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Abstract 

 Accurate and timely diagnosis and treatment of head trauma incidents, 

particularly ischemic stroke, rely on confident visualization of brain vasculature 

and accurate measurements of flow characteristics. Due to their low cost, high 

spatial resolution, small footprint, and adaptable geometry, cone-beam computed 

tomography (CBCT) systems have shown to be valuable for point of care 

applications that require timely diagnosis. However, image quality in CBCT 

scanners are potentially limited by slow rotation speed and are therefore challenged 

in the context of hemodynamic neurovascular imaging, as in CT Angiography 

(CTA) and CT Perfusion (CTP). This thesis details the advancement of neuro-

angiographic imaging in CBCT systems using prior-image based reconstruction 

methods such as Reconstruction-of-Difference (RoD) to provide accurate 

visualization of cerebral vasculature despite slow image acquisition and/or sparse 

projection data. 

 The performance of a novel CBCT system for high quality neuro-

angiographic imaging was assessed using RoD, a prior-image-based reconstruction 

method. A digital simulation framework is presented that involves dynamic 

vasculature models and an accelerated forward projection method. Results indicate 

feasibility for CBCT angiography attained with a 5 second scan time, despite a 

limited number of projections (“sparse” projection data). Preliminary results in 

CTP imaging demonstrate the potential for perfusion parameter estimation and 

warrant future research using a 3D printed vessel phantom developed in this work. 
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Progress means getting nearer to the place you want to be. And if you have taken 

a wrong turning, then to go forward does not get you any nearer. If you are on the 

wrong road, progress means doing an about-turn and walking back to the right 

road; and in that case the man who turns back soonest is the most progressive man. 

― C.S. Lewis 
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Chapter 1 

Introduction 

1.1 X-Ray and Computed Tomography Systems 

On November 8, 1895, physicist Wilhelm Roentgen discovered x-ray 

radiation, setting the stage for the next century of medical imaging. X-ray imaging 

uses ionizing radiation consisting of high energy photons to generate images of the 

body. Over the past century, a vast body of research and clinical application of x-

ray projection imaging and computed tomography (CT) has allowed physicians to 

visualize multiple aspects of the human body, including the morphology and 

function of tissues and organ systems ranging from the musculoskeletal system to 

the heart, GI tract, lungs, and brain. Cutting edge research in medical imaging 

continues to thrive more than a century after Roentgen’s discovery as new 

improvements in the diagnosis of medical conditions and guidance of treatment 

provide patients with effective medical diagnosis and therapy. 
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 Presented in this introduction is a brief overview of x-ray projection and CT 

systems, reconstruction methods, and clinical motivation for this work. Much of 

the background information for this work was based on three major texts (Bushberg 

et al 2002, Hsieh 2009, Prince et al 2006) that provide broader and deeper treatment 

of background and basics. 

1.1.1 X-Ray Imaging Physics 

Diagnostic x-rays, electromagnetic (EM) radiation with energy in the range 

of ~10 keV-150 keV, are formed as high energy electrons interact with the atomic 

nuclei and surrounding bounded electrons of a target material. The loss in energy 

due to deceleration and redirection of the incident electrons upon interaction with 

atoms in the target material nuclei results in emission of x-ray photons in the form 

of bremsstrahlung radiation. Similarly, interaction of the incident electrons with 

innermost K-shell bound electrons of the target material results in x-ray photon 

emission in the form of characteristic radiation.  

In x-ray projection and CT imaging systems, the process of x-ray generation 

occurs in x-ray tubes designed to maximize and control x-ray output. On the 

cathode side of the x-ray tube, electrons are formed through thermionic emission 

as a current is passed through a coil of tungsten filament. A high voltage generator 

provides a large potential difference to allow these electrons to travel through a 

vacuum tube to the anode side of the x-ray tube. The anode consists of a target 

material onto which electrons strike, releasing x-ray photons via bremsstrahlung 
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and characteristic emission. A lead housing with an output port allow x-rays to be 

directed toward the patient and x-ray detector for medical imaging. 

 X-ray photons in the diagnostic energy range interact with matter through 

three main interactions: Photoelectric absorption, Compton scatter, and Rayleigh 

scatter. The linear attenuation coefficient (𝝁) can be defined as the probability of 

photons interacting in a material per unit length of the material. The interaction of 

photons in material is described in the Beer-Lambert law, 

𝐼(𝐸) =  𝐼𝑜(𝐸) ∙ 𝑒− ∫ 𝜇(𝑧;𝐸)𝑑𝑧
𝐿

0  (1.1.1) 

  

where 𝑰(𝑬) is the expected number of photons that pass through the material on the 

given path L at a given energy 𝑬, and 𝑰𝒐(𝑬) is the initial number of photons. This 

equation is the underlying model of transmission imaging as dense tissue (such as 

bone) has a higher linear attenuation coefficient than soft tissue, thus allowing a 

higher probability of x-ray interaction, causing less photons to pass through the 

material. 

 The x-ray photons that pass through the patient are detected and measured 

using a variety of x-ray imaging detectors. These detectors incorporate high density 

materials to absorb transmitted x-trays and convert them to a measurable signal. 

The x-ray interaction mechanism can be indirect by converting x-ray interactions 

to low-energy photons as in scintillators coupled to photodiode arrays, or direct by 

converting x-ray interactions into measurable current as in a photoconductor. 
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1.1.2 Computed Tomography 

The above method of acquiring a medical image by detecting interaction of 

transmitted x-rays produces a “projection image” of the patient. Although 

projection images provide valuable information on the patient, the detected 

intensity is a measurement of the sum of all linear attenuation coefficients along the 

path and therefore lack of spatial information along the x-ray path. Computed 

tomography (CT) provides a process of acquiring projection images at many views 

around the patient and reconstructing the linear attenuation coefficient at each 

location in the patient – i.e., a 3D image of attenuation coefficients. In CT systems, 

the source and detector typically rotate simultaneously around the patient, acquiring 

many projection images. These CT systems can incorporate a single row of detector 

elements or more commonly multiple rows of detector elements as in multi-detector 

computed tomography (MDCT) systems to reconstruct multiple axial slices 

through the patient in one rotation. More recent generations of CT systems include 

technology for larger volume reconstructions. These two primary methods are 

helical scanning systems, allowing continuous rotation of the source and detector 

while the patient is translated through the system, and cone-beam CT (CBCT) 

systems discussed in the next section. 

1.1.3 Cone-Beam CT Systems 

Cone-Beam CT (CBCT) systems aim to reconstruct a large volume of the 

patient over a single rotation of the source and detector. These systems incorporate 
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large-area detectors that detect x-rays passing through a volume of the patient. 

CBCT systems provide many advantages in comparison to MDCT systems, 

including relatively simple mechanical configurations allowing small footprint and 

low-cost designs. Disadvantages include increased noise and artifacts due to 

limitations in detector configurations, and slow rotation speed of the large detector 

component.  

1.2 CT Reconstruction Methods 

CT reconstruction aims to estimate the spatial distribution of linear attenuation 

coefficients representative of the patient body from measurements of transmission 

photon intensities as measured in projection data. Extensive research over the last 

40 years has yielded a number of reconstruction techniques. Summarized here are 

two commonly used reconstruction methods: filtered backprojection (FBP) and 

penalized likelihood (PL) estimation. 

1.2.1 Analytical Reconstruction: Filtered Backprojection 

The filtered backprojection algorithm is a practical method for CT 

reconstruction that relates ramp-filtered projection data to the object. Here, the 

object 𝒇(𝒙, 𝒚), can be written as, 

𝑓(𝑥, 𝑦) =  ∫ [∫ 𝑃(𝜌, 𝜃)|𝜌|𝑒2𝜋𝑖𝜌𝜇𝑑𝜌
∞

−∞

]
𝑢=𝑥𝑐𝑜𝑠𝜃+𝑦𝑠𝑖𝑛𝜃

𝑑𝜃
𝜋

0

 (1.2.1) 
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where 𝑷(𝝆, 𝜽) is the Fourier transform of the projection data for a given 𝝆, the 

magnitude in the frequency domain, and 𝜽, is the acquisition scan angle. |𝝆| is a 

frequency domain ramp filter. The inner integral is the 1D inverse Fourier transform 

of 𝑷(𝝆, 𝝑)|𝝆| evaluated at 𝒖 = 𝒙𝒄𝒐𝒔𝜽 + 𝒚𝒔𝒊𝒏𝜽 creating one backprojection 

image. These images are summed over the various scan angles to reconstruct 

𝒇(𝒙, 𝒚).  

 Although the above FBP equation is written for a parallel x-ray beam 

geometry and a 2D (slice) object, a variety of extensions allow the algorithm to be 

applied to fan-beam geometry and fully 3D reconstruction. Among these important 

extensions to the basic FBP equation shown above are reweighting the data to 

account for ray density and sampling of the projections. In this work, we use the 

algorithm presented in Feldkamp et al 1984 for 3D FBP reconstruction. 

1.2.2 Model Based Iterative Reconstruction: Penalized Likelihood  

Model based iterative reconstruction (MBIR) incorporates a forward model 

to compare measured projection images with estimated projections, allowing 

successive updates on each iteration to improve the reconstruction. One common 

form of MBIR is the Penalized Likelihood (PL) algorithm. The most basic form of 

PL estimation assumes a Poisson mono-energetic forward model that can be 

expressed using a standard mean measurements model for transmission 

tomography,  
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𝑦𝑖 = 𝑔𝑖 ∙ exp(−[𝐴𝜇]𝑖) (1.2.2) 

where 𝒈𝒊 is the x-ray fluence gain term, 𝝁 is a vector of attenuation coefficients in 

the current measurements, A is the system matrix, [𝑨𝝁]𝒊 is the line integral 

representation of the ith measurement, and the 𝒚𝒊 terms are assumed to be 

independent and Poisson distributed. The objective function aims to maximize the 

likelihood of obtaining the measured projections given the volume 𝝁. The objective 

function can be written as, 

𝝁 ̂ =  argmax
𝝁≥0

𝐿(𝑦; 𝝁) − 𝛽𝑅(𝜇) (1.2.3) 

where 𝑳(𝒚; 𝝁) is the Poisson log-likelihood data fidelity term, 𝑹(𝝁)  is a roughness 

penalty that preserves desirable image features but penalizes noise, and 𝜷 is a 

regularization parameter that controls the strength of the roughness penalty, 𝑹(𝝁). 

Here, 𝑹(𝝁) is commonly chosen to be the P-norm penalty of weighted first order 

neighborhood voxel differences. A L1-norm penalty is often approximated as a 

Huber penalty (Huber 1964) to preserve edges, yet retain differentiability.  

 Recent work in MBIR includes modifying the objective function to include 

additional sources of information such as prior imaging studies of the patient. 

Techniques such as prior-image-constrained compressed sensing (PICCS) (Chen et 

al 2008), prior image (with) registration penalized-likelihood estimation (PIRPLE) 

(Stayman et al 2013), and reconstruction of difference (RoD) (Pourmorteza et al. 

2016) are example prior-based MBIR algorithms that incorporate prior imaging 

studies in the reconstruction process to preserve image quality by overcoming loss 
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in data fidelity. RoD is the method that will be further developed and evaluated in 

this work. 

1.3 Clinical Background and Motivation 

1.3.1 Traumatic Brain Injury and Stroke 

The clinical motivation of this work concerns the diagnosis and treatment 

of head trauma. Traumatic brain injury (TBI) results in 1.7 million emergency cases 

per year and 30% of injury-related deaths (Laker 2011). Another large source of 

neurological injury is stroke, which presents the 5th leading cause of death in the 

United States with over 800,000 deaths per year (Mozaffarian et al 2014). Stroke 

can be separated into two major categories: hemorrhagic stroke, which is a rupture 

of blood vessels leading to bleeding in brain tissue; and ischemic stroke, which is 

an occlusion of a supplying blood vessel. Non-contrast-enhanced (NCE) CT 

imaging is the primary modality for the detection of hemorrhagic stroke and other 

forms of acute intracranial hemorrhages (ICH). These hemorrhages present 

conspicuous hyperattenuating lesions in (NCE) CT images. Ischemic stroke may 

appear as a hypoattenuating region in (NCE) CT images, but tends to be 

inconspicuous. Detection of ischemia benefits tremendously from contrast-

enhanced (CE) scans as described below, which represents the main focus of work 

presented in this thesis. 

 



9 
 

1.3.2 Ischemic Stroke 

Ischemic stroke accounts for 87% of the 800,000 annual stroke events per 

year in the United States (Mozaffarian et al 2014). Due to a lack of appearance in 

(NCE) CT imaging, advanced neuro-angiographic imaging methods such as CT 

angiography and CT perfusion imaging are commonly performed for the imaging 

of ischemic stroke. These techniques are used to evaluate the severity and locality 

of damaged brain tissue and provide information for patient treatment. 

1.3.3 CT Angiography  

CT angiography (CTA) provides visualization of the brain arterial 

vasculature to identify possible occlusions. This technique requires an injection of 

iodinated contrast agent during the scan. The iodinated contrast has a high density 

and thus creates significant contrast between the vasculature and the surrounding 

brain tissue. CTA relies on difference images between a non-contrast-enhanced 

image and a contrast-enhanced image, thereby giving strong contrast between 

contrast-enhanced vessels and the surrounding brain tissue. CTA requires an 

approximately steady level of contrast throughout the image acquisition time to 

provide stable contrast in the vessels (discussed below in relation to “data 

consistency”). Physicians can localize vessel occlusions and assess the severity of 

the blockage in CTA images by examining symmetry and stricture of vessels. High 

spatial resolution is necessary to provide accurate representations of possible 

occlusions for proper diagnosis. 
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1.3.4 CT Perfusion 

CT Perfusion (CTP) focuses on the physiological aspect of the diagnosis 

and aids in distinguishing salvageable versus irrecoverable regions of brain tissue. 

CTP tracks the motion of a small bolus of circulating iodinated contrast as it travels 

through the vasculature. The underlying goal of CT perfusion imaging is to identify 

regions in the brain tissue that can be categorized as an ischemic core of critically 

irreversible tissue and the penumbra, a region surrounding the ischemic core of 

severely damaged but recoverable tissue. Following acquisition of the images, a 

time attenuation curve (TAC) is generated for each voxel in the image, 

representative of the dynamics of the contrast bolus through specific regions of 

tissue. Using these reconstructed TACs, perfusion parameters such as cerebral 

blood flow (CBF), cerebral blood volume (CBV), and mean transit time (MTT) are 

calculated for each voxel and can be used to localize the penumbra and ischemic 

core. 

1.4 Outline and Overview of Dissertation 

 Thesis Statement: Neuro-angiographic imaging using CBCT can be 

improved by incorporating prior-image based reconstruction methods such as the 

Reconstruction-of-Difference (RoD) algorithm to provide accurate visualization of 

cerebral vasculature despite slow image acquisition and/or sparse projection data. 

 Chapter 2 presents a novel CBCT system for high quality imaging of the 

head and potential challenges in neurovascular imaging for CBCT systems. These 
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challenges are addressed using a prior-image based reconstruction method. A 

digital simulation framework for CBCT angiographic imaging is presented, and 

results are shown for FBP and RoD parameter selection, visualization of simulated 

vessel occlusions, and analysis of tradeoffs between data sparsity and consistency. 

Chapter 3 presents preliminary methodology and initial studies on perfusion 

imaging with CBCT. A digital simulation framework for contrast bolus throughout 

brain tissue and calculation of perfusion parameters is presented. Results include 

performance using prior-image based reconstruction methods in terms of time 

attenuation curve and perfusion parameter estimation. 

Chapter 4 concludes this work, discusses remaining challenges and provides 

an outlook on future advances for neurovascular imaging with CBCT systems. 

 

 

 



12 
 

 

Chapter 2 

3D Neurovascular Imaging with Cone-Beam CT 

2.1 Introduction 

 CT imaging remains the primary frontline modality for the diagnosis of 

stroke. Beyond differentiating hemorrhagic from ischemic stroke through non-

contrast CT, angiographic imaging of brain vasculature is the next step in the 

pipeline of stroke diagnosis. Visualization of the vasculature is a crucial task to 

properly identify occlusions, and thus adequate image quality is of high importance. 

 This chapter presents a novel CBCT system for high quality imaging of the 

head and potential challenges in temporally dependent neurovascular imaging with 

CBCT systems. A digital simulation framework for neurovascular imaging is 

presented involving a brain phantom with dynamic vasculature models and an 
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accelerated forward projection method. Results involving a prior-image based 

reconstruction method for high quality reconstructions from a sparse projection 

data set is also presented compared to standard reconstruction methods. 

2.2 CBCT System for High-Quality Imaging of the Head 

Offering a relatively low cost, small footprint, and adaptable geometry, 

CBCT scanners with flat-panel detectors have shown to be valuable for image-

guided interventions as well as point-of-care applications. A dedicated CBCT head 

scanner prototype (Figure 2.1) is under development for the imaging of acute 

intracranial hemorrhage, specifically in point-of-care applications such as in the 

Neuroscience Critical Care Unit (NCCU) for critically ill patients. The design of 

the head scanner system geometry, x-ray source, and detector type was guided by 

the results of a task-based imaging performance model (Xu et al 2016), with 

preliminary results supporting the feasibility of detection of hemorrhagic stroke. 

Extensive work has also been done in the development of an artifact correction 

framework involving a fast Monte Carlo based scatter estimation and corrections 

for detector lag, veiling glare, beam hardening, truncation, and patient motion 

providing substantial improvements in contrast resolution for soft tissue imaging. 

(Sisniega et al 2015) A novel model based penalized weighted least-squares 

(PWLS) image reconstruction method was also developed to improve the nose-

resolution tradeoff associated with these artifact corrections. (Dang et al 2015) 

Current work involves translation to a clinical pilot study, providing further support 
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for sufficient image quality in intracranial hemorrhage imaging. (Sisniega et al 

2017)  

 

Figure 2.1. Cone-beam CT head scanner prototype for high-quality imaging of the head under 

development at Johns Hopkins Hospital. 

2.3 Challenges with Cone-Beam CT Systems 

 Neurovascular imaging remains a challenging technique with CBCT 

systems due to limitations in temporal resolution. While current MDCT scanners 

can complete a full scan in a fraction of a second, the fastest fixed C-arm scanners, 

such as the Artis Zeego, can reach a maximum speed of 60o per second, resulting 

in a 3.5 second minimum half-scan time (Artis Zeego, Siemens Healthineers, 

Erlangen Germany). Large flat-panel detectors often used in CBCT systems are 
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also limited by much slower readout rates than MDCT systems. In this study, we 

chose to fix the frame rate to the nominal frame rate of our head scanner prototype 

of 15 frames per second. Table 2.1 shows various rotation speeds ranging from the 

nominal rotation speed of our head scanner prototype of 12o per second to the 

maximum rotation speed of a fixed C-arm scanner of 60o per second.  

 
Rotation Speed Tscan Nprojs 

CBCT Prototype (nominal)      12 o/sec 17.5 sec 262 

 18 o/sec 11.7 sec 175 

CBCT Prototype (max)      24 o/sec 8.8 sec 131 

 45 o/sec 4.7 sec 70 

Fixed C-arm (max) 60 o/sec 3.5 sec 52 

Table 2.1. Comparison of scan times and number of projections for various rotation speeds of CBCT 

systems over a 180+fan rotation angle and fixed frame rate of 15 frames/second. 

As the rotation speed increases, the time of a (half-scan) orbit (Tscan) 

decreases, but due to the fixed frame rate, the number of projections (Nproj) also 

decreases, requiring reconstruction from sparsely sampled projection datasets. 

Compared to the thousands of projections acquired in MDCT and the >~200 

projections regularly acquired in CBCT, we see that fast scans with the head 

scanner prototype involves as few as ~70 projections. This is further illustrated in 

Figure 2.2 as a tradeoff between speed and sparsity.  

Shown in Figure 2.2 is a typical brain arterial enhancement curve with a 

maximum enhancement value of 70 HU and a full width at half maximum (FWHM) 

of approximately 10 s (Marco de Lucas et al 2008). The pink rectangle depicts the 

scan window of the CBCT prototype rotating at 12 o/s centered around the peak of 
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the arterial enhancement, yielding 262 projections over a 17.5 second scan window. 

In this configuration, we obtain many projections creating a well-sampled dataset.  

 

Figure 2.2. Illustration of the tradeoff between data consistency and sparsity for a typical arterial 

enhancement curve. The pink rectangle represents a long scan time of 17.5 seconds resulting in a 

fully sampled dataset with low data consistency. The green rectangle represents a short scan time of 

3.5 seconds resulting in a sparse dataset with high data consistency. 

However, the large time window results in low data consistency (i.e., strong 

variation in attenuation values in the vessels during the scan) throughout the many 

projections of the scan. In comparison, the green rectangle depicts the scan window 

of a C-arm scanner rotating at 60 o/s, yielding 52 projections over a 3.5 second scan. 

In this configuration, we observe high data consistency - i.e., the arterial 

FWHM = 10 sec 

Well-sampled 

(but low data consistency) 

 Low Data  

Consistency 

Sparse / under-sampled 

(but high data consistency) 

High Data  

Consistency 
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enhancement is relatively consistent over the course of the scan - but suffer from a 

low number of projections, resulting in sparse, undersampled data. This tradeoff 

between sparsity and data consistency is evident due to the dynamics of the 

enhancement and slow rotation speeds. 

 One method to addressing this problem is to increase the readout rate of the 

detector to allow more projections throughout the scan time. This can be done by 

increasing pixel binning on the detector, limiting the field of view, or incorporating 

detectors with faster readout rates. Although these methods will result in more 

projections for a given scan time, the tradeoff between sparsity and data consistency 

will still be evident. Thus, the research reported below aimed to tackle this problem 

by incorporating prior-image-based reconstruction methods that would remain 

robust against the sparse data element of the problem. 

2.4 Prior-Image Based Method: Reconstruction of Difference 

 One such prior-image-based reconstruction method is the reconstruction of 

difference (RoD) approach described in Pourmorteza et al. 2016. In this approach, 

we aim to use a prior, unenhanced, fully sampled brain image in combination with 

new sparser measurements during contrast injection to reconstruct a difference 

image representing the contrast enhancement in the brain. In the CT angiography 

scenario, the prior image would be a fully sampled CBCT image taken prior to the 

injection of iodine. We assume that as the iodinated contrast agent is injected into 
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the patient, the anatomy and attenuation coefficients of the brain remains identical 

to the prior image except over the arterial vasculature.  

Consider the following mean measurements forward model for transmission 

tomography:  

𝑦𝑖 = 𝑔𝑖 ∙ exp(−[𝐴𝜇]𝑖) (2.4.1) 

where 𝒈𝒊 is the x-ray fluence gain term, 𝝁 is a vector of attenuation coefficients in 

the current measurements, A is the system matrix, [𝑨𝝁]𝒊 is the line integral 

representation of the ith measurement, and 𝒚𝒊′𝒔 are presumed to be independent and 

Poisson distributed. By representing the attenuation coefficients of the current 

measurements as a sum of the prior image 𝝁𝒑 and a difference image 𝝁𝒅, the 

forward model can be rewritten as  

 𝑦𝑖 = 𝑔𝑖 ∙ exp (−[𝐴(𝜇𝑝 + 𝜇𝑑)]
𝑖
)                           

=  𝑔𝒊 ∙ exp (−[𝑨𝜇𝑝]
𝑖
) ∙ exp(−[𝑨𝜇𝑑]𝑖)

=  𝑔𝑖
′ ∙ exp(−[𝑨𝜇𝑑]𝑖) 

(2.4.2) 

where the first two terms are combined into a new gain term, 𝒈𝒊 
′ , reducing the new 

difference forward model to a similar form of the standard forward model in 

Equation 2.4.1. Thus, a standard penalized likelihood (PL) reconstruction may be 

used with only a modified gain term. We choose the following objective function 

similar in form to the PL objective function, 
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Φ(𝜇𝑑; 𝑦, 𝜇𝑝) = −𝐿(𝜇𝑑; 𝑦, 𝜇𝑝) + 𝛽𝑅‖Ψ𝜇𝑑‖1 + 𝛽𝑀‖𝜇𝑑‖1 (2.4.3) 

with implicitly defined estimator, 

{�̂�𝑑} = arg 𝑚𝑖𝑛
𝜇𝑑

Φ(𝜇𝑑; 𝑦, 𝜇𝑝) (2.4.4) 

where L is the Poisson log-likelihood function, 𝛽𝑅 is a regularization parameter that 

controls the roughness penalty to encourage smooth solutions by penalizing local 

1st-order neighborhood differences, and 𝛽𝑀 controls the magnitude penalty to 

ensure small, local differences from the prior image. We also chose Ψ to be a first-

order neighborhood local pairwise voxel difference operator. The L1 norm is 

approximated using a Huber penalty function to ensure differentiability with 

parameters δ𝑅 and δ𝑀 which control the transition from the quadratic to linear 

regions of the Huber function. (Huber 1964) 

The PL cost function was minimized using an ordered-subsets separable 

paraboloidal surrogate (OS-SPS) approach (Erdogan and Fessler 1999) 

implemented in MATLAB (The Mathworks, Natick MA) using custom forward 

and back projectors through CUDA-based libraries for parallel computing on a 

graphical processing unit (GPU). 
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2.5 Digital Simulation for CBCT Angiographic Imaging 

 To compare the RoD algorithm to standard reconstruction algorithms in a 

CT Angiographic application, we developed a digital simulation framework 

shown in Figure 2.3.  

 

Figure 2.3. Flowchart of digital simulation framework for CT angiography. 

2.5.1 Digital Brain Phantom Design 

 A 3D digital brain model was produced starting with a segmentation of 

white matter, gray matter, cerebrospinal fluid (CSF), and skull from Aichert et al. 

2013 as the pre-contrast head phantom. Each region was assigned a constant 

attenuation coefficient corresponding to realistic human anatomy as shown in Table 

2.2, representing the baseline (pre-contrast) attenuation map. The brain phantom 

was smoothed using a simple Gaussian kernel to create realistic edges and a skull 

stripped mask was obtained. A 3D vasculature mask was also obtained from Aichert 
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et al. 2013 and was placed over the brain phantom with modeled enhancement 

values during the injection of iodine. Shown in Figure 2.4 are a sagittal and axial 

slice of the 3D brain phantom and 3D renderings of the vasculature mask. 

 
White Matter Gray Matter Cerebrospinal 

Fluid 

Skull 

Attenuation 

Coefficient (mm-1) 
0.0170 0.0172 0.0167 0.0266 

Table 2.2. Brain phantom attenuation map. 

 

Figure 2.4. Digital brain phantom design. a-b) Sagittal and axial slice of the 3D brain phantom. c-

d) 3D renderings of the vasculature mask. 

a b 

 

d 

 

c 
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2.5.2 Vessel Enhancement Curves 

 The flow of iodinated contrast agent in the brain was modeled as Gaussian 

curves with various full width at half maximum (FWHM) and maximum 

attenuation value 𝝁𝒎𝒂𝒙. Although realistic enhancement curves are often modeled 

as gamma variate functions, a simple Gaussian curve approximation was used in 

the current work to model the dynamics of the change in attenuation coefficient. By 

varying the FWHM and 𝝁𝒎𝒂𝒙 of the enhancement curve, we can study the effects 

of various degrees of data consistency and contrast between the background brain 

tissue and vasculature. 

2.5.3 Accelerated Forward Projection Simulation 

 Forward projection of the 3D brain phantom was performed using a 

separable-footprint (Long et al 2010) forward projector implemented on a GPU in 

C++ using CUDA libraries. Past work in dynamic digital brain phantoms included 

updating brain vessel voxels to match an enhancement value for each time point 

and forward projecting each distinct volume. (Divel et al 2016) Such an approach 

requires that a unique volume must be transferred to the GPU to perform the 

forward projection and this process must be repeated for each time point thus posing 

a computational challenge.  

 We proposed an accelerated forward projector where only two forward 

projections are completed: a forward projection of the unenhanced brain phantom 
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and a forward projection of a mask of the vasculature, 𝒎𝒗𝒆𝒔𝒔𝒆𝒍𝒔. The projections of 

the vasculature mask are then scaled by a corresponding enhancement value at the 

given time point, 𝝁𝒅,𝒕, and added to the projections of the brain phantom. Due to 

the linearity of the projection matrix operation defined in 𝒂𝒊𝒋, Equation 2.5.2, our 

accelerated forward projector, is an exact representation of the slower, “brute force” 

method shown in Equation 2.5.1. 

[𝐴𝜇]𝑖 =  ∑ 𝑎𝑖𝑗(𝜇𝑏𝑟𝑎𝑖𝑛 𝑝ℎ𝑎𝑛𝑡𝑜𝑚 + 𝑚𝑣𝑒𝑠𝑠𝑒𝑙𝑠 ∙ 𝜇𝑑,𝑡)𝑗

𝑝

𝑗=1

 

(2.5.1) 

[𝐴𝜇]𝑖 =  ∑ 𝑎𝑖𝑗(𝜇𝑏𝑟𝑎𝑖𝑛 𝑝ℎ𝑎𝑛𝑡𝑜𝑚)𝑗

𝑝

𝑗=1

+ 𝜇𝑑,𝑡 ∑ 𝑎𝑖𝑗(𝑚𝑣𝑒𝑠𝑠𝑒𝑙𝑠)𝑗

𝑝

𝑗=1

 

(2.5.2) 

This accelerated forward projector moves the addition of the time-varying 

component from the image domain to the projection domain. By factoring the time-

varying 𝝁𝒅,𝒕 out of the forward projection, the accelerated forward projector method 

provides a considerable boost in computational efficiency.  

Poisson noise was introduced into the digital brain phantom projections 

representative of an image acquired on the head scanner prototype. Considering the 

head scanner system geometry and x-ray source noted in Table 2.3, we used the 

Spektr computational tool (Punnoose et al 2016) and a Poisson random number 

generator to create noise realizations of our projections. 
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2.6 Experimental Methods 

Parameter Value 

Tube Voltage 100 kV 

Filtration 2 mm Al, 0.2 mm Cu 

Tube Output 0.3 mAs/projection 

Frame Rate 15 frames/s 

Orbital Extent 210o 

SAD 500 mm 

SDD 1000 mm 

Detector Pixel Size 0.556 mm x 0.556 mm 

Table 2.3. Summary of acquisition parameters and system geometry for CT Angiography 

simulation. 

 

Acquisition parameters and scanner geometry were set according to the 

head scanner prototype system and are shown in Table 2.3. Our digital simulation 

framework was used to investigate sensitivity to regularization parameters (2.6.1), 

accuracy and test statistic metrics in variable occlusions (2.6.2), sparsity versus data 

consistency (2.6.3), and sparsity versus contrast of vessels to background tissue 

(2.6.4). Root mean square error (RMSE) between the estimated vessel difference 

image, �̂�𝒅, and the ground truth vessel image, 𝝁𝒕𝒓𝒖𝒕𝒉, 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(�̂�𝑑 − 𝜇𝑡𝑟𝑢𝑡ℎ)2

𝛺

 
(2.6.1) 
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was used as a metric of image quality, where 𝜴 is the region of brain tissue inside 

the skull and N is the number of voxels in 𝜴. Here �̂�𝒅 is defined as the difference 

between the reconstructed image and the prior image for FBP and PL. 

2.6.1 Reconstruction Parameter Optimization 

 We compared the performance of the RoD method to two standard 

reconstruction methods: filtered backprojection (FBP) and PL. We first 

investigated the sensitivity to each algorithm’s respective smoothing or 

regularization parameters to compare optimal images for each method. We chose 

to remove the data inconsistency aspect by using a constant vessel enhancement of 

70HU over the entire scan time. This allowed us to analyze the regularization 

parameters as a function of sparsity, denoted by the five cases of various number 

of projections in Table 2.1.  

 For FBP, we studied trends in optimal smoothing through an exhaustive 

sweep over the cutoff frequency for a Hann apodization filter for each number of 

projections. For PL, a 2D exhaustive sweep over regularization parameters 𝜷𝑹 and 

𝜹𝑹 was completed, choosing parameters that produced the smallest RMSE as the 

optimal setting. For RoD, 𝜹𝑹 and 𝜹𝑴 were assessed in terms of stability and a 2D 

exhaustive sweep over regularization parameters 𝜷𝑹 and 𝜷𝑴 was completed. Here, 

𝜷𝑹 and 𝜷𝑴 were scaled by the respective number of views to provide a fair 

comparison of the “strength” of beta for different cases.  
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2.6.2 Accuracy of Reconstructions: Severity of Occlusion 

 One potential goal of CT Angiography is to identify and distinguish vessels 

that have no occlusions from partial occlusions and full occlusions. We adapted our 

vasculature tree to include a partial occlusion on a major artery and a full occlusion 

at the same location depicted in Figure 2.5. 

 

Figure 2.5.  Vasculature tree with (a) no occlusion, (b) a partial occlusion, and (c) a full occlusion. 

A 

B 

C 
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Comparison of the severity of occlusion as visualized by the three 

reconstruction methods was quantified in terms of binary hypothesis test statistics 

as defined below. A constant vessel enhancement of 70HU was incorporated over 

the entire scan time. For analysis, we binarized both the true vessel image and the 

reconstruction images using a threshold of half of the maximum enhancement 

value. "Positive" voxels were defined as those with attenuation value greater than 

or equal to the threshold, and "negative" voxels were those with attenuation values 

less than the threshold. We defined true positives (TP) as the number of positive 

voxels in the truth image that were also positive in the reconstruction, true negatives 

(TN) as the number of negative voxels that were negative, false positives (FP) as 

the number of positive voxels in the reconstruction that were negative in the truth 

image, and false negatives (FN) as the number of negative voxels in the 

reconstruction that were positive in the truth image. Three test statistics, Accuracy, 

False Positive Rate, and False Negative Rate are defined as follows: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(2.6.2) 

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝐹𝑃𝑅) =  
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
 

(2.6.3) 

𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝐹𝑁𝑅) =  
𝐹𝑁

𝑇𝑃 + 𝐹𝑁
 

(2.6.4) 

Along with visual assessment of the occlusions, these test statistics were compared 

for various reconstruction methods and at various number of projections. 
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2.6.3 Sparsity versus Data Consistency   

To better understand the tradeoff between sparsity and data consistency, 

reconstructions with various number of projections were obtained for variable 

duration of vessel enhancement, described by Gaussian curves with fixed 𝝁𝒎𝒂𝒙 and 

variable FWHM ranging from around 5 to 20 seconds shown in Figure 2.6. Image 

quality tradeoff between sparsity and data consistency was assessed by the RMSE 

metric. 

 

Figure 2.6.  Enhancement curves with fixed 𝜇𝑚𝑎𝑥 of 70HU and variable FWHM ranging from 5 

to 20 seconds. 
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2.6.4 Fixed Volume of Iodine Contrast Agent 

 Another clinical question involved in CT angiography is given a fixed 

volume of iodinated contrast, at what rate and what concentration should the 

volume be injected? This question was assessed quantitatively by varying the 

FWHM, and thus varying 𝝁𝒎𝒂𝒙, given a fixed volume of iodinated contrast for a 

typical CT Angiography protocol, represented by the area under the enhancement 

curve. For each case of number of projections, the FWHM of the enhancement 

curve was set to half of the scan time resulting in relatively equivalent data 

consistency for all cases after normalizing by the enhancement value. Therefore, as 

the scan speed increases, the number of projections become smaller but the 

iodinated contrast is highly concentrated throughout the short scan time resulting 

in higher attenuation values in the vasculature. These area-normalized Gaussian 

curves are illustrated in Figure 2.7. 

We used a modified RMSE metric,  

𝑅𝑀𝑆𝐸𝑠𝑐𝑎𝑙𝑒𝑑 =
√1

𝑁
∑ (𝜇𝑑 − 𝜇𝑡𝑟𝑢𝑡ℎ)2

𝑅

max (𝜇𝑡𝑟𝑢𝑡ℎ)
 

(2.6.1) 

normalized by the maximum value of the truth vessel difference image in order to 

keep the differences in attenuation coefficients relatively on the same scale. 
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Figure 2.7.  Enhancement curves with fixed volume of contrast (area under the curve) and various 

FWHM set equal to half of the scan time. 

2.7 Results 

2.7.1 Accelerated Forward Projection Simulation 

 The accelerated forward projection method was compared to the “brute 

force” forward projection method for various number of voxels and number of 

projections. Comparison of run times is shown in Table 2.4.  

 

FWHM=1.75sec 

FWHM=2.35sec 

FWHM=4.4sec 

FWHM=5.85sec 

FWHM=8.75sec 
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Nvoxels Nviews “Brute Force” Run Time Accelerated Run Time 

512x512 52 22 seconds 0.5 seconds 

512x512 262 95 seconds 3 seconds 

512x512x512 52 30 seconds 2 seconds 

512x512x512 262 157 seconds 12 seconds 

Table 2.4. Comparison of run times of “brute force” versus the accelerated forward projection 

methods. The accelerated forward projection method provides a 10-30x increase in computational 

speed. 

 Because the accelerated method requires the forward projection of only two 

volumes, whereas the “brute force” method requires a forward projection of a 

separate volume for each view, the accelerated method resulted in a 10-30x increase 

in computational speed. This result can be expanded beyond this neurovascular 

imaging study to increase the computational speed of future simulation studies 

involving forward projection of a time-varying image. 

2.7.2 Reconstruction Parameter Optimization 

 For FBP, we first studied the effects of varying the Hann apodization cutoff 

frequency as a fraction of the Nyquist frequency (fcutoff) for various number of 

projections through a sweep over fcutoff. Figure 2.8 shows the error in terms of 

RMSE as a function of the cutoff frequency. The optimal choice of fcutoff for each 

number of projections is identified as the minimum RMSE.  
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Figure 2.8. RMSE as a function of cutoff frequency of the Hann apodization filter for FBP 

reconstruction. Optimal cutoff frequency for each number of projection case is indicated by the 

square. 

 As the number of projections decreases, the RMSE increases as view 

sampling artifacts become apparent in the reconstruction due to insufficient data. 

In addition, as the number of projections decreases, the optimal cutoff frequency 

also decreases as more smoothing of higher frequencies is required to combat view-

sampling artifacts. FBP is unable to adequately reconstruct the data with low 

number of projections due to the view-sampling artifacts and thus the data must be 

over-smoothed, leading to unrealistic vessel edges. 

For PL, a 2D exhaustive sweep over 𝜷𝑹 and 𝜹𝑹 was conducted to assess 

stability of these parameters the number of projections was varied. RMSE remained 
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stable for 𝜷𝑹 at approximately 103.5 (and 𝜹𝑹 at approximately 7x10-4 mm-1)for the 

various cases as shown in Figure 2.9.  

For RoD, 𝜹𝑹 was set to 7x10-4 mm-1, the same optimized value for PL, and 

𝜹𝑴 was set to 1x10-5 mm-1, a sufficiently small value to approximate an L1 norm 

on the magnitude difference. A 2D exhaustive sweep over 𝜷𝑹 and 𝜷𝑴 was 

conducted to assess stability of these parameters as the number of projections were 

varied. Here again, we found that RMSE remained relatively stable for 𝜷𝑹 ranging 

from 103.5-103.75 and 𝜷𝑴 ranging from 103.5-103.75 as shown in Figure 2.10. Due to 

the robustness of the RoD regularization parameters, we chose to fix 𝜷𝑹 to 103.5 

and 𝜷𝑴 to 103.5. These promising results show that the regularization parameters 

for PL and RoD remain relatively robust when acquiring a small number of 

projections. 
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Figure 2.9. RMSE shown over a 2D exhaustive sweep of PL regularization parameters for various 

number of projections. Optimal regularization parameters are indicated by the green rectangle. 
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Figure 2.10. RMSE shown over a 2D exhaustive sweep over RoD regularization parameters for 

various number of projections. 𝜹𝑹 was fixed to 7x10-4 and 𝜹𝑀was fixed to 1x10-5. Optimal 

regularization parameters are indicated by the green rectangle. 

Once optimal parameters were selected for each reconstruction method, we 

compared the performance of each method in terms of RMSE. Figure 2.11 shows 
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RMSE as a function of the number of projections for each reconstruction method 

using optimal parameters.  

 

Figure 2.11. RMSE as a function of the number of projections. Shown are the results of the 

optimal smoothing or regularization parameters for each reconstruction method. 

RoD outperformed PL and FBP in terms of RMSE, especially at the lower 

number of projections. In Figure 2.12, the resulting difference images from the 

reconstructions with 70 projections are compared for each algorithm. For 

reconstructions at small number of projections, FBP was dominated by view-

sampling artifacts. RoD and PL both remained robust against sparse data; however, 

RoD resulted in a lower RMSE, and PL was unable to remove residual noise in the 

brain tissue region.  

FBP 

PL 

RoD 
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Figure 2.12. Comparison of difference images for each reconstruction at 70 projections. 

2.7.3 Accuracy of Reconstructions: Severity of Occlusion 

 We further compared PL and RoD reconstructions with regard to accuracy, 

false positive rate (FPR), and false negative rate (FNR) to better understand the 

rates at which occlusions might be accurately diagnosed or misdiagnosed. FBP was 
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already shown to perform considerably worse at low number of projections due to 

view-sampling artifacts, and thus was not considered in this study. Table 2.5 

compares the Accuracy, FPR, and FNR for PL and RoD reconstructions in the case 

of no occlusion and partial occlusion. These test statistics were calculated over a 

small circular region on a major vessels with partial occlusion such that there were 

equal numbers of positive and negative voxels. A plot of accuracy versus the 

number of projections for PL and RoD is shown in Figure 2.13. The resulting 

images for 70 projections, where the difference in accuracy becomes apparent, is 

also shown in Figure 2.14. 

Reconstruction Accuracy False Positive Rate False Negative Rate 

PL w/ No Occlusion 83.2% 28.1% 1.4% 

RoD w/ No Occlusion 92.0% 5.5% 11.3% 

PL w/ Partial Occlusion 80.2% 32. 2% 1.1% 

RoD w/ Partial Occlusion  91.9% 7.8% 8.6% 

Table 2.5. Comparison of accuracy, false positive rate, and false negative rate for PL and RoD 

reconstructions with and without occlusions for 70 projections. 
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Figure 2.13. Accuracy versus the number of projections for RoD and PL reconstructions. The solid 

line represents the case of no occlusion. The dotted line represents the case of partial occlusion. 

RoD provided an increase in accuracy and sensitivity (1-FNR) compared to 

PL, but suffered somewhat in specificity (1-FPR). At higher number of projections, 

this difference was somewhat small, but as at lower number of projections (70 

projections or lower) the difference in the two reconstructions became evident. RoD 

remained robust against sparsity as the fully sampled prior image provided 

information to combat the view sampling artifacts. PL has no prior information and 

thus needs to provide more regularization to minimize the view sampling artifacts 

at low number of projections. This “over-smoothing” of the data yields lower 

accuracy, especially in terms of the false positive rate. The over smoothing can be 

PL 

RoD 
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very detrimental as seen in Figure 2.14, where PL smooths the occlusion to the 

point where the occlusion is unnoticeable.  

 

Figure 2.14. Comparison of PL and RoD difference images with no occlusion and partial occlusion 

for 70 projection reconstructions. Also reported are the false positive and false negative rates. 

 

 

RoD 

PL 

Partial Occlusion No Occlusion 

FPR: 28.08% 

FNR: 1.44% 

FPR: 32.16% 

FNR: 1.09% 
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2.7.4 “Sparsity” versus “Data Consistency”  

The tradeoff between sparsity and data consistency was evaluated using 

time-varying enhancement curves of various FWHM ranging from 5-20 seconds. 

Figure 2.15 shows RMSE in the reconstructions as a function of the FWHM of the 

Gaussian enhancement curve for various number of projections.    

 

 

Figure 2.15. RMSE of RoD reconstructions versus the duration of enhancement reported as the 

FWHM of a Gaussian enhancement curve. Shown are trends for various number of projection cases. 
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Shown in this figure is only the RoD reconstructions, as RoD proved to 

outperform FBP and PL in terms of RMSE and accuracy. For the case of 52 

projections, as the duration of enhancement decreased from 20 seconds to 5 seconds 

the RMSE stayed somewhat constant as high data consistency was maintained over 

the range of FWHM. For the 70-projection case, error decreased at larger FWHM 

as the reconstruction was less sparse, but as the duration of enhancement decreased, 

the data consistency problem became evident for this longer scan time and thus 

RMSE increased at a faster rate. For even higher number of projections (131, 175, 

262), and thus longer scan times, the degradation in image quality due to data 

inconsistencies occur faster and at longer durations of enhancement.  

Shown in Figure 2.16 are the resulting difference images at different 

number of projections and durations of enhancement. Again, the data 

inconsistencies become very clear as the number of projections increases. For a 

typical duration of enhancement of 10 seconds, the 70-projection case 

(corresponding to a 4.7 second scan) provided the best image quality in terms of 

RMSE. 
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Figure 2.16. Resulting RoD difference images for various number of projections and durations of 

enhancement.  

Figure 2.17 shows a comparison of RoD to FBP and PL for a fixed dynamic 

enhancement curve with FWHM = 10 seconds and 𝝁𝒎𝒂𝒙= 70 HU. The tradeoff 

between data consistency and sparsity is shown to create some optimal number of 
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projections, and thus scan time, for each reconstruction algorithm. Due to RoD’s 

robustness to sparsity, RoD optimized at a lower number of projections than PL 

and FBP and provides a lower RMSE value.  

 

Figure 2.17. Tradeoff between sparsity and data consistency. RMSE is shown verse the number of 

projections for a fixed Gaussian enhancement curve with FWHM=10seconds. Optimal results are 

indicated by the square. 

2.7.5 Fixed Volume of Iodine Contrast Agent  

 The final study quantitatively assessed image quality through various 

injection protocols. Here, the various enhancement curves were given a fixed area 

FBP 

PL 

RoD 
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under the curve, representative of a fixed volume of contrast, and the FWHM was 

set to half of the scan time to create proportional data consistency for various scan 

times as shown in Figure 2.7.  

 

Figure 2.18. Scaled RMSE vs number of projections for fixed volume of injected contrast. FWHM 

of the enhancement curve was set to half of the scan time. 

Figure 2.18 shows scaled RMSE (Equation 2.6.1) versus the number of 

projections for the various reconstruction methods.  Here, the general trend is that 

at higher number of projections, RMSE increases and thus lower number of 

projections, resulting in sparser data with higher contrast, provides the best image 

quality. We would expect that as we continue to decrease the number of projections, 

FBP 

PL 

RoD 
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at some point the sparsity aspect will greatly affect RMSE, and an “optimal” 

number of projections can be found. 

Figure 2.19 shows a comparison of the resulting images. Again, all three 

reconstruction methods seem to prefer high contrast at the lowest number of 

projections. Further work will include analysis of these results using other metrics 

that consider the contrast such as the structural similarity index (SSIM). 

Figure 2.19. Comparison of normalized difference images at various number of projections and 

reconstruction methods for the fixed contrast study.  

2.8 Conclusions and Future Work 

 Despite challenges with temporal resolution and limited frame rate in CBCT 

systems for neuroangographic imaging, this preliminary work shows that the 

Number of Projections 
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incorporation of prior-image based reconstruction methods such as RoD can result 

in adequate image quality at a very limited number of views. RoD is able to 

outperform FBP and PL reconstruction techniques in terms of both RMSE and 

accuracy, especially at lower number of projections. In terms of a typical 10 second 

FWHM arterial enhancement, RoD performs best at a 4.67 second scan with only 

70 projections, while providing sufficient data consistency. A 5 second scan is 

achievable with CBCT systems and thus feasibility of neuroangiographic imaging 

is established.  

 Other results presented in this work include an accelerated forward 

projection method that updates the dynamic enhancement in the projection domain 

resulting in a 10-30x increase in computation speed. Regularization parameters 

were also shown to be robust to sparsity, providing a stable parameter selection 

choice independent of the scan speed. 

 Future work includes better understanding of injection protocols and the 

tradeoff between sparsity and contrast through the use of more advanced metrics 

such as the structural similarity index (SSIM) to optimize over more than just 

differences in attenuation values as in RMSE. In addition, translation to physical 

experimental studies and preclinical studies are necessary to validate these 

preliminary simulation results. 
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Chapter 3 

Brain Perfusion Imaging with Cone-Beam CT  

3.1 Introduction 

 Work in the previous chapter was motivated by the need for accurate 3D 

imaging of neurovasculature to identify disruptions to architecture (e.g., aneurysm) 

and flow (e.g., vessel occlusions). Beyond the morphology of the vessel tree 

depicted in such 3D angiographic imaging, it is also important to measure the 

perfusion of blood within the brain tissue. Perfusion imaging therefore requires not 

only a 3D ‘snapshot’ of morphology but a four-dimensional (4D) measurement of 

flow characteristics. Disruption of tissue perfusion is associated with many 

neurological disorders, perhaps the most common and severe being ischemic 

stroke. 
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 This chapter presents methodology and initial studies using CBCT for 

perfusion imaging. The prototype scanner described in the previous chapter was 

taken as the platform for experimentation, and the challenges of performing 

accurate perfusion scans with a slow gantry rotation are recognized. The simulation 

phantom reported in the previous chapter was extended to modeling of perfusion 

characteristics, simulation studies are conducted to examine the application of 

model-based image reconstruction methods for perfusion imaging, and initial 

development of a physical flow phantom suitable for perfusion studies is presented. 

3.2 Brain Perfusion Model and Image Simulation 

Parameter Value 

Tube Voltage 100 kV 

Filtration 2 mm Al, 0.2 mm Cu 

Tube Output 220 mAs 

Frame Rate 22 frames/s 

Orbital Range 360o 

Number of Projections 360 projections 

SAD 500 mm 

SDD 1000 mm 

Detector Pixel Size 1 mm x 1 mm 

Table 3.1. Summary of acquisition parameters and system geometry for CBCT perfusion imaging. 

The same 3D digital brain model from the CT Angiography study in 

Chapter 2 was used in this perfusion study as the pre-contrast head phantom. 

Acquisition parameters and scanner geometry were set according to the head 
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scanner prototype system and are shown in Table 3.1. Here we assume pixel 

binning to obtain a higher frame rate. 

3.2.1 Model of Time Attenuation Curves 

To model the time and space dependent flow of contrast agent in the brain, 

time-attenuation curves were modeled in association with different regions of brain 

tissue. A small circular (10 voxel diameter) region was chosen to represent an input 

artery, a larger (80 voxel diameter) region to represent an infarct region of reduced 

blood flow, and the remaining gray and white matter tissue were taken as healthy 

tissue. The input arterial function, 𝝁𝒂(𝒕), was modeled by the gamma variate 

function,  

𝜇𝑎(𝑡) = 𝑎 ∙ (𝑡 − 𝑡𝑜)𝑏 ∙  exp (−
𝑡 − 𝑡𝑜

𝑐
) (3.2.1) 

where a. b. and c are the free parameters and 𝑡𝑜 is the delay time. As proposed in 

Fieselmann et al 2012, the TACs, 𝜇𝑑(𝑡) representing healthy and infarct tissues, 

were derived using the indicator dilution theory as a convolution of the AIF,  𝜇𝑎(𝑡), 

with a residue function, 

𝑅(𝑡) = {

1, 𝑡 < 𝑡𝑜

exp (−
𝑡 − 𝑡𝑜

𝑀𝑇𝑇 − 𝑡𝑜
), 𝑡 ≥ 𝑡𝑜

 (3.2.2) 

where 𝑀𝑇𝑇 is the mean transit time calculated as CBV/CBF and 𝑡𝒐 =

0.632 x 𝑀𝑇𝑇. (Fieselmann et al 2012) The digital phantom brain image and regions 

of interest for the AIF and infarct are shown in Figure 3.1. Perfusion parameters for 

both the healthy and infarct region were chosen from Fieselmann et al 2012 and are 
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noted in Table 3.2. The AIF was given a maximum attenuation value, 𝑎, of half the 

attenuation of water over the attenuation value of white matter and was created with 

parameters b=3, c=1.5, and to=5 seconds to create a realistic shape. The AIF and 

tissue TACs are shown in Figure 3.2. The scan was simulated for 45 seconds, 

covering three 360o rotations. 

 

 
CBF 

(mL /100 g/ min) 

CBV 

(mL /100 g) 

MTT  

(seconds) 

Healthy Tissue  60 4 4 

Infarct Tissue 20 4 12 

Table 3.2. Ground truth perfusion parameters, including cerebral blood flow (CBF), cerebral blood 

volume (CBV), and mean transit time (MTT) in healthy and infarct tissue regions. 

 

Figure 3.1. Digital brain perfusion phantom showing a designated infarct region, location of an 

arterial input function (AIF) and remaining healthy tissue. 

 

Infarct Region 

Healthy Tissue 
AIF 
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Figure 3.2. Enhancement curves. (a) Arterial input function. (b) Time attenuation curves 

for infarct and healthy brain tissue. Enhancement value is shown as a fraction of the 

attenuation coefficient of water as a difference over brain tissue attenuation coefficient. 

3.2.2 Calculation of Perfusion Parameters 

Perfusion parameters were calculated using a deconvolution based 

truncated singular value decomposition algorithm described in Fieselmann et al 

2011. Expressing the tissue TAC as a convolution of the AIF in Equation 3.2.1 with 

the residue function in Equation 3.2.2, 

𝜇𝑑(𝑡) =  ∫ 𝜇𝑎(𝜏) ∙ 𝑅(𝑡 − 𝜏)𝑑𝜏
∞

0

 (3.2.3) 

we discretized the tissue TAC on sampled time points, 𝑡𝑗 = (𝑗 − 1) ∙ ∆𝑡 for 𝑗 =

1, … , 𝑁 to yield an approximation for the tissue TAC, 

𝜇𝑑(𝑡) ≈ ∆𝑡 ∙  ∑ 𝜇𝑎 ∙ 𝑅(𝑡𝑗−𝑖+1)

𝑁

𝑖=1

 (3.2.4) 

This equation can be re-written in matrix-vector form as,  

(b) (a) 
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(

𝜇𝑑(𝑡1)
𝜇𝑑(𝑡2)

⋮
𝜇𝑑(𝑡𝑁)

) = ∆𝑡 ∙ (

𝜇𝑎(𝑡1) 0 ⋯ 0
𝜇𝑎(𝑡2) 𝜇𝑎(𝑡1) ⋯ 0

⋮ ⋮ ⋱ ⋮
𝜇𝑎(𝑡𝑁) 𝜇𝑎(𝑡𝑁−1) ⋯ 𝜇𝑎(𝑡1)

) (

𝑅(𝑡1)
𝑅(𝑡2)

⋮
𝑅(𝑡𝑁)

) (3.2.5) 

or shortly as  

𝝁 = 𝑨𝒓 (3.2.5) 

where 𝝁 ∈ ℝ𝑵 is the vector representing the tissue TAC, 𝑨 ∈ ℝ𝑵𝒙𝑵 is the matrix 

representation of the AIF and the time step, and 𝒓 ∈ ℝ𝑵 is the vector representing 

the residue function. Using singular value decomposition on A as, 

𝑨 = 𝑼𝜮𝑽𝑇 = ∑ 𝒖𝑖𝜎𝒊𝒗𝑖

𝑁

𝑖=1

 (3.2.6) 

where U and V are orthogonal matrices, we can solve for r using the least-squares 

solution as, 

𝒓𝒊 = ∑
𝒖𝑖

𝑇𝝁

𝜎𝑖
𝒗𝑖

𝑁

𝑖=1

 (3.2.7) 

Due to noise in the measurements, we applied a regularization cutoff of 20% of the 

maximum singular value to suppress these small singular values, 𝜎𝑖′𝑠. Perfusion 

parameters CBF, CBV, and MTT can be directly taken from the resulting maximum 

value and volume under the curve of the resulting residue function. 

3.3 Experimental Methods: Simulation Studies 

To investigate the tradeoff between spatial resolution and temporal 

resolution, the performance of PL and RoD reconstructions were compared for 
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different arc lengths. Using the same set of simulated data, each 360o of projections, 

for all rotations, were subsampled into arc lengths of 210o, 120o, 60o, and 30o. The 

210o case represents the minimum arc length (180o+fan) for a complete short scan 

reconstruction, and “tomosynthesis like” reconstructions result from arc lengths 

less than 210o. The reconstructed arcs were chosen to be non-overlapping, except 

in the 210o case where there was some redundancy in projections from the 360o 

scan. Regularization parameters were selected coarsely in the current work by 

search analogous to that in Chapter 2. Future work should more rigorously 

normalize and optimize parameter selection with respect to number of views and 

arc length, and novel methods could be developed to prospectively guide parameter 

selection. We investigated the effects of the prior image used in RoD by 

incorporating both a baseline, unenhanced prior image, and a prior image that was 

reconstructed over a full enhancement average of the TAC. Four 20x20 voxel ROIs 

were chosen in both the infarct tissue region and healthy tissue region to compute 

averages of the enhancement. A gamma variate curve was fit to the reconstructed 

averages over a region of the AIF, healthy tissue ROIs, and infarct tissue ROIs, 

allowing comparison of computed perfusion parameters to our ground truth. 

3.4 Results: Perfusion Imaging via Model-Based Image 

Reconstruction 

Figure 3.6 shows the results of varying the arc length used for three 

reconstruction methods. In terms of bias from ground truth TAC, the PL and RoD 
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results using the baseline scan as the prior show similar results for arc lengths of 

210o and 120o. At shorter arc lengths of 60o and 30o, the RoD image from the 

baseline scan resulted in higher bias from ground truth TAC, likely due to a lack of 

sufficient sampling for the RoD implementation at very small arc lengths. Another 

likely contributor to this bias is the difference in regularization parameters needed 

for such small arc lengths compared to larger arc lengths. Future work applying 

RoD to perfusion imaging should normalize the regularization parameters with 

respect to the number of projection views / arc length. Despite these limitations, the 

RoD results exhibit stronger correspondence and smaller residual with the curve fit 

than the conventional PL image. RoD from the full average TAC scan resulted in 

higher bias in all cases. 

Figure 3.7 shows an axial slice of the reconstructed images near the peak of 

the healthy tissue enhancement curve for each arc length case. Comparing 

difference images that portray the enhancement due to the contrast injection, we 

see that RoD removed the mismatch of major edges in the image, most prominently 

around the skull structures. RoD greatly reduced the noise in the difference image, 

which can be advantageous for low dose brain imaging. RoD also reduced the time-

varying artifacts due to inconsistent projections from the change in attenuation, 

most prominent around the AIF. One key finding is that both PL and RoD seem to 

be sensitive to the initialization image, and thus a unique solution may not exist. 

Further understanding of convergence from various starting points will also be 

investigated in future work. 
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Figure 3.3. Resulting time attenuation curves for healthy and infarct tissue regions at various arc 

lengths of 30o, 60o, 120o, and 210o. Shown are the ground truth time attenuation curve (TAC), and 

reconstructions for PL, RoD initialized from a flat baseline, and RoD initialized from a full average 

reconstruction. 
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Figure 3.4. Reconstructed difference images at various arc lengths: (a) PL. (b) PL difference 

image from baseline. (c) RoD staring from baseline. (d) RoD staring from full average TAC. 

 

Figure 3.8 shows the calculated perfusion parameters, CBF and CBV, from 

both healthy and infarct tissue regions. A 30o arc shows a large deviation from the 

ground truth parameters. Arc lengths of 210o, 180o, and 60o appear inconclusive 

regarding an optimal arc length; however, the results demonstrate adequate 

reconstruction and perfusion estimates using short arc lengths with incomplete 

projection data. 
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Figure 3.5. Calculated perfusion parameters for healthy and infarct tissue regions at various arc 

lengths. Shown is a comparison of PL, RoD initialized from a flat baseline scan, RoD initialized 

from a full average reconstruction, and the ground truth perfusion parameters. 

 

3.5 Physical Phantom for Perfusion Imaging 

A 3D-printed perfusion chamber phantom and flow system setup were 

developed to obtain physical measurements of perfusion. The design of the 

perfusion chamber was based on the uniform perfusion phantom proposed in Wood 

et al 2015. The design included 196 0.3 mm x 0.3 mm capillary channels of length 

20 mm enclosed by two caps to create an arterial input and venous output as shown 

in Figure 3.6. Figure 3.7 also shows the 3D printed result. Modifications from the 

Infarct Tissue Healthy Tissue 
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phantom proposed in Wood et al 2015 included barbed tube fittings at the end of 

each cap and a water tight seal. The phantom was 3D printed using the Stratasys 

Connex 3 Objet 260 printer. Printing time took approximately 2 hours and 15 

minutes. Support material was removed using a two-step process consisting of a 

high pressure water jet and 0.22 mm diameter acupuncture needles inserted through 

each channel. Also incorporated in the flow system setup was the Masterflex L/S 

Economy Peristaltic Pump, the Medrad Mark V Plus Contrast Injector and 

Omnipaque contrast agent. As water cycled through the flow system, a contrast 

bolus was delivered via the contrast injector, traveling through a y-adapter and 

pumped through the perfusion phantom as shown in Figure 3.8. A reservoir 

collected the output and the entire setup was placed in the field of view of the head 

scanner. 

This work concluded with the construction and initial testing of the 

perfusion phantom. Future work will employ this phantom for testing of advanced 

reconstruction methods in real data for perfusion imaging. 

Figure 3.6. CAD design of physical perfusion phantom. Shown is the perfusion chamber of 

0.3mmx0.3mm micro channels and caps representative of an arterial input and venous output. 
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Figure 3.7. 3D printed perfusion chamber insert and caps. 

Figure 3.8. Experimental setup featuring the 3D-printed perfusion chamber, pump, and contrast 

injector on a mock fluoroscopy table. 
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3.6 Conclusions and Future Work 

A system for CBCT perfusion imaging is under development, combining a 

newly developed CBCT head scanner and a model-based RoD image 

reconstruction approach. The simulation studies shown in the preliminary work 

reported here incorporate a brain phantom with modeling of the AIF, TACs, and 

image noise along with a computationally efficient forward projection approach, 

new reconstruction methods to effectively control enhancement images for short 

angular arcs, and perfusion parameter calculation. The work also realized a physical 

flow phantom for perfusion imaging studies in future work. The topic of perfusion 

imaging further challenges the concepts of data consistency and sparsity problem 

as investigated in Chapter 2. Future work will be valuable in further quantifying the 

effects of noise, time-varying artifacts, and bias from incomplete projection data on 

perfusion parameters. In addition, physical measurements for both CT angiography 

and CT perfusion using the 3D printed phantom will be helpful in translating the 

methods from simple simulation and laboratory tests to preclinical studies. 
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Chapter 4 

Summary and Conclusions 

4.1 Summary of Key Developments and Findings 

 This dissertation presented the advantages of using prior-based image 

reconstruction methods in support of neurovascular imaging with CBCT systems. 

The work pursued the following thesis: 

Neuro-angiographic imaging using CBCT can be improved by 

incorporating prior-image based reconstruction methods such as the 

Reconstruction-of-Difference (RoD) algorithm to provide accurate 

visualization of cerebral vasculature despite slow image acquisition and/or 

sparse projection data. 
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Key developments and findings pertaining to the digital simulation framework, 

angiographic imaging, and perfusion imaging are summarized in the following 

sections. 

4.1.1 Development of a Digital Simulation Framework 

 Chapters 2 and 3 described the development of a digital simulation 

framework for angiographic and perfusion imaging with CBCT systems. The 

simulation geometry and acquisition system were based on a prototype CBCT head 

scanner for high quality imaging of the head under development at Johns Hopkins 

University. The anatomical structure of the simulation framework included a 3D 

digital phantom, vasculature masks, and region of interest selection for perfusion 

imaging. Enhancement curves represented by Gaussian curves or gamma variate 

functions were modeled and digitally added on the respective vasculature mask or 

ROI. An accelerated forward projection method was presented to update the time-

varying image in the projection domain rather than the “brute force” method of 

updating in the image domain. This advancement provides a 10-30x increase in 

computational speed and can be expanded to future simulation studies involving 

forward projection of time-varying images. 

4.1.2 Feasibility of CBCT Angiographic Imaging 

 Chapter 2 also described the feasibility of angiographic imaging with CBCT 

using prior-image based reconstruction methods such as RoD. Regularization 

parameters for PL and RoD were shown to be stable over a large range of the 
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number of projections, indicating that the regularization parameters are primarily a 

function of the underlying image and remain relatively independent of the 

acquisition time. RoD was also shown to outperform FBP and PL in terms of RMSE 

and accuracy, especially at low number of projections where large amounts of 

smoothing or regularization were required to combat view-sampling artifacts. The 

incorporation of the fully sampled prior image in RoD supports reconstructions of 

small deviations from the prior with minimal smoothing at low number of 

projections, leading to improved conspicuity of occlusions, quantified by a lower 

false positive rate. The tradeoff between sparsity and data consistency was clearly 

illustrated, and RoD was shown to optimize this tradeoff at a lower number of 

projections (70 projections, 4.67 s scan) for a typical enhancement curve with a 10 

s FWHM. Lastly, faster, more concentrated injections with short scan times are 

shown to be preferred over longer injections of low contrast over long scan times. 

These results indicate that angiographic imaging is feasible with CBCT systems 

using RoD.  

4.1.3 Preliminary Results on CBCT Perfusion Imaging 

 In Chapter 3, preliminary results support the advantage of using prior-

image-based reconstruction methods such as RoD for perfusion imaging with 

CBCT. In terms of both fitting of time attenuation curves and estimation of 

perfusion parameters, RoD exhibited stronger correspondence with curve fits than 

PL and better distinguished perfusion parameters between healthy and infarct 
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tissue. These results suggest that further work in perfusion imaging with CBCT 

systems is warranted using the RoD algorithm. 

 Chapter 3 also reported the development of a CBCT perfusion phantom 

using a 3D printer. The design leverages high-resolution 3D printing capability to 

produce fine channels in a low-density plastic insert that can be incorporated within 

a head phantom and connected with a power injector pump for controlled flow of 

iodine contrast agent. The phantom was designed and tested in preliminary studies 

and presents a tool for investigation of CBCT perfusion imaging in future work. 

4.2 Looking Forward: Future Direction 

 Future work in the research of angiographic imaging with CBCT systems 

using RoD includes the incorporation of more advanced image quality metrics, such 

as the structural similarity index (SSIM) to incorporate contrast of the vessels into 

the overall performance metric. A rigorous analysis of the challenges in perfusion 

imaging, especially the evident tradeoffs between data consistency and sparsity, as 

well as accuracy of perfusion parameter calculation, are important areas to be more 

fully addressed in future work. Physical measurements for both angiographic and 

perfusion imaging using the 3D printed flow phantom described in Chapter 3 

presents a promising area of future work as these methods are translated from 

simulation studies to preclinical studies. 
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