
Abstract

HOLMES, THOMAS WESLEY. Material Identification and Quantification in Spectral
X-ray Micro-CT. (Under the direction of Robin Gardner and David Lalush.)

The identification and quantification of all the voxels within a reconstructed microCT

image was possible through making comparisons of the attenuation profile from an un-

known voxel with precalculated signatures of known materials. This was accomplished

through simulations with the MCNP6 general-purpose radiation-transport package that

modeled a CdTe detector array consisting of 200 elements which were able to differentiate

between 100 separate energy bins over the entire range of the emitted 110 kVp tungsten

x-ray spectra. The information from each of the separate energy bins was then used to

create a single reconstructed image that was then grouped back together to produce a

final image where each voxel had a corresponding attenuation profile. A library of known

attenuation profiles was created for each of the materials expected to be within an ob-

ject with otherwise unknown parameters. A least squares analysis was performed, and

comparisons were then made for each voxel’s attenuation profile in the unknown object

and combinations of each possible library combination of attenuation profiles. Based on

predetermined thresholds that the results must meet, some of the combinations were then

removed. Of the remaining combinations, a voting system based on statistical evaluations

of the fits was designed to select the most appropriate material combination to the input

unknown voxel. This was performed over all of the voxels in the reconstructed image and

a final resulting material map was produced. These material locations were then quanti-

fied by creating an equation of the response from several different densities of the same

material and recording the response of the base library. This entire process was called the

All Combinations Library Least Squares (ACLLS) analysis and was used to test several



different models. These models investigated a range of densities for the x-ray contrast

agents of gold and gadolinium that can be used in many medical applications, as well as

a range of densities of bone to test the ACLLS ability to be used with bone density esti-

mation. A final test used a model with five different materials present within the object

and consisted of two separate features with mixtures of three materials as gold, iodine

and water, and another feature with gadolinium, iodine and water. The remaining four

features were all mixtures of water with bone, gold, gadolinium, and iodine. All of the

various material mixtures were successfully identified and quantified using the ACLLS

analysis package within an acceptable statistical range. The ACLLS method has proven

itself as a viable analysis tool for determining both the physical locations and the amount

of all the materials present within a given object. This tool could be implemented in the

future so as to further assist a team of medical practitioners in diagnosing a subject

through reducing ambiguities in an image and providing a quantifiable solution to all of

the voxels.
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Chapter 1

Introduction

X-ray Computed Tomography (CT) utilizes combinations of many individual 2D projec-

tions taken at different angles to produce a 3D cross-sectional image. The X-ray tubes

used in these types of applications emit photons over a range of energies, which are fo-

cused on the object under investigation. Traditionally, CT systems have been employed

using integrating detectors to measure each of the 2D projections of the object under in-

vestigation where the incident X-ray spectrum was reduced to a single value. This idea as

a whole was originally conceived and introduced by Godfrey Hounsfield in 1971, and sub-

sequently published in 1973. In 1975, Hounsfield built the first whole-body scanner, and

in 1979 he shared the Nobel Prize in Medicine with Allen MacLeod Cormack. Since its

initial implementation on the human body, modern society has deemed CT as one of the

most valuable modalities for in vivo imaging due to its high-resolution, cost effectiveness,

and speed of acquisition.

Building on years of technological improvements and with an eye on the future di-

rection of CT development, the work unveiled here creates a framework to improve the

identification of materials present within a reconstructed CT image and quantify the
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amount of each material. This specialized process is able to differentiate mixtures of ma-

terials using a specially designed photon detector array with the capability to group the

collected photons into at most 100 non-overlapping energy bins. While such a detection

system is beyond the reach of current technologies, technical developments are heading in

a direction to create detector arrays that are capable of resolving more and more energy

bins. With this specialized detector arrangement, the full spectral photon emission from

the tungsten X-ray source can be collected and used throughout the analysis process.

The physical size of the detection elements is also an interesting characteristic because

the reconstructed CT image has pixel sizes in the micrometer scale. This feature of the

photon detector array is the defining aspect to the system used here being labeled as a

microCT system.

Identifying the materials present within a CT image can become exceptionally bene-

ficial to a medical team when treating a patient. In many cases, there are several medical

practitioners involved in the prognosis of the patient, and these professionals can have

different levels of experience as well as specific fields of study. These differences in perspec-

tive can cause discrepancies in the various interpretations of the image. Considering that

X-rays in general are primarily used for imaging objects with high density that contain

high Z elements, for a medical practitioner to image soft tissues with low density, they

may choose to introduce a metallic contrast agent into the subject. These contrast agents

help reduce potential sources of ambiguity within the image, and the medical team may

utilize various types of contrast agents to highlight specific regions under investigation.

To continue the growth of technologies that first identify and then quantify all of the

materials present within a microCT reconstructed image, it is important to be clear and

thorough with the presentation of this information so as to assist further studies into

the practicality of its implementation. As with any novel techniques, it is essential to

2



first understand the background of microCT, material identification, and how the past

developments have transformed into this current iteration. After this historical review, the

specifics of the overall approach implemented are then divulged. With an overview of the

flow to achieve the identification and quantification of the spectral X-ray microCT, the

specifics of the methods implemented can then be broken down into their fine components.

With enough information on the process to achieve the desired results unearthed, the

final experimental results are then displayed. The limitations of the experiments are then

analyzed within the discussions which directly lead into an overall summary of the results

and the future directions that should be explored with this novel approach.
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Chapter 2

Background

As science and computational power have continued to develop, CT system technology

and its various analyses have experienced many improvements. One particular area of

interest that recently has been gaining ground, is a focus on material identification. In

1976, a dual-energy-region scan was used to correctly identify test materials by making

comparisons with a known and unknown trial using a polychromatic X-ray source. This

was successfully accomplished after isolating the Compton scattering and photoelectric

effect regions of the spectrum (Alvarez, 1976). The energy ranges and dose required

to obtain the most accurate information, were later optimized to reduce noise within

the analysis in 1980 by Talbert. Obtaining data with these procedures required that

two successive scans be collected with two different X-ray tube potentials. Since these

comparisons were not attained simultaneously, motion of the object scanned had the

potential to cause degradation in the images, and ultimately in the identification of

the materials (McCollough, 2015). To mitigate these variations, several techniques were

implemented including: rapidly switching the potential of the X-ray tube (Matsumoto,

2011), using multiple layers of detectors (Sones, 1989), and developing a dual X-ray CT

4



system on a single gantry (Roessl, 2007).

A large contributing factor to this work began with the ideas introduced by Gonzales.

Through his work first published in 2010, he was able to produce a microCT image using

a single AMPTEK crystal that had more than 90 separate energy bins. This was accom-

plished by using a pencil beam X-ray source and the single crystal detector through a

range of physical locations to mimic a complete detector array. Through these investiga-

tions and in 2012, Gonzales was then able to differentiate between the materials within

the object using a technique known as eigenvector decomposition with the assistance of

known basis functions from each material. Gonzales’ work paved the way for the initial

investigations and final techniques discussed through this work.
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2.1 CT Systems and Material Identification

One significant contribution to the X-ray CT systems development in identifying mate-

rials was the use of energy-resolving photon-counting detectors in place of the preexist-

ing integrating detectors. These improved detectors have the capability to select energy

thresholds on the deposited energy of the incident photons and place counts in their re-

spective energy bin or channel. Given the idiosyncratic case where the detector resolves

incident photons into two separate energy groups, the system could mimic a dual-energy

imaging system but in this case, there is no overlap of energy regions, wherein the tradi-

tion dual-energy allows for spectral overlap. Several of these specialized detection systems

have been proposed and are still in the preliminary stages of operation (Firsching, 2004;

Le, 2011; Roessl, 2007), all of which are limited by the number of energy bins, and

the physical space between each detection element. Despite these conflicts, research and

development in this field continues due to the approximate 30% increase in geometric

efficiency of photon counting detectors over integrating detectors (McCollough, 2015).

The process required to achieve the identification of the materials within a CT sys-

tem and subsequent quantification of those materials is currently being accomplished

with several existing techniques. One such method utilizes an imaging method with

synchrotron-based X-rays so as to achieve a resolution on the single-micron range with

scintillation detectors. This technique introduces multiple layers of the scintillation ma-

terials to improve the detection efficiency. To achieve the desired material identification

and quantification, a known set of basis materials are used to develop material specific

sinograms. This technique is primarily focusing on isolation of the Compton and pho-

toelectric regions. The basis functions for each material are heavily dependent on the

accurate knowledge or calibration of the system’s parameters, which include the spec-
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trum and the subsequent detector response (Modgil, 2015). Another approach attempts

to produce separate images within the Compton and photoelectric regions for each ma-

terial using multi-energy detectors. This technique explored a single emission source as

well as switched-source spectral emissions to achieve its material identification and den-

sity estimation. A weighted quadratic approximation to the Poisson likelihood function

was used to deemphasize energy bins with low signal. The weighted sinograms were then

used to perform the material decomposition on each material’s Compton and photoelec-

tric profiles (Yuan, 2016).

The CT system’s ability to resolve more energy bins leads to improved spectral data,

and therefore leads to an increased capability in material discrimination. These measure-

ments provide discrete information about the transmitted spectra as well as spectra that

has interacted with the scanned object. With a more complete spectral description of the

materials, k-edge imaging is one technique that can be used to locate and detect specific

materials or even multiple contrast agents (Roessi, 2011). This approach is significant

in that images produced by photons have the capability to provide good image quality

for objects consisting of relatively high atomic numbered elements, such as calcium in

cortical bone, but possess poor contrast with low atomic numbered elements, such as

hydrogen in soft tissues.

Introducing contrast agents to objects consisting of soft tissues allows imaging of its

structure. In particular, the use of metal nanoparticles has drawn significant interest be-

cause of their unique physical, chemical, and biological properties. The atomic numbers

of such contrast agents as iodine, gadolinium, and gold are higher than the surrounding

materials which helps to differentiate their presence from neighboring particles. Also,

the size of the metallic nanoparticles can be precisely controlled to adjust the chemical

kinetics within the test subject, which might have an impact on the amount of contrast
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per voxel in the reconstructed image. The means by why which these nanoparticles are

attached to the biological tissues is based on their ease of bioconjugation and biomodifica-

tion to the targeting ligands. In addition, the metal particles have a strong drive to bond

with thiol, disulfide and various amine groups that allow surface conjugation with several

peptides, proteins, antibodies and other biomolecules through basic chemical processes

(Sperling, 2010).

Determining materials within a CT image can lead to the identification of: the mass

density, effective atomic number, or other material specific information. Currently, clin-

ical applications use this information into two broad categories. The first is focused on

quantifying the concentration of a certain component of a mixture, which may consist of a

contrast agent, and soft tissue or fat (Kappler, 2010). The second category is a classifica-

tion of the materials into predefined groups by comparing the effective atomic number or

by using density independent measurements, such as the CT number at various energies

(Goodsitt, 2011).

While the previous discussions here have been centered on the clinical applications

and progression of CT systems, it was in the early 1980s that the research fields expanded

upon the technology in the preclinical realm. As a result, longer exposure times could

be utilized to achieve higher resolutions, which could be explored without any harm to

the patient’s physical wellbeing. Out of this experimentation, another contribution to

the advancement of CT imaging emerged as the X-ray microtomography system, or mi-

croCT. The first device was conceived and constructed by Jim Elliott in the early 1980s,

where he published reconstructed images of a small tropical snail in 1982 with a pixel

size of approximately 50 micrometers. This was a substantial improvement, in regards

to the spatial resolution of the reconstructed image, because previous systems only had

resolutions of approximately 2 mm (Swindell, 1977). Research continued throughout the
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next decade until 1994 when the first worldwide commercially available microCT scanner

by SCANCO Medical was introduced. This technology was initially used as a bone scan-

ner and has since become a standard in bone research on the progression of osteoporosis

(Ruegsegger, 1994).

A blend of both material identification and reconstructed images on the micrometer

scale can be found in exploration with small animal microCT imaging using contrast

agents. The driving force behind this exploration can be seen with preclinical research

in: osseous structures, vascular structures, thoracic imaging, cardiac imaging, abdominal

organ imaging, and cerebral imaging (Schambach, 2009). All of these successfully applied

experimental trials have solidified further investigation into the practical use of microCT

in an in vivo setting. One such exploration was developed by Clark and Badea in 2014

for the use of three simultaneous contrast agents (gadolinium, gold, and iodine) in three

separate regions of the body (kidneys, liver, and spleen) in mice. This research was able

to quantify concentrations of the contrast agents through the implementation of a triple-

energy material decomposition using a polychromatic X-ray source.
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2.2 K-Edges

As previously mentioned, one significant attenuation feature used in CT analysis of var-

ious materials is the k-edge. To begin to understand the origins of this effect, it is first

essential to understand that the electrons orbiting the nucleus of an element are orga-

nized into so-called orbital levels or shells. The ”k” shell is closest to the nucleus, with

”l”, ”m”, and so on, as the shell level increases. The electrons that reside in each shell

are restricted to specific quantum states within each shell and are energetically more

favorable to be bound to an atom rather than freely roaming the universe (Prince, 2013).

The electrons binding energy is specific to each element and shell within which the given

electron resides. Given that a photon interacts with an element and undergoes a pho-

toelectric absorption event and that photon has an incident energy slightly above the

binding energy of the k-shell electron for that particular element, a sudden increase in

the photonic attenuation coefficient is experienced (Tsoulfanids, 2011). If that photon

was below the binding energy of the k-shell electron, then it would be less likely to be

absorbed. As a result of this increase in the photonic absorption, an edge is created in

the attenuation profile for each element at its specific k-shell’s electron binding energy

and is termed the k-edge.

To demonstrate this characteristic in the photonic attenuation profile, Figure 2.1 was

created using the NIST X-ray mass attenuation coefficients. This figure demonstrates

several contrast agents that are currently being used and explored for various applica-

tions. The specific k-edges themselves are the highest energy features within each mass

attenuation profiles. Within this example, all of the k-edges reside above the 0.03 MeV

energy bin, and the features below this energy bin are other shell edges from the ”l”

and ”m” shell levels. These energies are lower than that of the k-shell because they are
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Figure 2.1: Photonic mass attenuation profiles of various contrast agents where the k-
edges are marked and above 30 keV.

further from the nucleus and thusly have a lower binding energy, which make them easier

to cause an absorption event.
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2.3 Introduction to the ACLLS Method

This body of work demonstrates a new technique for analyzing all of the materials present

within a reconstructed microCT image and the capability to quantify each of the ma-

terial’s concentration present. Although more emphasis will be placed on the contrast

agents, quantification of all materials present within each voxel is especially important

for a complete picture of the object under investigation. After locating each material

within the object, this technique is then able to ascertain the density of each material

within each voxel. This approach utilizes a single potential voltage X-ray tube that emits

a polychromatic spectrum in the same fashion as a traditional CT image. One central

aspect that is considered with this novel analysis perspective, focuses on the energy re-

solving detector array used. Due to the fact that the current designs and technology to

build such detectors do not currently exist today, only simulations were explored despite

that similar detection systems have been constructed, but they were not built to the

specifications desired.

The primary mechanism used to identify the materials present and quantify the den-

sity of each material utilizes libraries of pre-calculated results. These libraries are the

expected reconstructed responses for each of the individual materials found within the

object under investigation. The overall solving package has been named the All Combina-

tions Library Least Squares (ACLLS) approach because it improved over the preexisting

solving routine of the Library Least Squares (LLS) technique but expanded it by including

a larger range of possible solutions. Several advantages arise from making comparisons to

an unknown object with known responses, which reside in that many of the idiosyncratic

photonic interactions with the system are inherently built into the libraries themselves.

Using this approach also allows for a wide range of materials that can be put under
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investigation once the specific library has been built. Overall, an improvement in mate-

rial decomposition with this technique could further a vast array of imaging technologies

ranging from quantification of cancerous regions using multiple simultaneous contrast

agents, to bone degradation from osteoporosis, to unforeseen industrial applications.
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Chapter 3

Overview of the Approach

The approach used within this investigation for material identification and quantification

requires a complex process. To hopefully clarify the direction taken through this journey,

it was decided that an overview would be presented before unveiling each element of the

complete analysis. The entire overall method can be broken down into three practical

steps: 1) Simulations of single materials to build the training library, 2) Simulations of a

test case with multiple materials at several densities, and 3) Testing the ALLS method

to identify and quantify all materials present. Each of these three phases have elements

that are similar but individualistic to each case. To best understand these phases, flow

charts were made for each.

The first stage of material identification and quantification is building the libraries

for each material that the user desires to search for. Specifically, each library is created

by choosing a single material with known properties, so as to make comparisons with

an unknown object. The libraries themselves could arguably be considered as the most

crucial aspect of this process because without a well-defined library for each material,

the analysis will be invalid. The basic outline to build these libraries can be found in
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Figure 3.1: Simulations of single materials to build the training libraries.

Figure 3.1. Each material has two separate libraries that are created after simulation and

tomographic reconstruction. One library is created after the reconstructed figure has been

passed through a 2D Gaussian filter over each energy bin, which serves as the library for

identification of the materials present. A second library is generated directly from the

tomographic reconstruction and used to quantify the amount of materials present after

identification.

After adequate libraries have been constructed, the second phase of the material anal-

ysis can be considered. Figure 3.2 demonstrates this process and reveals that it is the

most straight-forward phase of the three. This step demonstrates the simulation, recon-

struction, and ultimate end product of a fully constructed test image. This test image had

been constructed in such a way to more adequately assess the range of possibilities that

the ACLLS analysis package can perform over. The object under investigation has been

simulated so to contain unknown concentrations of known materials at various unknown
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Figure 3.2: Simulations of a test case with multiple materials at several densities.

locations to the ACLLS. Throughout this investigation, variations on the materials and

concentrations were studied and were all created in this same manner.

Figure 3.3 demonstrates the most complex aspect of the identification and quantifica-

tion of the unknown object. This phase starts by first selecting the reconstructed image

that the user wishes to perform the analysis over, and applies the same 2D Gaussian filter

that was used to build the libraries in the first phase. ACLLS analysis is then performed

over the entire image using the filtered library of materials, and subsequent solutions

are found. Based on predetermined limiting criteria of the outcome for each library se-

lection, some of the solutions are then ignored. Rejecting some of these solutions were

deemed necessary because they were unlikely to provide viable material identification or

produce nonphysical solutions. Of the remaining solutions, a candidate is chosen as the

final identifying material or combination of materials. After the identification process,

the second series of evaluations takes place, where the quantifications of the materials

present are made. This step revisits the raw reconstructed image and uses the unfiltered

libraries of the materials identified within each voxel and a more traditional LLS analysis
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Figure 3.3: Testing the ALLS method to identify and quantify all materials present.
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is then made. These data sets were used in quantification of the materials. These were

chosen as they would have the least amount of alterations and biases from surrounding

voxels and produce the most accurate values for each material present within the entire

reconstructed image. Additionally, these material quantifications have statistical uncer-

tainties on each individual material validity, which can even further justify their physical

presence.
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Chapter 4

Methods

The overall method developed software that utilizes the energy spectrum of a micro

X-ray CT system found within each reconstructed three dimensional image voxel to

locate nanostructured metallic contrast agents and other surrounding materials. Each

individual voxel had statistical uncertainties on the contributions of interactions with

the found elemental compounds that produced the gathered spectrum based on their

photonic attenuation and scattering signature. In order to generate these meaningful re-

sults, a technique known as the All Combinations of the Library Least Squares (ACLLS)

method was implemented that uses a repository of pre-calculated material scenarios with

which comparisons are made to the input unknown data. These scenarios, or more ap-

propriately called libraries, were created to include the range of possible elements and

compounds expected to be present within the image sample. As a means to expedite the

process of producing this extensive library, simulations were performed using MCNP6, a

general purpose Monte-Carlo radiation simulation package. To improve the simulations

so that they may better represent reality, the CdTe scintillation detector array used in

the micro X-ray CT image acquisition system was fully characterized to account for the
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inherent non-linearity, resolution, and efficiency. All of the of these semi-empirically de-

rived characteristics were grouped together in the detector response function (DRF) that

was applied directly within the MCNP6 simulations. An initial analysis using the ACLLS

analysis package utilized a 2D Gaussian filtered image that was then normalized to begin

the material identification process. In order to further enhance the appropriate material

library selection for the ACLLS analysis, predetermined threshold criteria on the validity

of the fit from the library combinations were used to ignore unlikely candidates. These

specific values were determined empirically, and of the remaining material combinations,

votes were cast on additional statistical criteria to govern the final identification of the

materials in each voxel. After this identification process, a second linear fit was made

using the selected material library combination for each voxel to the original image that

was unfiltered. This fit was then used to make an assessment of the physical amount of

each material present within the voxels.

The whole process from the physical arrangement of the microCT system, MCNP

simulations, reconstruction, building the material libraries, the ACLLS identification, and

quantification will be broken down individually. Each of these topics will be general, but

to clarify the actual implementation of each step, an example of a base object consisting

of water, filled with smaller cylinders containing bone, and mixtures of water and gold

was used. Gold was chosen as the contrast agent for this particular example because it

poses some difficulty with identification using the current technology. Gold itself does

pose several advantages over the traditionally used iodine as it has a higher absorption

of photons with less bone and tissue interference, which results in a potentially better

contrast with a lower X-ray dose to the patient (Hainfeld, 2006). Additionally, gold itself

is less toxic, which poses as a good alternative to patients that have allergic reactions to

iodine solutions.
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4.1 Micro CT System Design

An essential aspect of any CT imaging device is to completely understand the imple-

mentation of each individual hardware component so as to produce the most accurate

reconstructed image feasible. Considering that the focus here is placed on microCT sys-

tems, the instruments used will all be quite small. The basic geometry of the physical

device mimics previous work by Gonzales in 2011, which was originally designed as a

dual spectrum microCT system where he modified the device to account for changes in

the detector apparatus used. Here, the detector was again changed and as a result, only

simulations were possible as a means to continue exploration of material identification

and quantification.

First, the physical sizes and relative dimensions of the microCT system used need

definition. The largest possible sample object that can be scanned is limited to fit within

a cylinder with a radius of 1.975 cm, which is approximately the average size of a mouse.

The basis for this constraint lies within the distances between: the source, detector array,

and central pivot point, as well as the size of the detector array. The source to detector

distance is 40.0 cm, and the source to object center or central pivot point is 36.0 cm,

this is also known as the center of rotation. The sample base used for demonstrations on

the capabilities of this new technology consists of a cylinder with a radius of 1.5 cm to

easily fit within the limitations of the system. Six 2.0 mm diameter cylinders were then

placed inside of the sample base equally spaced about a 1.5 diameter circle. Throughout

all of these investigations, the sample base is comprised of pure water, and the smaller

diameter cylinders are filled with various mixtures of water with bone or contrast agents.

The photon detector tool used consists of a single axial array of 200 detection elements

that are 0.2 mm squares and 1.0 mm in depth where each is separated by 0.02 mm of
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lead. The reason for the single layer of detection elements resides in the desire to explore

the feasibility of material identification and quantification rather than to generate three

spatially dimensional figures. As a result of this one dimensional detector array, the height

of the sample used is somewhat arbitrary, but so as to produce a constant reconstructed

image and for the sake of clarity, the height of the sample was limited to 4.0 cm. Several

visual representations of the microCT system used that can be seen in the following

figures.

Figure 4.1: A to-scale side view of the microCT system used.

Figure 4.2: A to-scale top view of the microCT system used.

In Figure 4.1, Figure 4.2, and Figure 4.3, the detector array is located at the far left,

the sample base with its sample cylinders can be seen as the object to the right of the

detector array, and the source location is represented as a red sphere at the far right of
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Figure 4.3: A to-scale isometric view of the microCT system used.

each figure. It should also be noted that each of these figures are to scale in each view.

A spectral emission of a 110 kVp tungsten X-ray tube was used as the source of pho-

tons. It was modeled as a point source that has been collimated into a cone of directions

centered on the detector array. The half-angle of the cone has been constrained at 3.18

degrees, which is slightly larger than the detector array itself. Each angle has been equally

weighted which will ensure an even distribution of photons and that all straight line pro-

jections are possible throughout the simulation. It is important to keep in mind that

the original Gonzales work implemented a pencil beam photon emission, which creates

a substantially different spectral response. The driving factor behind these differences

are that the scanning pencil beam and single-pixel detector arrangement would result in

substantially more scatter rejection but also require considerably more scanning time.

The photon emission profile in this discussion used a cone-beam system which will have

a different impact on the collected scattered photons.

Figure 4.4 shows the probability distribution function (PDF) used in the simulation

and within the figure, specific features can be seen. At either end of the spectrum are

the initial roll-off, at the lowest energies where photons do not escape the vacuum tube
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of the X-ray device, and the cut-off at the highest energy of 110 keV which is defined by

the applied voltage to the anode of the X-ray device. Between the roll-off and the cut-off

extremes lies a triangular shape which is defined by the Bremsstrahlung radiation gen-

erated by electrons within the X-ray tube. The remaining features are the characteristic

peaks which are the result of the fluorescence radiation based on the target of the X-ray

device used, tungsten in this case. This emission spectrum was the only X-ray source

used during this investigation but further optimizations could be explored in the future.

Figure 4.4: The probability density function for the spectral emission of the tungsten
X-ray source used in the microCT system.
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The detector array chosen for this application that consists of 200 individual elements,

and has been chosen specifically with the future in mind. As it currently stands within

the industry, the number of divisions that the incident spectra on the detector array

can be split into is relatively low, at less than 10 energy bins (Anderson, 2010). Here, it

was assumed that the technology to separate the spectra into a larger number of energy

bins will continue to improve. An example of this advancement can be seen in that

a single photon-counting detector element has been constructed by AMPTEK, which

can differentiate up to 1024 energy bins between 10 and 100 keV. In 2011, Gonzales

was able to demonstrate that a microCT image could be generated by taking multiple

measurements using this single AMPTEK detector at varying positions along an axial

direction. This approach mimics a one dimensional strip detector array and was used at

various projection angles to produce the final reconstructed cross-sectional image. One

large setback from using this approach for practical in vivo use, is that it requires a very

long scan time to achieve reasonable spectroscopic reconstructions.

Following the idea introduced by Gonzales, the detector array constructed within the

simulations had a similar design. Each of the 200 detection elements were modeled after

the same single detector AMPTEK design. This resulted in the scintillation material

being comprised of CdTe and having a density of 6.2 grams per cubic centimeter. CdTe

was chosen as the scintillation material by AMPTEK because of its specific characteristics

in X-ray analysis which include: a peak shape arising from hole tailing, distinct escape

peaks, small spectral background, good linearity, and electronic stability (Redus, 2009).

One of the trade-offs that was considered during the speculative design phase, was on the

number of energy bins that the detector was able to resolve. The detector was limited

to only 100 individual energy bins which were equally spaced between 0.0 and 110.0

keV. Despite the fact that this detector design is forward thinking, there are still a large
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number of unknown constraints around the construction and implementation of such a

device, which could hinder an increase in the number of possible energy bins.
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4.2 Simulation of the Model and the Detector Re-

sponse Function (DRF)

It should be noted that the detector array designed in this application specifically for a

microCT system with the capabilities to resolve a large number of energy bins does not

yet exist. As a result of the detector array’s hypothetical nature, the only means by which

this investigation could continue was through the use of radiation transport simulations.

Monte-Carlo simulations offer the most robust parameters in regard to changes in geome-

try and material properties, and were deemed as the most appropriate means to generate

realistic raw microCT data. The transport code chosen which is export controlled and reg-

ulated by the Radiation Safety Information Computational Center (RSICC) was Monte-

Carlo N-Particle (MCNP v. 6.1). This particular transport code system was chosen as the

simulation package due to its general-purpose, continuous-energy, generalized-geometry,

and time-dependent capabilities. Other Monte-Carlo radiation transport packages exist

such as Geant4, Penelope, and FLUKA but the authors chose to use MCNP out of fa-

miliarity. All of these software packages should produce statistically similar results and

could have been subsisted for MCNP.

Another point to consider, with respect to the detector’s design, resides in the compu-

tational time required to complete each simulation. As the number of spectral divisions

increases, so does the amount of computation time required to produce a statistically

viable solution. The use of an in house computer cluster of many CPU’s allowed for

an acceleration in the completion of this task. This was another facet used in selecting

MCNP as the simulation package to complete the necessary projections.

After the basic geometry had been created, elemental compositions and densities had

been set, several more choices needed to be made in order to produce a simulation that
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would most accurately represent reality. These decisions were centered on the various

physics models that MCNP would implement. A complete physics package was cho-

sen where detailed photon physics were treated over the range of emitted X-rays. This

included the generation of bremsstrahlung photons, coherent scattering or Thompson

scattering, incoherent scattering or Compton scattering, and Doppler energy broaden-

ing. Also, analog capture was used over Russian roulette to ensure proper sampling of all

interactions with each material.

The F8 deposited photon energy tally was used on each of the individual 200 CdTe

detector elements that constituted the entire detector array. The deposited energy sim-

ulated in MCNP was then placed into one of 100 energy bins that were equally and

linearly spaced between 0.0 and 110 keV. These energy depositions were then used to

estimate the energy distribution of light pulses created from scintillation events within

the detector’s materials. In reality, each of these light pulses are then converted into an

electrical pulse through the use of the photomultiplier tube or PMT. Through the process

of the scintillation event and the eventual production of a measurable electrical pulse,

the relationship of the energy of the incident photon to that of the scored event is known

as the detector response function (DRF).

Direct comparisons between simulated results and measurements collected in a lab-

oratory setting show that they are different. Spectra measured from a mono-energetic

photon source will appear to have a broadened peak centered about the incident photon’s

energy. The driving force behind this result stems from the fact that physical radiation

detectors have a finite resolution rather than absolute resolution as in a simulation (Met-

wally, 2004). These resolution variations arise from various forms of partial recovery and

total loss of the incident photons and their scattered progeny. The broadened spectrum

has a shape that can be approximated by a Gaussian or Normal distribution where the
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characteristic width is dictated by the specifics of the detector used.

G(x) =
1

σ
√

2π
e−

(x−µ)2

2σ2 (4.1)

Equation. 4.1 is the probability density of the Gaussian distribution where: x is the

observed data point, µ is the average value, and σ is the standard deviation. Within the

MCNP simulation package the peak can be broadened using a Gaussian Energy Broad-

ening (GEB) function where the incident photon is dealt with by changing the energy of

the particle during the simulation just before it is tallied by randomly sampling based

off of predefined Gaussian distribution. This probability distribution function (PDF) is

supplied by the user where the desired Full Width at Half Maximum (FWHM) of the

Gaussian distribution is defined by Equation. 4.2.

FWHM = a+ b+
√
E + cE2 (4.2)

Within Equation. 4.2, E is the energy of the photon in MeV, and a, b, and c are

constants provided by the user. It should also be noted that the Gaussian standard

deviation and the FWHM are related and can be derived and approximated to take the

form found in Equation. 4.3.

FWHM = 2.35σ (4.3)

In order to calculate these constants, empirical data must be used because the de-

tector’s response varies as the incident photon energy changes. These changes can be

calculated by monitoring the changes in the FWHM of the incident photon, which is

measured by the σ in this instance from Equation. 4.3. The centroid of each individual
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photon peak placed along the x-axis at its incident energy and then it is paired with

its corresponding FWHM along the y-axis to demonstrate their relationship. Ideally,

these photon peaks would not be convolved with other collected photons and would be

isolated. This can become cumbersome when using an X-ray tube due to the intrinsic

Bremsstrahlung emission profile that will cause the Gaussian fitting of the full energy

peaks to be slightly off. Ideally, radioisotopes that emit a mono-energetic photon would

be used. Separate radioisotopes would be chosen to represent a wide range of energies

so as to construct a complete profile of the DRF. Choosing the specific radioisotopes

can also cause problems, especially when attempting to characterize low energy photons.

Lower energy photons are typically accompanied with higher energy gamma-rays that

were emitted from the radioisotope at hand. Due to photonic interactions of the higher

energy gamma-rays, their Compton continuum can impact the lower energy photon’s

centroid and FWHM. The result of these various constraints on the accuracy of both

the photon’s centroid and its corresponding FWHM causes the definition of the DRF to

require very close attention to detail about the spectra used.

Given that the chosen detector array employed in this application was based off

an existing AMPTEK design, information data sheets that are publicly available by

AMPTEK were used to construct the needed DRF. By not having direct control over the

radioisotopes used in the provided AMPTEK information, less than ideal radioisotopes

were chosen. Also, by not being able to choose the applied voltage to the detector, the

number of energy bins collected over, and the gain on the signal produced, complete and

consistent spectral responses cannot be guaranteed for the purposes of creating the DRF.

Regardless of these limitations, the radioisotopes, centroids, and FWHMs used to create

the DRF can be found in Table 4.1.

Once the values in Table 4.1 were assembled, a fit needed to be made for the DRF.
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Table 4.1: The radioisotopes, centroids, and FWHMs used to create the DRF.

Element Centroid [MeV] FWHM [MeV]

Fe55 0.00590 0.00029
Am241 0.01395 0.00039
Cd109 0.02210 0.00043
Am241 0.05954 0.00060
Cd109 0.08800 0.00057
Co57 0.12200 0.00120
Ba133 0.35600 0.00510
Cs137 0.66200 0.00590

Equation. 4.2 was used as the fitting parameters to be applied within MCNP to assist

the simulations in producing an accurate representation of the spectra. The found values

for a , b, and c are: -0.00035001, 0.0046523, and 3.3393 respectively. A scatter plot of

the points used as well as a continuous plot of the fit to create the DRF can be found in

Figure 4.5. Ultimately, the values used in the DRF are not ideal, but considering that the

entire detector array has not been developed, the specifics are somewhat irrelevant. The

supplied data and subsequent DRF will adequately represent the hypothetical detector

array for this application.

Using an approach with a simulation that includes a DRF to better represent reality

more is accurate, but given that the simulation implements a Monte-Carlo method, a

large number of photon histories are also required. An additional layer to the creation of

realistic simulations included that they were produced in an analog simplistic manner.

This means that the simulations were produced without any acceleration techniques to

acquire the most accurate and realistic solutions. Performing the simulations with the

DRF and running in an analog approach proves as the most time consuming method, so as
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Figure 4.5: A plot of the centroids and corresponding FWHM found from the AMPTEK
supplied spectra used to build the DRF.
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a means to accelerate a solution, a computer cluster of 160 CPUs were employed. Enough

histories were executed so that each energy bin of every detector had an associated relative

error of at least 5%, which is recommended by the MCNP manual.

An average response of the collected spectrum that has met all of the desired simula-

tion characteristics can be found in Figure 4.6. Also, no objects were placed between the

source and the detector array within the simulation. Within Figure 4.6 the characteristic

X-rays from the tungsten photon source can be easily identified at approximately 59 and

69 keV. The peaks that arise below the 40 keV energy bin are characteristic peaks that

arise from the CdTe detector itself and the surrounding lead. The actual values of the

spectrum are the number of counts that have been normalized to the number of histories

sampled. These values would then be multiplied by the number of photons emitted by

the X-ray device to represent the ideal measurement. At this point, Gaussian or Pois-

son distributed noise can be added to even better represent an experimentally collected

spectra.

An important aspect the detector array used in this application is that each of the ele-

ments will have a spectrum as in Figure 4.6. The amount of information to fully represent

the data from a single projection angle can be found in Figure 4.7 where again, a blank

scan was performed with no objects placed between the source and detector array. In

this figure each of the 200 separate CdTe detector elements has a 100 energy bin spectral

response. As with the previous demonstration of the collected spectra, Figure 4.7 also

displays characteristic X-rays from the tungsten photon source, the CdTe detector, and

the surrounding lead. Additionally, the collected spectral response is relatively consistent

across the entire detector array with a slight increase in counts at the center. This in-

crease in the counts can be attributed to the cone beam emission and the slightly higher

number of incident photons at the more centrally located detector regions.
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Figure 4.6: An average response of a collected spectrum from a simulation that included
a DRF and was run in an analog fashion.
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Figure 4.7: A complete spectral representation of a blank scan at a single projection
angle.
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The information to complete a tomographic picture requires measurements to be

taken at many different angles. Although not always essential, but for this discussion it

was deemed that a complete 360-degree scan would be easier to process and reconstruct,

as well as reduce the amount of reconstruction artifacts. It is possible to produce a

reconstruction from a ”short scan” which is less than a complete 360-degree scan but

these reconstructions do not provide redundant angles and results in less information.

Given that a full 360-degree scan was chosen, the angular sampling size, which dictates

the number of projections taken, was set to be acquired every two degrees. Unfortunately,

this sample size does not fulfill the basic rule of thumb given the size of the detector array

and that the number of sample angles be greater than 1.5 times the number of detection

array elements. The outcome of this sample size results in some tomographic artifacts

despite the fact that the object’s projection does not reach all 200 detection elements.

The total number of angular sampling dictates a total of 180 individual projections where

each needs a separate MCNP simulation to represent the rotational change in geometry.

To further ensure that the simulations generated from each projection angle would be

individual, the seed used to spawn the random number generator critical to any Monte-

Carlo simulation was chosen to be different for each MCNP run. The total number of

data points for a single microCT scan used in this discussion is based off of 200 detector

elements with each having 100 energy bins collected at 180 separate projection angles.

This sums to be a total of 3.6× 106 data points that needs careful organization before it

can be translated into a finished tomographic image.
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4.3 Image Reconstruction

The first step in translating the large amount of data into something that is a better

cross-sectional representation of the object at hand is to turn the data into a sinogram.

A sinogram is not to be confused with a sonogram, which is created from an ultrasound

echo response and most notably associated with measuring and imaging fetuses. Sino-

grams are a specific form of visual representation that the raw data collected from a

tomographic scan is turned into before reconstruction can begin. The reason that the

visualization is called a sinogram stems from the fact that during the data collection

phase, photons pass through a fixed central point in the object based on the projection

angle that corresponds to a location on the unit circle. To the unfamiliar, a sinogram

can be confusing to interpret. The x-axis usually represents the detector array were the

center of the array is the center of rotation and correspondingly, the y-axis in a sinogram

typically represents the projection angle that was used to collect the data.

A very basic example of a sinogram can be found in the following figures where the

straightforward sample base without any smaller cylinders placed inside was investigated.

Figure 4.8a and Figure 4.8b are demonstrating the single cylinder filled with a single

material (water in this case) on a blank background. Figure 4.8a is a reconstructed image

of the object, and Figure 4.8b is its corresponding sinogram. The sinogram reveals that

the object’s center is exactly in the middle of the center of rotation by there being no

drastic variation about the pixels. It is also apparent that the edges of the cylinder in the

sinogram are fading away due to the lack of physical material attenuating the emitted

photons.

As more features within the object under investigation increase, the sinogram becomes

progressively more difficult to interpret directly. This can be seen in Figure 4.9a and its
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(a) (b)

Figure 4.8: Demonstrating a cylinder placed in the center of the scan-able area and its
respective counterpart in the form of a sinogram.

corresponding sinogram in Figure 4.9b where these images better represent the complete

model being used throughout this discussion. Within Figure 4.9a, the same water base

as in Figure 4.8a can be seen, but in this instance at a lesser relative intensity value.

The reason for this drop in relative intensity can be found with the inclusion of a single

cylinder being filled with cortical bone and the remaining cylinders being filled with

various concentrations of gold contrast mixed with water. Since these cylinders have a

higher density, they appear brighter which is a result of the plotting software normalizing

to the highest value within the image. This geometric arrangement will serve as the

primary example throughout this discussion.

Figure 4.9b demonstrates the corresponding sinogram where there are clear repre-

sentations of a sine wave like shape as the angles progress from the 0th degree to a full

rotation at the 360th degree. Each of the sine waves represent a separate cylinder filled

with bone or the gold contrast and as with Figure 4.9a, their brightness is related to
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the relative density of the object scanned. Facets of the sinogram representation of the

object can become exceptionally complicated when multiple objects overlap causing an

additive effect in the image. The consequences of the summations of denser cylinders can

be most easily seen along the 65th pixel of Figure 4.9b. Another aspect of the sinogram

is that some of the features are difficult to visually represent such as the cylinders with

lower gold concentration.

(a) (b)

Figure 4.9: Demonstrating a cylinder placed in the center of the scan-able area and its
respective counterpart in the form of a sinogram that also includes bone and various
concentrations of gold within smaller cylinders.

Figure 4.8a and Figure 4.9a both are demonstrating a reconstructed image and its

corresponding sinograms in Figure 4.8b and Figure 4.9b from a system that employs an

integrating detector array for discussion purposes, but this particular piece of work has

chosen to use an energy discriminating detector. This implication gives way to the fact
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that energy spectra are produced from every detection element and therefore a resulting

sinogram can be generated from each energy bin as demonstrated in Figure 4.7. If every

available energy bin was used to reconstruct a tomographic image, then the complete

data set would comprise one hundred separate sinograms. One possible means by which

to show this comprehensive information is through a motion picture like representation,

where every energy bin sinogram would progress one after another. Unfortunately, it is

impossible to demonstrate a motion picture in a written form, so several energy bin rep-

resentations are shown in Figure 4.10a through Figure 4.10d. Within this series of images,

the same geometric and physical construction was repeated as from figure Figure 4.9a,

but in this instance the energy discriminating detector array was used.

Considering that the photon emission spectrum from the source varies with energy,

so will the response of the materials within the object scanned and their result will be

captured by the detectors. These photonic variations about the energy can be seen in the

four separate images of Figure 4.10a, Figure 4.10b, Figure 4.10c, and Figure 4.10d, where

the energy bins represented are 20, 40, 80, and 100 with their respective energies as 22, 44,

88, and 110 keV. The relative intensities obviously are different between each of the energy

bin sinograms, where in the 20th energy bin, there is relatively low noise and the smaller

gold objects are closer in intensity to the surrounding water. Within the 40th energy bin

sinogram, the gold objects stand out much more distinctly than the water. As the energy

bins progress to higher values as in the 80th energy bin, photonic noise plays a much larger

aspect within the sinograms themselves, but the gold objects are still recognizable. At the

highest energy bin collected throughout this exercise, the 100th energy bin demonstrates

that the gold objects are indistinguishable due to the photonic noise but the water object

is just barely decipherable. The primary reason for this additional noise at various energy

bins resides in the relatively low emission of photons from the X-ray source as described
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by the PDF. Lower energy bins may experience higher than anticipated counts due to

the materials that the photons interact with, which can be accounted for from single or

multiple down-scattering events.

Now that all of the MCNP simulated spectra have been transformed into sinograms

at all of the available energies, the actual reconstruction of the data into a CT image may

occur. The process of reconstructing any CT image can be computationally intensive and

may cause errors to arise. Traditionally, the Feldkamp or FDK algorithm has been used

for reconstructing 3D X-ray CT systems with a cone beam emission (Feldkamp, 1984).

One particular area where the FDK algorithm begins to perform poorly is when there

are truncated ill-conditioned geometries with respect to the photon projections or when

there is sparsely collected data. Whereas the FDK algorithm is an analytical solution to

the reconstruction process, iterative algorithms have been shown to have the capabilities

to solve non-traditional geometries and poorly sampled projections with improved image

quality over analytical solutions. The largest draw back from using iterative solutions

to produce a CT reconstruction is that they require a large amount of computational

power. Due to this constraint, much effort has been placed on finding a fast and efficient

iterative algorithm to produce a reconstructed image within a timely manner.

One such iterative algorithm that mitigates several of the typical issues with recon-

structing a CT image is a technique developed by Quan and Lalush called the called

the Modified Ordered Subset Convex (MOSC) algorithm (Quan, 2006; Quan, 2009). The

MOSC algorithm was the selected method used throughout this exploration of material

identification and was specifically chosen because it is approximately 25% faster than the

technique it was originally based, which is the Ordered Sublet Convex (OSC). Part of this

acceleration can be attributed to the fact that MOSC requires only a single backprojec-

tion per iteration, whereas the OSC algorithm requires two. Another contributing factor
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(a) (b)

(c) (d)

Figure 4.10: Demonstrating a cylinder placed in the center of the scan-able area and
its respective counterpart in the form of a sinogram that also includes bone and various
concentrations of gold within smaller cylinders at energy bins of 20, 40, 80, and 100,
which correspond to values of 22, 44, 88, and 110 keV.

42



in choosing the MOSC algorithm was that during its testing of a limited-angle microCT

system, the results demonstrated that there was little image degradation to the spatial

resolution and a nominal impact on the noise level in the image when compared with

the OSC reconstructed image. Additionally, the MOSC algorithm estimates the linear

attenuation coefficients within each separate voxel of the reconstruction, which further

assists in producing an accurate reconstruction of the object under investigation.

The 10th iteration of the MOSC reconstruction process was deemed as the most ap-

propriate solution to use as a means to determine the material properties of the scanned

object. The tenth iteration was chosen because a property of the MOSC algorithm’s

reconstructions is that as the number of iterations becomes too large, high frequency fea-

tures within the object become more pronounced. There is essentially a trade-off between

maintaining high-frequency features while trying to reduce the unwanted noise within the

reconstructed image.

The MOSC reconstruction process does not use information based on the energy

bins above and below the bin that is being reconstructed, and as a result, each of the

previously constructed sinograms act independently. The only caveat in regards to the

separate energy bins is that each energy bin requires a separate blank scan which will

vary at every energy bin. These separate changes are visually represented in Figure 4.7.

In the future, there may be an inclusion of a reconstruction technique that would be able

to utilize information collected by the same detection element at energy bins below and

above the one at hand to improve the overall reconstructed image quality. This idea was

proposed in the work by Gonzales, where post-reconstruction smoothing on the spectral

aspects were performed using an eigenvector decomposition approach, but this idea was

not implemented here (Gonzales, 2011).

Continuing with the sinograms presented in Figure 4.10a, Figure 4.10b, Figure 4.10c,
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and Figure 4.10d, Figure 4.11a,Figure 4.11b, Figure 4.11c, and Figure 4.11d demonstrates

each of their MOSC reconstructions. Again, the entire reconstructed image is represented

by a full 100 energy bin range, but a small sample set of the energy bins displayed in

the corresponding figures are 20, 40, 80, and 100 with their respective energies as 22,

44, 88, and 110 keV. Within the 20th energy bin shown in Figure 4.11a, there are some

image artifacts between the lowest cylinder, which is bone at the approximate location

(100,70) the cylinder located at the lower left corner, which has the highest concentration

of gold at the approximate location (70,80), and the cylinder at the top left, which has

the next highest gold concentration at the approximate location (70,120). These three

cylinders are the most dense features in the object under investigation and as a result, a

beam-hardening like artifact can be seen forming a triangle between the three cylinders.

The means by which a microCT image is acquired and able to differentiate various

features is centered on the fact that different materials attenuate and scatter the X-rays

passing through them. Given that a suitable energy of incident photons is used so that

the attenuation is dictated by the photoelectric effect while also allowing for scattering of

the photons out of the detectable field of view, the relative intensity of the transmitted

X-rays can be found to follow the incident X-rays by the definition in Equation. 4.4.

I = I0e
−(µ

ρ
)ρx (4.4)

Within Equation. 4.4, I0 is the incident intensity of photons on the object and I is the

intensity of the photons after it has passed through the object with a thickness x which

is characterized by the linear attenuation coefficient µ, and the density of the object, ρ.

The last term, (µ
ρ
), is known as the mass attenuation coefficient of the object and is a

function of the incident X-ray photon energy, density and composition of the material.
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(a) (b)

(c) (d)

Figure 4.11: Reconstructions using the MOSC algorithm with bone and various con-
centrations of gold within smaller cylinders at energy bins of 20, 40, 80, and 100, which
correspond to values of 22, 44, 88, and 110 keV.
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In reality, as with the simulations used here, a polychromatic photon beam is emitted

and their resulting attenuations are not uniformly distributed when passing through an

object. The lower energy components of the X-ray spectrum are more easily attenuated

or completely absorbed when passing through dense material and also give way to down-

scattering events from higher energy photons. Given that an image reconstruction is

performed and assuming that the beam attenuation is linear, the objects that are the

densest will have voxels that are brighter than the true values should suggest. This effect

is known as a beam hardening or a coupling artifact. The most obvious problem from a

beam hardening is that is provides false information about the objects composition and

relative density. Ultimately, Equation. 4.4 is an incomplete depiction of all the physical

interactions that photons experience through a microCT process, which is why the full

simulations with MCNP are necessary to adequately represent a realistic scenario.
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4.4 Preprocessing the Reconstructed Image with a

Gaussian Filter

After the simulations were completed and the MOSC reconstructions had produced an

image for each energy bin, it was found that passing each energy bin image through a 2D

spatial filter improved the material selection process. A Gaussian smoothing filter was

used and was implemented as a convolution operator where its primary function was to

remove high frequency noise through a blurring like action. Ultimately, the Gaussian filter

acts as a rotationally symmetric lowpass filter, where the operator is simply the product

of two 1D Gaussian functions as in Equation. 4.1 where both the x and y directions are

represented. The actual implementation of the Gaussian smoothing lowpass filter on the

reconstructed image can be found using Equation. 4.5 and Equation. 4.6.

hG(x, y) =
1

σ
√

2π
e−

x2+y2

2σ2 (4.5)

h(x, y) =
hG(x, y)∑

x

∑
y hG(x, y)

(4.6)

This filter is executed by using the 2D distributions as a point spread function, which

is achieved by convolving the 2D Gaussian distribution function with the image under

investigation. Given the discrete nature of the images used in this discussion, an ap-

proximation to the theoretically infinitely large Gaussian kernel needs a constraining

parameter. Typical distributions in a Gaussian distribution approach zero asymptoti-

cally at approximately three standard deviations from the mean. If this approximation

is assumed to hold true, this then leaves at least 99% of the distribution within three

standard deviation bounds. This ultimately concludes that if the kernel size is limited to
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only contain values within three standard deviations, that hardly any information will

be unaccounted for throughout the filtering process.

To ensure a consistent result, the same square kernel size and standard deviation of the

Gaussian distribution was used on each reconstructed image produced from every energy

bin. The foundation for this thought process was to generate an evenly distributed filter

in both the x and y directions and intensities regardless of the object under investigation.

The standard deviation value needs to be low enough to ensure that the image will not

result in a completely flat figure, with some of the high frequency edges remaining while

removing a large portion of the noise. The size of the kernel was chosen as an odd number

to place the most emphasis on the center most voxel, and it must be substantially large

enough to account for more than just three standard deviations of data points.

To demonstrate the process on how the specific values of the base kernel size and the

standard deviations were chosen, a range of parameters were explored. For this demon-

stration, the same geometric construction, material properties, and energy bin were used

as in Figure 4.11c. Within this specific data set, there is a large amount of noise at the

88 keV energy bin reconstructed image. This noise is dominated by the lower number of

photons emitted from the PDF of the X-ray tube with a smaller contribution from the

reconstruction itself. Also, by using this energy bin’s reconstructed image, the k-edge of

gold attenuation profile stands out as having a brighter signal than its surrounding mate-

rials. With the intention to exhibit the various changes in the most dominating feature of

the Gaussian convolution filter, the kernel size was held at a constant value of 21, while

the standard deviation was varied.

So as to make a better comparison on the overall impacts of the filter to the image, the

original unfiltered image was included in Figure 4.12a. Figure 4.12a, Figure 4.12b, and

Figure 4.12d had varied standard deviations of 1, 2, and 7 pixel spatial units respectively.
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These standard deviations were chosen to demonstrate the three main cases of: not enough

filtering, sufficient filtering, and a filter that smoothed the image too much. Figure 4.12b

demonstrates an image that has not undergone a sufficient amount of filtering because

in this example, there is still a large amount of noise and the features are not as distinct

as desired when compared to the original unfiltered image. Figure 4.12c displays the case

that was found to be the most ideal for the ultimate goal of material identification. When

a standard deviation of 2 spatial units was used, it produced a Gaussian filtered image

that preserved the edges of the features desired, specifically the edges of the objects

containing bone and various mixtures of gold. It also reduced the overall noise within

each feature, as well as the object as a whole and maintained some resemblance of the

general magnitude from the original unfiltered image. Figure 4.12d is at the upper most

extreme of the acceptable range of the kernel used with a standard deviation of 7 spatial

units. Here, the image has been drastically smoothed and the edges of all the features

have been blurred together. While this amount of filtering has the lowest amount of noise,

the least amount of original information has been preserved from the original image and

has a large potential to produce incorrect solutions on the materials present within any

voxel.

As with any filtering process, the opportunity to either enhance or remove features

arises and can become problematic. These filtering drawbacks have the possibility to im-

pose a large detriment to the analysis of the signal or image, especially when the defining

features are relatively small, such as the k-edges of contrast agents in low concentrations.

These impacts were the driving factors behind choosing to impose a 2D filter on each

of the images produced from each energy bin rather than a 1D filter on the attenuation

profiles of the voxels individually. Choosing to filter the image allows regions of similar

materials to smooth the center portions from noise and maintain their relative magni-
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(a) (b)

(c) (d)

Figure 4.12: The original unfiltered image and three corresponding filtered images with
all having a kernel size of 21 and varied standard deviations of 1, 2, and 7 pixel spatial
units respectively.
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tudes. Doing so preserves the attenuation profiles along the energy axis because there

is no cross communication between the images at each energy bin. As a result of these

impacts to the reconstructed image, the most ideal Gaussian filtering was used where the

standard deviation of 2 spatial units was used as represented in Figure 4.12c.
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4.5 Building the Libraries of the Material’s Attenu-

ation Profile

After the simulations, complete reconstruction, and Gaussian 2D filtering of the desired

model has finished its computationally laborious tasks, the attenuation profiles of the

known materials need construction. Considering that spectral data exists for each recon-

structed voxel, the tools able to utilize the increased information needed development.

To accomplish this, the All Combinations of the Library Least Squares (ACLLS) analysis

tool was created to make comparisons with known spectral solutions to each spectrum

created within the reconstructed image’s voxels. Through utilizing spectral combinations

of elements and material compounds, the correct solution was chosen but before any of

this specialized analysis can be performed, the attenuation profiles for each of the libraries

needed to be built.

A central aspect of this approach focuses on the energy discrimination capabilities

of the yet developed CdTe detector array used throughout this investigation. As a re-

sult of the specialized detector, each individual reconstructed voxel has a corresponding

attenuation profile derived from the MOSC reconstruction process. These attenuation

profiles are based on the energy distribution of the collected spectra for each detector

element. The analysis of these reconstructed attenuation profiles uses a series of libraries

of known materials and their pre-calculated attenuation profiles. Given any practical

situation where a microCT process is being implemented, more than a single material

will be present in the object scanned, and therefore a complete library must account

for all substances present. The analysis of the attenuation profile considers each voxel

independently and attempts to fit all combinations of the materials within the library

to the voxel’s profile. Based on the most correct combination of the libraries chosen as
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potential candidates, a material identification can be made as well as quantification of

the materials present within the voxel at hand. Combinations of the libraries are used

because the order in which the materials are grouped together does not matter to the

found solution, whereas permutations are order dependent

The libraries themselves are an integral part to material identification. Libraries and

their constituents could also be considered as a training set or a series of basis functions.

In this instance, the libraries are more specific to the individual situation at hand and

utilize a large amount of preexisting knowledge of the apparatus used and their spe-

cific behaviors. The libraries were constructed in the same fashion as the object under

investigation, so as to limit the number of unknown parameters throughout the entire

inverse analysis process. The reason behind this was to create a known scenario for a

known material to make a valid argument that the material is or is not present in the

unknown object. In order for these parameters to remain true, the specific attenuation

profiles must be created using the exact same detectors as well as the exact same photon

emission spectrum as the object undergoing material identification. With keeping these

conditions unchanged, identifying features will remain consistent, such as characteristic

X-rays derived from the detector array itself. Ultimately, the goal was to create a congru-

ency between the known and unknown profiles created which can only be accomplished

after the same image reconstruction process.

For this application specifically, the attenuation profiles themselves were created using

models of single materials with a predefined elemental composition and density placed

at the center of rotation of the microCT system. The physical size of each was created

as a cylinder with a radius of 1.5 cm, which is the same size as the sample base that was

previously described. Figure 4.8a is a model representation of the size of the object used

to build the libraries. The sinogram produced from each energy bin could correspondingly
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be represented in Figure 4.8b but depending on the material used to build the library,

the intensity would be varied.

Since the MCNP simulated projections for each material should be statistically iden-

tical, only projections from the 0th degree up to the 30th degree were actually simulated

at two degree intervals. The rationale behind this was primarily based on the reduction

of time required to simulate a complete 360-degree scan, which could take up to approxi-

mately two weeks. To produce a complete sinogram with a limited data set, the simulated

spectra was correctly placed in their corresponding angle positions up to the 30th degree.

The remaining projections from the 32nd degree to the 358th degree were randomly filled

with one of the lower angle projections. This process creates a more evenly distributed

figure after the MOSC reconstruction due to multiple projections being used. If only a

single simulation was used and repeated throughout all of the angles of projection, then

noise created from the Monte-Carlo radiation transport process would manifest itself as

a ringing artifact in the reconstructed image.

After the complete MOSC reconstruction, an average was taken over the center por-

tion of the figure created at each energy bin and then assembled to produce a single

representative attenuation profile. This was to help ensure that a more general shape of

the attenuation profile would be preserved for each material and that random noise and

undesired artifacts would be diminished. Another library was also taken in the exact same

manner from the Gaussian filtered reconstructed image. Ultimately, each material had

two libraries generated, unfiltered and filtered, the rationale behind this will be explained

in a later chapter.

Figure 4.13 demonstrates the reconstructed attenuation profiles over the full range

of energies of three materials. These representative materials were also found within the

object that was scanned throughout Figure 4.10a and Figure 4.11a as cortical bone,
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gold, and water. Within Figure 4.13, the lower energies demonstrate some of the beam

hardening effects as attenuation of photons, complete loss of counts, and added counts

from down-scattering events at higher incident energies. The most identifying feature

can be found within the gold attenuation profile at the approximate 0.081 MeV energy

bin, which is the gold k-edge. Primary the k-edges themselves have served as the char-

acteristic mark for material identification in the past, but as a wider range of energies

are presented in Figure 4.13, there are many more features present within each of the

material’s attenuation profile that can further enhance the material selection process.

Additionally, the lower energies also demonstrate some of the other characteristic X-rays

and k-edges that were produced from the detector array itself. These peaks are individu-

ally associated with cadmium, telluride, and lead as well as a vast array of combinations

of all three materials. By including these smaller features within the attenuation profiles

used, rather than simply using the NIST standard, a much more accurate solution will

be achieved on the materials present within a reconstructed microCT voxel.
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Figure 4.13: Reconstructed representation of the attenuation profiles from cortical bone,
gold, and water.
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4.6 The All Combinations of the Library Least Squares

(ACLLS) Approach

The means by which the input unknown attenuation profile and the chosen library com-

bination are solved utilizes the ACLLS analysis, which had not been developed in its

form until this investigation began. The basis for this analysis approach is an extension

and addition of multiple combinations of the well tested Library Least Squares (LLS)

technique first developed by Verghese and Gardner in 1988. The LLS technique was cho-

sen as an inverse solving package because it has proven itself to be successful for inverse

elemental and material identification of prompt gamma-ray neutron activation analysis,

energy-dispersive X-ray fluorescence analyzers, and the characterization of cargo con-

tainer photon shielding.

The fundamental basis for the complete ACLLS (and the LLS) solving package has

been dubbed CURMOD, which is based on the CURFIT subroutine developed by Beving-

ton, and has served as the backbone for many specialized code developments (Bevington,

1968). CURMOD can be used to describe a data set using any combination of linear and

non-linear parameters. Accurate guesses are required for each non-linear parameter but

they are not required for the linear parameters. CURMOD uses the Levenberg-Marquardt

non-linear search method for finding a solution to the non-linear parameters and a mul-

tiple linear regression in determination of the linear parameters. It uses a minimized

reduced χ2 found in Equation. 4.7 to select the best fit for all of the parameter values.

χ2
red =

χ2

ν
=

1

ν

∑ (O − E)2

σ2
(4.7)

In Equation. 4.7, ν is the number of degrees of freedom, σ2 is the variance of the ob-
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servation, O is the observed data and E is the theoretical data. CURMOD also quantifies

the error σ associated with each parameter for the final fit to the input data set.

For this particular application, only linear parameters were used and as a result, each

of the input library combinations had a final associated scaling multiplier for each com-

ponent to the library. Each library multiplier was being used to fit the known library

combination to the voxel’s unknown attenuation profile. The ACLLS fitting approach

with all of its various possible combinations are determined by the number of libraries

used throughout the analysis of the physical subject at hand. This is dictated by Equa-

tion. 4.8, which calculates the number of combinations of r objects from a set of n

objects. This equation can then be used to calculate the total number of combination

objects possible for a given set of objects.

f(n, r) =
n!

r!(n− r)!
(4.8)

f(n) =
n∑
r=1

n!

r!(n− r)!
for
[
n > 1

]
(4.9)

Equation. 4.9 is used in an example where the three material profiles present in the

library are water, bone, and gold the results show a total of seven possible combinations

for the ACLLS to process and store all values. Specifically, these combinations are: water,

bone, gold, water + bone, water + gold, bone + gold, and water + bone + gold. Before

the analysis begins, all three libraries and the input unknown profile are normalized.

It was also found that using the entire energy range throughout the analysis process

generated results that were not correct enough, and as a result, the energy range analyzed

was reduced to 50 channels ranging from 33 to 88 keV. This adjusted energy range

impacted the libraries and for this example, Figure 4.14 demonstrates their respective
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spectral profiles. Additionally, this example and all initial stages of the ACLLS uses the

filtered reconstructed libraries in combination with an unknown image that has undergone

Gaussian filtering.

Figure 4.14: Reduced energy range of the spectral attenuation profiles from cortical
bone, gold, and water.

After normalization, the unknown filtered profile is then multiplied by 100 to assist in

the fitting process as well as to represent a percentage for each of the scaling factors’ fit

of the various library combinations. This helps to ensure that realistic solutions can be
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found later when the most correct library combination is chosen. Additionally, ACLLS

calculates from the library fit to the unknown profile: the linear correlation coefficient

R, the percentage of contribution of each library to the fit, the sum of the area from the

fit that is in agreement with the input profile, the maximum standard deviation of each

element of the fit to the unknown, and the total standard deviation of the found profile

to the unknown. Now that the problem at hand has been laid out, each of the solutions

for all seven possible library combinations will be examined.
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The test case attenuation profile is known to contain a combination of gold and water

and for the remainder of this discussion, will be referred to as the input unknown. Analysis

using the first combination of ACLLS used only the bone profile as the library to fit the

input unknown attenuation profile. The results can be found in Table 4.2 as well as the

plot of the input and found solution in Figure 4.15.

Table 4.2: Results from the first combination.

Name Multiplier %Error R %Area

Bone 89.2591 0.0002 0.8987 0.9666

χ2
red = 1.4933

Total Sum % of the area = 0.9666

Total standard deviation of the fit = 4.3612

Maximum standard deviation of the fit = 15.9760
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Figure 4.15: Spectral fit using the first library combination.
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The second combination implemented only the gold profile as the library to be used

to fit the input unknown attenuation profile. The results can be found in Table 4.3 as

well as the plot of the input and found solution in Figure 4.16.

Table 4.3: Results from the second combination.

Name Multiplier %Error R %Area

Au 124.4131 0.0002 0.9954 0.9698

χ2
red = 1.3510

Total Sum % of the area = 0.9698

Total standard deviation of the fit = 3.8817

Maximum standard deviation of the fit = 21.0118
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Figure 4.16: Spectral fit using the second library combination.
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The third combination implemented only the water profile as the library to be used

to fit the input unknown attenuation profile. The results can be found in Table 4.4 as

well as the plot of the input and found solution in Figure 4.17.

Table 4.4: Results from the third combination.

Name Multiplier %Error R %Area

H2O 63.2200 0.0002 0.9091 0.9167

χ2
red = 3.7296

Total Sum % of the area = 0.9167

Total standard deviation of the fit = 6.0247

Maximum standard deviation of the fit = 26.9801
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Figure 4.17: Spectral fit using the third library combination.
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The fourth combination implemented the bone and gold profiles within the library

to be used to fit the input unknown attenuation profile. The results can be found in

Table 4.5 as well as the plot of the input and found solution in Figure 4.18.

Table 4.5: Results from the fourth combination.

Name Multiplier %Error R %Area

Bone 44.0340 0.0014 0.8987 0.4769

Au 65.8635 0.0013 0.9954 0.5134

χ2
red = 0.4431

Total Sum % of the area = 0.9903

Total standard deviation of the fit = 2.3774

Maximum standard deviation of the fit = 8.0067
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Figure 4.18: Spectral fit using the fourth library combination.
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The fifth combination implemented the bone and water profiles within the library

to be used to fit the input unknown attenuation profile. The results can be found in

Table 4.6 as well as the plot of the input and found solution in Figure 4.19.

Table 4.6: Results from the fifth combination.

Name Multiplier %Error R %Area

Bone 85.4836 0.0009 0.8987 0.9257

H2O 2.8270 0.0198 0.9091 0.0410

χ2
red = 1.5163

Total Sum % of the area = 0.9667

Total standard deviation of the fit = 4.2773

Maximum standard deviation of the fit = 15.6211
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Figure 4.19: Spectral fit using the fifth library combination.
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The sixth combination implemented the gold and water profiles within the library

to be used to fit the input unknown attenuation profile. The results can be found in

Table 4.7 as well as the plot of the input and found solution in Figure 4.20.

Table 4.7: Results from the sixth combination.

Name Multiplier %Error R %Area

Au 81.5289 0.0007 0.9954 0.6355

H2O 24.9720 0.0012 0.9091 0.3621

χ2
red = 0.1089

Total Sum % of the area = 0.9976

Total standard deviation of the fit = 1.4333

Maximum standard deviation of the fit = 8.3460
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Figure 4.20: Spectral fit using the sixth library combination.
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The seventh and last combination implemented the bone, gold, and water profiles

within the library to be used to fit the input unknown attenuation profile. The results

can be found in Table 4.8 as well as the plot of the input and found solution in Figure 4.21.

Table 4.8: Results from the seventh combination.

Name Multiplier %Error R %Area

Bone -3.5765 -0.0358 0.8987 -0.0387

Au 83.6709 0.0011 0.9954 0.6522

H2O 26.4939 0.0023 0.9091 0.3842

χ2
red = 0.1095

Total Sum % of the area = 0.9976

Total standard deviation of the fit = 1.4292

Maximum standard deviation of the fit = 8.6947
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Figure 4.21: Spectral fit using the seventh library combination.

As it can be seen, the ACLLS analysis produces a large amount of data to process

and sort through in an attempt to deduce the correct result given the situation where

the correct solution is unknown. Also, keep in mind that this amount of data is produced

for each individual voxel that is located within the reconstruction space.

The decision process to decipher the correct materials located within this particular

test voxel can now begin, given that a solution set has been constructed for each of the

seven possible combinations. If a priori knowledge about the possible combinations of
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object under investigation is taken into consideration, then several combinations can be

ignored altogether. In this case, the gold contrast agent present in the sample and its

specific target based on the molecule it has been bioconjugated with, can result in the

removal of some library combinations. Continuing with the previous example where wa-

ter, bone, and gold were used as the complete library, it could be presumed that several

of the combinations were not possible. In this particular example, water was used as a

substitute for tissue, and it has been assumed that gold could only bond with tissue based

on its bioconjugation agent. This results in the combinations of bone + gold, and water

+ bone + gold impossible to determine a correct material identification because they are

physically unable to be present within a single voxel. Regardless of the physical presence

of library combinations, the ACLLS has the mathematical capabilities to produce a suc-

cessful fit to any given attenuation profile, but the result may be meaningless and should

be ignored as in Table 4.8, where the bone contribution is negative. Having knowledge of

what material mixtures are physically possible has reduced the number of combinations.

Also, since all of the libraries were normalized, and the input unknown was normalized

and scaled, it is not realistic to have a negative scaling factor for any material, which

results in any solution that is negative to be ignored for further analysis.

Once the most obvious combination solutions that are unrealistic have been ignored,

user defined parameters are implemented in an attempt to reduce the combinations fur-

ther. These include removing: significantly high χ2
red values, low R values, low values of

material contribution to the area, low total percent area, high total standard deviations,

and a high maximum value of the standard deviation of the fit. The specific values for

the thresholds were determined empirically and set at the threshold values of a combi-

nation solution having a χ2
red larger than 5.0, or the total standard deviation of the fit

larger than 5.0, or a maximum standard deviation to the fit of larger than 10.0 would be
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ignored. Additionally, a solution with any individual component solution that has an R

value less than 0.4, or a percent of contribution to the area under the curve less than 2%

would be ignored. These specific values were used throughout this entire investigation

and empirically chosen.

With all of the combinations removed that were deemed as unacceptable, a final

selection process is able to occur. Continuing with the example from above, the only

remaining combination is the correct choice for the materials present within the voxel at

hand, which is the sixth combination, a mixture of water and gold. The voxel chosen for

this example was located in the center of the gold and water feature with the highest

concentration of gold, positioned in the lower left hand corner of Figure 4.11a through

Figure 4.11b. This scenario is an ideal case where only one combination remains and

proves as the only result when the number of libraries are low and there are less mixtures

present within the object under investigation.

In order to paint a more complete picture of the inevitable event where more than one

combination remains after removing the unacceptable combinations, a second and more

brief example will be used. By choosing a voxel that is located at boundary region of the

same feature in the previous example of the gold and water combination to that of a region

of only water, the selection process of the correct library combination becomes more

difficult. The reason behind this transition region causing a blending of the two material

sets rather than a discrete boundary, resides in the inherent point spread function (PSF)

of the microCT system. The PSF is a general term that refers to the unresolved edges

of an object that extend beyond its actual boundary. As a result of two materials having

separate PSF’s, the transition region becomes a blend of the two materials. The Gaussian

filtering of the unknown image also causes additional blurring to occur and even further

exacerbates the convolution of the two regions. Table 4.9, Table 4.10, and Table 4.11
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Table 4.9: Results from the third combination at a material boundary.

Name Multiplier %Error R %Area

H2O 90.2985 0.0002 0.9270 0.9932

χ2
red = 0.4468

Total Sum % of the area = 0.9932
Total standard deviation of the fit = 2.1888

Maximum standard deviation of the fit = 7.6245

Table 4.10: Results from the fifth combination at a material boundary.

Name Multiplier %Error R %Area

Bone 23.0038 0.0039 0.9341 0.1765
H2O 74.4273 0.0009 0.9270 0.8187

χ2
red = 0.3248

Total Sum % of the area = 0.9952
Total standard deviation of the fit = 2.2193

Maximum standard deviation of the fit = 8.7879

display the remaining three library combinations that persisted as viable options after

removing the improbable options.

Within this scenario, the means by which a final decision on the most correct solution

implements a voting system. Four parameters from the outputs of each of the remaining

combinations are used in this voting system where their votes are arranged in most likely

to least likely. The votes are then summed, and the combination with the lowest score

is then considered as the most correct solution. The values used are: the χ2
red closest

to 1, the total area closest to 100%, the lowest maximum standard deviation, and the

lowest total standard deviation of the fit, which actually casts two votes. An advantage to
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Table 4.11: Results from the sixth combination at a material boundary.

Name Multiplier %Error R %Area

Au 31.0631 0.0022 0.9681 0.1976
H2O 72.8814 0.0006 0.9270 0.8017

χ2
red = 0.0511

Total Sum % of the area = 0.9992
Total standard deviation of the fit = 0.7921

Maximum standard deviation of the fit = 3.3139

using this approach is that the number of combinations does not impact the overall final

decision, which makes this a robust voting scheme. Table 4.12 demonstrates the votes

cast for each of the combinations in Table 4.9, Table 4.10, and Table 4.11, and the total

sum, which makes the final decision on the most correct combination for that voxel. This

technique is similar to an approach to a formal method used in big-data analytics called

a ”random decision forest” or simply a ”random forest”. This idea allows for multiple

decision trees to each cast a vote for a specific outcome and the resultant combination of

all the branches produces the most likely outcome.
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Table 4.12: Votes cast for each combination and the total sum.

Combination Materials χ2
red

Closest to
1

Total Area
Closest to

100%

Lowest
Maximum
Standard
Deviation

Lowest
Total

Standard
Deviation

Total Sum

1 Bone
2 Au
3 H2O 1 3 2 4 10
4 Bone + Au
5 Bone + H2O 2 2 3 6 13
6 Au + H2O 3 1 1 2 7
7 Bone + Au + H2O
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The ACLLS analysis is the most essential aspect to making the correct decisions

throughout this discussion. It takes into account which of the acceptable combination

solutions to the fit of the unknown attenuation profile is the most correct. It is not exact

in making the correct decision with every possible scenario due to the noise and artifacts

produced from the simulation’s added photonic noise and tomographic reconstruction,

but the ACLLS analysis does produce reliable solutions within the overall perspective.
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4.7 Full Image Material Identification

With a fully simulated, reconstructed, and filtered image produced from each energy

bin, along with a tool designed specifically to identify materials from the reconstructed

voxel’s attenuation profile, the next logical step was to apply the tool to an entire image.

This was another computationally expensive task where each individual voxel required

attention. Considering that the detector array had 200 individual detection elements,

the fully reconstructed image comprised of a total of 40,000 individual voxels where

each initially viable library combination required an attempt at fitting the unknown

attenuation profile. The total number of voxels analyzed was reduced by a considerable

fraction with the knowledge that the object under investigation would not produce a

reconstructed image that had desirable information below the x and y directions of the

25th voxel and above the 175th voxel. The reason behind this resided in the size of the

water base being used to hold the smaller samples as discussed in the previous sections

and demonstrated in Figure 4.1, Figure 4.2 and Figure 4.3.

To continue with the example from the previous sections of a sample base containing

water, and smaller cylinders containing bone, and gold with water, the actual concentra-

tions of each material become more apparent and relevant when the ACLLS is applied.

Figure 4.22 is a cartoon demonstration of the physical layout and locations of the object

under investigation that consists of the sample base listed as 100 with a 3 cm diameter

and the surrounding smaller sample cylinders listed as 1 through 6, all with 2.0 mm diam-

eters. The individual material properties of each feature and their relative concentrations

can be found in Table 4.13.

As found from Table 4.13, the relative concentrations of gold are considerably lower

than water and varied in a descending fashion. This was done in an attempt to more
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Figure 4.22: A cartoon representation of the object scanned where feature 100 is the
sample base and the smaller sample cylinders are listed as features 1 through 6.
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Table 4.13: The material properties for the example focused on the gold contrast agent.

Feature Number Material % of Contribution Density [g/cc]

1 Bone 100.0000 1.9200
2 Water

Gold
95.2263
4.7737

0.9974
0.0500

3 Water
Gold

97.5579
2.4421

0.9987
0.0250

4 Water
Gold

99.2553
0.7447

0.9996
0.0075

5 Water
Gold

99.5024
0.4976

0.9997
0.0050

6 Water
Gold

99.7506
0.2494

0.9999
0.0025

100 Water 100.0000 1.0000

closely represent a wide range of what could be found in an actual experiment. Also,

having a complete list of the expected materials present within the microCT image as

water, bone, and gold. This results in a total of 7 possible combinations. Again, two

combinations were ignored from the outset as they were deemed as impossible to occur

and solutions were not even attempted to be solved. These were the 4th combination as

bone + gold, and the 7th combination as water + bone + gold.

With the a priori decisions made as the combinations that will be ignored, the ACLLS

fitting process may begin using the Gaussian filtered reconstructed image as the unknown

and the libraries constructed from the Gaussian filtered single material reconstructions.

The remaining combinations are then individually submitted as the potential library

solutions to the ACLLS over each voxel’s attenuation profile. The fit and its solution

are then stored if they have successfully met the acceptable values of: χ2
red, R, material

contribution to the area, total percent area, total standard deviation, and maximum
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value of the standard deviation of the fit.

To further understand the material selection process, a plot of each viable combination

and its individual component’s scaling multiplier value that have successfully met the

cutoff thresholds was created. Each figure’s scaling factor utilized the Gaussian filtered

image where of the libraries and the input unknown spectrum were normalized over the

energy range under investigation, which is from 33 keV to 88 keV consisting of 50 separate

energy bins. Also, each unknown spectrum was multiplied by 100 after normalization to

produce a more even distribution of solutions throughout the object and to assist in the

cutoff parameter selections. The most ideal scaling factor fit would consist of a value of

100 for a single material in a single voxel, which is the case over some regions.

Figure 4.23 and Figure 4.24 demonstrate the two successful single material library

combinations of bone and water respectively. The pure bone combination clearly found

the central portion of the cylinder containing the bone. Its outer edges dramatically

increase in the scaling values because within these regions, the voxels have been blended

with the surrounding water. This blending has caused the fit to produced a less confident

result but still pass the cutoff thresholds. The pure water combination found similar

results but in the opposite scaling direction at the outer edges of the object. The drop

in the scaling value was a result of the water being blended with the surrounding void.

Also within the water combination, three holes were found that were a result of the bone

object and the two highest concentrations of the gold and water mixtures. Three more

lower scaling value regions can also be found that correspond to the remaining gold and

water mixtures.

The combination of having only the gold library resulted in zero voxels successfully

passing the threshold cutoff values. This result is expected and true regardless that this

combination was allowed to be passed into the ACLLS fitting routine as it could possibly
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Figure 4.23: Successful scaling values for the bone combination fit to each voxel.
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Figure 4.24: Successful scaling values for the water combination fit to each voxel.
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be a solution if a true unknown sample was under investigation. Within this object that

underwent the microCT scan, only combinations of water and gold were physically present

which will be further discussed and demonstrated in Figure 4.27 and figure Figure 4.28.

Figure 4.25: Successful scaling values for the bone library in the bone + water combi-
nation fit to each voxel.

Figure 4.25 and Figure 4.26 demonstrate the combination of bone + water and show

each individual library component of bone and water respectively. Within these figures,

the location of the bone cylinder is most clearly defined and true in its location but in
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Figure 4.26: Successful scaling values for the water library in the bone + water combi-
nation fit to each voxel.
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contrast to the combination of only the bone library, the transition area surrounding the

bone cylinder is more accurate. Within this boundary region, the bone library is found to

decrease its scaling value with respect to the center of the feature and the water library is

found to increase. There are two other regions that were found to have successfully passed

the bone + water combination’s cutoff criteria of the fit, but these regions are actually

part of the water + gold combination. These results are acceptable solutions because the

ACLLS analysis does not consider regional locations as part of its selection process. This

incorrect material identification is why the final decisions on the most correct materials

for each voxel were made using the voting scheme.

Figure 4.27 and Figure 4.28 demonstrate the combination of water + gold, and show

each individual library component of gold and water respectively. These figures show

that the five regions of the varied mixture of water and gold together can be found. The

expected characteristics were also unveiled that as the concentration of gold decreases,

the scaling value also decreases, and correspondingly opposite for the scaling values of

water. It is also interesting to note that the physical size of the gold + water objects

decrease as the gold in the feature decreases. This again has to do with the transition

region between materials but in this case, the features become more water like with less

gold and results in a less distinguishable feature. The water + gold combination also found

several other regions that were deemed as viable options for a material identification but

they are in the incorrect position. As with the incorrect regions identified as the bone

+ water combination, regions with multiple viable combinations will undergo the voting

scheme to hopefully correct and choose the most probable candidate.

With all of the viable solutions produced for each possible combination, the selection

process for each voxel using the voting scheme begins. To reintroduce the scheme used,

a vote is cast by four separate characteristics of the fit for each combination that has
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Figure 4.27: Successful scaling values for the gold library in the water + gold combina-
tion fit to each voxel.
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Figure 4.28: Successful scaling values for the water library in the water + gold combi-
nation fit to each voxel.
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successfully passed the initial cutoff criteria for the fit. The votes are cast in the order

from the closest to the ideal, to the furthest, and the combination with the lowest total

score wins. The fitting characteristics used are: the fit with a χ2
red closest to 1, area under

the curve that is closest to 100%, lowest maximum standard deviation between the fit

and the unknown, and the lowest total standard deviation. The last characteristic, the

lowest total standard deviation, casts two votes as it was deemed the most influential

in choosing the correct combination. To fully demonstrate how each of these four votes

are cast, each individual characteristic will be displayed and the figure produced for each

will display each combination number as a separate color. The libraries used for each

combination that correspond to each color coded number are referenced in Table 4.12.

All of the figures displaying the most likely vote that was cast given the specific

characteristic to the fit, demonstrate slight variances in the choice that was made. Overall,

the general trend is consistent in each, but the fine details consisting of the shape and

edges of each feature have subtle discrepancies. These differences can be attributed to

the Monte-Carlo simulation noise, added photonic noise, reconstruction artifacts, and

Gaussian filtering blurring of the image. The culmination of these image derogations and

their impact on the attenuation profiles is why not a single characteristic to the fit was

chosen as the deciding factor, but four separate characteristics.

After each of the four characteristics have cast their vote in Figure 4.29, Figure 4.30,

Figure 4.31, and Figure 4.32, the final decision can be made on the most correct com-

bination for each voxel, and subsequently build a map of the locations of each material.

Figure 4.33 displays the final choice for the object under investigation. Within this figure,

it is clear that the bone located in feature 1 was found, and it also contained a transition

region into the water base in feature 100. Features 2 through 6, all consisted of a mixture

of the water and gold material libraries, were all successfully found. Several locations
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Figure 4.29: Primary vote cast for the combination with the reduced χ2
red closest to 1.
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Figure 4.30: Primary vote cast for the combination with the total area under the curve
closest to 100%.
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Figure 4.31: Primary vote cast for the combination with the lowest maximum standard
deviation between the fit and the unknown.
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Figure 4.32: Primary vote cast for the combination with the lowest total standard de-
viation between the fit and the unknown.
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were incorrectly identified, but somewhat expected given the manipulation of each image

and attenuation profile under investigation. Also, some of the locations are positioned

at the outer edge of the water base and can be attributed to a low number of collected

counts from the detector array that can result in unreliable solutions. This is not an ideal

situation and will be dealt with in a later section.

Figure 4.33: Final choice made for each voxel on the most appropriate library combina-
tion.

With a final decision on the most correct combination for each voxel, the individual
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components of the materials present and their distinct scaling factors can be separated.

This is done by creating a separate intensity map for each material regardless of the

combination that was deemed as the most successful fit. These maps are more repre-

sentative of the object under investigation because it does not consider the unconnected

combinations themselves, but displays a more intuitive layout of the materials and their

physical locations. Figure 4.34, Figure 4.35, and Figure 4.36, demonstrate the relative

intensity maps of each of the materials found within the object as bone, gold, and water.

Again, it is important to keep in mind that these values and figures were created using

the Gaussian filtered, normalized, and scaled reconstructed image and not the raw image

after reconstruction.

With the data arranged by material type, the locations and relative concentrations

of each material become much more obvious. The single bone feature can be found in

Figure 4.34 and its property of having no water becomes very apparent by the void in

Figure 4.36. The gold features that decreased in concentrations can more clearly be seen

in Figure 4.35 were the intensities dropped correspondingly. Also, in Figure 4.36 the

locations of gold can be seen in how there is a decrease in the water intensity where the

mixtures are present. Furthermore, the blending and transitions can be found between

all of the features, including the outermost void as a drop in the intensity of water as it

was used as the base for the object.

Another representation of all three materials in a single figure can be found in Fig-

ure 4.37. Within this image the three primary channels used in creating a color figure as

red, green, and blue, were used as intensities for each material. With this representation

of the object, the mixing of the gold with water at various concentrations can be found

by the features displaying change in color from magenta, to purple, and finally an off

blue hue at the lowest gold concentration feature. The pure bone feature also stands out
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Figure 4.34: Relative intensity map of bone found with the object after Gaussian filtering
of the reconstructed image.
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Figure 4.35: Relative intensity map of gold found with the object after Gaussian filtering
of the reconstructed image.
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Figure 4.36: Relative intensity map of water found with the object after Gaussian fil-
tering of the reconstructed image.
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Figure 4.37: Relative intensity map of all three materials present within the object after
Gaussian filtering of the reconstructed image where each color represents a separate
material as bone is green, red is gold, and blue is water.
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as bright green in contrast to the surrounding water as a vibrant blue and the transition

region between the bone and water is also quite apparent.
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4.8 Material Quantification

While it is essential to properly identify each of the materials present, their relative con-

centrations, and physicals locations within the object, it is also instrumental to properly

quantify the amount of each material within each voxel. To accomplish this, it was found

that the original unfiltered reconstructed image needed to be used as this data set would

demonstrate less blending of each feature with its surroundings. It was also found that

to gain the most accurate quantification of the materials within each voxel, the original

image needed to not be normalized. Assuming that the material combinations for each

voxel were correctly identified in the previous step using the Gaussian filtered image,

these combinations could then be used with the unfiltered image to produce a realistic

quantification of each material.

To make the bridge between identification and qualification, a separate ACLLS fitting

analysis was required over every voxel with every viable combination. Ultimately, the

entire process to achieve quantification requires a separate ACLLS analysis.

This second ACLLS analysis has a slightly different set of requirements than the

previous analysis because of what it is attempting to achieve. All of the possible combi-

nations from the outset are calculated and stored, no cutoff criteria were used in the same

fashion as the material identification ACLLS process to eliminate any of the undesirable

combination solutions. This was done in an attempt to preserve the quantification of each

combination solution regardless of the material combination chosen as the most appro-

priate for each voxel. By processing and storing the quantification ACLLS data this way,

it allows for a much more robust solution space that requires only a single computation

set to quantify the materials within a chosen voxel regardless of the winning combination

selected.
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One of the more important features with the quantification aspect using the ACLLS

was in how the solutions for the combinations were allowed to converge to a solution.

This was essentially an iterative process that was designed to not allow a negative scal-

ing parameter for any library combination to occur. The basis for this thought process

was to help ensure that only realistic solutions would be found. By using the raw re-

constructed data that was not normalized, brought about the possibility of producing

negative libraries for any combination. This idea was implemented by first finding a so-

lution given all of the libraries for each combination, and if one particular library for any

combination returned a negative value, a second solution would be found. This second

solution would begin by removing that library through forcing the scaling value to be

zero. Ultimately, the quantification ACLLS analysis can return a zero value for some

combinations at some locations due to noise and a low overall magnitude. This approach

helped to remove solutions in the surrounding space from the object under investigation

because each voxel’s attenuation profile was not normalized. Additionally, allowing some

of the libraries in the combinations with negative solutions to be removed created the

possibility to correct some identification problems that arose from the implementation of

the 2D Gaussian filter.

So as to better understand how this quantification process operates, new relative in-

tensity maps for each individual material were created. These scaling values were not

derived from normalized input unknown attenuation profiles and as a result, their in-

tensity maps are different than the ones created from the 2D Gaussian filtered image.

Continuing with the example throughout this chapter, specifically the libraries used were

created from the known material compositions of cortical bone, gold, and water, with

densities of 1.92, 0.01, and 1.0 grams per milliliter respectively. These changes in the

profile can be seen in Figure 4.38 where only the energy range used to produce mean-
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ingful results are displayed. This newly used library shows the same basic features that

were previously shown, with the most specific feature being the gold k-edge. With these

libraries not being normalized, the gold k-edge itself does not stand out as much when

compared with the bone and water libraries. The summation electron edges from the bone

compound material library at the lower energy range are still very prominent features

and the water library is almost flat and featureless.

Figure 4.38: Nonfiltered and non-normalized material libraries used for material quan-
tification used with the bone, gold, and water example.
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Figure 4.39: Intensity map of bone found with the object under investigation.
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The intensity map of bone using the quantification ACLLS approach in Figure 4.39

demonstrates that the edges of the bone feature are much more sharp than previously

found with the 2D Gaussian filtered image. Additionally, the overall intensity of the bone

itself has been show to agree with the material properties of the library used as being at

an intensity of 1.

Figure 4.40: Intensity map of gold found with the object under investigation.

As with the intensity map of bone, the gold intensity map in Figure 4.40 shows sharper
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edges at the well-defined features. With the lower intensity features, their overall shapes

were compromised by the 2D Gaussian filtering of the image but their presence is still

valid and in the correct positions.

Figure 4.41: Intensity map of water found with the object under investigation.

With Figure 4.41 displaying the intensity map of water, it more clearly demonstrates

the overall distribution of the materials under investigation. The first thing that is most

noticeable, is that the outer edge of the water feature and the area where the bone is
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located tapers off to zero when the non-altered image is used. This is accurate because

there is no true water located within these regions and a transition region should occur.

Other features to notice are the areas that are mixed with gold and water where a

slightly increased intensity value is found. This unexpected result has to do with the

increase in scattering and absorption events occurring over the energy region of interest

due to the multiple libraries being present within the same location. The original libraries

themselves do not account for more than one material present and will have a slightly

incorrect results because of the unforeseen photonic complications.

Now that a more realistic intensity map has been produced for each material found

within the object under investigation, a relationship between the scaling value and the

actual material density needs construction. To build these equations, several different

known densities of the materials were simulated, reconstructed and then averaged over

a region of the material’s center. This process is identical to the method that each of

the other primary material libraries were created. After each material had at least three

attenuation profile spectra created at varied material densities, a simple Linear Least

Squares analysis was performed using the primary library to fit the other density profiles

for each material. The scaling value was then used as the x component and the known

density was used as the y component. The values that were found for each material fitting

each other value can be found in Table 4.14, Table 4.15, and Table 4.16, that divulge the

specific details used for bone, gold, and water respectively.

The three tables in Table 4.14, Table 4.15, and Table 4.16 are relating the scaling value

to the physical density were then used to create a line of best fit so that interpolation

and extrapolation could be performed regardless of the actual scaling value found. It

was found that a linear fit was the most appropriate for this relationship where the

equations used generated R2 values that were deemed as more than acceptable at 0.9975,
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Table 4.14: Quantification values used to relate the scaling value to the density of the
bone library.

Scaling Value Density [g/cc]

1.0000 1.9200
0.8934 1.7280
0.7598 1.4400
0.2793 0.4800

Table 4.15: Quantification values used to relate the scaling value to the density of the
gold library.

Scaling Value Density [g/cc]

9.5564 0.1000
1.0000 0.0100
0.5148 0.0050
0.1057 0.0010
0.0853 0.0008

0.9999, and 0.9999 for the materials of bone, gold, and water respectively. The actual

equations that produced these values can be found in Equation. 4.10, Equation. 4.11,

and Equation. 4.12 for the same materials as bone, gold and water.

Fbone(x) = 2.0093x− 0.0811 (4.10)

Fgold(x) = 0.0105x− 0.0003 (4.11)

Fwater(x) = 1.0149x− 0.0149 (4.12)
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Table 4.16: Quantification values used to relate the scaling value to the density of the
water library.

Scaling Value Density [g/cc]

1.0000 1.0000
0.9752 0.9750
0.9016 0.9000
0.2610 0.2500

In order to completely demonstrate the relative linearity of these points, Figure 4.42,

Figure 4.43, and Figure 4.44 are displaying both the points and the line used to create

quantifications between the scaling values found directly from the ACLLS and the actual

physical densities that are meaningful results.

With maps in Figure 4.42, Figure 4.43, and Figure 4.44, the scaling values, that are

the relative concentrations of each material to their corresponding primary libraries, and

implementing the equations constructed to convert those scaling values into quantifiable

material densities, a final density map for each material can be built. The densities of each

material were selected to meet the expected range within the object under investigation.

Due to the randomness of the Monte-Carlo sampling process, any deviations within the

points used to build these equations can be primarily attributed to noise within the

MCNP simulations, which can infinitely use more histories to improve its statistical

certainties.

As with any type of relation built in this fashion, interpolation is less than ideal

and even still, extrapolation is undesirable. With these expectations in mind and given

nature of photonic interactions, both interpolation and extrapolation are inevitable. The

reasoning behind this is centered on the high degree of photonic absorption over scatting
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Figure 4.42: Points used and the equation found to relate the scaling values to the
material density for bone.
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Figure 4.43: Points used and the equation found to relate the scaling values to the
material density for gold.
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Figure 4.44: Points used and the equation found to relate the scaling values to the
material density for water.
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within the energy range of the photons used throughout this investigation. Assuming

that the photons will be primarily absorbed, the impact of secondary and even tertiary

effects will be at a minimum within the collected spectra of the CT scan. The resulting

implication is that each distinct material library can be treated separately and linearly to

a fitting routine of an unknown profile, while maintaining an individualistic relationship

between the found scaling value and its corresponding density.

The implementation of equations used to correlate the scaling values to the densities

for bone, gold and water can be found in Figure 4.45, Figure 4.46, and Figure 4.47, respec-

tively, where each material has a corresponding density map. These figures demonstrate

several discrepancies between their counterparts before translation into physical units,

in the form of removal of materials from voxels. These specific locations are regions that

have relatively low scaling values for the material library. The matching removals are a

mathematical result of applying the transformative equations and resulting in a negative

density, of which is physically impossible. The areas where these instances occur reside in

the transitions regions between materials, or to the outermost edge of the object under

investigation.

The density maps of each material, demonstrated in Figure 4.45, Figure 4.46, and

Figure 4.47, are the final product of the ACLLS analysis package. A single representative

density map of all three materials used in this example can be found within Figure 4.48.

This figure also used red to represent gold, green as bone, and blue as water. One of

the most notable features within this figure are the well-defined edges between regions

of water and bone, and higher concentration regions of gold and water. This sharpness

is attributed with using the unaltered image to perform the material quantification and

removing the negative densities as a result of low scaling values.
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Figure 4.45: Density map of bone within the object under investigation.
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Figure 4.46: Density map of gold within the object under investigation.
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Figure 4.47: Density map of water within the object under investigation.
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Figure 4.48: A single representative density map for the materials of bone in green, gold
in red, and water in blue.
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Chapter 5

Experimental Results

With a road map constructed to ascertain the locations and densities of materials within

a given object, an examination into the limitations and accuracy of the ACLLS method

needs examination. To accomplish this, several different material configurations were

explored with the same basic geometric construction found in Figure 4.22. This consists

of six cylinders filled with various mixtures of materials surrounded by a larger cylindrical

based filled with water. These investigations included the example used in the methods

section of variations in a gold + water combination with a bone cylinder, variations in a

bone + water combination, variations in a gadolinium + water combination with a bone

cylinder, and a complex object involving combinations of gold, gadolinium, iodine, water,

and bone. Each of these objects will be broken down individually and examined.
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5.1 Gold + Water Combination with a Bone Feature

The final results for the locations and densities for the object containing combinations

of gold + water and a single bone feature on a water base can be found in Figure 4.45,

Figure 4.46, and Figure 4.47. This was the primary example used to demonstrate the

method implemented in this investigation and does not warrant repetition of the same

plots. At the conclusion of the analysis, the locations for each of the gold + water features

were found much more easily at higher concentrations. This aspect of the results was

a consequence of using the 2D Gaussian filter to assist in the identification process.

The smoothing filter caused the lower density contrast features to become more like the

surrounding water and loose some of the spectral shape within the attenuation profile.

To more accurately assess the actual density values for each feature, Figure 5.1 and

Figure ?? were created to demonstrate the relation between the calculated values and

expected densities of the material libraries. The densities were averaged over the center

portions of each feature and the standard deviation of this average was also included

within the figure. It should be noted that this standard deviation is not the standard

deviation of the fit for each individual voxel but simply the standard deviation of the

found regional average. Considering that there was only a single regional average for the

bone material, a plot was not created. For the sake of completeness, the found regional

average was 1.9460 with a regional standard deviation of 0.0053, where the expected

value was 1.9200. These results demonstrate that the found solutions were somewhat

close to the ideal values.

The figure demonstrating the trends of the gold material density profile in Figure 5.1,

show that as the mixtures between water and gold increase, a larger discrepancy develops

between the found and expected values. At the lowest gold mixtures with a density of
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Figure 5.1: Comparison of the true density and the regional average density found for
the gold material.
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0.0025 grams per cubic centimeter, a good agreement is found between the ideal values

and the found solution. Also, the spatially distributed standard deviation at this density

includes the ideal value itself. This result could be the outcome of the identification

process only selecting the fits with the highest degree of correlation to the gold and

water combination fit, and that only the most correct solutions were chosen. Within

the features that contain higher concentrations of gold, a higher probability of photon

scattering and absorption is found, there is more physical space that the 2D Gaussian

filtering could have caused bleeding between material regions and degraded the overall

average density value.
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5.2 Combinations with Bone and Water

As the investigations continued, it became apparent that variations in cortical bone could

also be measured. This was centered on the idea that bone density tests are used to map

the overall bone health of a patient. These tests can be used to identify: osteoporosis, risk

of bone, fractures and measure the patient’s response to osteoporosis treatment. A dual-

energy x-ray imaging system is the most widely used modality to perform these tasks.

With the technology proposed here that utilizes more energy bins, it was considered a

worthwhile endeavor to investigate the ACLLS approach to its application with bone

density scans.

As with the previous phantom model shown in Figure 4.22, the same geometric con-

struction was used in this study. The primary difference was centered on the material

composition of the features, which can be found listed in Table 5.1. This modified mate-

rial list only includes the bone and water libraries and no other materials. Considering,

that under a normal circumstance, no other materials other than bone and tissue (mod-

eled as water) would be present within the patient, they were the only materials used

to make combinations . Later investigations will explore more complicated material lists,

but this investigation was focused on differences in bone densities. The bone concentra-

tions were chosen so as to give a dynamic range of densities to better test the ACLLS

analysis process and were modeled as homogeneous mixtures of bone and water.

With the entire ACLLS analysis in its currently used form having been divulged in

chapter 4, the final results are in order. Figure 5.2 demonstrates the physical distribution

of the bone material library. These results are similar to the previous study that included

gold but vary in a different manner. Since these results only had two libraries and could

not fully take advantage of multiple combinations of libraries as possible solutions, the
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Figure 5.2: Density map of bone within the object under investigation.
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Table 5.1: Material compositions and densities for the bone investigation.

Feature Number Material % of Contribution Density [g/cc]

1 Bone 100.0000 1.9200
2 Bone

Water
80.0000
20.0000

1.5360
0.2000

3 Bone
Water

60.0000
40.0000

1.1520
0.4000

4 Bone
Water

40.0000
60.0000

0.7680
0.6000

5 Bone
Water

20.0000
80.0000

0.3840
0.8000

6 Bone
Water

5.0000
95.0000

0.0960
0.0960

100 Water 100.0000 1.0000

errors in material selection were consolidated to one material. The bone material was

the library that collected the vast majority of the errors with physical locations found

primarily at the edge of the base feature. The remaining features, 1 through 6, also were

distinctly identified in the correct locations regardless of their relative composition of

bone.

Figure 5.3 demonstrates the corresponding material map for the water library. These

results show a very good physical distribution of the expected locations of water. Within

feature 2, the center most portion was found to consist of pure bone and contain no

water contribution, which is incorrect. The feature as a whole on average was found to

be a mixture of water and bone which is correct. This effect could be a byproduct of

the overall point spread function of the microCT system, which causes the ACLLS to be

unable to differentiate the libraries that have this specific type of mixture. It could also

be credited to the noise generated from the Monte-Carlo simulations as a lower number
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Figure 5.3: Density map of water within the object under investigation.
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of histories were used to find a solution. Additionally, a resultant beam hardening artifact

could be causing this hole in the water feature within feature 2 as a result of feature 1,

which consists of the densest material as 100% bone.

Figure 5.4: A single representative density map for the materials of bone in green and
water in blue.

Again, a single representative density map of the two materials used in this exam-

ple can be found within Figure 5.4, where green as representative of bone, and blue is

represented as water.
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Figure 5.5: Comparison of the true density and the regional average density found for
the bone material.
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To demonstrate the actual quantification of each specific region and feature found

within the object, the bone distribution of concentrations with water were created and

displayed in Figure 5.5 and Figure 5.6. Figure 5.5 establishes that an exceptionally good

trend was unveiled between the found and ideal values for bone as it was mixed with

water. Within each specific region, the overall distributions were somewhat consistent,

which is shown by the reduced standard deviations. As with what was noted on in

Figure 5.3, the region that contained feature 2 with an expected density of 1.536 grams

per cubic centimeter was found to have a higher than anticipated found density. Again,

this could be attributed to the incorrect material exclusion of water and as a result, an

increase in the density of bone was found.

Figure 5.6 demonstrates a much more dynamic range of densities for the water library

than within the previous material investigation. This trend is less than ideal, as it deviates

quite drastically at lower values, which could be over contributing to the bone densities

overshooting their expected values at higher densities. One aspect of the water library

that could play a significant role in this relatively inaccurate solution resides in the

attenuation profile as shown in Figure 4.38. The profile of water is relatively flat and

featureless, which creates difficulties for the ACLLS analysis to properly identify and

quantify the results, especially when mixtures of the libraries are involved.

As the mixing of libraries increases within each voxel, the confidence drops in all of

the contributing libraries to an accurate solution. The overall regional average may be

close to the correct solution, but the individual statistical values for each contributing

voxel increases and produces errors in the densities for all regions. To demonstrate this

impact on the specific regions and their increase in errors, plots of the percent of standard

deviation to the found density for each material were generated. These results are located

in Figure 5.7 for the bone library and Figure 5.8 for the water library.
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Figure 5.6: Comparison of the true density and the regional average density found for
the water material.
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Figure 5.7: Percent of standard deviations for the found solution densities of bone.
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Figure 5.8: Percent of standard deviations for the found solution densities of water.
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Figure 5.7 and Figure 5.8 show a considerable increase in the regions that consist of

features 3 and 4. These features are the two most mixed regions within the object under

investigation, and as a result of this mixing, neither library dominates the fitted attenu-

ation profile. This lack in domination causes a decrease in the overall performance of the

ACLLS analysis of the densities for each material as seen in Figure 5.5 and Figure 5.6.

Figure 5.9: Regional averages of the percent of standard deviations to the found densities
and the corresponding local standard deviations within each region for bone.

Figure 5.9 and Figure 5.10 are the regional averages of the found percent of standard
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Figure 5.10: Regional averages of the percent of standard deviations to the found den-
sities and the corresponding local standard deviations within each region for water.
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deviations to the density for each voxel fit within each of the 7 regions identified. Within

these regions, the local standard deviation of these standard deviations were also found.

These two plots together show that the more mixed the regions of interest are, the higher

overall percent of standard deviation were found. The regions that have the highest true

density for either bone or water had the lowest distribution of the regional standard

deviation, which demonstrates the highest degree of confidence in that particular library.

Within the regions that have the lowest true density, again, relatively low overall percent

of standard deviations were found which was due to the fact that the counterpart to the

mixture was dominating the fitting of the attenuation profile.
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5.3 Gadolinium + Water Combination with a Bone

Feature

Given that gold is a relatively new contrast agent being explored in microCT, it was

considered that another alternative to the well tested iodine contrast agent should be

investigated. Gadolinium was chosen as the alternative because it is commonly used for

magnetic resonance imaging or MRI. Gadolinium could be used as an alternative to

patients that experience sever allergies to iodine itself or to iodinated contrast agents

used in x-ray coronary angiography (CAG) (Ose, 2005). To test this contrast agent, the

same basic configuration as explored with gold was recycled, but in this instance gold was

exchanged with gadolinium. Bone remained within the object to add a bit of complexity

to the simulation and to push the ACLLS analysis process.

A table of these specific concentrations and their corresponding densities can be found

in Table 5.2. Within this table, it is obvious that the same density values were used be-

tween the gold and gadolinium, but the corresponding values for the density of water

are slightly different. This is a result of the actual density differences within the ele-

ments themselves, and the impact to the bulk material’s percentage of contribution to

the total mixture. Given that the density of gold is approximately 19.32 grams per cubic

centimeter and the density of gadolinium is 7.9, gadolinium requires higher percentage

of contribution to achieve the same relative material density as gold. This increase in the

percent of material contribution for gadolinium, then in turn causes a bulk displacement

of the water, and an overall decrease in the density for water. Albeit a minuscule dis-

crepancy between the relative densities and percent of total contribution to the material

mixture, the resulting spectral impacts are quite significant for proper identification and

quantification.
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Table 5.2: Material compositions and densities for the investigation of the gadolinium
contrast agent.

Feature Number Material % of Contribution Density [g/cc]

1 Water
Bone

20.0000
80.0000

0.2000
1.5360

2 Water
Gadolinium

95.2092
4.7908

0.9937
0.0500

3 Water
Gadolinium

97.5534
2.4466

0.9968
0.0250

4 Water
Gadolinium

99.2549
0.7451

0.9991
0.0075

5 Water
Gadolinium

99.5022
0.4978

0.9994
0.0050

6 Water
Gadolinium

99.7505
0.2495

0.9997
0.0025

100 Water 100.0000 1.0000

So as to make quantifications of the found material densities, again an equation was

built to compare the found scaling values to a more easily interpretable density value. This

was done in a similar fashion as before, by choosing several points to represent the overall

range of densities expected within the object under investigation. Values were calculated

by producing a simulation for each density of gadolinium. A single material library was

then used as the standard and by applying an LLS analysis to the remaining densities

for gadolinium, and Equation. 5.1 was built to correlate the found scaling values to their

densities, and it had a resulting R2 value of 0.9999. These specific values can be found

in Table 5.3, which are also plotted along with the developed equation in Figure 5.11.

Fgadolinum(x) = 0.0101x− 0.0001 (5.1)
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Figure 5.11: Points used and the equation found to relate the scaling values to the
material density for gadolinium.
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Table 5.3: Quantification values used to relate the scaling value to the density of the
gadolinium library.

Scaling Value Density [g/cc]

9.8601 0.1000
1.0000 0.0100
0.5010 0.0050
0.0937 0.0010

To perform the proper material identification, a single library was also created using

the same method as before as with the bone, gold, and water materials. For the sake of

clarity and conciseness, the nonfiltered and non-normalized libraries used in this material

identification process are shown in Figure 5.12. This image clearly demonstrates the k-

edge for the gadolinium material where it shows a much larger spectral feature than when

compared with gold and is even more dominating when the libraries are normalized.

With all of the work on the back end to first identify and then correlate the gadolinium

material library, the final results of the physical units within the entire object are unveiled.

Figure 5.13 demonstrates the found material locations and their corresponding densities

for the bone library. The bone library again has collected and identified itself as having

locations at the outer edges of the object under investigation. This could again be an

artifact of the Monte-Carlo simulations and the need to have a larger number of histories

to reduce the overall noise in the spectral simulation used to build the reconstructed

image. The feature itself, feature 1, was accurately identified in its physical location.

Figure 5.14 shows the distribution of the voxels that identified gadolinium as be-

ing part of the winning material combination. As with the gold material library, all of

the features containing gadolinium were properly identified. Within this figure, a large
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Figure 5.12: Nonfiltered and non-normalized material libraries used for the material
quantification of bone, gadolinium, and water.
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Figure 5.13: Density map of bone within the object under investigation.
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Figure 5.14: Density map of gadolinium within the object under investigation.
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amount of identification artifacts were again found. Feature 6, with the lowest concentra-

tion of gadolinium was also not entirely identified as containing gadolinium, which was

also found to be the case with the gold contrast agent. This suggests a lower limit to the

ACLLS analysis, but it does not define it.

Figure 5.15: Density map of water within the object under investigation.

Figure 5.15 demonstrates the voxels analyzed by ACLLS to contain the water library

and their corresponding densities. It was able to properly identify the location with only

bone in feature 1 as having no water. The remaining mixture features, from 2 through 6,
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were also properly identified as having water. The outer edge of the base is also clearly

demonstrated as the sharp drop in the overall magnitude of the library. Again, a single

representative density map of the three materials used in this example can be found

within Figure 5.16, where red corresponds to gadolinium, green is representative of bone,

and blue is represented as water.

Figure 5.16: A single representative density map for the materials of gadolinium in red,
bone in green, and water in blue.

The last portion to demonstrate the results of the ACLLS analysis using an object
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that contains gadolinium, bone, and water, was to consider the regional averages of each

material and compare them to the ideal response. Considering that again there was only

a single regional average for the bone material, a plot was not created. The average found

density was 1.9436 with a regional standard deviation of 0.0092. Compared to the ideal

result of bone as 1.92, this solution is not too drastically inappropriate to generate a

conclusion for the region as bone.

Figure 5.17: Comparison of the true density and the regional average density found for
the gadolinium material.
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Figure 5.17, plotting the relationship between the ideal result and the found result

for the regions identified as gadolinium, is not significantly different from the results

found with the object containing gold in Figure 5.1. These plots are indeed different as

they were produced from different analyses, from a different object, with a different set

of materials. The results were expected be similar as the regions being identified that

contain the same amount of contrast, and the means by which to reach these conclusions

were created exactly alike.
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5.4 Five Material Libraries in a Single Object Con-

taining: Gold, Gadolinium, Bone, Water, and Io-

dine

With three separate models created, an investigation into two separate contrast agents,

and a third examination into bone density, it was deemed necessary to even further test

the ACLLS analysis method. This idea was to again use the same basic geometric config-

uration that the previous studies used, but this instance, the material list would include

all of the previous libraries and add iodine, another contrast agent. Iodine itself is one

of the most widely used contrast agents in x-ray based imaging techniques as it has the

capabilities to enhance many imaging modalities such as: angiography, venography, intra-

venous urography, and many more. Considering that iodine currently is used prolifically

as an x-ray contrast agent, it was deemed as a necessary inclusion into this study to form

a more complete argument for the ACLLS analysis.

A table of these specific concentrations and their corresponding densities can be found

in Table 5.4. Within this table, the feature number corresponds again back to Figure 4.22.

It should be noted that these material configurations are the most complicated thus far

with all of the features being mixtures of multiple materials with the exception of feature

100, which is filled with water and acting as a soft tissue component. Features 1, 2, and

3 are all repeated material mixtures that were at the lower edge of the ACLLS analysis’

ability to produce a reasonable result in terms of both their physical locations and the

quantification of each material’s density. Feature 4 includes the new contrast agent of

iodine mixed with water, which was also placed at an expected lower density bound.

Features 5 and 6 are more complicated than previously explored, with three materials of
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the same relative density profiles residing within the same feature.

It was believed not completely necessary to produce a similar object that had several

densities of iodine, as was previously simulated for both gold and gadolinium mixtures

with water. This was due to the ACLLS analysis proving its abilities to locate and

quantify two other contrast agents and iodine being an existing well used contrast agent

with x-ray imaging modalities.

Table 5.4: Material compositions and densities for the investigation of the multiple con-
trast agent materials.

Feature Number Material % of Contribution Density [g/cc]

1 Water
Bone

20.0000
80.0000

0.2000
1.5360

2 Water
Gold

99.5024
0.4976

0.9997
0.0050

3 Water
Gadolinium

99.5022
0.4978

0.9994
0.0050

4 Water
Iodine

99.5020
0.4980

0.9990
0.0050

5 Water
Gold

Iodine

99.0087
0.4957
0.4957

0.9987
0.0050
0.0050

6 Water
Gadolinium

Iodine

99.0083
0.4959
0.4959

0.9984
0.0050
0.0050

100 Water 100.0000 1.0000

Again, to make quantifications of the found material densities for iodine, an equation

was built to compare the found scaling values to a more easily interpretable density value.

This was done in a similar fashion as before, by choosing several points to represent the
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overall range of densities expected within the object under investigation. Values were

calculated by producing a simulation for each separate density of iodine. A single material

library was then used as the standard and by applying an LLS analysis to the remaining

densities for iodine, Equation. 5.2 was built to correlate the found scaling values to their

densities that had a resulting R2 value of 0.9998. These specific values can be found in

Table 5.5 and they were plotted along with the developed equation in Figure 5.18.

Table 5.5: Quantification values used to relate the scaling value to the density of the
iodine library.

Scaling Value Density [g/cc]

9.0492 0.1000
1.0000 0.0100
0.5012 0.0050
0.0733 0.0010

Fiodine(x) = 0.0110x− 0.0005 (5.2)

As with the bone, gold, water, and gadolinium libraries, to perform the proper mate-

rial identification, a library was created using the same method as before for iodine. For

the sake of clarity and conciseness, the nonfiltered and non-normalized libraries used in

this material identification process are shown in Figure 5.19. This image clearly demon-

strates all of the k-edges for the gold, gadolinium, and iodine contrast materials. The

final ACLLS analysis has a total of 31 separate material combination possibilities, which

allowed mixtures of all the contrast agents with any of the other contrast agents and
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Figure 5.18: Points used and the equation found to relate the scaling values to the
material density for iodine.
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water but not alone and not with bone; bone was only allowed to mix with water. These

initial limitations resulted in a total of nine possible material combinations to perform

the ACLLS analysis and process the results.

Figure 5.19: Nonfiltered and non-normalized material libraries used for the material
quantification of bone, gold, water, gadolinium, and iodine.

As with the previous data sets, each of the individual materials physical positions

within the object under investigation will be shown. Within Figure 5.20, bone demon-

strates again a very good physical identification, and again some misidentifications are
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Figure 5.20: Density map of bone within the object under investigation.
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made at the outer edge. The found density values are quite low and could potentially be

removed by setting a different set of limitation bias on the solutions. This result with has

been consistent with the results from the previous model’s objects, with the exception of

the investigation with gold, which simulated with an extremely large number of histories

and explains for the lowest amount of noise within the reconstruction.

Figure 5.21: Density map of gold within the object under investigation.

The figure showing the found positions for gold in Figure 5.21, shows the most amount

of noise at the edges and two other notable regions of interest. Feature 2 in Figure 5.21
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demonstrates a clearly defined area, which has about the same definition as feature 5 in

Figure 4.46. These two features in separate objects have the exact same material mixture

configuration and is the driving factor behind their similarity. These results were found

regardless of the actual libraries and configurations used in the ACLLS analysis. Feature

5 in Figure 5.22 is a mixture of gold + iodine + water, which also has a similar spatial

definition and magnitude it its counterpart in feature 2. There are a small amount of

material identifications with low densities made at the outer edges of feature 4 within

the object under investigation. These material identifications of gold come from the com-

bination of gold + iodine + water, which is a feature present but not at this particular

location. This misidentification is simply an outcome of including more libraries, as it

creates the scenario of more possibilities for combinations to fit attenuation profiles that

have a large amount of noise.

The distribution of water continues to produce consistent results throughout the ex-

amples used. The void in the water density map in Figure 5.22 at feature 1 should be

filled in with a small amount of water but this again is consistent with the previous in-

vestigation with bone in Figure 5.3 at feature 2. These two results agree that the ACLLS

analysis has difficulty including water when there is a high amount of bone but low con-

centrations of water. The outer edges of feature 6 also demonstrated several voids at the

outer most edges, which can be attributed to noise in the attenuation profile from several

contrast agents being present at that feature.

Figure 5.23 demonstrates the density map for the distribution of gadolinium. These

results are very similar in their overall shape and magnitudes, as expected. No noise or

artifacts were found.

The density map for iodine has similar traits to the results found with gadolinium, in

that each of the three features with iodine are approximately similar in shape and overall
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Figure 5.22: Density map of water within the object under investigation.
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Figure 5.23: Density map of gadolinium within the object under investigation.
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Figure 5.24: Density map of iodine within the object under investigation.
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magnitude. Figure 5.24 demonstrates these results which were the expected outcomes

for any material. These results are indicative of a contrast agent with good photonic

properties for identification, and could be a driving reason behind iodine being selected

as one of the leading contrast agents for x-ray imaging modalities.

Figure 5.25: A single representative density map for the materials of iodine in purple,
gold in blue, gadolinium in green, bone in yellow, and water in red.

In an attempt to produce a single image to represent all five materials, Figure 5.25

was created. This particular representation only takes into consideration the materials as
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colors, and does not represent the various densities of each. Each material was assigned a

particular color, and each color was given an opacity setting to allow transparency of each

within the final image created. The represented materials were: iodine as purple, gold as

blue, gadolinium as green, bone as yellow, and water as red. With all of these materials

placed on a single figure, each of the individual components become quite apparent. All of

the six smaller features demonstrate their ability to be found. The features with mixtures

of three materials, consisting of two relatively low concentrations of contrast materials

and water, were fully identified. The outer edge of the object under investigation was

also filled some noise that caused misidentification of some materials.
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Table 5.6: The true expected values, found average densities, and the standard deviation of the densities for each feature.

Feature
Number

Material Expected
Density
[g/cc]

Found
Average
Density
[g/cc]

% Error
Between

Expected and
Found

Found
Regional

Density STD

1 Water
Bone

0.2000
1.5360

0.1652
1.6403

-17.40
6.79

0.0291
0.0193

2 Water
Gold

0.9997
0.0050

0.9508
0.0043

-4.90
-14.00

0.0178
0.0005

3 Water
Gadolinium

0.9994
0.0050

0.9445
0.0047

-5.49
-6.00

0.0117
0.0003

4 Water
Iodine

0.9990
0.0050

0.9288
0.0048

-7.03
-4.00

0.0193
0.0003

5 Water
Gold

Iodine

0.9987
0.0050
0.0050

0.9482
0.0046
0.0046

-5.06
-8.00
-8.00

0.0165
0.0005
0.0003

6 Water
Gadolinium

Iodine

0.9984
0.0050
0.0050

0.9118
0.0047
0.0052

-8.67
-6.00
4.00

0.0181
0.0003
0.0002

100 Water 1.0000 0.9345 -6.55 0.0037
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Since this particular model and material configuration did not have an investigation

into the range of found densities for a specific contrast agent and their ideal response, a

table of found values within each feature was created. These final comparative solutions

can be found in Table 5.6 that include: the expected density, the found regional average

density, and the standard deviation of the found densities. With these representative

values for this particular object under investigation, it becomes clear that the found

solutions using the ACLLS analysis is able to produce solutions that are quantifiably

close to the expected values.
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5.5 Smaller Features with Five Material Libraries in

a Single Object Containing: Gold, Gadolinium,

Bone, Water, and Iodine

As each of the locations for each material combination and their respective densities

were found with relative accuracy, the idea to further test the limitations of the ACLLS

technique came about. This idea was to reduce the physical size of the smaller cylinders

of features 1, 2, 3, 4, 5, and 6 by half to give them all a diameter of 1 mm. The material

compositions and densities remained the same as in Chapter 5.4 within Table 5.4 so as

to make comparisons between the results of each. To not further complicate the material

density distributions, each individual material will not be shown. The final singular image

in Figure 5.26 demonstrates the physical locations for each material, where the color

scheme used is consistent with: iodine as purple, gold as blue, gadolinium as green, bone

as yellow, and water as red.

As with the previous solution in Figure 5.25, the ACLLS analysis on the object with

smaller feature sizes were properly identified all of the material’s locations. No changes to

the previously described parameters and thresholds to the ACLLS algorithm was made.

Features 4 and 5 have all three materials present identified, despite their colors being

similar. Gold was again incorrectly found along the outer edges of the base object in

feature 100 but as before, these quantities have small relative densities.
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Figure 5.26: A single representative map of the locations for each material in the library.
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Table 5.7: The true expected values, found average densities, and the standard deviation of the densities for each feature.

Feature
Number

Material Expected
Density
[g/cc]

Found
Average
Density
[g/cc]

% Error
Between

Expected and
Found

Found
Regional

Density STD

1 Water
Bone

0.2000
1.5360

0.4290
1.4982

114.48
-2.46

0.0000
0.1347

2 Water
Gold

0.9997
0.0050

0.9749
0.0023

-2.49
-54.74

0.0098
0.0002

3 Water
Gadolinium

0.9994
0.0050

0.9633
0.0028

-3.60
-43.15

0.0114
0.0004

4 Water
Iodine

0.9990
0.0050

0.9484
0.0032

-5.06
-35.85

0.0028
0.0003

5 Water
Gold

Iodine

0.9987
0.0050
0.0050

0.9450
0.0040
0.0035

-5.38
-20.14
-30.36

0.0180
0.0003
0.0006

6 Water
Gadolinium

Iodine

0.9984
0.0050
0.0050

0.9354
0.0034
0.0040

-6.30
-31.33
-21.09

0.0327
0.0003
0.0002

100 Water 1.0000 0.9486 -5.14 0.0031
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The expected material values for each feature, found regional average values and

their standard deviations are shown in Table 5.7. This table demonstrates that the found

values are slightly lower than that of the values which were derived from the larger feature

model. This could be due to the facet of the point spread function (PSF) associated with

the microCT system and its ability to properly resolve the smaller regions filled with

dissimilar materials.

As an exploration into the impacts of the PSF of the system and its impact on

the material selection process with the smaller sized features, a separate 2D Gaussian

filter was imposed on the reconstructed image used to perform the material selection. The

exact same geometric and material configurations were used as previously described. The

Gaussian filter was adjusted to contain 1 spatial pixel unit as its value for the standard

deviation so as to have less of an impact on the smoothing at each energy bin image.

Figure 5.27 demonstrates that with the smaller standard deviation 2D Gaussian

smoothing filter, many more holes within the main body of the object under investi-

gation were left without any material being identified. These voids in the identification

are displayed in Figure 5.27 as white space and have no feasible solution. Additionally,

the edges of the figure are more jagged in appearance and slightly smaller, which is ac-

tually closer in size to the actual object. The smaller features in general were properly

identified, but there were more locations left unaccounted for around each feature that

demonstrated a lack of material identification.
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Figure 5.27: A single representative map of the locations for each material in the library
with a higher frequency 2D Gaussian filter.
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Table 5.8: The true expected values, found average densities, and the standard deviation of the densities for each feature using
a higher frequency 2D Gaussian filter.

Feature
Number

Material Expected
Density
[g/cc]

Found
Average
Density
[g/cc]

% Error
Between

Expected and
Found

Found
Regional

Density STD

1 Water
Bone

0.2000
1.5360

0.4290
1.4982

114.48
-2.46

0.0000
0.1347

2 Water
Gold

0.9997
0.0050

0.9706
0.0023

-2.91
-53.17

0.0152
0.0003

3 Water
Gadolinium

0.9994
0.0050

0.9633
0.0028

-3.60
-43.15

0.0114
0.0004

4 Water
Iodine

0.9990
0.0050

0.9477
0.0032

-5.13
-36.11

0.0035
0.0003

5 Water
Gold

Iodine

0.9987
0.0050
0.0050

0.9450
0.0040

0.00348177

-5.38
-20.14
-30.36

0.0180
0.0003
0.0006

6 Water
Gadolinium

Iodine

0.9984
0.0050
0.0050

0.9354
0.0034

0.00394532

-6.30
-31.33
-21.09

0.0327
0.0003
0.0002

100 Water 1.0000 0.9486 -5.14 0.0031
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Table 5.8 contains the actual results from each feature within the object under in-

vestigation. The values used in the quantification of the found materials was the same

between the selection process with the original 2D Gaussian filter and the adjusted filter.

As a result of this change in smoothing process, the resulting densities are not exactly

the same. This can be seen in the solutions found for features 2 and 4, which both had

void materials at the surrounding feature edges of each.

170



5.6 Exploration into Fewer Energy Bins Over the

Same Energy Range

Given that the detector used throughout this investigation does not currently exist, an

ACLLS analysis was performed using a reconstructed image with fewer energy bins.

This was done in an attempt to determine the number of energy bins that would produce

reasonably correct solutions. The test model was the same base as in Chapter 5.4 because

this was the most complicated material set with a geometric configuration that produced

statistically viable solutions at the appropriate locations. Through these investigations,

and for consistency within the solutions, the filtering parameters and biased limitations

for material identification were not changed. For each change in the number of channels,

separate reconstructed images were produced for all of the libraries as well as the model

under investigation. Additionally, the same basic energy range was maintained being

between approximately 33 keV and 88 keV depending on the number of energy bins

used.

The first channel reduction was to use a total number of five possible energy bins

over which the ACLLS analysis was performed. This was considered to be the lowest

possible number of energy bins that would produce results. The normalized and filtered

libraries used in this particular data set can be found in Figure 5.28. Within this library,

it is clear that the gold attenuation profile is quite featureless and very similar to that

of the bone and water profiles, where the k-edge does not present itself as a dominating

feature. Iodine and gadolinium present themselves in a much more favorable manner as

their k-edges are much more apparent over this number of energy bins.

The locations of each individual features can be found in Figure 5.29. Within this im-

age, it is clear that there is quite a bit of misidentification of material locations and it was
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Figure 5.28: The normalized and filtered libraries used from reconstructed images with
five channels.
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Figure 5.29: Material locations using five energy bins.
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deemed not necessary to perform quantification. Feature 1, which is bone, was incorrectly

identified as being a mixture of iodine, gold, and water. The features with mixtures of

water and the three contrast agents however did find the appropriate locations. The outer

most edge of the base feature demonstrated a large amount of gold misidentification. The

feature with water, gadolinium, and iodine was also largely misidentified as having many

empty voxels.

Figure 5.30: The normalized and filtered libraries used from reconstructed images with
fourteen channels.
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Given that the identification process for the reconstructed image with five channels

was unsuccessful, the number of discernible energy bins was increased to fourteen. Fig-

ure 5.30 demonstrates the updated attenuation profiles used for this modified number

of energy bins. Within this image, the k-edge feature in the gold library becomes more

dominant and the bone library still is relatively featureless when compared to water.

Figure 5.31: Material locations using fourteen energy bins.

Figure 5.31 demonstrates the ACLLS material identifications for an object analyzed

with fourteen separate energy bins. These results are similar to the solutions found in

175



Figure 5.29 where the bone feature is not properly identified. The driving factor behind

this misidentification was the within this feature space, the majority of the water + bone

solutions produced negative scaling values for the bone library, which was deemed as an

unacceptable solution. The remaining combinations of material mixtures were relatively

accurate with the feature locations and identifications. The k-edges present within the

attenuation profiles for these contrast materials assist in making the correct decisions

with regards to the identification process.

The final channel reduction under investigation used twenty-five channels over the

energy range under investigation. These were exactly half as many channels as used

throughout the previous investigations with the ACLLS. Again, the modified libraries

used are shown in Figure 5.32, and as expected, each of the individual libraries become

more distinguishable. Each of the spate k-edges become more apparent and most impor-

tantly, the bone library demonstrates a much larger discrepancy from water. These added

spectral features improve the ACLLS’s ability to properly select the most appropriate

material within each voxel.

The last ACLLS material identification analysis using a reduction to twenty-five chan-

nel numbers can be seen in Figure 5.33. Here again, the bone feature was misidentified

as a void, but this is more correct than the analysis choosing a series of different mate-

rials. The edges of the bone feature have been properly identified but the center portion

remains unaccounted for. The reason for this hole within the feature comes from the fact

that the ACLLS analysis routine found water to have a negative scaling factor, which

again has been removed from further analysis because it is a non-physical solution. The

remaining features that include the contrast agents were successful in locating the fea-

tures, with the same problems residing in the edges of feature 6 with the mixture of

gadolinium + iodine + water. Additionally, the outer edges of the base feature were still
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Figure 5.32: The normalized and filtered libraries used from reconstructed images with
twenty-five channels.
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Figure 5.33: Material locations using twenty-five energy bins.
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misidentified as having small amounts of gold, but this has been consistent with all of

the analyses and potentially could be cleaned up if changes were made to the threshold

identification limitations.
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Chapter 6

Discussion

All of the various material configurations and slight changes to the geometry, resulted in

two basic solutions for an input object: a map of identified materials with their physical

locations, and the densities for each material found within all of the voxels. These studies

initially explored a series of concentrations for gold, bone, and gadolinium so as to better

understand the overall behavior of the ACLLS’ ability to identify each material properly,

and then to quantify the results in terms of its density. After the trends from these

experiments were established, a more complicated material configuration was explored

with iodine as an added material. The ACLLS method was then even further tested by

using smaller physical samples of the same complicated material configuration, and by

limiting the number of energy bins over the same energy range. These additional analyses

were designed to find the limits of the ACLLS analysis.

Exploring the expected concentration and relative density range of the materials

anticipated to be present within the object under investigation was considered to be

a good test on the flexibility and accuracy of the ACLLS technique. Gold, bone, and

gadolinium materials were studied as mixtures with water in various concentrations.
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Water was used as a substitute for soft tissues in the body as they are somewhat similar

in density and in their elemental composition. Additionally, mixtures with water would

be easier to conduct in future experiments to compare with the found results in this

study.

The two contrast agents investigated with the ACLLS were gold and gadolinium,

which explored a range of densities. The idea behind the exploration was centered on

the fact that in normal circumstances an object or patient would not be injected with a

solid gold or gadolinium rod as a contrast agent. Contrast agents would be in a solution

and then further diluted as it passes through the vasculature of the patient, and as a

result, the relative density of these contrast agents would diminish. With this in mind,

it is important to understand the lower limit of the contrast agent concentration that

this microCT system could potentially locate, identify, and then quantify successfully. For

comparison between the two contrast agents, the same relative densities were used despite

their differences in the actual material contribution to the whole feature. The found

locations for each material as in Figure 4.46 and Figure 5.14 from gold and gadolinium

respectively, all four regions of the contrast agent were successfully found. Feature 6

in both instances had the lowest density used at 0.0025 grams per cubic centimeter

did however experience some difficulty in locating the contrast agent completely in the

feature for both. This could be viewed as the lower threshold relative density given a

feature that is 2 mm in diameter. Considering that this investigation did not continue to

investigate into lower densities, a lower value might still be possible. As for the density

quantification given the scaling value, both of the contrast agent’s correlation had the

same basic trend occurring. The gold densities in Figure 5.1 and the gadolinium densities

in Figure 5.17 are very similar in shape despite their quantification equations being

different. These results are promising in that the same behaviors are being experienced
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with both contrast agents. Interestingly enough, the lowest density, with the least amount

of physical space identified, was found to be the closest to the ideal and true value, and

the highest value was the furthest from the true value and experienced the largest amount

of spatial distribution from the average density. These trends could be associated with

the idea that as the mixture becomes more even, each contributing library to the fit is

unable to accurately resolve the solution. In the opposite direction, when the mixture

becomes less, one library dominates the fitting profile and the solutions become more

accurate overall.

When considering the investigation with the mixtures of bone, another interesting

trend occurred. The locations of each individual feature were identified with a relatively

high degree of accuracy as in Figure 5.2. Again, the lowest bone density region with

a density of 0.001 grams per cubic centimeter was partially found, but this again was

still not completely lost to the ACLLS algorithm. The density quantifications found in

Figure 5.5 demonstrate a good overall agreement with the ideal true value. The solution

underestimates the density at the lower two features and over estimates at the higher

remaining density features. The corresponding water density quantifications in Figure 5.6

also demonstrated a trend that placed the water continuously below the ideal values, but

at the lowest and highest concentrations of water, the found densities were closest to the

ideal density. As discussed before, one idea behind this occurrence could be that at either

end of the mixing spectrum, one library dominates the attenuation profile and has a high

degree of confidence, which forces the lower contributing library to also have a higher

degree of confidence. These trends can be found in Figure 5.9 and Figure 5.10, where the

percent of standard deviation to the found density is plotted against its expected values

to show the relative distribution of the solutions. When the mixing is completely even,

neither library dominates the ACLLS fitting routines and thusly allows for an overall less
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confident solution for each voxel, which in turn creates an overall lower and less confident

regional average.

Given that the previous three models were designed to examine the range and flex-

ibility of the ACLLS method over a single material’s density, a more complex material

configuration was created to test the number of libraries that the ACLLS could resolve

properly. This new model included the previously used materials of gold, bone, and

gadolinium on a water background, but this last material configuration included another

contrast agent commonly used, iodine. To use knowledge gained from the previous three

examples, three of the same features would be recycled into this new configuration. The

remaining three material features would include a mixture of iodine and water, and two

mixtures of iodine and water with gold and gadolinium separately. This produced a total

of five individual libraries for each material and resulted in 31 possible combinations to

sort through. The final locations for each material were properly identified with relatively

good accuracy as shown in Figure 5.25. Gold had the lowest success rate when it was

mixed with both water and iodine. This was to be expected due to the fact that the

attenuation profile for iodine is much stronger than that of gold, as seen in Figure 5.19,

and that when more materials are mixed together, more uncertainty is introduced. Re-

gardless of this aspect of the feature, all three materials were successfully identified. Gold

also collected the majority of the noise produced at the edge of the object due to this

same trend, which may be a result of the k-edge from gold being located at the high

end of the spectrum and attenuation profile used. This location in the energy domain

is plagues with an overall lower emission photon flux, and may be more susceptible to

photonic noise. Gadolinium was easily identified when it was mixed with water and io-

dine as its attenuation profile signature is as equally strong as iodine. Compared with

gold, the k-edges of gadolinium and iodine are located within a much stronger portion
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of the emission spectrum and could be a reason behind the increase in identification and

quantification of those materials. In general, iodine was very sharply and clearly iden-

tified within its respective locations, which is to be expected and most likely a driving

factor behind its vast usage. When considering the quantification of each feature as in

Table 5.6, it is clear that the found average values for each contrast agent is relatively

close to the ideal value with gold having the largest discrepancy to the expected values

in both of the features that it is found. Overall, this produced a successful analysis of the

identification and quantification an object with a complicated material configuration.

Thus far, the geometric configurations have remained the same in all of the objects

investigated. To even further still create an argument to the validity and robustness

of the ACLLS analysis, the features in which the material configurations were placed

were decreased in size by one half the original diameter of 2 millimeters, to a cylinder

with a diameter of 1 millimeter. Without changing anything with the ACLLS analysis

parameters, and only producing new simulations, each of the materials were fully found

within each of their respective locations. As with before, gold was included within the

outer edge of the figure where noise is largely found. The image displaying each material’s

location can be found in Figure 5.26. Additionally, both of the most complicated material

regions also properly identified all three of the components correctly. The largest setback

from using these smaller cylinder features came in the form of their material density

quantification. These results in Table 5.7 demonstrated that the densities calculated

from the reconstructed figure produced solutions that were substantially below the true

values. This could be a result of the spatial point spread function (PSF) from the microCT

system imposing its own feature distortions and blending of material boundaries. These

results could also have been skewed by the 2D Gaussian filtering process selecting regions

outside of the true locations for each feature.
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To explore the possibility of the filtering impacting the material identification, a

second and different reconstructed filtered image was used in the material identification

process. The parameters for this new 2D Gaussian filter created an operator with a much

lower standard deviation to the Gaussian equation. This resulted in a less smooth image

and changed some of the material identifications made. In general, all of the features

remained the same size with the exception of the base. The edges of the base were reduced

to a smaller feature, and the base as a whole feature resulted in identification voids, where

the final identification process was unable to be resolved. The material identification was

inconsistent and the quantification of the densities were relatively unchanged between the

two filtered images. Ultimately, the less smooth 2D Gaussian filter produced undesirable

solutions and demonstrates that spatial resolution has an impact on the accuracy of

material identification.

With all of these investigations using a detector that is currently hypothetical in

its ability to resolve a larger number of discrete energy bins, an exploration into the

ACLLS analysis using a reduced number of energy bins over the same energy range in

the reconstructed image was made. To accomplish these analyses, updated reconstructed

images needed to be made for each material used in the identification process at each new

energy bin step size. It was found that if the limitations on the material identification

process is not modified, then the material selections are typically incorrect. As the number

of energy bins increases, variations in the solutions are also experienced. This has to do

with the specific attenuation features that become either more or less influential in the

library used for each material. It could be possible to reach a better solution with a

larger number of energy bins, but these would each require new threshold values and

subsequently a different amount of radiation exposure to achieve the proper statistical

confidence in the spectra collected.
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Chapter 7

Summary, Improvements and Future

Directions

An array of material configurations were utilized to build an argument on the validity and

robustness of the ACLLS analysis package to properly identify and quantify the materials

present within an object. The primary focus of this study was on x-ray contrast agents,

but an investigation into bone was also included. The physical locations of each material

were found with relative accuracy in the region each feature was expected to reside. Of

these regions, the found density for each material was within a consistent and reasonable

range from the true density values. In order for any of the analyses to be valid, much work

had to be placed into building a predetermined library of attenuation profiles for each

material. Each material also had an equation to correlate the found linear scaling values

into an interpretable density solution. The entire ACLLS analysis process involved many

complicated steps to reach a final conclusion. Within each step, improvements could be

made to reduce the outcome of misidentifications at improper material locations. The

discrepancies between the found material densities and their actual true values could
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also use modifications to enhance its overall accuracy.

187



7.1 Material Identification Summary

The ability of the ACLLS technique to choose the correct physical locations for each ma-

terial within the library used was relatively accurate. Each of the features were properly

identified as having the correct materials within the final decision made regardless of the

libraries used. The driving force behind the ACLLS making these material identification

decisions used the 2D Gaussian lowpass filter to preprocess the input unknown image.

Fundamentally, the Gaussian filter was used to reduce, minimize, and alleviate some of

the artifacts produced in the reconstructed image from the simulations and potentially

the reconstruction itself. Monte-Carlo simulations, at its core principle, work by contin-

uously sampling a complex series of probability distribution functions, where sampling

could theoretically continue infinitely. Given that an infinite amount of time was not

available, these samples had to be limited, and as a result the final spectral results could

have been improved with more histories in each simulation. Some artifacts from the CT

reconstruction process are somewhat unavoidable depending on the subject being im-

aged. In this instance, a beam hardening like effect was found and minimized by the 2D

Gaussian filter.

One negative side effect of using the 2D Gaussian filter in the material identification

process, was that the selected material regions tended to spread beyond the actual fea-

tures where the materials were physically present. This was a result of the empirically

selected standard deviation of the Gaussian function used when the reconstructed image

was smoothed. Smoothing any image with a lowpass filter reduces the high frequency

signatures found within the base image. This was needed to reduce the unwanted noise,

but its indiscretionary approach negatively impacted the edges of all of the features found

within the object under investigation. The result forced surrounding voxels to take on
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traits that were not originally part of their material’s attenuation profile.

Additionally, each energy bin was treated with the same 2D Gaussian filter param-

eters. Each separate energy bin possesses a separate point spread function (PSF) with

respect to the overall system use. Also, each individual element or material composition

possesses an individual PSF for each incident photon energy based on their attenuation

profile. As a means for simplicity of execution and with the expectation that within

actual experimentation, all of the materials may not be known. As a result of this un-

known parameter, a standard smoothing filter was used. Ultimately, the 2D Gaussian

filter parameters could be adjusted along each energy bin.

The reconstructed image used for material identification was also normalized and

scaled after the smoothing filter was applied. Normalized libraries were also used with

the altered input image to perform the ACLLS analysis. This process was chosen so as

to produce results that would have a common baseline with which to make comparisons.

The output values to the fit of each voxel’s attenuation profile were then used with

biased thresholds that had to be met for a library combination to become eligible in

the final selection process. These thresholds were an essential component in selecting the

most correct material combination, and were chosen with empirical knowledge. If the

threshold values were changed, a different set of solutions could possibly have resulted in

a different material identification outcome, either for the better or for the worse overall.

In all of the analyses shown in this discussion, the same set of thresholds were used as

noted in Chapter 4.6.
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7.2 Material Quantification Summary

Converting the found ACLLS output linear scaling values to a more easily understandable

density solution, produced reasonable results overall. In order to produce these quantifi-

cations, an entirely different ACLLS analysis from the one performed in the identification

process was required. The ACLLS quantification analysis used the original nonfiltered

and non-normalized reconstructed image with the fitting routines that used the libraries

generated from the same types of images. Unlike the solutions produced in the identi-

fication process, no limiting biased fitting parameters were implemented on the found

solutions from each combination. The means by which the solutions were constrained

was based on the individual fitting parameters found. If a found library’s scaling value

was negative for a given combination, it was removed from the list of materials and the

solution was re-run. This process was continued until no negative libraries remained. This

created the possibility for a combination to not have a solution, or some combinations

to have the same final remaining libraries. After this modified ACLLS analysis, the cor-

responding material combination selected in the previous ACLLS identification step was

used to choose the final material values.

During the identification process the Gaussian filter over identified some of the fea-

ture regions but the unfiltered image helped to resolve these issues. Due to the fact that

the 2D Gaussian filter smoothed the image and blurred regions of separate materials

together, it unavoidably resulted in misidentification of voxels. By using the unfiltered

and non-smoothed image to make the final quantification values, the regions that were

misidentified were readjusted to their proper material identification. Using the nonfil-

tered images produced fitting solutions in blurred regions that were negative which were

incorrect and subsequently ignored. Also, by using the raw reconstructed image that was
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non-normalized produced quantification values that were true to their more accurate at-

tenuation profile magnitude, which is a driving factor behind acquiring the proper density

value for each material.

The quantified density values themselves were more accurate for higher concentrations

of a single material in a mixture than at lower concentrations of that same material. This

resulting trend demonstrated itself more clearly when the exploration on the density of

bone as seen in Figure 5.9 and Figure 5.10. This trend was the result of material blends

with a higher degree of mixing having less overall confident final scaling values for each

library. The opposite relation was also found, that with material blends with a lower

degree of mixing, where one material was less diluted by the other, a single material

library dominated the fitting routine and created an overall more confident solution for

both libraries.

Overall, the density quantifications were not exactly the expected density values. A

general trend with both contrast agents, was that at lower concentrations their solutions

were closer to the expected value. Extremely high concentrations of the contrast agents

were not explored and deemed as not entirely necessary. The bone densities were much

closer to the ideal but these density values were spread out over a much larger range

than that of the contrast agents. When considering the water density distribution in

both instances, the solution profile was somewhat more interesting. The water density

profile for the contrast agents were consistent and over a very small range of densities.

With the water densities when mixed with bone, the distribution was consistently well

below the ideal, with its furthest deviation being the regions of most mixing between the

two materials.
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7.3 Improvements

Through the entire exploration of the ACLLS process, from simulations to identifica-

tion, and finally quantification, many assumptions were made that could be improved

upon. The largest of these assumptions was centered on the detector used to capture

the photons. Although this specific detector does not currently exist in its capabilities to

differentiate between as many energy bins as used throughout this investigation, all of

the physical properties and dimensions were based off of an existing detector. As detec-

tor technology continues to advance, these parameters are subject to change when such

an energy resolving detector for microCT does become available. These changes would

most likely manifest themselves within the detector response function and should not

drastically impact the overall ACLLS analysis process.

The ACLLS material identification process could possibly be enhanced by several im-

provements. The primary means could use a non-linear fitting routine when mixtures of

multiple libraries are found. In this study, it was assumed that the attenuation profiles

between each individual library would compound in a linear fashion. If it is considered

that many scatters of the photons are possible, then non-linear effects could exist between

materials that are combinations of libraries. This added non-linear component could em-

ploy a bi-linear or tri-linear interpolation method between new libraries of predetermined

mixtures of multiple materials.

Additionally, within the identification process, individually constructed 2D Gaussian

filters could be designed for each energy bin. An exploration into the point spread func-

tion for each individual energy bin that the detector is able to resolve would result in

a standard deviation for a Gaussian function. These standard deviations could be used

to filter to this threshold value for filtration within each energy bin. This could poten-
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tially improve the overall energy resolved image and reduce blurring of feature region

boundaries, which would reduce material misidentification.

When attempting to quantify the materials for each voxel’s winning library quan-

tification, an improved equation could also be used. As it stands, each material used

variations in changes in the density while keeping the elemental composition consistent.

Reconstructions were made, and an average was taken at each energy bin about the cen-

ter portion to be used as the attenuation profile signature. Over the ranges of densities

used for each material, a strong linear relationship was found and subsequently used to

translate the found linear scaling value to the density. This could be improved upon if

non-linear relationships were found to be relevant within the identification process. New

equations would have to be constructed that would properly reflect the relative compo-

sition and densities for each material within the combination found. Also, as with any

sort of interpolation and extrapolation more points used to build the equation are always

desired and could have been used in the argument presented here. Considering these im-

provements in both identification and quantification, the lower threshold of densities for

each material could also be improved upon, which also needed to be further explored.

In order to even further the argument on the robustness of the ACLLS technique, more

material libraries could have been explored. Water was used as a representative material

for soft tissues, and given that these simulations were successful in identification, it would

be a good idea to replace the water with the NIST standard for soft tissue. Also, various

types of soft tissues and organs could be used and further explored the ability of the

ACLLS analysis to differentiate between each. This could give a better idea of how the

system would behave in a more practical situation.

Additionally, a larger range of geometric configurations could be examined to give a

better representative model of biological structures. In order to make a complete assess-
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ment of the ability of the system to located and quantify each of the structures, a z-axis

of the reconstructed image needs inclusion into the analysis process. To accomplish this

increase in complexity, an additional third spatial dimension in the reconstructed image

would drastically increase the simulation time and the analysis time. For these tasks to

be accomplished, much more CPU power would be required beyond what has been used

in this investigation.

With all of these improvements as part of a future study, the inclusion of a second

X-ray source could also make for a much stronger analysis. The idea would consist of

performing an ACLLS analysis with two different photon emission spectra. Having a

second X-ray energy source or target element would require a completely different and

new library data set, and quantification equations and complete ACLLS analysis to reach

a final solution. With using two separate X-ray emission spectra, two separate arguments

could be made on identification and quantification of the object under investigation. If

both analyses agree upon the material and densities found, then it could be stated that

it has been properly identified.
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7.4 Future Directions

The fundamental conclusion of this entire study, found that multiple simultaneous mate-

rials were detected, located, and quantified in all of the reconstructed voxels from a single

microCT image. This improvement over the current technology of material identification

and quantification allows for a wide range of subject scenarios that can be analyzed. An

outcome from using this method could drastically reduce ambiguities within the object

that is being investigated and improve the overall diagnosis process by a team of medi-

cal practitioners. Since the ACLLS method does not differentiate between any possible

material combinations, a wide range of materials can be included within the library. By

using libraries of known materials that have been scanned by the microCT system, many

intrinsic detection properties are built into the libraries which can alleviate potential

problems with identification and quantification.

The largest possible constraint in this investigation was centered on the detector. As

the detector array used throughout this process does not currently exist, only simulations

were possible to create a reconstructed image with a large number of energy bins. The

detector itself was modeled off of an existing design with the hopes that the industry

will take note of the work demonstrated here and improve their specifications to include

more energy bins to their design. Given that a detector array is created in the future

with more energy bins, a brief series of experiments and reconstructions would be needed

before the ACLLS method could be implemented.

Once a detector array with more energy bins has been created, clinical trials with

mice could be performed. These tests would truly determine the flexibility and accuracy

of the ACLLS method. Several different contrast agents could be injected into the mouse

targeting different organs or soft tissues. These could then be used as the basis for future
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studies with humans and lead to an additional study with traditional CT images.
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