the 

camera during each data acquisition which was done at about the same time each day. 

Source positioning: Recall that, in MDRF calibrations, each time before calibration 

we need to position the collimated source (moved by a computer controlled x-y table) to 

the origin of the crystal (0,0) by using a source pointer. In the past, we sometimes 

rechecked the source position relative to the origin after the camera calibration. Most of 

the time, the source still pointed at (0,0). But occasionally, we found the position of what 

the computer/x-y table thought was (0,0) had changed by up to I mm in one or both 

dimensions caused by mechanical problems in the x-y table. So before MDRF calibration, 

it is important to make sure the origin positioning is reproducible by moving the source 

pointer to some other positions then moving it back to the current origin to see if any shift 

occurs. 

6.4 Uniformity Correction 

There are some characteristics that are important for optimal gamma camera 

performance. These characteristics include uniformity, spatial resolution, energy 

resolution, linearity, sensitivity, and count rate performance. Some of these characteristics 

are affected by systematic errors, such as those which result reproducibly from faulty 

calibration of camera. These errors can be reduced by image-processing techniques. 

Uniformity, which is the problem we address in this chapter, is one of them. 

Uniformity is a parameter of a gamma camera which characterizes the variations of 

detected count rate with a homogeneous flux over the crystal face and is a standard 

performance measurement of scintillation cameras, see NEMA (National Electrical 
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Manufacturers Association) publication, 1986. Ideally, a gamma camera should produce a 

uniform response across the field of its crystal. That is, a camera can reproduce a uniform 

radioactive distribution or image of a uniform source. 

Quantitative measures of uniformity are usually expressed as integralulliformity (a 

maximum deviation) and differential uniformity (a maximum rate of change over a 

specified distance). The integral uniformity is given by NEMA as 

IU = 100% (Max- Min), 
Max+Min 

(6.1) 

where "Max" is the maximum pixel count (number of counts in a pixel) and "Min" is the 

minimum pixel count. The differential uniformity is given by NEMA as 

DU = 100% (High - Low) 
High+Low ' 

(6.2) 

where "High - Low" is the largest deviation between any two pixels from a row or 

column of five pixels. "High" is the maximum pixel count in such a row and "Low" is the 

minimum pixel count. The pixel size is defined to be 6.4 mm square. According to 

NEMA, a flood image shall be smoothed once by convolution with a 9-point weighted 

filter (see description below) before uniformity measurement. 

Nonuniformity is one of the major concerns in nuclear imaging because of the 

danger that areas of high and low intensity in a clinical image can be misinterpreted as 

spots of abnormal radioactivity distribution and diagnosed as abnormal pathology (Van 

Tuinen et aI., 1978) The causes of nonuniformity of a flood-field image are: (a) variation 

in sensitivity across the camera face, (b) spatial distortion, i.e., non-linearity, and (c) 

spatial variation in resolution (Sharp et al., 1985). In the modular camera, because we 



195 

compress 8-bit signals to 5-bit, the coarse quantization error causes nonuniformity as 

well. See the image shown in Fig. 6.9 which is a typical raw (not post-processed) flood

field image. The checkerboard pattern is a result of coarse quantization. The integral 

uniformity attained in this raw flood image is 15.6% in the modular gamma camera using 

regular ML LUT where the threshold value of the likelihood window is a preset constant. 

A flood-field image can be thought of as a camera response to a uniform flux 

source that is attached to the camera face. Given a camera response to the photons 

emitted from one location in the source, a flood image is the superposition of the camera 

response over all locations in the source. In other words, a flood image of the modular 

camera can be expressed as 

Ind(~'Y) oc L p(~,ylx,y) = L LP( ~,yIA,B,C,D)p(A,B,C,Dlx,y), (6.3) 
x.y x.y ABeD 

where the summation is over the entire crystal face, i.e., x = 0, I, ... , 63, Y = 0, I, ... , 63, 
1\ 1\ 

and over all possible ABCD values. Note that p(x,yIA,B,C,D) is either equal to I or ° 
depending on whether the PMT signal (A,B,C,D) is in the LUT window or not. A trace of 

the measured flood-field image (see Fig. 6.9) across the camera face is shown in Fig. 
1\ 1\ 1\ 

6.10. This is a plot of a flood image versus position estimate (x ,y) where x = 2, 4, ... , 62 
1\ 

in steps of 2 while y = 32. This figure shows that, in practice, the flood response of the 

camera is very nonuniform. A uniform flood field-image means that all pixels normally 

have equal sensitivity. Sensitivity is a measure of the number of counts per unit time 

detected by a gamma camera per unit of radioactivity. Unfortunately, all gamma cameras 

exhibit some degree of nonuniformity and variation in sensitivity among pixels. In other 

words, if a flood source is imaged by a gamma camera, the image is not uniform but 

exhibits point-to-point variations more than that caused by photon noise. A camera 
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Fig. 6.9 A "raw" flood-field image. 
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sensitivity plot is shown in Fig. 6.11. This figure shows a plot of number of counts 

collected at different crystal coordinates. This experiment was done by positioning a 

collimated source under the camera face. At each position we collected counts during a 

preset time (l s) in histogram mode and stored it as a separate file. Then we repeated data 

acquisition at points along a diagonal path across the camera face (x = y = 0, 2, ... , 62). 

After all measurements were done, we created each point image using the ML LUT and 

counted the number of counts in the image corresponding to each position (x,y), taking 

into account time correction to compensate for radioactive decay. The sensitivity of the 

modular camera can be represented as 

S(x,y) = LP(~,ylx,y) = LP(A,B,C,Dlx,y), (6.4) 
~; ABeD 

where the right-side summation is over all (A,B,C,D)'s that are in the LUT window. Note 

that this equation is different from Eq. 6.3. From the figure, we see that the sensitivity 

drops at the very corners then increases and gradually decreases to the center of the 

crystal. In the center region, the sensitivity is more uniform than in the corner regions. 

There are several correction schemes to improve gamma camera uniformity. For 

example, hardware methods as introduced by Muehllehner et al. (1980) and Knoll et (If. 

(1982) can be used. We review some of the techniques used in the past in the radiology 

research laboratory below. 

Flood-Corrected LUT 

The concept of this method applied to the modular camera is from Barrett (1989). 

This method consists of modifying the ML position estimates in the LUT using flood 
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image so that the uniformity is improved. The idea is to reassign some ABCD values 

from their ML values to neighboring pixels if it improves uniformity (usually at the 

expense of spatial resolution a little), but sacrifices as little likelihood as possible, without 

moving any position estimate by more than one pixel from its original ML value. The 

effect on bias of position estimates is minimal. Since this method only redistributes 

counts, the total counts are still the same (statistical information is preserved) and the 

images would be valid for quantitative studies. The procedure for this method is as 

follows: 

1. Start with regular ML LUT and measured flood image. 

2. Find average value in flood image (in 60 x 60 center region to neglect bright 

band due to edge packing). 

3. Find a pixel in the flood image for which the flood value is below the average. 

4. Find ABCD values in ML LUT whose ML position estimates are within one 

pixel of the low-value pixel to be corrected. 

5. For those neighboring pixels, check to see if they correspond to high-value pixels 

(pixel-count higher than average). If so, the corresponding ABCDs are candidates 

for reassignment. 

6. After obtaining a complete list of candidates that can be reassigned to fill in low

value pixels (pixel-count lower than average), start reassigning in order of 

decreasing likelihood computed for the new position. 

7. Quit reassigning when uniformity no longer improves. 

8. Go back to step 3 and repeat for other low-value pixels. 

The flood-corrected LUT can now replace the "raw" LUT for generating images. An 

example of an image generated by the flood-corrected LUT is shown in Fig. 6.12. In order 

to be consistent with the pixel size from NEMA, we defined 4 x 4 array of pixels to be 
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the new pixel size. The integral uniformity over this entire flood-corrected image is 

15.2% compared to 15.6% of the raw flood image as shown in Fig. 6.9. However, if we 

measure the uniformity of the two images without applying smoothing filter on each 

image first, then the ru of the flood-corrected image is 18% compared to 24% of the raw 

flood image. If we further ignore the edges (2 NEMA pixels or 8 of our standard pixels 

on each edge) in measuring the uniformity, then the ru of the flood-corrected image is 

11.1 % while the ru of the raw flood image is 13.6%. We can see that the uniformity 

difference between the raw flood image and the flood-corrected image is mainly in the 

edges. Fig. 6.13 is a trace across the horizontal of Fig. 6.12. Compared to the trace shown 

in Fig. 6.10, we see better flood uniformity is obtained in the flood-corrected image. The 

differential uniformity of the raw flood image is 15.2% at the worst-case position in the 

image. This value is close to the value of the integral uniformity. 

Flood Normalization 

This method is very commonly used in daily quality-control procedures in nuclear 

medicine to correct nonuniformity. First, an operator collects a high-count (about 30 

million counts) flood image with the same settings as used for subsequent patient image 

acquisitions. After an image is acquired, the operator normalizes the image with the 

flood-source image on a pixel-by-pixel basis. As an example in the case of the modular 

camera, suppose we have a phantom with nonuniform mdioactivity distribution in it. If 
/\ /\ 

we image the phantom, its image data Ip at position estimate (x,y) can be represented as 

Ip(~,Y) = LP(~,yl x,y)C,,(x,y) + n, (6.5) 
x,y 
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Fig. 6.12 A flood image generated by flood-corrected LUT. 
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where Cp(x,y) is the number of gamma photons (emitted from the phantom) incident at 

" " the detector element (x,y), P(x,ylx,y) is the camera response to a gamma photon 

interaction or the conditional probability that a gamma photon incident at (x,y) will result 

" " in a PMT signal response that maps to the estimated detector element at (x,y), and n is 

Poisson noise associated with y-photons. For the reference flood image, its image, If at 

" " position estimate (x, y) can be represented as 

Ir(~'Y) = C· LP(~,ylx,y) + n. (6.6) 
x,y 

where C is a constant. 

For Poisson noise, if we have a mean number of, e.g., 10,000 counts per pixel in a 

flood image, the fluctuation of the counts would be equal to the square root of 10,000 or 

100 which is equivalent to a I % fluctuation. Since the fluctuation is small in this case, 

Poisson noise can be neglected. Therefore if we assume we have a high-count flood, then 

Poisson noise is small compared to the mean signal, and n in Eqs 6.5 and 6.6 can be 

neglected. Then the flood normalized image would become 

"" LP(~,ylx,y)Cp(x,y) 
Ip(x,y) _ x,y 

" " - -""-----"-,, ---
Ir(x,y) C· L P( x,ylx,y) 

(6.7) 

x,y 

" " Assuming P(x,ylx,y) is a sharply peaked function and Cp(x,y) is a slowly varying 

function, Eq. 6.7 can be written as 
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(6.8) 

We see that the flood normalized image is not a function of the camera response anymore 

because it only depends on the incident photon flux. However, in practice the camera 

response is not really a sharply peaked function and Cp(x,y) may not be slowly varying, 

and Poisson noise cannot be ignored, so Eq. 6.8 is just an approximation. The effect of 

this method of uniformity correction is shown in Fig. 6.14. Fig. 6. 14a shows a "raw" (not 

post-processed) image of the familiar Picker thyroid phantom generated from the ML 

LUT. This image is acquired with a high-resolution parallel-hole collimator. Fig. 6.14b 

shows an image of the same phantom using flood-corrected LUT. Fig. 6.14c shows an 

image of Fig. 6.14b divided by a reference flood image. Note that even though this 

method produces a cosmetically better image, it treats only the nonuniformity and not the 

cause of it. Flood normalization may also produce image artifact. 

Image Smoothing 

In this method, a nine-point (3 x 3) filter is applied in image space by convolving 

the value stored in each pixel with weighted values (see Fig. 6. I 5) of its nearest eight 

pixels. Fig. 6.15 illustrates how a common spatial-smoothing filter is applied to original 

image data. This technique can be thought of averaging the neighboring pixel values to 

reduce pixel-to-pixel variation. A result of performing the smoothing operation on an 

image (see Fig. 6.9) is shown in Fig. 6. I 6, which illustrates a smoothed image with an IU 
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Fig. 6.14 Comparison of images of a thyroid phantom: (a) a raw image generated from the ML LUT, 
(b) an image generated using a flood-corrected LUT, (c) an image of (b) divided by a reference 
flood image. 
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Fig.6.16 A flood image that has been post-processed by fIltering with a 3 x 3 
smoothing filter. The integral uniformity of the image is 15%. The 
original image before smoothing is shown in Fig. 6.10. 
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of 15%. Note that even though this technique produces a more appealing image in 

general, it also produces a blurred image and hence some fine detail in image may be lost. 

In practice, a tradeoff between smoothing appearance and spatial resolution must be 

made. 

6.5 Spatial Resolution 

In this section we describe the measurements of system spatial resolution of the 

modular camera system and compare the mean resolution to the one obtained from the 

commercial camera. In doing so, we measured the extrinsic spatial resolution of each 

system. The radionuclide employed for these measurements was a drop of 99rnTc solution 

in a needle cap with a source that has a linear dimension of about 2 mm. We did the 

measurement on the commercial system first and repeated it five times. The source was 

located at a distance of 10 em from the center of the collimator face. The count rate was 

130 cps on the average through a 20% energy window. We acquired each image for 100 s 

and obtained 13,000 counts on the average in the images (pixel size = 1.4 mm). We then 

traced each image in one direction to get a point spread function (PSF). The system has 

an average spatial resolution of 6.1 mm FWHM of the PSF over the five measured 

values. 

We used the same source to do the measurements on the modular camera with a 

collimator placed against the camera face. Again, we placed the source 10 cm away from 

the collimator face. We imaged for 100 s and repeated five times. We also traced across 

each resulting image (pixel size = 1.6 mm) in one direction to get a profile of the PSF. A 

representative trace is shown in Fig. 6.17. This image is a trace along y direction at 
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Fig. 6.17 A representative trace of the point spread function along y direction 
at x = 14 for measuring extrinsic resolution of the modular camera. 
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x = 14. The system has an average spatial resolution of 5.1 mm FWHM of the PSF over 

the five measured values. 

After knowing the mean spatial resolution from the two systems, Student t-test can 

be used to test the hypothesis that two data sets have the same mean (see Dudewicz and 

Mishra, 1988). In other words, we can use t-test to see if there is a significant difference 

in means. From the two data sets, we can compute t value. We found t = 4.314, which 

means we can reject the hypothesis that the mean resolution distance of the commercial 

camera system is less than or equal to the mean resolution distance of the modular camera 

system with 99.75% confidence. Therefore we can say that the mean resolution distance 

of the commercial camera system is significantly larger than the mean resolution distance 

of the modular camera system. These results demonstrate that the modular camera system 

with the collimator (bore diameter is 1.5 mm and bore length is 2.4 em) we used on it has 

a better extrinsic spatial resolution in central region of the camera face than the standard 

gamma camera system with the collimator (bore diameter is 1 mm and bore length is 1.91 

cm) we used on it. 

Since the extrinsic spatial resolution depends on what kind of collimator used, we 

want to know the resolution of the collimators we used. The resolution for these two 

collimators is calculated based on the following relation (Barrett and Swindell, 1981) 

(6.9) 

where Rl'hc is collimator resolution, Db is bore diameter, Lb is bore length, and z is the 

distance between the point source and the face of the collimator. By plugging in the 

corresponding numbers for each parameter in Eq. 6.9, the calculated resolution of the 
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collimator used with the modular camera is 4.2 mm and the calculated resolution of the 

collimator used with the commercial gamma camera is 3.4 mm. 

The extrinsic resolution R of a gamma camera is comprised of R j and R phc ' where 

R j is the intrinsic resolution of the gamma camera. We can write R in terms of R j and R phc 

as follows (Chandra, 1992) 

(6.10) 

From the above equation, we can calculate the intrinsic resolution of the two cameras. It 

turns out that the calculated intrinsic resolution of the modular camera is 2.9 mm, which 

is close to the measured resolution (-3 mm) in the center of the crystal. The calculated 

intrinsic resolution of the commercial gamma camera turns out to be 5 mm. In order to 

know the measured intrinsic resolution of the commercial camera, we removed the 

collimator and used the same collimated point source of 99fl1Tc, which had a beam width 

of -2.0 mm, as we used in measuring the resolution of the modular camera to test the 

resolution. We placed the source in the center of the crystal and measured the FWHM 

spatial resolution three times. The measured resolution in the center of the crystal is 

4.3 mm FWHM on the average. From the measured intrinsic resolution and the calculated 

collimator resolution, we can calculate the total (extrinsic) resolution by using Eq. 6. IO 

again. It turns out that the calculated total resolution of the modular camera is 5.2 mm and 

the calculated total resolution of the commercial gamma camera is 5.5 mm. In summary, 

both the extrinsic and intrinsic spatial resolutions of the modular camera are better than 

those of the commercial gamma camera (see Table 6.3). 
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Table 6.3 Spatial resolution comparisons between the commercial gamma camera and 

the stand-alone modular camera system. 

commercial camera modular camera 

calculated collimator 3.4mm 4.2mm 

resolution 

measured intrinsic 4.3mm 3mm 

resolution 

measured total 6.1 mm 5.1 mm 

resolution 

calculated total 5.5mm 5.2mm 

resolution 

pixel size 1.4 mm 1.6mm 
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6.6 Sensitivity 

Besides the resolution comparisons, we measured the absolute system sensitivity on 

both systems too. Again, each camera has a high-resolution collimator (the two 

collimators are different) attached to the crystal face. We stilI used 99rnTc as the 

radionuclide for the measurements. The source intensity was accurately measured with a 

dose calibrator. For the measurement on the commercial system, we had a 500 /lC j 

"point" source in the syringe needle cap, which was placed against the center of the 

collimator face. We collected counts for one minute and repeated four times. We received 

83,000 counts on the average that fall within the 20% energy window. Therefore the 

average system sensitivity of the commercial camera is 166 counts/(minute./lC j ), which is 

close to the sensitivity (-170 counts/(minute./lC j )) claimed by the manufacturer. 

Similarly, we used the same 500 /lC j "point" source in the syringe needle cap and 

placed it against the center of the collimator face. We collected counts for one minute too 

and repeated four times. We obtained 116,000 counts on the average in the image matrix 

(after BW LUT windowing with A = 1). Therefore the average sensitivity of the stand

alone module with a parallel-hole collimator (bore diameter is 1.5 mm and length is 

2.4 cm) is 232 counts/(minute./lC). 

By using the I-test for the data at hand, we found t = 4.78, which means that we can 

reject the hypothesis that the mean sensitivity of the stand-alone system is less than or 

equal to the mean sensitivity of the commercial camera system with 99.75% confidence. 

Therefore we can say that the mean sensitivity of the stand-alone system is significantly 

larger than the mean sensitivity of the commercial camera system. These results show that 

the modular camera with the collimator used has higher sensitivity than that of the 
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standard gamma camera with a parallel-hole collimator (bore diameter is 1 mm and 

length is 1.91 em). 

The ratio of these two measured sensitivities is equal to 1.40. Since the sensitivity 

of a collimator is proportional to the collection efficiency of the collimator, let us 

consider the collection efficiency for these two collimators. According to Barrett and 

Swindell (1981), the efficiency (S) of a parallel-hole collimator is influenced by Db and 

Lb as follows 

(6.11) 

Denote S( as the efficiency of the collimator used with the modular camera and S2 as the 

efficiency of the collimator used with the commercial gamma camera. By plugging in the 

corresponding numbers for each parameter in Eq. 6.11, we have S /S2 = 1.42, which is 

close to the measured sensitivity ratio of the two systems. 

6.7 Clinical Planar Imaging Performance of Stand-Alone Modular Camera System 

After some phantom studies in the laboratory as explained in Sec. 6.2, we moved 

the stand-alone system over to the hospital for clinical imaging. As a matter of quality 

assurance, we collected and checked a high-count (up to 30 million counts) reference 

flood image (for flood normalization) using a flood sheet source placed against the face 

of the module daily. 

We have used this system to acquire some clinical images such as small bones of 

the hand, vertebral bodies, lymph nodes, and thyroid. Subjects were patients referred for 

nuclear medicine studies on clinical grounds. No subject was given radioactive material 
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solely for the purpose of this research. Those subjects were imaged by the conventional 

gamma camera and the stand-alone system. The stand-alone system is capable of updating 

an image display every 15 s while collecting the next 15 s of image data, so we can 

monitor the image acquisition. In case anything is wrong (for example, camera 

mispositioning) during imaging, we will know promptly and take proper action. 

Representative images are shown in Figs 6.18,6.19,6.20, and 6.21 respectively. Note that 

all these images are done with post-processing including flood normalization and 

smoothing as described in Sec. 6.4. 

Fig. 6.18 shows a clinical image of a normal thyroid. About 20 mCi of 

pertechnetate was injected intravenously into the subject, and an image was taken through 

a parallel-hole collimator in contact with the subject's neck. Imaging time was 

10 minutes. There were 580,000 counts in the image (after LW LUT windowing with 

T1w = 0.003). About 40 minutes prior to this image acquisition, the subject was imaged by 

a standard gamma camera for 10 minutes using a 20% symmetric energy window. There 

were about 560,000 counts in that image. Note that each system has a high-resolution 

parallel-hole collimator, but the two collimators are different. The bore we used in the 

stand-alone system has a diameter of 1.5 mm and length of 2.4 cm, but the bore diameter 

is 1 mm and bore length is 1.91 cm in the commercial camera system. 

Fig. 6.19 shows an image of a hand, in a bone-scan patient. The injected dose was 

20 mCi of 9911lTc and the imaging was for 20 minutes following the bone scan. About 

173,000 counts were collected. Prior to imaging the hand, we collected a flood image for 

flood normalization too. 

Fig. 6.20 shows lymphangioscintigrams performed after intradermal injection of 

Tc-99m albumin (not colloid) into the web spaces between the toes. Lymph channels and 

nodes are visible. The left image was generated from standard gamma camera and the 
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right image was generated from stand-alone modular camera. We see that the image on 

the right has better contrast than that on the left one. 

Fig. 6.21 shows images of a vertebral body in a patient with degenerative changes 

due to osteo-arthritis. The distribution of increased osteblastic activity in one half of the 

vertebral body is evident. The left image was generated from the standard gamma camera 

and the right image was generated from the stand-alone modular camera. Again the 

contrast is better on the right image than on the left one. 

Comparing these images and measurements (discussed above) obtained in the 

stallJ-aione modular camera to those images and measurements obtained in the standard 

gamma camera, we see that the modular camera exceeds normal performance of standard 

gamma cameras in spatial resolution and system sensitivity. These demonstrate the 

clinical feasibility of a single modular camera. 



218 

Fig. 6.18 Clinical image of a normal thyroid with a single modular camera and 
a parallel-hole collimator. 



Fig. 6.19 Clinical image of a hand, in a bone-scan patient, with a single 
modular camera and a parallel-hole collimator. 

219 



Fig. 6.20 Lymphangioscintigram performed after intradermal injection of Tc-99m albumin into the web 
spaces between the toes: images on the left is from standard commercial camera, image on the right 
is from stand-alone modular camera system. 
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Fig. 6.21 Image of a vertebral body in a patient with degenerative changes due to osteoarthritis: image on the 
left is from standard commercial camera, image on the right is from stand-alone modular camera 
system. 
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CHAPTER 7 

SUMMARY AND FUTURE WORK 
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This Chapter summarizes the work presented in the preceding chapters and gives 

directions in some areas for future work. 

7.1 Summary 

The major contributions of this dissertation are mainly on the basic research in 

scintillation modular cameras, which includes energy and position estimation, and 

Bayesian scatter rejection. Another contribution is the design and construction of the 

stand-alone modular camera system for clinical nuclear imaging. 

Chap. 1 discussed the advantages of single modular camera and modular-camera

based SPECT imagers; 1. Each module has fast digital signal-processing electronics 

(count rate up to 120,000 counts per second has been measured in frame mode for single 

modular camera). 2. Each module is optically, electronically, and mechanically 

independent, so they can be operated in parallel. Thus an imaging system that has N 

modules will have N times the count rate of a single module. 3. Many modules can be 

joined (or assembled) to form a SPECT imager without detector or aperture motion. 4. 

Modular cameras are flexible and can be conformed to different task-specific imaging 

geometries. 5. Each small modular camera is a miniature Anger camera and each 

module's count-rate capability, spatial and energy resolution are comparable to or better 

than those of conventional Anger camera, so each module can be used as a portable 

planar imager. 
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Chap. 2 reviewed detector physics. One of the goals in the research group is to 

understand the basic statistical properties of scintillation light detected by PMTs. Barrett 

has proposed a process model taking into account depth of interaction, which can explain 

the deviation from Poisson statistics. 

In Chap. 3, we reviewed some basic concepts of statistical estimation and detection 

theory. 

In Chap. 4, we reviewed the application of the estimation rules in estimating 

positions of "(-ray interactions in the scintillation crystal of the modular camera. 

In Chap. 5, we devised estimators to obtain simultaneous estimates of position and 

energy of scintillation events. The estimated energies can be used for scatter rejection. 

These estimators are evaluated by bias and variance. We also described an optimal 

Bayesian method for windowing scattered photons. We used ROC analysis to compare 

three LUTs (based on LW, EW, ",nd BW respectively) for scatter rejection. We plotted 

the probability of accepting an unscattered photon versus the probability of accepting a 

scattered photon as a function of threshold for the EW, LW, and BW. The object was a 

simulated point array. The graph showed that the LW is the worst method overall. The 

BW with flat spectrum (p(EISc) = constant) is superior at low scatter acceptance 

probability, but the EW is better when the threshold is set to be moderate. However, if we 

used the same spectrum as a prior for creating the BW LUT and as the scatter spectrum 

for testing scatter rejection of the LUTs, we found the BW ROC curve lies above the EW 

one. We also demonstrated that the BW method is good for energy discrimination when 

used in dual-isotope imaging. 

In Chap. 6, we performed tests on the effects on the PMT gain stability. We 

reviewed several uniformity correction techniques used in the radiology research 

laboratory. We have constructed a single modular camera stand-alone system. We 
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demonstrated the clinical feasibility of the stand-alone system by obtaining images of 

small bones of the hand, vertebral bodies, lymphatic, and thyroid. The single modular 

camera stand-alone system performs comparable or better than the standard Anger camera 

in system spatial resolution and system sensitivity under planar mode with a high

resolution parallel-hole collimator and a "point" source in center of field-of-view. 

7.2 Future Work 

One possible area of short-term future investigation is to continue to study the 

effects of deviations from the Poisson probability model used in estimating MDRF and 

LUT. All we need is to measure 8-bit output signals from the four PMTs and from these 

data we can calculate the mean and covariance matrix of the four PMTs, hence determine 

the Fano factor of the crystal and verify the probability model. This is important because 

the position estimation algorithm requires knowledge of the probability law. This work is 

now in progress (by John Sain). At this moment of writing, the 8-bit data acquisition 

system is not yet available but is currently being pursued by the research group. We think 

these precise measurements will verify the multivariate-normal probability model 

(Marcotte, 1993). If the model proves to be correct, it might be possible to improve on the 

8-bit position estimation in the modular camera by using the correct model for the 

likelihood function in LUT calculation or on-the-fly estimation. 

It is best to upgrade the precision in data acquisition that handles 8-bit signals 

without further signal compression. We anticipate that, without signal precision loss due 

to compression, the flood-field uniformity of the modular cameras will be improved. 

Finally, the ultimate improvement on modular-camera-based SPECT imager would 

be to use semiconductor-based high-resolution SPECT systems which are currently under 
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development (Barber et. ai., 1993). Some promising simulation results including 3 mm 

reconstructed resolution with compact configuration are obtained by Rogulski (1993). 
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