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The subject matter addressed in this thesis is the application of compter basxi 

reconstniction of trans-axial images using megavoltage x-rays for the verification of 

patient positionhg during radiation therapy treatments. This study is intended to 

determine if standard portal imaging and tele-radiotherapy equipment can be used in 

conjuuction with computed tomography to i n c r e ~  the amount of information 

available for patient locaiization. Currentiy portai imaging devices are used to obtain 

patient localization information within the plane of the captured image. This means 

that information such as the ttansverse rotation and distortion of the image due to out 

of plane motion cannot currentiy be quautified. It is proposed that a computed 

tomography image be reconstnicted to ovemome this limitation. This study explores 

the feasibility of this approach and examines some possible techniques. We have 

s h m  tht  it is possible, using algebmic reconstruction techniques, to obtain an image 

sufficient for localization fiom as few as ten projections. The treatrnent of this subject 

is divided into three major sections. The first section establishes a mathematical basis 

for tomographie reconstruction and then presents the six algorithms, which are 

intended to tepcesent a range of possible algorithms. As will be explained in the ht 

section the emphasis of the research is on Algebraic Methods and five of the six 

aigorithms presented are h m  this category. The next section discusses how the 

aigorithms can be used in a clinical setting and the required cali'brations and 

calcdations to obtain reconstruction data h m  typical clinical equipment. The hi 

section descnis the apptoach used to determine and compare the usefulness of each 

algorithm and the resuits of this analysis. 
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O(x,y) Object fiinction. 

1: The inteasity of the radiation beam. 

1,: The initial intensity of îhe radiation beam at the radiation source. 

At): The attenuation coefncient of the material at depth t. 

t: Distance traveled by the beam through the material. 

V: Totai thickness of attenuating object. 

s : Distance of a straight line fiom the or@. 

0: angle of a straight line with respect to the y-axis. 

p(s,0): Lie-integral over the object X at angle 0 

X(iJ3, X(r,0), X(m): image function. 

P, X : Fourier transfoms of p and X 

T: The maximum image row width 

U: The maximum number of elements per projection 

N: Total number of pixels within the image fiuiction. 

d(m): Pixels of the re-sampled corrected transmission image 

p(m): Projection vector. 

M: Total number of projection bins. 

M(m,n):The maûix representing the conmiution of the projection to the image. 

B,B,: Projection bi width and height. 

0,,0,: Location of top Lefi corner of projection bin. 



1 Introduction 

Currently a common means of cancer treatment is the use of a megavoltage radiation 

source mounted on a rotating gantry. This treatment modality offers great flexibility in 

delivering a radiation dose, both in the geometrical location of the patient a d  in the 

shaping of the beam. The goal of radiation therapy is to deliver high dose to the target 

volume wbile sparing normal tissues outside of this volume. As this process is 

optimized, as in c o n f o d  therapy, the need for accuracy in positioning of the patient 

becomes particularly strong. 

A variety of techniques has evolved to tackle the problem of patient localization. One 

important technique relies on using film to capture an image of the treatment field or 

portai. Patient position in relation to this treatment portai can be determined by visual 

inspection of the bony or other visible anatomy within this image. This anatomy is 

then visually compared to a reference image of the patient in the position prescribed 

by the radiation oncologist. This methoci is inherently prone to the uncertainty of the 

operator judgement. Recently electronic portai irnaging devices have been inttoduced 

to obtain digital portal images. The possible advantage of these devices is in the use 

of digital image registration techniques to objectively obtain relative translations and 

rotation between the radiation field placement in the reference and the treatment 

image. This possibility has been investigated by tesearchers such as Michalski[l], 

Balter[2], or Moseley[3] who have examined means of determining the field 

placement errors using digital portal imaging. However, motion of the anatomy in 

directions out of the image plane, both translation and rotation, introduces distortions 

in the Mo dimensionai representation of the thtee dimensionai bony anatomy. These 

distortions reduce the effectiveness of any planar (2-D) anatomy registration system. 

To illustrate tbis point let us consider a simplifïed treatment set up. In this example a 

îcianguiar figure will represent the anatomy. The field is intended to cover this figure 

1 



with two centimeter margins. Figure 1 shows this refmnce image. If the treatment 

image is obtained with the anatomy rotateci mund the x-axis in this image then the 

representation of the anatomy in the image is dissimila. to the mtomy of the 

reference image and therie is no correct alignment of this representation of the 

anatomy. The only way in which the anatomy can be correctly reoriented is to 

metsure the mtation around the x-hs.  This problem becomes even more pronounced 

when the complex nature of bony structures is considered. in these cases bones may 

be moved by slight rotations such that two separate bones are overlapping. This will 

cesuit in new features appearing in the overlap region which may not have appeared 

before. Obtaining an image h m  another angle can alleviate this. Although, if the 

object in which this anatomy is embedded does not d o w  for an image to be obtained 

in a suitable view, then there is no means of directly detennining the rotation required 

to reorient the anatomy. Gilhuijs et ai.[6] have introduced a technique that utiiizes 

theedimensional information h m  treatment planning computed tomography (CT) 

scans of the patient obtained prior to treatment A Digitally Reconstructed 

Radiograph is prepared for registration of the anatomical features in the 2 dimensional 

portai image. To some extent this addresses the shortcoming of previous methods by 

allowing multiple views of the reference image to be created. This method is d l  not 

ideal because the image compatison is still done by comparing 2 dimensionai images, 

with the inherent inaccuracy of using the two-dimensional representation of the three- 

dimensional object to perform the registration. Very small rotations and translations 

of the anatomical structures enhance artifacts that easily confuse the regkûation. 

Another difference is the fact that this method still does not gather any additional 

information. A method that recovers a traasectional image could have uses in areas 

such as treatment planning. Others have investigated the possibiity of obtaining a 

tomographie image of the patient during treatment using CT reconstruction techniques 



and specialized detectors. Lewis and SwindeU[4] investigated the use of an array of 

bismuth germanate scintillation detectors and anticipated tbat such a system would 

contribute to increased tumor contd  by reducing patient positionhg enors and 

thereby dowing increased dose to be delivered to the tumor volume. Brahme et. 

al.[5] also implemented a megavoltage CT samer. This system used scintillators and 

photodiode detectors and conventional tninsform reconstruction techniques to 

generate tomographic images. Each of these methods requires a very specialized 

detector mechanism and the collection of a large number of projections. This 

increases the cost and complexity of the system and the time required for the patient 

and personnel to obtain the images. 

The goal of this study is to investigate a means of obtaining these cross-sectional 

images using as few views as possible, ideally using only as many views as are 

required for the radiotherapy treatment. This will allow for quantification of the 

rotations about the cranio-caudal axis and the translations within the plane 

perpendicular to this axis with minimal extra dose to the patient. 

Section 2 of this thesis inüuduces the mathematical representation of the object, 

image and detector. It then continues on to &scribe the mathematics associated with 

the two major categories of CT reconstruction algorithrns discussed in this thesis. 

These categories are referred to as the "Transform" and the "Algebraic" methods. 

Section 3 describes the cihicai environment in which the trans-axial images are 

obtained and the dibrations and caiculations required to properly reconsûuct 

tornographic images b m  data acquid with commercidy available portal imaging 

devices. Section 4 describes tk results of experiments aimed at objective and 

comparative evaluation of images reconstructed with the different algorithms. 

One of the main clinid requirements of this system is to keep the dose to the patient 

as low as teasonably achievable (the ALARA prhciple). With the equipment used in 



this study reducing the projection acquisition t h e  m h h h  the dose to the patient. 

Therefore the most appropriate algorithm is the one that is capable of reconsttucthg 

an image usefiil in patient localkation h m  a minimum number of projections. 

2 Reconstruction Algorithms 

The purpose of this section is to introduce and discuss the tomograpbic reconstruction 

aigonthms employed in this study. The fïrst part of the section describes the 

reconstruction geometry and pments a mathematicai description for this geometry. 

Following this is an ovmiew of the two ciasses of aigonthms discussed in the this 

thesis, the Transfom and the Algebraic methmis. The first reconstruction algorithm is 

an analyticai approach to tomographic image reconstruction. Image reconstruction 

using this method is a series of filtering and summation based operations. The second 

class of reconstruction techniques is the Algebtaic Methods. Algorithms h m  this 

class approach the CT reconstruction as an algebraic system of many liear equations, 

for which the optimal solution must be obtained. The advantages and drawbacks of 

each method will be discussed. 

The reconstruction algorithms presented here are intendeci to deal with reconstruction 

within a plane. The algoritbms can be extended to the-dimensional reconstructioa 

This would greatly increase the number and complexity of the calculations and 

therefore the tirne required to reconstmct an image. This wil l  not be discussed in this 

thesis. 



This section will introduce the mathematicai tetminology used in the iemainder of this 

thesis for describing the elements involved in reconsüuction. The elements of interest 

in reconstruction are the origiaai irnaged object, the reconstructed image, and the 

detector. 

We will use the object hction, O(x,y) to represent the physical property of interest, 

the attenuation coefficient, within the imaged object. Section 2.3 will describe the 

physical properîies of the attenuation coefficient in more detail. 

The reconstructed image X(ij) is the algorithm's best approximation of the object 

fûnction. As rnentioned previously the image function is two dimensional in a single 

plane. This simplifies the algorithm itself and reduces the number of image elements 

involved in the calculation compared to when reconstruction in three dimensions is 

considered. The image hct ion is a discrete fullction where i and j are integer indices 

of image elements within the plane. 

Another element of the tomographic system is the detector mechanism itself. The 

detector is the means by which the data required to calculate a teconstnicted image are 

measured. 

The two standard detector geometries of interest to this study are the parallel beam 

geometry, iiiusûated in Figure 2, and fan beam geometry, illustrated in Figure 3. The 

î h t  case involves a beam of radiation impinging perpendicularly on a flat detector. 

This geometry simplifies the mathematics of reconstruction by eliminating the need to 

take into consideration the divergence of the radiation beam. Therefore the principles 

of a particula. reconstruction algorithm can be discussed with more focus on the 

algorithm itseif. The problem with this geometry is that it is di£Ecult to reptoduce 

physicaiîy in an efficient way. Early CT scanners used this geometry by ûanslating a 

sourcedetector pair across the imaged object at a number of diffêrent angles of 



rotation. The second geometry is more typical of the conventionai radiotherapy 

machines and portal image detectors. It involves a point source of radiation and a £lat 

detector. The radiation source of a commercial radiotherapy machine is not a tnie 

point source, it has au apparent aperture of a few millimeters. While this is not 

exactly a point source it is small compared to the 1-2 meter typical distances between 

the source and detector. The parallel beam geometry will be used in presenting the 

various tomopphic reconstruction algorithms while the algorithms are actuaüy 

implemented using the fan beam geometry. Section 3.5.4 addresses the issues related 

to transforming h m  a parallel beam to the fiui beam geometry. 

2.3 Object Function 

This thesis d d s  with the problem of the lacalization of patient's anatomy durhg 

radiotherapy where the objective is to accurately locate tissues and organs within the 

patient. The tissues of most use in Iocdimtion are the rigid bony tissues. These are 

often easy to locate due to the hi& conmut in density with surrounding tissues. They 

also form a rigid structure that remains more consistent over tirne compared to softer 

tissues that are less consistently positioned and are prone to distortion. Therefore the 

characteristic of interest in CT recomûuction is the spatial distribution of density 

within the object. This section describes the pmess and physics of detecting these 

values within an object of interest. 

2.3.1 Attenuation of a radiation barn 

Direct measurement of mass density in vbo is not cucrently possible. Instead, we cm 

measure the attenuation effect of the tissues on the fluence of a megavoltage photon 

beam passing through it. The aîtenuation can be modeled using the simple differential 

equation of 



Where: 

1 is the intensity of the radiation beam 

Mt) is the atteauation coefficient 

t is the fhickness of material traversed by the beam 

The attenuation coefficient varies within the object but we wiU assume the cross- 

section of the beam is smaller than the features of interest and the only change in 

attenuation we are concerneci with is the change in the attenuation coefficient dong 

the path of the beam. By integrating Equation 1 with respect to t, we obtain an 

expression for the fiaction of the beam intensity transrnitted through a layer of tissue 

shown in Equation 2. 

Equrtion 2 

Where: 

T is the total thickness of the tissue Iayer. 

The lefi-hand side of this equation can be obtained h m  the data measured with the 

detector. It is the negative logarithm of the intensity of the d a t i o n  beam at the 

detector over the intensity of the radiation beam without the object present. The right 



side of this equation is the integrai of the attenuation coefficient dong the path length 

of the beam in the object. Tomographie reconstruction is the pmess of determining 

the spatial distribution of the attenuation coefficient b m  this idonnation. 

2.3.2 Relationship Between Density and Attenuation Coefficient 

This section is not an in depth treatment of the interaction of radiation and matter but 

is intendeci oniy to present some basic concepts to assure the reader that the 

attenuation coefficient is a useful approximation of the density within the object. A 

detailed discussion of the interaction of high energy radiation with matter can be 

found in Johns and Cunningham [Il]. As radiation passes through matter it interacts 

with it thtough various physical means. The interaction of main interest for the 

megavoltage x-ray energy range, considered in this study, is the Compton effectt The 

important point is the fact that the Compton effect involves the interaction of the 

photon with the individual electrons of the atom. This means that the attenuation is 

directly proportional to the electron density of the matter rather than to the mass 

density. In practice, this distinction can oAen be ignored because for typical elements 

that are found in objects useà in medical irnaging, electron density is linearly 

proportional to mass density. The term typicai in tbis case refets to the low-Z 

materials, which are predominant in biological matter. in these elements there is 

typically one elecmn for every two nucleons. The exception to tbis is hydtogen, 

which generally contains oniy a single nucleon for each electrm. Although hydrogen 

is a very common element, its low atomic mass and the singie electron make its 

contribution to the overail electron and mass density srnail. Therefore, m a s  and 

electron densities of biological materials are approximately proportional to each other. 



This means that the hem attenuation coefficient is also approximately proportional to 

the mass density of the attenuating material. 

2.3.3 Reconstruction Image 

The result of the reconstruction process is the trans-sectional image. The image is the 

best estimation of the object function that the algorithm can produce. The elements of 

the image (pixels) are refaenced using two notations. In the first one the row and 

columu of the pixel are indicated as in X(i j) where i is the row of the pixel and j is 

the column. When displaying the image the topmost mw of the image is the initial 

row. The rom are then numbered with increasing integers to the bottom most row. 

The columns are numbered in a simiiar fashion with the first colunin king the 

leftmost and continuhg cight. In some cases it is more straigh$orward to use a single 

index. In this case the index would be X(m) where m is found fiom Equation 3. 

Equation 3 

m = i+( j-1)V 

Whm: 

V is the maximum image row width. 

2.3.4 The Detector and Collection of Projections 

The detector coUects information by digitizing the signal collectecl by a large flat 

plate. These elements are then processeci and re-sampled (see section 3.5) to obtain a 

data set that represents a strip detector. This mode1 strip detector is a single line of 

equal sized bins. The detector signai values are then used to calculate the values of a 

projection for the slice bet'mn the strip detector and the source. The projection is 

represented by the projection function p(k,l). The indices k and 1. of the projection 

9 



W o n ,  &l), indicate the b h  and projection angle index, respectively. Each 

projection mgie index is r e l d  to the gantry angle for which the projection is 

coiiected. A fidi set of projections for reconstruction consists of a complete set of bin 

values at each gantry angle for which data is collectecl. As with the image function it 

is more convenient at times to use a single index for the projection function, p(n). The 

index n is given by Equation 4. 

Equation 4 

n = k +(l-l)U 

Where: 

U is the maximum number of elements pet projection 

This simplifies the appearance of equations that deal which this projection 

hbrmation. 

It is usefui at this point to also introduce a theorem that is used in the anaiytic 

approach of the transform methods. This is the Central Siice Theorem. The Central 

Slice Theorem relates the one-diensional Fourier Ttansfom of the projection data to 

the Two-Dimensional Fourier Transform of the object fùnction. Using this 

relationship one can derive a number of reconstniction methods which are based on 

the pmess of transforming the projection data and then recombining this data to fom 

a monstniction image. Barrett and Swindel[7] have a very brief and straightforward 

proof of the Central Siice Theorem that is summarized as foilows. 

The projection fimction p(s,8) is the iine integral of some fiuiction of interest, in OUI 

case of the attenuation coefficient &,O), dong the iine defined by Equation 5. 

Equation 5 



Where s is the signed distance of the point h m  the origin, 0 is the angle of the pint 

h m  the origin and t is the distance dong a line perpendicular to a line h m  this point 

to the origin. 

This projection function is then the integral over this value t as shown in Equation 6. 

Equation 6 

The one-dimensionai Fourier Transform of this is 

Equation 7 

P is the Fourier transfonn of the projection data. 

Combiig Equation 6 and Equation 7 we obtain Equation 8. 

Equation 8 
mm 

P(R, e)  = 1 Ip(t COS e - s sine, s COS e + t sin~)e-~~*drdt 
-aO-O 

We simpw the integration by calculating the projection for a constant angle 0. We 

dso solve for s h m  Equation 5 and substitute this into Equation 8 to get Equation 9 

Equation 9 



Equation 9 is the two dimensionai Fourier Transform of the atienuation coefficient 

function p(x,y). Therefore, if we take the distribution of p in the image plane as the 

feature of interest C i e  X), then diis equation is equivalent to the two dimensional 

transform of the image function X(r,0). 

The purpose of this section is not to present ai i  of the theory associated with the 

transform methods, but to put forward enough of the principal concepts of Transform 

Reconstruction methods thaî a usefiil cornparison can be made with the other 

reconstruction techniques. An excellent detailed review of the theory of the ttansform 

methods can be found in Lewitt 181. 

Equation 8 gives an analytical means of obtaining the object hc t ion  h m  the 

projection futlction. However, because of the discrete nature of the projection 

functions collected using physical detectors, this equation can not be used directly. 

From the assumption that p(r,8) is O for lrf > 1 it follows that p(r,8) is not band 

limited. Therefore the Fourier transform of this function will have an infinite extent 

unless it is limited by a windowing fiinction W(R). We Ieave the exact form of this 

function outside the scope of this presentation (see Lewitt [8] for a complete 

discussion) but its basic purpose is to lirnit the aliasing introduced by the discrete 

nature of the projection data. The main pitfd of this reconstruction method is that as 

the amount of information available in the projection fiinction decreases there is 

typicaliy a great increase in the a r t k t s  introduced into the finai image. For this 

remn it is genedy expected tbat the algebraic reconstruction methods will perform 

better in teconstmcting object hctions h m  h e r  projections. The main advantage 

of the transform methods is the simplicity of implementation and the relative speed of 

the reconstruction. 

2.4.1 Convolution Backprojecüon 

To implement Equation 8 as a reconstruction method we create what Bauett and 



Swinde11[7] cal1 a summation image. This is the process of creating an image by 

overlaying sets of projection information onto a single image. Esch set of projections 

are "smeareà" across the image at the angle theta. The sum of each of these 

" s m e d "  projections is the summation image. The backpmjection anri transform (or 

filtering) step of this pmess are linear and can therefore be interchangeci. By 

reversing the order of these steps we obtain the Convolution Backprojection methad 

of reconstruction. In this case the projection information is filterd by convolution 

with a filter fùnction in reai space before backpmjection onto the summation image. 

The Convolution Backprojection implemented hem is directly h m  the RECLIB 

library [9]. 

The Algebraic Methad approach to the tomographie reconstruction problem is quite 

different h m  the transform method. Whereas the transform methods reconstruct 

image through an analytical means, the algebraic methods treat the recoastniction 

problem as a system of many linear equations with many unlaiowns. The unknowm in 

this case are the elements, X(ij), of the discrete fom of the image function. The 

projection equations can be stated as follows: 

Equation 10 

Where: 

M(m,n) is the projection matrix. 



The elements of the projection matrix represent contributions of pixel m to the 

projection element n. The contribution of a patticular pixel is calcuiated in whatever 

appropriate way is desired. One method is for each element of the projection matrix 

M(m,n) to relate the fiaction of the area of an object image pixel m, that contributes to 

a projection ray n. Another way is to only consider the path length of the my through 

the pixel. An even furthet simplification is to use values of 1 or O for the elements of 

the projection matrix M(m,n) The choice of whether the element is a 1 or a O depends 

on the threshold of the as calculateci contribution by one of the previous methods. In 

tbis study we use the pixel fiactional area to quantify its contribution to the projection 

rays and to populate the projection matrix. Given a projection matrix M(m,n) and an 

image function X(m), Equation 10 can be used to calculate a set of projections p,. 

This operation is referred to as obtaining the projection of the image. Related to this 

projection operation is the back projection operation. The back projection operation is 

used to obtain an image X(m) h m  a set of projections p(n). Al1 of the iterative 

meuiods presented here are based on these two operations. 

The algebraic reconstruction involves fuiding an optimal (the issue of wbat ccoptirnal" 

means is discussed in section 3.4.2.1) solution for the system of projection equations, 

using the projections measured with the detector. 

In this section we examine the following algebraic reconstruction meuiods: 

Multiplicative Algebraic Reconstruction Technique (MART), Additive Algebraic 

Reconstruction Technique (AART), Simulateci Annealing and Conjugate Gradient. 

The first three algebraic algorithms were completely implemented in sothvare by the 

author, using the C++ programming language and the RECLIB library [9] as a starting 

point. While the MART and the AART algorithms have been previously proposeci by 

other investigators [13], the CT reconstruction method based on simulated annealing 

is a novel approach, developed for this thesis. The fourth algebraic algorithm used in 



this study, based on the conjugate gradient optimization, was taken h m  the 

collection of CT reconstruction algorithms included in the RECLBL library [9]. 

2.5.1 Conjugate Gradient 

The conjugate gradient reconstruction method is a special implementation of the 

conjugate gradient optimhtion algorithm fbr solving large systems of hear 

equations [IO]. It searches for such a set of values for the discrete image function, X, 

for which the surn of squares error 1' between the calcuiated and measured projection 
. .  . values is minimized. This emr  is definai in 

Equation 1 1 .: 

Equation 11 

x2 = ( M O X - P ) ( M O X - P ) ~  
= x ~ M ~ M X - ~ X ~ M ~  - M o @ *  +ppr 

We then try to minimin this fimction by taking a series of iterative steps. For the 

initiai step we use a uniform image. The subsequent steps are found by applying an 

adjustment to the current estimate of the image. The equation used to apply this 

adjustment is Equation 12. 

Equation 12 



X, = X, + a,A, 

wherc: 

n is the index of the current iteration. 

an is a constant to be used as the step length for the cunent iteration 

4 is a vector representing the direction of the step n for this iteration. 

As cm be seen h m  this equation the adjustment to the image is split into two Won, 

The factor an is the step size of the adjustment. It is found by setting the derivative of 

x2&,) equal to zero and solving for an. To find the direction of the adjustment we 

initially use the gradient of x2(X) shown in Equation 13. 

Equation 13 

1 
am = --vX2(xn)= M ~ P - M M ~ X ,  

2 

To find the step direction we find the direction vector of steepest descent that satisfies 

Equation 14. 

Equation 14 

This direction vector is given in Equation 15. 



where : 

This makes al1 step directions conjugate to one another at each step in the 

optimization. The hope is that this appmach will search the pmblem space more 

efficiently . 

2.5.2 Algebraic Reconstruction Technique (ART) 

The term Algebraic Reconstruction Techniques refers to a family of algebraic 

methods for CT reconstruction proposed by Herman [13]. The prhciple of the 

Algebraic Reconstruction Technique is very simple. A solution to the reconsiruction 

problem is discovered, by iteratively refining a current approximation of the image to 

be reconstnicted. Equation 16 shows the f o d a  for calcuiating the next image h m  

the current image approximation. 

Equation 16 

Equation 17 

Where: 

mq: dmotes the ndimensional column vector of the measurement maûix M. 



p and q: are indices ofthe ma& m. 

j: is the index of the pixel in the image. 

The concepts of how the AART algorithm works can be seen in this equation. The 

numenitor of the second haif of the right hand side contains the M a r  projection 

operation. The entire numerator is the diff'erence of the measured projection and this 

calcuiated projection h m  the curent image approximation. This result is then scaled 

by the square of II+,, which represents the contribution of the projection to the current 

pixel. This result is then multiplied by a relaxation parameter and m, to get the 

adjusîment for the image pixel. This adjustment codd be positive or negative. The 

relaxation parameter, t, is a heuristic puamekt used to control the rate at which the 

image converges. Herman and Lent [13) reporteci that a value of 0.1 for this 

parameter is best for reconstruction of typical medical CT images. 

The process for the MART algorithm of Equation 17 is similar to the AART 

algorithm with the exception that the new pixel value is scaled by a modified ratio of 

the measured and calculatecl projections. The modincation of the ratio involves 

raising it to the power of the contribution of the pixel to the projection element. 

2.5.3 Simulated Annealing 

AU of the above a lgor i th  depend on the operation of backprojection to modifj. 

individual pixel values during iterations. As a result they al1 have similar artifacts 

dong the backprojection lines, especially when using as few as 4 - 6 projections in the 

reconstruction. One way to alleviate, at least partiaily, this pmblem is to implement a 

method, which does not depend on the backprojection operation at dl. The 

optimizationlreconsûuction method based on the simulatecl mealing would fit this 

requirement well. In this algorithm adjustments to the nxoastnu:ted image elements 

@ixeIs) are made randomly and the current remit is evaluated using a wst function. 

18 



The cost function can be defined in such a way that the reconstructed image bas 

desired pmjmties. 

The generai idea of the simulatecl aunedkg algorithm is based on the weli-established 

annealing pmcess used in metallurgy and materiai science. The annealing process is 

used to bring the atoms of a material lattice into their optimal configuration. To 

achieve this the materiai is heated to what is referzed to as the annealing temperature. 

At this point the atoms of the material move more fieely tban when in the solid state 

aithough the material is not yet a liquid. The ability of each atom to move to a new 

configuration is related to the Boltzman pmbability factor, B. 

Equation 18 

where AE is the change in en- required to move to the new configuration. By 

slowly lowering the temperature of the material the atoms tend to move to their lowest 

energy configuration. By analogy to this pmcess Kirkpatrick [15] outlined his 

algorithm with three main components. First is a mechanism to introduce a random 

change in the configuration of the system, second is the construction of a suitable 

energy (or cost) fùnction for this contiguration and third is an anneaiing schedde 

which would describe the rate of "cwling" for the algorithm. 

The 6rst component is the means by which a random change is introduced into the 

system. Each pixel in tum is adjusted by a random value. The range of this random 

value we be referred to as the Random Adjustment Range and is chosen as a 

parameter for the aigorithm. For this study it is a set M o n  of tbe thai d e d  image 

value. The exact size of this range is wt important to the fimi resdt, aithough if it is 



too large then the aigorithm will proceed longer tban necessary with many rejected 

values in the iast stages of the optimization. On the other band, if the value is tw low 

then the image may not change enough in the early stages of the reconstruction. 

The cost function dehed for th simulated annealing aigorithm, as applied to 

tomographie reconstruction, consists of three components. Tùe ht one, denoted as 

C,, is the sum of square diffames behveen the o b e d  projections and the 

projections found for the reconstnicted image at the cwrent iteration cycle: 

Equatioa 19 

The second component is what is refend to as the entropy [16] of the image. This is 

given by the foUowing equation: 

Eqwtion 20 

where N is the numtKr of pixels in the image and q denotes individuai pixel values. 

The third component used is the sum of the s q d  pixel values, aiso referred to as 

the "energy". This factor is used ta iimit extreme values in the image. 



These three equations are then combined to give the total cost function C shown in 

Equation 22. The contribution of each cornponent to the overaii cost function can can 

be quite diffei.ent between the companents of the enetgy M o n .  Even while the 

optimization is prugressing the relative contribution of a h  component coin change by 

large amouut. Therefm, each compnent is multiplied by a weighting factor to keep 

the relative contributions of the components at a consistent level. The weightings for 

the d i n t  compunents of the wst fiinction are set heuristicaiiy, based on the 

justification for each component. The dominating element of the wst function is the 

sum of squazed errors. Tbe other two components are intended to simply restrict the 

image and help it converge to an acceptable solution quickly. The role of both these 

factors is to increase the "smoothness" of the image. By "smooth'' we mean that pixel 

values of the image tend to have similar values. This is based on the assumption that 

a "Natural" tomographie image tends to be "smwth", as opposed to a amputer 

generated image wbich will have many disconthuities. Therefore these components 

are given a relatively smali weighting. The ratios between the weightings used in this 

study are 10:-1:l (C,:C&). 

The value for the c2 weighting is negative because we attempt to find the minimum of 

the overail cost fiiaction. The entropy should then be negative to get the maximum 

entropy value. The steps of the CT rewnstniction by simuiated annealiog proceed as 

follows. The image is cbanged one pixel at a time and afhz euh pixel change a cost 

k t i o n  is reevaiuated. If the new energy is lower, then the new pixel value is 

accepted. if the new energy is pater than îhe previous energy, then the change is 

accepted based on a proôability related to the Bolt~nan distribution. This methoâ 



requires the heuristic setting of the initial temperature and the rate at which the 

temperature hps .  Success also depends on the effectiveness of the cost funciion. 

The best choice for each of these parameters requires some experimentation. 

2.5.4 Access Ordering of the Projections 

In otder to speed up the AART and MART reconstruction methods Guan and Gordon 

[18] proposed the use of an access order scheme. The basis of this scheme is to 

duce the interdependence of the projections by implementing a specinc order in 

which the projections are used in a teconstniction. This orâer is calculateci by 

maximizing the effect of introducing a new projection to the set of projections 

ailready used in the image. They showed that this will significantiy improve the rate 

of convergence of these methods. The access order proposed by Guan and Gordon 

was used in generating the images in this study. In order to prevent bias, the access 

order was used not only for the AART and MART algorithms but for the SUnulated 

Annealing aigorithm as well. The access order should not matter for the latter 

algorithm but it aiso should not be detrimental either. The access order mechanism 

could not be applied to the Conjugate M e n t  Algorithm or any of the Transfonn 

Methods. 

2.5.5 Cornparison of the Transfomi and Algebraic Methods 

Let us summarize the strengths and weaknesses of different reconstniction algorithms. 

The W o m  methods are fairly straightfomatd to implement and require a fwed 

amount of effort to compute the result. The drawback of the transform methods is that 

in instances where only a few projections are available, the transform space wiü be 

under-sampied. This causes errors to be propagated to the image space in the form of 

aaifacts. The aigebraic methods are not as susceptible to these pmb1wis and are 



better suited to work with few projections. Therefore this study will include only one 

example oftransfonn methods and investigate four algebraic methods. 

3 Mega-Voltage Computed Tomognphy in the Clinical 

Environment 

3.1 Inboducffon 

This section wiii describe how the previously introduced algorithms have been 

implemented using clhical radiation sources and detectors. In the beginning the 

equipment iised and theù geometric relationship are introduced, This is followed by a 

description of the experiments used to calibrate the equipment and ta obtain the 

required projection data. Finally, the software implementation of the reconstruction 

algorithms as well as the procedures necessary to prepare the projections and dibrate 

the detector are described. 

3.2 The Medical Lin- AccelerWor 

3.2.1 Radiation source 

The radiation source available for this study is a Siemens KD-2' Medical Accelerator. 

High energy X-rays are produced by accelerating electrons to mega-electronvolt 

energies, and then stopping them in a metal target. The redting bremstrahiung X- 

rays are filtered and coliimated to supply a uniform field of X-ray radiation to a 

specified region. Al1 data for experiments in this thesis were coiiected using the 6 MV 

X-ray beam of the linear accelerator. ' 

' Siemens Medical Systems - Oncology Care Systems, Concord, CA 

Imaghg Technology Inc., Woburn, MA 



3.2.2 Detector rnechanism 

The detector used fm the expiments in mis thesis is the  amv vie#'^ ' portai 

imaging system. X-my radiaiion transmitted h u g h  the patient is incident upon a 

metaVphosphor plate, which coastitutes the h n t  end of the detector. Energy 

deposited in the phosphor, mainiy by the secondary electrons released in the metal 

plate, results in visible light phosphorescence with the intensity patîem the same as 

that of the incident radiation. The phosphotescent image is opticaiiy coupled to a 

v i d a  camera. The camera image is digitized for review, manipulation and storage. 

Digital image acquisition in this study was performed using an ITEX-15d video 

digitizer and in-house developed image acquisition and processing software. 

3.2.3 Portal Imaging system 

The success of the reconstruction of the images depends on the ability of the image 

detector to reproduce an accurate representatiùn the intensity distribution of the 

radiation transmitkd b u g h  the patient. It is therefore important that the portal 

imaging system is calibrated in such a way, that potential inaccuracies are teduced, 

where possible, and the effect of the residual inaccuracy is determined. With this in 

mind, we wiiI concentrate on examining three imaging parameters of the portal 

irnaging system that c m  have a major effect on the quality of tomographie 

reconstruction. These are the geomeûic distortions present in portal images, the noise 

in the system, and the Linearity of the system's response to varying intensity of 

incident radiation (also with respect to the gain and offset settings of the vida signal 

Siemens Medical Systans - ûncology Care Systems, Concord, CA 

lmaging Technology lm., Woburn, MA 



ampli6ierlcc)nditioner). The resolution of the BeamvieflUs system is fixed and 

therefore beyond the scope of our study and wii l  simply be quatltitled in the results 

section. In general it is satisfktory for portal m g  purposes. 

3.3 Defennining îhe Porbl lmaging SysZem prmneibm 

3.3.1 Distortion 

Images collecteci with the detector useû in this study are subject to slight geometric 

distortions. They can be split up into two categories, according to their sources. The 

k t  category of distortions is of the optical and electro-optical type and is caused by 

imperfections in the lens and the image tube in the camera of the portal image 

detector. The second type of distortions in the images is due to variations in the 

geomeûical a l iment  of the image detector with respect to the radiation source. This 

occurs as a result of the detector sagging during gantry rotation. in order to be able to 

correct for these distortions, geometric calibrations of images had to be performed for 

the entire range of ganiry motion. We have assumed that the change in the distortion 

is smooth and reproducible as the gantry is rotated. This will allow us to calibrate the 

distortion at several intervals of gantry rotation and not calibrate the distortions at al1 

gantry angles used in the study and interpolate the rnissing values. Prelirninary 

observation of the detector images was consistent with the assumption that the change 

in distortions is smooth. This calibration and correction for the distortions is very 

important in the CT reconstruction process because of the possibility of artifacts 

introduced into the image, particdarly when only a few projections are used. 

The approach used in dbration and correction for the distortions is to find a 

mapping hc t ion  h m  each pixel of the distorted image to the true location of this 

pixel. The mapping fiuictions used to map the distorted pixel coordinates (qv) to the 

undistorted coordinates (x,y) are the third order polynomials h m  Equation 23. The 



polynomial methd of distortion correction was chosen because it simplines the 

correction process. Without this method one would need to categorize each individual 

source of distortions and then correct each one individuaüy. With the polynomial 

method al1 distortions are dealt with in a single calibration. 

Equation 23 

In Equation 23 the coefficients âi,bi c m  be calculated h m  a set of points for which 

both the distorted and tme positions are known at each sampled gantry angle. 

The pixel interpolation involved in this algorithm may d u c e  the cesolution of the 

projection. This will not significantly affect the resolution in the reconstructed image 

when the projection bin size is smaller than the image pixel size, as is generally the 

case in our application. 

The displacement of the detector, due to sagging, as the gantry is rotated was 

corrected separately fiom the image distortion. This correction was calibrateci by 

placing tip of a metal pointer at the isocentre and collecting and analyzing images 

acquired at various gantry angles. 

The next calibration of the portal imaging system was performed to determine the 

spatial distortions of the collecteci images as will be described in section 3.5. This 

distortion cahiration and correction procedure utilizes tme and "distorted" pixel 

coordinates for a number of objects distributed throughout an image. To obtain this 

Uiformation an image is collecteci of a phantom consisting of a Plexiglas tmy with 

steel shot placeci in a grid pattern with lcm intervals. The plate was fixed to the gantry 

by placing it in the accessory holder. The appmximate shot positions are recordeci as 



they appear in the image, in the region of interest for this study. The region of interest 

covers oniy the centdy located namw horizontal drip of the image within wbich the 

projections are collected. Thmefore only the BB positions h m  the central row of the 

grid pattern, and the mw abve  and below are considered. This gives a region of 

interest 2 cm wide extendhg across the width of the image. Furthemore not ail the 

BBs are requed to obtain the coefficients of the polynomial warp mode1 of Equation 

23. Therefore, only every other BB position was exûacted h m  the images. A total of 

45 BB positions were extracteci h m  each calibration image. To improve the accuracy 

of the BB position approximation, the extraction of the BB position was repeaîed 3 

times in separate sessions and the average BB position for each point was used. This 

set of average BB locations in the distorted image, dong with theic true locations on 

the grid was used to derive the warp coefficients. The polynomial warp coefficients 

were derived using a least squares fit as described by Pratt [20]. This calibration 

procedure was repeated for images collected at 20 degree intervals over 360 degrees 

of gantry rotation, cesulting in 18 images and 18 separate sets of distortion 

coefncients. 

3.3.2 Noise 

Another concern is noise within the elements of the imaging system. Noise cm be 

generated in the digitization process, in the detector and h m  scattering of the 

radiation beam itself. Extending the exposure t h e  by averaging the collected video 

b e s  can be applied to reduce the noise. Altematively, one can use a smoothing 

operator on the data The advanrage of f'rame averaging over the smoothing operator 

is that the h e  averaging generally does not introduce any loss of resolution 

@rovided the averaging time is short enough to avoid motion blur in the projections), 

as opposed to smoothing of the image. The drawback of h e  averaging is that the 

increased number of h e s  increaSes the dose to the imaged patient The noise 



reâuction by fiame averaging is pmportional to the square root of the number of 

averaged fiames, while the dose increases lineariy with the number of h e s  in a 

projection image. It is therefore necessary to find a reasonable compromise between 

the amount of averaghg and the amomt of smoothing. The noise level in raw 

projections was found by collecting 50 images of the simple geometry phantom with 

each image b i g  acquired as an average of 32 digitid video h e s .  By extracthg 

pixel values h m  identical positions in each image and computing the standard 

deviation of these pixel values, the standard deviation of the noise was fomd ta 

typicaiiy be quai to 2.2 digitizer units. These digitizer units can be related to the 

radiation intensity as outlined in Section 3.3.3-1. 

3.3.3 Imaging Experiments 

To characterize the response of the imaging system, the following two experiments 

were performed. These experiments charactecize the response of the imaging systems 

digitizer units when the imaging parameters of the digitizing system are varied. In the 

fïrst one the relationship between the X-ray beam intensity (as characterized by dose 

delivered to a medium) incident on the detector and the response of the detector in 

terms of image pixel value is investigated. This is important because for CT images 

we are collecting information on the transmission of the beam for use in the CT 

algorithms. In the second the response to the gain and offset levels of the video 

ampMerlconditioner was studied. 

3.3.3.1 Imaging Experiment 1: Calibmtion of pixel rerponre to dose 

One of the challenges of obbining projections using a medical linear accelerator is 

that the intensity of the radiation is not d o m  across the entire field. To overcome 

this pmblem we must apply a correction to cancel this non-uniformity. A simple 

mechanism of doing this is to divide the raw detector values by detector values 



obtained with nothing in the field. This is d i s c d  in greater detail in section 3.5.2. 

One restriction is that this approach is oniy valid when the detector rrsponse is linear 

to the radiation dose. Therefore this experiment wiil determine the relationship 

between detector tesponse and dose. 

3.3.3.2 lmaging experiment 2: Video amplifier Gain and Ofnet 

This experiment was performed in order to determine the relationship between the 

pixel response of the detector and the Gain and Offset setting of the video signal 

amplifier. The projection image data for reconstniction may be collected under 

different gain and offset settings. To allow for this the response of the system is 

caiibrated for possible gain and offset settings. The response of the imaging system is 

caiibrated first while setting the gain to a constant level and then acquiring images for 

various offset settings. Then the offset is held constant and images are acquired for 

various gain settings. By relating the average pixel value in a region of interest in 

each of the images to the varying parameters, a calibration curve is derived. Using 

this curve it becomes possible to collect projection images under varying gain and 

offset parameters. 

3.4.1 Introduction 

Quantitative comparison of the reconstruction algorithms requires a means of 

measuring differences between the object and its reconstructed image for each of the 

algorithm. We decided to employ cornputer generatd phantoms for the initial 

evaluation of the algorithms. We then used a geometricaiiy simple physical phantom 



to test the abity of the algorithms to accurately teproduce electron densities of 

different materids. At the third stage of evaiuation the aigorithms were tested on an 

anthropomorphic phantom, where the quality of reconstruction can be a s d  

visuaüy. We ais0 attempted to register the anthropomorphic image reconstnicted with 

the best performing algorithm with diagnostic quaüty CT image of the phantom, that 

would normally be used for planning of the radiation therapy treatment. Being able to 

perform registration of planning CT images with the megavoltage ones, aquired 

diiring treatment, would demonstrate the usefuiness of the megavoltage CT for portal 

verification in 3-D. 

3.4.2 Cornputer Generated Data 

One of the pcimary objectives of this work is to determine which is îhe best available 

CT reconstruction algorithm for use with megavoltage porîal imaging systems. This 

requires the use of an objective and quantitative evaluation of the results of the 

recomûuction methods under simulated conditions similar to those expected in r d  

portal imaging systems. 

3.4.2.1 Objective Comprrhon 

To provide an objective means of comparison we employ the method ptoposed by 

Guan[lS], who compared reconstruction aigoritbms using two quantitative indicators. 

The fbt one, denoted as €1. is dehed as the hea r  correlation coefficient between the 

original (object) and the reconstnicted images: 



mm: 
xi : The pixels of the reconstnrcted image - 
x : The average pixel value of the reconsûucted image 

x,' :The pixels of the cornputer generated image 
-* 
x :The average pixel value of the cornputer generated image 
N : The maximum number of pixels in the images. 

The second indicator, E% is the mot-mean-square (RMS) ciifference between the two 

images. Guan [18] refers to this rneasure as the Euclidean distance: 

Equation 25 

Where : 
xi : The pixels of the reconsûucted image 

x; :The pixels of the cornputer generated image 

Although these values cannot rneasure the true usefiilness of reconstruction algorithms 

for portal vefication, they can p d d e  a good indication of how the performance of 

each methoà is affécted by noise in the projections and by the reduction in the number 

of projections used to reconsîruct images. The original object used to generate the 

projection data is based on the f used simulated phantom inûoduced by 

Shepp[19]. The phantom consists of a set of ellipses of varing pixel values. The 

phantom is illustrated in Figure 4 and the values used in each ellipse are listed in 



Table 1. This p h t o m  is used to mode1 the typical h e d  cross-don. It includes 

large areas of constant pixel values, low contnist fatures, and several small feanites. 

The values us4 in our implementation were chosen so that they would be 

representative of tbe atîenuation coefncient of stnrctures expected in megavoltage CT. 

3.4.3 Simple Geametry Phantom 

The &st physical phantom used in evduation of megavoltage CT reconstruction 

methods consisted of a solid di& of Plexiglas 10 cm thick and 25 cm in diameter, 

with five hales of 5 cm diameter at evenly spaced angles mund the circumférence of 

the phantom. into these holes, cylinders made of various materials with electron and 

physical densities that are of interest to us were inserted. The matetials had densities 

close to that of water, bone, and lung. Figure 5 ülustnites the geometry and 

dimensions of the phantom. The purpose of the phantom is primarily to measure the 

contrast resolution in the megavoltage CT images and to determine their accuracy as a 

source of infomtion on densities of imaged materials. This information would be 

useful in cornparhg the planned and the actual dose distribution in the patient. 

Ideally, the pixel values of the reconstnicted image shouid have a linear relationship 

to the attenuation coefficient and electron density of the matenal being imaged. This 

low contrast phantom c m  then be used to calibrate this relationship and verifj the 

linesrity of the pixel response. For this phantom the values of the mass and electron 

density for each materiai have k e n  tabulated in Table 2. In the caiibration these 

tabulated values are related, using linear regtession, to the values obtained h m  the 

reconstruction. 

3.4.4 Anthropomorphic Phantom Reconstructions 

The hl test of the reconstruction method was carried out by performing 

tomographie imaging of reaiistic anatomid stnictutes. For this pirrpase an 
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anthropomorpbic head phantam was used, beeause of anatomid interest and size 

consideraîions. in its current design the ~ e a m v i e d ~ " ~  system can ody image a field 

appcoximaiely 30cm wide at the isocenter. Tbis bens ion  is expected to increase in 

future portal imaging systems, but it c m t i y  limits îhe possibilities for anafornical 

sites to which CT reconstruction techniques can be applied. 

In oràer to illustrate and assess the usefulness of the megavolîage CT images in portal 

registration, two images of the anhpomorphic head phautom were reconstnicted. 

For the !!irst one, the projections wete acquired with the phantom positioned during 

irradiation in the same way as during the diagnostic CT acquired for treatment 

planning. For the second megavoltage CT reconstruction the projections were 

wllected with the head phantom rotated by 5 degrees with respect to iîs planned 

position. In order to establish wh&r the in trodd  rotational set-up error can be 

accurately measuted in the reconsûucted megavoltage CT images, both of them were 

registered with the planning CT scan using a software package previowly developed 

for portal image regisîration 1211. 

3.5 Osts collecîhn and iindpk 

3.5.1 Resampling the transmission images 

Once the transmission images colîected by the portal imaging system have been 

coTfeCfed for distortions, they can then be re-sampled to the pixel size of the 

projections used in the study. The individual elements of the projection, *ch will be 

r e f d  to as bins, are then calculated h m  the pixels of this re-sampled image. The 

horizontal and vertical coordinates of the upper Ieft of each re-sampled pixel are 

dmted by Oh and O, cespectively. The coordinate system used when deaihg with 



these pixels has an origin in the upper left corner. The pixels of the re-sampled 

transmission image bins wete calculated using equation Equation 26. 

in the above, X(ij) denotes the discrete image hction and B, and $ are the bin 

width and height, in pixel units. In each case the bin height Bg was 8 pixels and the 

bin width &, was 2 pixels. Thw the te-sampled transmission images consisted of 256 

bins. The width of the detector was approximately 30 cm at the plane of the isocentre. 

Therefore the physical bin size at the isocentre was approximately 1.2 mm. 

3-52 Obtaining projections from the re-sampled transmission images 

From Equation 2 we see that the path integral of the attenuation is found h m  the 

natural log of the original and final beam intensity. The original intensity is the 

intensity of the beam without attenuation by the imaged object. The fhal intensity is 

the intensity of the beam at the detector, with the imaged object in the beam. 

Unforhinately the radiation h m  the source in a medical linear accelerator is not 

uniform. Also the detector elements of the flat detector are not a d o m  distance 

h m  the source, thus the inverse 8 attenuation is diffetent across the detector. A 

simple means ofcorrecthg this is to obtain a transmission image with no object in the 

beam. By subtracting this open field attenuation path integral h m  the path integrai 

of the imaged object we get a path integrai of the imaged object alone. This mettiod is 

illustrateci in Equation 27. The resulthg path integral gives the projection bin values, 



Equation 27 

which gives 

where 
p(i) :The projection bin. 
d(i) : The re -sampled transmission image of the object. 
d,(i) :The re -sampled transmission image of 

3.5.3 Colledion of aie transmission images 

Durhg acquisition of the projection images, the phantoms were placed on the 

treatment couch and aligned with the axis of rotation of the gantry, Beginning with a 

gantry angle of O, images were coilected at evenly spaced intervais of angle of the 

gantry rotation. The angular interval was approximately 11 25 degrees, which yielded 

a total of 32 images (projections) pet phantom. These transmission images were then 

undistorted using the set of warping coefficients comsponding to the angle closest to 

the angle at which the image was collecteci to obtain the correcteci transmission 

images. 

3.5.4 Correction for the fan beam geometry 

Parallel beam geometry has been used throughout the discussion of the reconstruction 

algorithms to simplify the presentation of the methodology. In practicai applications it 

is much easier to use the fàn beam geometry (See Figure 3). The type of fan beam 

geometry found in the present application involves a point source of radiation and a 

large flat detector. In order to use the fan beam geometry the problem of the 

divergence of the beam as it passes through the imaged object has to be addressed. 



This is accomplished by proportionslly scaling the contribution of a projection to 

image pixel before includhg this contribution to the reconstnicted image. The 

contributions to the image pixels are scaled according to the relative distance h m  

the radiation source, with a scale of 1 at the isocenter of the machine. 

3.5.5 Software 

The software created for the experiments in this thesis addresseci thtee areas, the 

correction of distortions present in the images wllected, the analysis of these 

corrected images to extract the projections, and implementation of the CT 

reconstruction algorithms. This software was implemented using the Microsoft Visual 

Ci+ compiler and also Microsoft Excel spreadsheet software. The software used to 

correct the distortions was based on a library of routines created at the North Eastern 

Ontario Regional Cancer Centre. 

The software provided a means of loading the calibration images of the BB plates 

calibration phantoms h m  Section 3.3.1 and allowed manual indication of the BB 

locations. The sofhvare would then store this calibration information to correct the 

distortion of subsequent images. Once these transmission Mages were conected, 

their pixels were then re-sampled using the procedure h m  Section 3.3.1. These re- 

sampled wrrected transmission images were then loaded into an Excel spteadsheet 

where they were used to calculate the projections using the method outiiaed in section 

3.5.2. The projections were stored for use by the reconstruction algorithms. The 

software implementations of the reconstruction algorithms ptovided an appropriate 

user interface to ailow entry of imaging patameters such as relative pixel size of the 

reconstruction image to the size of the projection b i i  and location of the gantry 

rotation axis within the projection vector. It also d o m  for the entry of parameters 



iequired by specific algorithms such as the relaxation parametcm for the AART 

reconstruction algorithm. 

4 Analysis of Reconstruction Algorithms 

This section describes the three experiments used to test the reconstruction aigorithms. 

The fïrst experiment was intended to establish which reconstruction algorithm is best 

suited for reconstruction using portal imaging devices and only a srnall number of 

projections. The next experiment was perfonned to determine if the imaghg system 

accuratety ceconstnicts the attenuatiou coefficient distribution and provides an 

indication of the threshold of the contrast differentiation possible. In the M 

experiment an anthropomorphic phantom was employed to test the usefulness of the 

megavoltage CT reconstruction in application to verification of raàiotherapy treatment 

set-ups. 

The objective of this experiment was to identify the reconsûuction algorithm that is 

most appropriate for reconstnicting biges using projections acquired with standard 

portai imaging equipment for only a few view angles. The test involves reconstnictiag 

images h m  computer generated projection data. The reconstructeà image can then 

be compared, using two Figures of Ment (FOM), to the original simuiated image that 

was used to mate the projection data. To ensure that the computer generated 

projections are comparable to those that would be collectecl using an electronic portal 

imaging device, mdom noise is addeà to the projections. The level of mise to be 
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added is set by analyzing the noise level in projections coliected with the portal 

imaging device. A h ,  the attenuation coefficient values chosen for the fatures of the 

cornputer generated phantom are intended to reflect the approximate relative 

attenuations of muscle, bone and lung tissues. 

4.2.2 Methods 

The test image for which the simulated projection data were generated, was based on 

the phantorn first introduceâ by Shepp and Vardi [19]. The artificial phantom image is 

shown in Figure 4. The computer-generated projections were obtained h m  this 

image using the projection routine describeci eatlier in Section 2.2. In order to test the 

effect of noise on the algorithms, two sets of test data were generated. In one set the 

projections were useâ as caiculated, and in the second set the calcuiated projections 

were modifiecl by additive random noise. The shape of the noise distribution was 

Gaussian with parameters that were comparable to those of the noise obsewed in 

images collected by the portal imaging device used in this thesis. 

To evaluate the loss of information occurring as the nurnber of projections is 

decreased, images were reconstructed using varying numbers of projections. For each 

of the five (four Algebraic Methods and one Transfomi method) algorithms, 

reconstructions were obtained using 16, 12, 10, 8, and 6 projections. Each of these 

reconstructions was created as a 128 by 128 pixel image with a relative pixel size of 

0.6 pixels pet projection bin. 

All of these reconstructions were analyzed using the objective cornparison outlined in 

section 3.4.2.1. The teference image in this test is the original phantom image. The 

correlation and the Euclidean distance between the original and each of the 

reconstructed images were calculated. The loss of information in the images as the 

number of projections decreases is evaluated in terms of changes in the correlation 

and Euclidean distance with respect to the number of projections. 



4.2.3 Resulls and Discussion 

The noise level was added to the amputer generated projections to simulate the noise 

level present in projection images h m  a portal imaging device. This noise level was 

found to have a Signai to Noise Ratio of 56. To incorporate this level of noise into the 

test images a random component was added to each pixel. This randorn variable had a 

standard deviation of 2.2 digitizer uniîs. 

The results of the reconstruction are shown in Figures 6 to 10. These images were 

analyzed as outlined in the methods section. The resulting graphs showing the 

correlation and Euclidean distance versus the number of projections are shown in 

Figures 11 and 12. In this cornparison the MART algorithm performed the best 

overall and particuiarly weil when no noise was added. It can be seen that the 

correlation and Euclidean distance Figures of Merit are relatively close for the 

ciiffirent reconstruction methods when the number of projections is high, but the 

advanceci algebraic methods are clearly superior when using few projections. The 

reconstruction algorithms showing the most promise in reconstruction of the compuîer 

generaîed phantom with few views are MART and Simulated Annealing. It shouid 

also be noted that even with the simple energy function used in this experiment for the 

Simulated Annealhg algonthm, it performed reasonably weil, even surpassing MART 

in the Correlation Figure of Merit for 6 projections. 

4.3 Expriment using dho Simple Geomoûy Phantom 

The next experiment involves reconstruction of images h m  data coilected using the 

B e a m v i e p  detector and the Simple Geometry Phantom. The purpose of this 

eqeriment was to determine the ability of the MART and Simulated Annealing 



reconstruction algorithms to mnstnict accurately the distribution of relative 

attenuation coefficients using physical data. 

4.3.2 Methods 

The reconstruction methods tested in this expriment are the MART and Simulated 

Annealhg reconstruction methods, which wete found to be the best reconstruction 

algorithms of those examined in the fimt reconstruction tests. The projections for this 

expriment were collected using the procedure outlined in Section 3.5. 

Using the Simulated Anuealing reconstruction method a reconstruction is created 

using 16 projections. The resulting reconsîruction is shown in Figure 13. From this 

reconstruction the average pixel values were ùbtained for each insert in the phantom. 

The averages were calculateci b m  pixels witbin a circle with a diameter of 8 pixels 

and centered with respect to each insert. The average diameter of the insert. in the 

image was approximately 16 pixels. These average pixel values were then graphed 

against the known mas  and electron densities for the respective material. 

4.3.3 Results and Discussion 
The resulting graphs are show in Figure 15 and Figure 16. It can clearly be seen 

h m  these charts that the relatiomhip between the pixel values h m  the 

reconstructions and the relative attenuation is linear to a very good approximation. 

4.4 Expriment wing the AntJlropomotphk Phantom 

4.4.1 Purpose 

In the linal test of the possibility of using reconstnicted megavoltage CT images for 

patient localization during radiation thenrpy rireatments, we employ the two most 

successful reconsûuction methods h m  the previous experiments. These 



recoastniction methods are MART and Simulated Annealing. The process of 

verifjing the patient localization involves extraction of anatomicai featutes fiom a 

reference CT image that shows patient's anatomy during treatment planning, and h m  

a megavoltage CT image obtained during treatment. These features can be registered 

or brought into alignment. The traaslations and rotations required to register these 

anatomical landmarks indicate the degree of patient localization erra. The intent of 

this experiment is to examine the feasibility of accomplishing this task using 

megavoltage CT images reconstructed fiom few projections. 

4.4.2 Methods 

In this study an anthropomorphic head phantom was used to represent a patient. A 

reference image was acquired using a diagnostic CT scanner4. The procedure for 

acquiring this scan was the same as the one used for the purpose of radiotherapy 

treatment planning. In particular, reference marks were placed on the phantom to 

allow its position to be reproduced on the treatment table of the linear accelerator 

(linac). M e r  transferring and aligning the phantom on the treatment couch of the 

linac, the phantom was mtated around the cranio-caudal axis by 5 degrees. As 

mentioned previously this cotation out of the image plane would be difncult to detect 

and in general impossible to measure accurately using conventional portal verifkation 

based on single projectional radiographs. A set of projections of the mtated head 

phantom was collecteci, accordhg to the previously described procedure, and 

reconstructions of a transverse slice of the phantom were performed. As in previous 

experiments, the monstnicted image was created on a 128 by 128 pixel array, with a 

relative pixel size of 0.6 pixels pet bin. The number of projections used in this case 

was 6 and 8. The anatomical fature used for registration between the "planning" and 

' Somatom Plus, Siemens Medical Systcmq Erlangen, Germany 



'Yreatment" CT images, was the inside edge of the posterior section of the skull. The 

fact that this landmark is not rotaîionally symmetric made it suitable for image 

registration with respect to the angie of rotation. This edge was manualiy extracted 

h m  the image using image regisûaîion software developed at the North Eastern 

Ontario Regional Cancer Centre. 

4.4.3 Results and Discussion 

The projections for this experiment wete mkcted as described in Section 3.5. The 

images used for the projections were acquired over approximately 1 second, redting 

in about 3.3 cGy of dose delivered to the phantom per projection. The image 

registration was petformeci using software developed by the author for two- 

dimensional portal verifkation [SI]. The Figures 19 and 20 show the reconstructions 

for the MART method ushg both 8 and 6 projections. The megavoltage CT images 

are shown after the anatomical features were marked. The figures also include the 

resuits of the registrations with the diagnostic CT. h each case the features extracted 

h m  the 8 projection images were well matched to the reference diagnostic image. 

The MART result had l e s  pronound line artifacts. The image reconsûucted h m  6 

projections with Simulateci Annealhg had the fewest visible line artif'acts. This 

allowed for a good match to the r e f m e  anatomical feature. 

The cegistration using MART gave a rotation of 4 degrees for 6 projection and 4 

degrees for 8 projections. The Shulated Annding registration gave 5 d e p s  for 6 

projection and 4 degrees for 8 projections. In eoich case the registration is within 1 

degree. 



45 Concl~~lonr 

It has been show ihak l d o n  of patient anatomy is possible using CT 

reconstniction when p m j d o n  data is aequid with standard tele-radiotheilapy 

equiprnent. There are seved conclusions that can be dram h m  tbis work. 

First, this work c o d b e d  bi algebraic methods tend to reconstnict images with few 

projections beîîer than traasform rnethods. 

Second, the use of Mega-voltage tomography was succesdid in accurately obtaining 

the relative densities of the inseris in the low contrast phantom. This is encouraging 

and suggests that Mega-voltage CT may be applicable to treatment planning. Before 

this wouid be wnsidered beneficiai the overall dose to the patient must be reduced. 

Another benefit of using Mega-voltage CT is that the relationship between electron 

density and the CT number is more linear than for diagnostic CT. This is due to the Z 

dependencc of the aiîenuation coefficient at the energy levels of X-rays used in 

diagnostic irnaging. 

Third, this work indiates that Mepvoltage computed tomography would be useful 

for patient localization with as few as 6-8 projections. The use of 6-8 projection in 

reconstnicting aa image would result in the dose of l e s  than 27 &y delivered to the 

patient using the projection collection mectiaaism described here. Ushg more 

advanced detector designs, curtently in development, would iùrther reduce this dose 

lwel. The regisiratiom h m  section 4.4.3 showed an wcuracy of about 1 degree. 

This is acceptable but would be expected to impmve as additional work is done to 

fiiaher &e the algorithms and more completely tune them to mega-voltage 

reconstruction. Moreaver, there is a strong indication that irefining the Simulated 

Annealhg algorithm deveIoped for this study codd reduce the number of projections 

requited for a usable reconstruction even fhher. 



Fourth, the Simulateci Annealhg algorithm has shown promise to be effective in 

reducing the artifacis n o d y  present in images reconstnicted h m  few views. This 

warrants fiuther investigations into the possib'ility of impving both the annealing 

scheduie to d u c e  the time required for the teconstruction and in impmving the cost 

fiinction with an aim to fllrther enhance image quaiity. 

Another p d s i n g  area for future investigations is the implementation of a three- 

dimensional reconstruction algorithm. In this case the reconstruction wouid use two- 

dimensional projection images as input data for volumetric reconstruction. The 

extension of the projection and back-projection functions to tiuee dimensions would 

be relatively straightforward. 
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Table 1 Dimensions and pixel valm of the ellipses used in the Computer Generated 

Phantom. The phantom is based on the design proposed by Shepp[lS]. It has the 

same dimensions for the ellipses and the same dative pixel numbers. Figure 4 is an 

image of this phantom. 

X Y Major Axis Minor Axis Orientation Pixel Value 

[Pixels] [Pixeis] [Piieis] [pixeis] [DegrnsI 

O O 54 39 O 200 

O O 52 41 O 1 O0 

O 21 14 12 O 120 

-1 2 O 24 9 115 40 

13 O 18 7 66 140 

O 6 5 5 O 1 80 

O -6 5 4 O 200 

-5 -36 5 3 O 160 

O -36 3 3 O 160 

5 -36 5 3 O 160 

32 -24 22 4 66 140 



Tabk 2 Relative densities for the materials in îhe Low Con- Phantom. 

Sample 1 Composition 1 Relative Mass üensity Relative Electmn Density I 
1 

2 

3 

4 

5 

Polystyrene 

Plexiglas 

Water 

Air 

Cork 

Water = 1 .O 

1 .O5 

1.19 

1 .O0 

.O01 

0.21 

Water = 1 .O 

1 .O2 

1.16 

1 .O0 

.O01 

0.20 



Figure 1. An example that iilusîrates the need for threedimensiod infafmation in 

pariai verincaticm. Top image reptesents a figure covered by a radiation field, The 

boitam image show the same figure and field dthough the figure has been rotated 

mund the X-ais. If~gistration is attempted with these images thete will k a Wse 

translation detected. 



Figure 2. Paraiiel beam geometry with a flat detector. Illustration also shows the 

physical interptetation of the object ftmction F(x,y) and the projection function p(n). 



Figure 3. Fan beam geornetry with a flat detector. Iiiustration also shows the physical 

interpretation of the object fiuiction O(x,y) and the projection ftnction p(n). 



Figure 4. An image of the Computer Generated Phantom. This image is based of the 

phantom proposed by Shepp [15]. It is cmted h m  the values Listeci in Table 1. 



F i i r c  5. A d e  hwhg of the Low Contrast Phantom. The main body of the 

phantom was created h m  Plexiglas. The hofes are filled with inserts of diffèrent 

materials listed in Table 2. 



Figure 6. The recamtmdion of the Cornputer Generated phantom using the MART 

m e h d  with 6,8,10, and 16 projections. 

16 Projections 



Figure 7. The mnstniction of the Cornputer Generatd phantom using the 

Conjugate Gradient method with 6,8,10, and 16 projections. 

6 Projections 8 Projections 

10 Projections 16 Projections 



Figure 8 The monrtrrictiou of the Computer Gentrated Phantom using the 

AART mtîhod for 6,8,10, and 18 projections 

6 Projections 8 Projections 

10 Projections 16 Projections 



Foire  9. The reconstniction of the Computer Generated pbenttom using the 

Convolution Backpmjection m& with 6,8,10, and 16 projections. 

10 Projections 10 Projections 



Fiin 10. The reconstniction of the Cornputer Generated phantom using the 

Simulated Annealing methad with 6,8,10, and 16 projections. 

6 Projections 

10 Projections 16 Projections 



Figure Il. A graph of the Chi-!Sqm w o r  between the onginai test image and the 

reconsûuction versus the n u m k  of projections used to create the reconstruction. 



Figure 12. A graph of the hear correlation coefficient between the original test 

image and the reconstniction versus the number of projections used to create the 

reconstruction. 



F&ure 13. The recomüwtion of the Low Conttast Phantom using the Simulated 

Annealhg method using 16 projections. The matetials 4 are polystpne, water, 

aluminum, mck, and air. They are listed clockwise h m  the top of the phantom. 



Figiire Id Diagmwtic CT scan of the anthtopomorphic heacl phantom. 



Figure 15. A p p h  of îhe relative density of Merent materials includad in Low 

Conûast Phantom and the megavohoge CT number in the reconsüucted image using 

the MART reconstruction method. 



Figure 14 A graph of the relative density of different materials included in Low 

Contrast P h t o m  and the megavoltage CT number in the reconstd image using 

the Simulated Annealing reconstruction method. 



Figure 17. Top: Reconstniction of tbe mtbropomorphic phantom using the MGRT 

algonihm and 6 prajections. Bottom: matomicai landrmdr (invernal edge of the back 

of the d m )  fbm the above image regisicnd to the wnesponding fe- outlined 

in the m e n t  p W g  (diagnostic) CT image. 



Figure 18. Top: Reconstntction of tbe anthropomorphic phantom ushg the MART 

algoritbm a d  8 projections. Botbm: the anatomid landmark h m  the teconstntcted 

image registered to the c o m p d n g  fiahaie outlined in the âiagnostic CT image. 



Figure 19. Top: Reconstruction of the anthtopomorphic phantom using the 

Anncaling algorithm aad 6 projecti*m. Bottom: Shows edge h m  Rec 

image registered to edge extracttd h m  the diagnostic CT image 



Figure 20. Top: Reconstruction of the authropomotphic phantom using the Simuiated 

AMealing aigorithm and 8 projections. Bottom: Shows eâge h m  Reconsrtucted 

image registend to edge extracted h m  the diagnostic CT image. 




