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Abstract 
The purpose of this dissertation was to develop comprehensive toolsets for 

performing quality based virtual clinical trials in computed tomography. The developed 

toolsets in this dissertation enables rigorous quantification and evaluation of computed 

tomography scanners, not possible using ground-truth limited clinical trials or simplistic 

physical phantoms. This project was conducted in three parts: 1) modeling high-

resolution human models with intra-organ heterogeneities, 2) modeling a scanner-specific 

and realistic computed tomography simulator, and 3) performing a virtual clinical trial to 

evaluate and optimize geometrical imaging parameters in computed tomography. 

In part 1, an anatomically-informed mathematical model was developed for the 

lungs including non-parenchyma structures, airways, arteries, and veins, to the level of 

terminal branches while avoiding intersections. A geometrical validation was done to 

ensure that the generated lung models have anatomical attributes close to morphometry 

studies. Additionally, a texture synthesis algorithm, informed by a high-resolution lung 

specimen, was used to develop a heterogenous parenchyma background within the lung 

regions. An algorithm, informed by a high-resolution bone dataset, was developed to 

model the trabecular and cortical bone within the human models. 

In part 2, a realistic and scanner-specific energy-integrating computed 

tomography simulator, DukeSim, was developed to synthesize projection images of the 

high-resolution human models developed in part 1. DukeSim calculates projection images 
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using a combination of ray-tracing and Monte Carlo techniques. It accounts for the 

geometry and physics of a specific scanner. To validate DukeSim, clinical and simulated 

computed tomography scans of a phantom was imaged and quantitatively compared 

against each other. The results showed that DukeSim is capable of simulating computed 

tomography images with image quality metrics close to clinical images. DukeSim was 

further extended to synthesize photon-counting projection images. The photon-counting 

feature of the DukeSim was likewise validated by comparing the quality of the real and 

simulated images. The results showed that DukeSim is capable of simulating photon-

counting computed tomography images with image quality metrics close to real images. 

In part 3, the developed human and imaging models were integrated to perform a 

virtual clinical trial. The purpose of this chapter was to investigate the effects of beam 

collimation and pitch on image quality in computed tomography under different 

respiratory and cardiac motion levels. A realistic human model with added lung lesions 

was used with added cardiac and respiratory motions. The cases were imaged using 

DukeSim at multiple pitches and beam collimations. The images were compared against 

the known ground truth using task-generic and task-specific metrics. All task-generic 

metrics degraded by increasing pitch. When imaged with motion, increasing pitch 

reduced motion artifacts. The image quality metrics remained largely unchanged with 

changes in beam collimations studied. Patient motion exhibited negative effects on the 

image quality metrics. The study concluded that while desirable for fast imaging, high 

pitch and large beam collimations can negatively affect image quality of CT images. 
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In conclusion, this dissertation provides a set of realistic toolsets that can be used 

to study, investigate, and optimize computed tomography technology and protocols in 

with a known-ground-truth, in a cost-effective manner, and without any radiation safety 

concerns. 
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1. Introduction 
1.1 Background 

In medical imaging, computed tomography (CT) plays a crucial role in screening, 

diagnosis, and treatment of patients. Therefore, CT scanners have been extensively 

advanced with the goal of better diagnostic accuracy and minimizing radiation burden. 

Conventionally, new technologies are evaluated using physical phantoms or patient 

images, both with limitations. Physical phantoms are generally overly simplistic, not 

representative of a human population, and thus limited to fully reflect task-based or 

patient-based assessments. Such limitations can be overcome by using patient images; 

however, they are ground truth limited, expensive, and ethically unattainable in repetitive 

studies. 

Virtual clinical trial (VCT), defined as conducting clinical experiments using 

realistic computer simulations, can overcome these challenges. In a virtual platform, the 

ground truth is fully known. Additionally, there is no need to use scanners or have 

Institutional Review Boards (IRB) approvals, making the trials less expensive and much 

faster. Moreover, there is no ethical dilemma regarding the radiation risk in design of a 

trial. The utility of a VCT, however, is limited to the realism of its two main components: 

computational phantoms and imaging simulators. 

Extended Cardiac-Torso (XCAT) phantoms are a library of computational human 

phantoms with detailed whole-body anatomies for individuals of different ages and body 

types. XCAT geometries are defined based on segmentation of organs in patient CT 

datasets using non-uniform rational B-splines (NURBS) surfaces [1-3]. These virtual 
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phantoms can be used to perform patient-specific simulation studies in medical imaging. 

As such, these phantoms have been extensively used in patient-specific organ dose 

estimation studies [4-10].  

A limitation of the conventional XCAT phantoms is that the intra-organ 

anatomical structures are not modeled, i.e., the organs are mainly uniform inside. While 

sufficient for dosimetry studies, lack of these heterogenous intra-organ structures 

negatively affects the accuracy of image quality-based simulation studies. Therefore, 

detailed anatomically-based models of the intra-organ structures are essential for 

conducting image quality-based simulations. 

Numerous CT simulators have been developed mainly for the purpose of 

dosimetry studies [4, 11-14]. These Monte Carlo-based (MC) CT simulators are considered 

highly representative of the x-ray interaction process, but they are slow in nature. 

Therefore, while these simulators are successful in estimating organ doses using gross 

low-resolution phantoms (with typical 3-5 mm voxel size), they are inefficient to generate 

realistic CT images of a large population of high-resolution phantoms (with sub-

millimeter voxel sizes), at a resolution that is necessary for image quality assessments. To 

accommodate for that, several ray-tracing or hybrid-based simulators have been 

introduced to speed up the process [15-23]. However, these simulators are limited for our 

application for at least one of the following reasons: they are 1) only compatible with 

surface-based phantoms which prohibits imaging the voxelized phantoms with intra-

organ heterogeneities, 2) based on generalized scanners which prohibits the evaluation of 
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scanner-specific technologies in the clinic, and 3) slow which makes them inefficient for 

the use of large scale VCTs. Therefore, it is essential to develop and validate a realistic CT 

simulation platform that does not have these limitations. 

1.2 Purpose 

The goal of this PhD dissertation was to develop, validate, and apply anatomical 

and imaging models for the purpose of running clinically relevant virtual clinical trials in 

CT. This project included three main steps: (1) development of the next generation of 

XCAT phantoms that include realistic tissue heterogeneity and pathologies within the 

organs, (2) development and validation of a computationally-efficient framework to 

generate CT images from the virtual population, and (3) conducting virtual clinical trials 

to evaluate imaging systems’ protocols and to demonstrate the utility of the developed 

tools. 

While the contents of this dissertation were specifically focused on CT imaging, 

the techniques we developed can be extended to other modalities such as radiography, 

fluoroscopy, nuclear medicine, ultrasound, and MRI. 

1.3 Innovation 

We created the first library of anatomically variable computational phantoms that 

include realistic anatomical textures (normal and abnormal) within the lungs and bones. 

The phantoms provide the high level of realism required for VCTs. These developed 

phantoms are compatible with the developed CT simulator. To our knowledge, these 

phantoms are the first heterogenous lung and bone phantoms used in medical imaging 
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simulations. Previous existing phantoms used in imaging research modeled the lungs and 

bones with uniform material characteristics. As such, they were inadequate for use in 

virtual trials for CT research as the simulated images using them were far too unrealistic. 

We developed and validated the first energy-integrating CT simulator and the first 

photon-counting CT simulators that are scanner-specific, compatible with textured high-

resolution phantoms, and computationally efficient. Existing simulators do not handle 

textures, are slow, and have not been comprehensively validated against real scanners 

which limit their application in VCTs. Our developed simulators are highly innovative as 

they provided the essential features for conducting large scale and realistic VCTs in the 

contexts of both energy-integrating and photon-counting CT imaging. 

 



5 

2. Modeling lung architecture in virtual human models 
The purpose of this chapter was to extend the Extended Cardiac-Torso (XCAT) 

series of computational phantoms to include a detailed lung architecture including 

airways and pulmonary vasculature, and lung parenchyma. The algorithms developed in 

this chapter were published in IEEE Transactions on Medical Imaging journal under the 

title “Modeling Lung Architecture in the XCAT Series of Phantoms: Physiologically Based 

Airways, Arteries, and Veins” [24], and presented in International Society for Optics and 

Photonics under the title “Airways, vasculature and interstitial tissue: anatomically 

informed computational modeling of human lungs for virtual clinical trials” [25]. 

Therefore, the contents in this chapter, including texts, figures, and tables were mainly 

reproduced from these two publications. 

Eleven XCAT phantoms of varying anatomy were used in this study. The lung 

lobes and initial branches of the airways, pulmonary arteries and veins were previously 

defined in each XCAT model. These models were extended from the initial branches of 

the airways and vessels to the level of terminal branches using an anatomically-based 

volume-filling branching algorithm. This algorithm grew the airway and vasculature 

branches separately and iteratively without intersecting each other using cylindrical 

models with diameters estimated by order-based anatomical measurements.  The 

parenchyma was modeled based on secondary pulmonary lobule units. Polyhedral 

shapes with variable sizes were modeled, and the borders were assigned to interlobular 

septa. A heterogeneous background was added inside these units using a non-parametric 
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texture synthesis algorithm which was informed by a high-resolution CT lung specimen 

dataset. 

Geometrical features of the extended branches were compared with literature 

anatomy values to quantitatively evaluate the models. These features include branching 

angle, length to diameter ratio, daughter to parent diameter ratio, asymmetrical branching 

pattern, diameter, and length ratios. The XCAT phantoms were then used to simulate CT 

images to qualitatively compare them with the original phantom images. The proposed 

growth model produced 46369±12521 airways, 44737±11773 arteries, and 39819±9988 

veins to the XCAT phantoms. Furthermore, the growth model was shown to produce 

asymmetrical airway, artery, and vein networks with geometrical attributes close to 

morphometry and model-based studies. The simulated CT images of the phantoms were 

judged to be more realistic, including more airways and pulmonary vessels compared to 

the original phantoms. Future work will seek to model intra-organ heterogeneities in 

other organs to make the phantoms even more representative of human anatomy, paving 

the way towards the use of XCAT models as a tool to virtually evaluate the current and 

emerging medical imaging technologies. 

2.1 Introduction  

Extended Cardiac-Torso (XCAT) phantoms are a library of computational human 

phantoms with detailed whole-body anatomies for individuals of different ages and body 

types. XCAT geometries are defined based on segmentation of organs in patient CT 

datasets using non-uniform rational B-spline (NURBS) surfaces [2, 3, 26, 27]. These virtual 
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phantoms can be used to perform patient-specific simulation studies in the context of 

medical imaging. As such, these phantoms have been extensively used in patient-specific 

organ dose estimation studies [9, 28-30].  

A current limitation of the XCAT phantoms is that the intra-organ anatomical 

structures are not modeled, i.e. the organs are mainly uniform inside. For example, the 

current XCAT phantoms include lungs with segmented models for initial airways and 

vessels to the maximum of 9 generations; these models do not currently include the 

smaller airways and pulmonary vasculature that make a significant anatomical content of 

the lung. While sufficient for dosimetry studies, lack of these heterogeneous intra-organ 

structures negatively affects the accuracy of image quality-based simulation studies. For 

example, recent studies have shown that in CT, image quality attributes such as contrast, 

noise, and resolution are dependent on the subject’s heterogeneous background and 

material, especially in iterative reconstructions [31-33]. Such studies cannot be accurately 

conducted in a virtual platform using homogenous phantoms. Therefore, detailed 

anatomically-based models of the intra-organ structures are essential for conducting 

image quality-based simulations towards the goal of better understanding and further 

optimizing the imaging systems. 

In this work, we advanced the XCAT phantoms to include a more comprehensive 

lung architecture. The airways as well as the pulmonary arteries and veins were extended 

from the initially segmented branches to the level of terminal branches, considering the 
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bronchial wall thicknesses. The three trees (airways, pulmonary arteries, and veins) were 

grown simultaneously, optimizing their distribution while avoiding intersections. 

The human lung consists of five lobes (two in the left and three in the right) and 

its architecture can be classified into parenchyma and non-parenchyma [34]. The 

parenchyma contains air, gas exchange units, vessels smaller than 20 to 25 µm in diameter, 

and capillaries whereas the non-parenchyma includes conducting airways and 

vasculature trees larger than 20 to 25 µm in diameter [35, 36]. Ideally, these structures 

would be segmented from real human imaging data to create the most realistic models of 

human lungs. However, direct segmentation of these structures is limited by the image 

acquisition and segmentation algorithms. As such, the current state of the art lung 

segmentation methods are limited in extracting only initial branches of the conducting 

airways, pulmonary arteries, and pulmonary veins [37, 38], as in the existing XCAT 

models. Therefore, knowledge of lung structures' morphometry and its three-dimensional 

geometrical complexity are required to augment the limited realism of anthropomorphic 

phantoms. 

2.2 Methods 

In the existing XCAT models, the lung lobes, the airways, and pulmonary arteries 

and veins are already defined for the lower branches. Here, we used a growth model 

based on anatomical and morphometry studies to grow and model the higher generation 

branches using the earlier generations as starting points. In this work, though, we grew 
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the artery and vein trees in addition to the airways. This framework was utilized to extend 

11 anatomically variable XCAT adult phantoms (6 females, 5 males). 

2.2.1 Growth model 

Previous anatomy studies have shown that airway and vascular networks are 

space filling, asymmetrical tree structures that bifurcate into multiple generations [35, 39-

43]. These studies informed the development of an asymmetrical volume-filling 

branching (VFB) method for modeling the human airways [44, 45] and the pulmonary 

vasculature [46], separately. The VFB has been shown to produce detailed lung airways 

or vasculature with consistent geometrical properties compared against anatomy studies. 

Furthermore, the VFB has been extensively used to investigate lung functions [47-51]. 

Here, we extended the VFB method [45] to generate the airways and vasculature 

together in the XCAT phantoms while avoiding intersections between branches. 

The proposed growth model algorithm is outlined in Figure 1. First, the 

centerlines, diameters and ending points were extracted from the initial airway and vessel 

branches defined in each XCAT model. The centerlines were computed by skeletonizing 

the initial branches  [52, 53]. The branch diameters were calculated from the surfaces. The 

ending points were found by extracting the network graph of the centerlines [53]. The 

algorithm iteratively estimated bifurcation points of the new generations for the airways, 

arteries, and veins, with their corresponding diameters and centerlines. Airways, arteries, 

and veins were grown in a loop. In each iteration, the free space was sampled with a 

uniform grid where each grid point occupied an average volume of a pulmonary acinus. 
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Then, the next generation branches were estimated using the VFB method. Finally, the 

phantom was updated with the new generated structures. The algorithm was iterated, 

growing a given branch until at least one of the following conditions was met: 1) Branch 

length less than 1.00 mm [39, 41, 54], 2) Branch diameter less than 0.25 mm, 3) Bifurcation 

reaching the boundary of the lobe, or 4) No more free space (grid point) to grow. 

In each iteration, the Voronoi diagram was used to partition the grid points (re-

sampled at each iteration from the updated free space) to the closest starting points that 

are eligible to bifurcate. As noted in Figure 1, the branch length ratio was set to be 0.4 (± 

0.05) along the vector of the parent ending point and center of mass points. This ratio was 

applied as it was shown to create branching results for both airways and vasculature close 

to anatomy studies [45, 46].  

In each iteration, the newly generated branch was examined with respect to the 

previous state of its ever-growing branches to avoid potential intersections. After fixing 

any intersections, the phantom got updated with the newly generated structures (see the 

“Avoiding intersections” section for more details). The algorithm was set to end when no 

branch was eligible to bifurcate. 

The following describes how the branches were limited in terms of the branching 

angles, how the diameters and the bronchial wall thicknesses were estimated, and how 

the intersections were avoided at each iteration of the algorithm. 
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Are all the ending points 
terminal? 

Segment the lobes and the initial branches of airways, 
arteries, and veins. 

Calculate the ending points, diameters, and centerlines of the 
branches. 

Choose airway, artery, and vein in a loop. 

Find the ending points which are eligible to bifurcate. 

Update the phantom with the new generated structure 

End 

Partition the free space inside the lobes to the closest ending 
points. 

N
o 

Calculate the center of mass (COM) in each sub-division. 

In each sub-division, find a plane that includes the COM, 
starting and ending points of the parent branch. 
 
Using the defined plane, bisect each sub-division into two 
regions. 
 
Calculate the COM in the new regions. 
 
Locate the bifurcation points 40% (±5%) along the vector 
including the parent ending points and the COMs. 

 
Estimate the diameters and the centerlines 
 
If a branching angle is greater than the angle limit, revise the 
branch to have the angle limit. 
 
If a branch intersects with the previous generated structures, 
revise its centerline. 
 

Figure 1: Outline of the growth model. 
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2.2.1.1. Branching angle limit 

To avoid generating unrealistic, wide-angle branches, a limit of 60 degrees was 

assigned [45]. In the rare situations, where the angle between a branch and its parent was 

greater than the limit, the branch was revised adjusting the angle to 60 degrees where the 

revised branch remains in the same plane with its parent. Figure 2 illustrates this 

procedure.  First, the cross product of the unit vectors of the branch (𝑉"#) and its parent (𝑉"$) 

was calculated (Figure 2b). The cross product of the resulting unit vector 𝑉"% and 𝑉"$ was 

calculated to generate the unit vector 𝑉"&, which is orthogonal to 𝑉"$ and is in the same plane 

including 𝑉"$ and 𝑉"# (Figure 2c). The revised unit vector	𝑉"()*  was then calculated using  

V,-./ = V,1 cos(𝜃789) +	V,& sin(𝜃789), (1) 

where  𝜃789 is the angle limit (Figure 2d). 
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2.2.1.2 Diameters 

The branch diameter, 𝐷, was estimated using 

𝐷	 = 𝐷$@A)(B	 × 10FGHGIJ 7KLMN, (2) 

as the mean value. A coefficient of variation of 0.1 was randomly added to 𝐷 value with a 

uniform distribution to add variability. In Equation 2, 𝐷$@A)(B is the parent diameter, 𝑁 

and 𝑁$ are the Strahler order of the branch and its parent, and 𝑅Q is the Strahler diameter 

a) b) c)

d)

Figure 2: Procedure for correcting a branch if the angle is greater than the 
limit.𝐕𝐛T and  𝐕𝐩T are the unit vectors of the branch and its parent. 𝛉 is the angle 
between 𝐕𝐛T and 𝐕𝐩T, and 𝛉𝐥𝐢𝐦is the angle limit. The “×” is the cross-product 
operation and  𝑽𝒏𝒆𝒘^̂^̂^̂ ^̂ ^̂⃗ is the revised vector for the branch. Note that these are unit 
vectors and each branch starts at the end of its parent branch. 
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ratio calculated from morphometry measurements. The Strahler order difference, 𝑁 −𝑁$, 

was estimated using the connectivity matrix provided in [41], where the probability of the 

connection between a branch with order of 𝑋 and another branch with order of 𝑌 was 

calculated. 

In summary, Strahler ordering is a way of demonstrating the complexity of tree 

structures. In this ordering arrangement, the terminal branches are order 1. A non-

terminal branch is order 𝑥 + 1 if both of its daughter branches are order 𝑥, otherwise the 

order of the branch is the maximum order of its daughter branches. Figure 3 shows an 

illustration of Strahler ordering of a tree structure. 

Figure 3: An illustration of Strahler ordering. Reference: 
https://en.wikipedia.orh/wiki/Strahler_number  
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2.2.1.3 Airway wall thicknesses 

Airways are hollow structures with wall thicknesses in the range of 0.1 to 1 mm. These 

walls consist of pseudostratified ciliated epithelium and a layer of smooth muscle [55]. To 

simulate this, wall thicknesses were estimated using the following equation  

𝑡* = 	
𝐷

𝐷e
𝑡*
+ 1

, (3) 

where, 𝐷, 𝐷e, and 𝑡*	are the branch diameter, lumen diameter, and wall 

thickness. The ratio fg
Bh
	 was assigned using the measurements in [56]. 

2.2.1.4 Avoiding intersections 

The VFB method does not consider avoiding the potential intersections of the 

generated branches with each other or with the previous segmented branches. This 

problem is even more challenging in our case with modeling airways and vessels 

altogether.  

Our proposed algorithm avoided intersections using the following procedure. The 

algorithm generated the branches one by one and not in parallel. Once a branch was found 

to be not intersecting the previous generated structures, it was added to the phantom 

allowing the next branch to bifurcate. If the ending point of a branch was not in the free 

space, the branch length was iteratively reduced until the criteria was met. If this 

procedure made the branch length less than the limit (1.0 mm), the branch was removed 

and was not further grown. Once the ending point of the branch was in the free space, the 

centerline of the branch was checked for intersections by overlapping its mask with the 
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binary mask of the previously generated structures. In the case of any intersections, the 

centerline of the branch was iteratively moved along a vector until the intersections were 

avoided. The vector used here was the gradient descent of the Signed Euclidean Distance 

(SED) transform map of the binary mask. 

The Euclidean distance transform map (ED) of a binary mask assigns a number for 

each voxel of the mask, where that number is the Euclidean distance between that voxel 

and the nearest non-zero voxel in that mask. The Signed Euclidean distance transform 

map (SED) of a binary mask, 𝐵𝑀, is defined as 

𝑆𝐸𝐷	(𝐵𝑀) = 𝐸𝐷(1 − 𝐵𝑀) − 𝐸𝐷(𝐵𝑀), (4) 

where ED is the Euclidean distanced transform map of the binary mask,	𝐵𝑀. The voxels 

outside the lobes were assigned to one in the 𝐵𝑀 and 1 − 𝐵𝑀 masks and were set to be 

not a number (𝑁𝑎𝑁) in the SED. Figure 4 shows an example of a binary mask and its 

corresponding SED transform map. 

The SED map guides the intersected centerline points to find the minimum path 

from the intersected regions to the free space. The SED map was set to be positive inside 

the previously generated structures, zero in the boundaries, and negative in the free space 

inside the lobes. The revised centerline was further smoothed by fitting it to a cubic spline 

curve where the starting and the ending points of the revised centerline were fixed. 
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Figure 4: An example of Signed Euclidean distance (SED) map calculation based 
on binary mask (BM). In SED, voxels with positive values are the regions where 
structures exist and voxels with negative values are the free regions. The voxels 
outside the lung lobe is set to be not a number (NaN). 
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2.2.1.5 Modeling parenchyma 

The geometry of the secondary pulmonary lobule units was modeled as irregular 

polyhedral shapes with variable sizes based on anatomy literature [57]. This was done by 

finding random points inside the lung parenchyma regions and calculating the Voronoi 

diagram of the seed points. Number of seed points was estimated as Vp/Vsplu, where Vp is 

the total volume of the parenchymal regions and Vsplu is the average volume of a 

secondary pulmonary lobule unit, which from literature was 300 mm3. The boundaries of 

the Voronoi diagram were assigned to be the connective tissue septa with an average 

thickness of 0.1 mm [57]. Then, using a high -resolution (0.114 mm) CT dataset of a lung 

specimen [58] as the volumetric exemplar, a unique texture instance was synthesized for 

each of the secondary pulmonary lobules. This was done by first segmenting 30 volumes 

of interests (VOIs) within the secondary pulmonary lobules of the high-resolution CT 

dataset. Then, informed by these VOIs, random parenchymal textures were synthesized 

using a power-law synthesis algorithm [59] and incorporated inside the defined 

secondary pulmonary lobule units. Each synthesized volume was randomly initialized 

with a similar histogram as one of the VOIs. 

2.2.2 Evaluation 

2.2.2.1 Geometrical evaluation 

The goal of this study was to make the XCAT phantoms more representative of 

clinical reality by extending the airway and vessel trees. Therefore, it was essential to 
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ascertain that the proposed method simulates relevant attributes of human lungs in the 

phantoms. Towards that goal, the XCAT phantoms with the growth model were 

evaluated by comparing their geometrical features against morphometry measurements 

and other modeling studies. The geometrical features included: angle θ between a branch 

and its parent, length to diameter ratio o
p

, and daughter to parent diameter ratio pq
pr

. The 

asymmetrical characteristics of the growth model were also compared against 

morphometry and modeling studies. These features included diameter ratio (RtS),	length 

ratio (R7S), and branching ratio (RvS), defined as the antilog of the slope of the log (mean 

diameters), log (mean lengths), and log (number of branches) against the Strahler order, 

respectively [60-62]. 

2.2.2.2 Imaging comparison 

The detailed lung models were added as NURBS surfaces into 11 anatomically 

variable whole-body XCAT phantoms. Linear attenuation coefficient of different 

materials as a function of photon energy were calculated using [63]. A CT ray tracer [64] 

was used to synthesize contrast-enhanced CT projection images with a tube voltage of 120 

kV. The projection images were then reconstructed using a weighted filtered 

backprojection algorithm. The CT images of the phantoms with and without the 

extensions were qualitatively compared with each other. 

2.3 Results 

A summary of the gender, age, weight, body mass index (BMI), and total lung 

volumes of the prototyped phantoms is given in Table 1. As shown in the table, the 
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phantoms had different BMI and lung volumes to include a various range of patient sizes. 

Figure 5 shows an example of 3D renderings of the initial branches for the airways and 

pulmonary vessels that are defined in the XCAT models. Three-dimensional rendering of 

the results of using the growth model and a magnified section of it are shown in Figure 6 

and Figure 7. The growth model added 46369 ± 12521 (range: 31056-68899) airways, 44737 

± 11773 (range: 30834-66140) arteries, and 39819 ± 9988 (range 28029-57989) veins to the 

XCAT phantoms.  Figure 8 shows a collage of the generated phantoms illustrating 

detailed lung structures in 11 anatomically variable XCAT phantoms. 

Table 1. A summary of prototyped phantoms 

 Sex Age Weight (kg) BMI  Lung Volume (cm3) 
Phantom1 Female 27 57.5 20.37 2456 
Phantom2 Female 31 69.6 28.60 2431 
Phantom3 Male 31 82.8 25.33 5592 
Phantom4 Female 36 70.1 24.26 4174 
Phantom5 Male 38 74.8 23.09 3015 
Phantom6 Male 48 92.7 28.61 4032 
Phantom7 Female 49 105.1 35.52 4123 
Phantom8 Female 51 68.2 22.27 3322 
Phantom9 Male 58 117 36.11 4692 

 Phantom10 Female NA 66 24.93 2531 
 Phantom11 Male NA 81 26.12 2768 

 

Table 2 lists the geometrical comparisons between the growth model and previous 

morphometry-based and model-based studies. Results are presented in terms of average 

across the phantoms ± the standard deviation, range (indicating the patient to patient 

variability), and R2 (indicating the goodness of the fits). Parameters	𝜃, w
f

, and  fN
fI

  were 

found to produce results in the range of real human anatomy and previous lung models. 
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It should be noted that we could not find any anatomical measurements for the 𝜃 and the 

w
f

 in arterial and venous networks. Therefore, those results could only be compared 

against the airway measurements or the vasculature models. 

𝑅#𝑆, as defined in [61], is two for symmetrical tree structures and is greater than 

two for asymmetrical ones. The prototyped airways, arteries and veins had 𝑅#𝑆 > 2 and 

Figure 5: Initial surfaces for the lobes (upper left), airways (green), 
arteries (blue), and veins (red). 
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were very close to the anatomy and the model measurements, with the trend of the 

arteries being more symmetrical than the veins and the airways being more symmetrical 

than the arteries. The growth model also generated the tree structures with 𝑅Q𝑆 values 

close to the previous studies. Finally, 𝑅e𝑆 was in the range of previous studies for the 

Figure 6: Growth model results: airways (green), arteries (blue), and 
veins (red). 
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prototyped airways. This feature was slightly smaller in the prototyped arteries and veins 

compared with the previous studies.  

Figure 9 shows an axial view of the simulated CT images of an XCAT with and 

without non-parenchyma and parenchyma modeling. The CT images of the enhanced 

phantoms are more realistic as they include more detailed structures than the original 

ones and thus are closer to clinical reality in terms of the airways, vessels, and parenchyma 

background. 

Figure 7: A magnified section of a phantom with the growth model: 
airways (green), arteries (blue), and veins (red). 
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Table 2. Geometrical features of the growth model, previous morphometry 
studies, and previous models  

    Growth model Morphometry  Other Models 

𝜃 

Airways 43.76 ± 0.51 
(range: 42.96 – 44.47) 

39, 43[65];  
37.28 [66] 

50.31 [45]; 
42.90 ±0.10[67] 

Arteries 44.84 ± 0.30 
(range: 44.46 – 45.26) - 47.29 [46] 

Veins 44.56 ± 0.41 
(range: 43.97 – 45.19) - 51.52 [46] 

𝐿
𝐷 

Airways 3.45 ± 0.05 
(range: 3.40 – 3.53) 

3.09,3.14[65];  
~3.25 [68] 

2.92 [45]; 
3.0[69]  

4.67 ± 0.47 [67] 

Arteries 4.05 ± 0.12 
(range: 3.86 – 4.22) - - 

Veins 4.35 ± 0.09 
(range: 4.21 – 4.48) - - 

𝐷Q	
𝐷$

 

Airways 0.78 ± 0.00 
(range: 0.78 – 0.79) 

0.76 [70];  
0.78, 0.83 

[65] 

0.79 [45] 
0.82 ± 0.00 [67] 

Arteries 0.73 ± 0.01 
(range: 0.72 – 0.74) - - 

Veins 0.73 ± 0.01 
(range: 0.72 – 0.74) - - 

  Airways 
2.48 ± 0.08 

(range: 2.34 -2.58) 
(R2= 0.99 ± 0.01) 

2.51-2.81 [62] 2.80 [45] 
(𝑅& = 1.00) 

𝑅#𝑆 Arteries 
2.96 ± 0.53 

(range: 2.54 - 4.05) 
(R2= 0.96 ± 0.04) 

3.03 [60] 
3.11 [35] 
3.36 [41] 

3.04 [46] 
(𝑅& = 1.00) 

  Veins 
3.46 ± 0.29 

(range: 3.15 – 4.01) 
(R2= 0.96 ± 0.01) 

3.30 [62] 
3.33 [41] 

3.41[46] 
(𝑅& = 1.00) 

𝑅Q𝑆 

Airways 
1.43 ± 0.03 

(range: 1.37 -1.46) 
(R2= 0.94 ± 0.02) 

1.35-1.45 [62] 1.41 [45] 
(𝑅& = 0.98) 

Arteries 
1.58 ± 0.03 

(range: 1.54-1.62) 
(R2= 0.91 ± 0.01) 

1.56 [41] 
1.60 [60] 
1.56, 1.60 

[35] 

1.57 [46] 
(𝑅& = 1.00) 

Veins 
1.59 ± 0.04 
(1.55-1.67) 

(R2= 0.93 ± 0.02) 

1.58 [41] 
1.69 [62] 

1.66 [46] 
(𝑅& = 1.00) 

𝑅e𝑆 

Airways 
1.37 ± 0.02 

(range: 1.34 -1.40) 
(R2= 1.00 ± 0.01) 

1.33-1.46 [62]  
1.39 [45] 

(𝑅& = 0.95) 

Arteries 
1.34 ± 0.03 

(range: 1.28 -1.39) 
(R2= 0.96 ± 0.03) 

1.46 [35] 
1.49 [60] 
1.49 [41] 

1.50 [46]  
(𝑅& = 0.95) 

Veins 
1.29 ± 0.01 

(range: 1.28 -1.33) 
(R2= 0.99 ± 0.01) 

1.50 [41] 
1.68 [62] 

1.64 [46] 
(𝑅& = 0.94) 
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2.4 Discussion 

Numerous morphometry studies [35, 39, 41, 54, 56] have investigated the number 

of generations, branch lengths and diameters, and airway wall thicknesses in conducting 

airways and pulmonary vessel trees to the level of terminal branches enabling 

mathematical 3D models of human lung airways  [44, 45, 69, 71, 72] and  vasculature 

networks [46, 73]. Some of these models have been successfully used to investigate some 

lung functions [47-51, 67]. However, there has been no model to include airways and 

vessels together, to the level of terminal branches in separate lobes, while estimating the 

wall thickness of the airways and avoiding intersections between branches. It might not 

be necessary to include all these features for some specific applications. For example, to 

conduct computational fluid dynamics studies [47-49, 67], 3D models of conducting 

airways are needed, whereas including vasculature tree would not be necessary. 

Similarly, in computational blood flow distribution analysis [50, 51] 3D models of the 

vasculature trees would be sufficient. However, to make the lungs of the XCAT phantoms 

more representative of human anatomy, they must include continuous and non-

intersecting tree networks of airways, arteries, and veins together with close anatomical 

attributes of what exist in humans. This extension adds essential and anatomically 

relevant features which pave the way toward the goal of simulating realistic CT images 

for studies in image quality. 
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In this study, we used 11 XCAT phantoms with various attributes such as gender, 

height, weight, and lung volume. However, our proposed algorithm is extendable for 

creating a larger population of phantoms. Moreover, the prototyped phantoms are flexible 

in that they can  be modeled as both surfaces and voxelized formats to be compatible with 

multiple available medical imaging simulation packages including CT [15, 23, 64, 74], MRI 

[75-77], and SPECT/PET [78, 79]. Using this approach, medical imaging trials can be 

conducted virtually when the actual trials are not practical due to financial, time, and 

Figure 8: Collage of 11 XCAT phantoms. Airways are green. Arteries are 
blue. Veins are red. 
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ground truth issues. Another advantage of these phantoms is that they can be used as a 

toolset to evaluate different lung segmentation or registration algorithms where the tree 

structures are not limited to the big branches, a large cohort of datasets can be synthesized, 

and the ground truth would be fully known. 

In this study, we quantitatively evaluated the geometrical features of the extended 

XCAT phantoms. Although this essential approach demonstrates the anatomical 

attributes of the phantoms, it does not quantitatively evaluate the level of realism of the 

synthesized CT images. Such investigations can be done by both 1) observer studies where 

radiologists score the level of realism of the simulated images and 2) quantitative 

measurements of the simulated images to assure that the image quality features (such as 

noise, contrast, resolution, detectability index, etc.) extracted from the synthesized 

datasets are close to same features extracted from real images. However, these 

investigations demand a realistic CT simulator. A radiologist would not consider a 

simulated CT dataset realistic if the CT simulator does not closely mimic the attributes of 

a scanner in the clinic. Similarly, while the extracted imaging features are dependent on 

the modeled non-parenchyma and parenchyma structures, they are also dependent on the 

physics and processing of the imaging system.  

In future work, to further enhance the level of realism, we plan to establish an 

anatomically based technique to model and incorporate the parenchyma structures as 

well as pathologies inside the XCAT lung phantoms. We also plan to develop techniques 

to model heterogeneities within other organs and structures as volumetric textures within 
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the phantoms. Such simulated phantoms will be quantitatively evaluated using both 

observer studies and image quality-based comparisons. These advances, combined with 

more accurate CT simulators (currently being developed in our laboratory), will enable 

the XCAT phantoms to generate data close to that of actual patients. With that ability, the 

XCAT models can become an enabling toolset to virtually evaluate current and emerging 

medical imaging technologies. This toolset is targeted to be used to conduct lung-related 

virtual clinical trial studies including quantifying the impact of a CT protocol on image 

quality and quantitative accuracy for imaging operations with the knowledge of the 

ground truth. 

This study has several limitations. The original XCAT models for the airways and 

vessels were limited in the initial branches. However, more segmented branches of 

airways and vessels can make the final phantoms even more anatomically relevant. The 

proposed growth model extended the gross airways, arteries, and veins based on only 

Figure 9: CT images simulated from the XCAT phantom without (left) and 
with (right) the lung non-parenchyma and parenchyma modeling. Window=1600, 

Level=-600 
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two well-known anatomical properties of the non-parenchyma structures: bifurcating and 

space-filling. While the geometrical measurements from our model were consistent with 

anatomy and other modeling measurements, the proposed algorithm does not perfectly 

model an exact human lung non-parenchyma architecture. For example, anatomy studies 

have shown that the airways and the arteries follow each other while the veins mostly 

bifurcate independently [35]. To simulate this, our proposed algorithm provided similar 

growing rules to the airways and vasculature, extending the existing 3D spatial 

relationship between the initial branches to the higher generations. However, this 

approach does not guarantee to create the most accurate 3D relationships of these 

structures in the higher generations.  

Another limitation is that the algorithm was applied only to the lung expiration 

phase. In future work, we plan to incorporate respiratory motion to the lung structures in 

a manner similar to what we have done previously [2]. This will enable us to study the 

effects of respiratory motions on image quality.  

The growth model also did not consider the effects of gravity which can affect the 

distribution and the density of pulmonary structures within the lung shape. As such, 

while gravity does influence the lung structure’s distribution, we consider the effects to 

be secondary compared to the other geometrical factors. Previously, we have utilized 

finite element techniques to simulate gravity for different positioning of the breast for 

breast imaging [80]. These techniques can be similarly used to simulate the gravity in the 

lungs in different positions such as supine and prone for future work. 
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Moreover, the growth model generated a variable number of terminal branches 

across the phantoms due to the existing variability in the phantom’s lung volumes and 

shapes. We were not able to compare this variability against anatomical studies as those 

studies have not been performed across a population of patients. While this range in our 

prototyped phantoms might not exactly reflect the true variability across different 

subjects, it would enable us to test imaging systems across a wide range of lung 

architectures. Nevertheless, the tree structures can have more uniform number of terminal 

branches across the phantoms by putting a threshold on the number of terminal branches 

as a criterion to stop the growth model.   

The growth model produced more symmetrical airways than vasculature due to 

the chosen sequence (airways, arteries, and veins) in the iteration of the model. This could 

be a departure from reality because in human lungs, each acinus is supplied by a single 

terminal bronchiole and a single arteriole; therefore, the branching ratio (the metric for 

asymmetry) is expected to be close for the tree structures. While this does not affect the 

use of these phantoms in the VCT application (as the tree symmetry is a secondary 

consideration in CT imaging interpretations), the trees could have closer symmetry by 

altering the sequence in each iteration.   

The resolution of the phantom affects the phantom size (in both mesh and voxel-

based formats), growth model runtime, and the CT simulations runtime. Therefore, our 

study only modeled the branches with diameters greater than 0.25 mm which is about 

twice finer than a resolution of a current typical commercial CT scanner. With this 
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resolution, the growth model (written in MATLAB) runtime was about an hour per 

phantom on a 3.30 GHz Core i7 machine. The CT simulation (written in C) runtime was 

about 30 minutes per phantom where the projections at different angles were spread into 

multiple computers. 

2.5 Conclusion 

Anatomically-based modeling of pulmonary airways, arteries, and veins to the 

level of interstitial structures provides the XCAT phantoms with more detailed non-

parenchyma and parenchyma structures. This essential feature paves the way towards the 

use of virtual patient models for realistic image quality assessments.  
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3. Modeling bone architecture in virtual human models 
The purpose of this chapter was to develop detailed and realistic models of the 

cortical and trabecular bones in the spine, ribs, and sternum and incorporate them into 

the library of virtual human phantoms (XCAT). The algorithms developed in this chapter 

were published in IEEE Transactions on Radiation and Plasma Sciences under the title 

“Modeling Textured Bones in Virtual Human Phantoms” [59]. Therefore, the contents in 

this chapter, including texts, figures, and tables were mainly reproduced from this 

publication. 

Cortical bone was modeled by 3D morphological erosion of XCAT homogenously 

defined bones with an average thickness measured from the CT dataset upon which each 

individual XCAT phantom was based. The trabecular texture was modeled using a power 

law synthesis algorithm where the parameters were tuned using high-resolution 

anatomical images of the Human Visible Female. The synthesized bone textures were 

added into the XCAT phantoms. To qualitatively evaluate the improved realism of the 

bone modeling, CT simulations of the XCAT phantoms were acquired with and without 

the textured bone modeling. The 3D power spectrum of the anatomical images exhibited 

a power law behavior (R2=0.84), as expected in fractal and porous textures. The proposed 

texture synthesis algorithm was able to synthesize textures emulating real anatomical 

images, with the simulated CT images with the prototyped bones were more realistic than 

those simulated with the original XCAT models. Incorporating intra-organ structures, the 

“textured” phantoms are envisioned to be used to conduct virtual clinical trials in the 
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context of medical imaging in cases where the actual trials are infeasible due to the lack 

of ground truth, cost, or potential risks to the patients. 

3.1 Introduction 

Computational human phantoms are widely used in medical imaging research. 

They serve as virtual patients and can be combined with accurate models of modern 

imaging devices to generate simulated data from different modalities. Phantoms provide 

known anatomies which can be imaged repeatedly in the virtual domain to study and 

optimize imaging devices and techniques. With this ability, computational phantoms 

have become indispensable toolsets for simulating clinical trials where the actual 

experiments would not be practical.  

Over the past fifty years, many phantoms have been extensively developed and 

improved to be more realistic and representative of a population of humans [81-87]. The 

four-dimensional extended cardiac-torso (XCAT) phantoms are a series of computational 

phantoms that represent a realistic population of humans with variable ages, genders, 

heights, and weights [1-3]. These whole-body phantoms have been modeled based on the 

segmentation of several sets of patient clinical computed tomography (CT) images and 

have been further enhanced using the high-resolution datasets from the Human Visible 

Male and Female projects [88, 89]. XCAT phantoms have been widely used in medical 

imaging research in the estimation of organ doses in X-ray based imaging systems [5, 9, 

10]. 
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In the current XCAT models, most organs and anatomical structures are defined 

as homogeneous materials. This is generally not an issue in dosimetry studies. However, 

the simulated medical images, produced from the homogenous organs in the XCAT, are 

not realistic enough for image quality studies which limits the broader applicability of the 

phantoms. For example, previous dosimetry studies used micro CT images of bone 

specimens to better understand the radiation dose to radiosensitive tissues of the human 

skeleton system. These studies have led to correction factors applied to the Monte Carlo 

based dosimetry to more accurately estimate doses to bones [90-92]. Such corrections are 

effective for dosimetry purposes, but fail to adequately represent heterogeneous bones for 

image quality based studies. 

Ideally, the intra-organ structures should be segmented from patient-specific 

volumetric imaging datasets (e.g. CT or MRI), similar to the way in which the main organs 

have been modeled in the phantoms. However, it is challenging to segment these small 

structures, considering the current spatial resolution and noise in clinical datasets. 

Alternatively, the intra-organ structures can be modeled mathematically with parameters 

informed by morphometry studies and high-resolution datasets. 

We have recently developed a mathematical and anatomically informed approach 

to model the lung non-parenchyma (pulmonary airways and vasculature) [24] and 

parenchyma structures [25] to create “textured” lungs in XCAT phantoms. Building upon 

this prior work, the present study aimed to develop a framework to model heterogeneous 

bone structures of the spine, ribs, and sternum within the XCAT phantoms. 
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3.2 Methods  

Heterogeneous models of the bones in the spine, ribs, and sternum were 

synthesized and incorporated into the series of XCAT phantoms. The overall framework 

is shown in Figure 10. The individual steps in the process are detailed below.  

3.2.1 Voxelizing the XCAT phantoms 

The XCAT phantoms were initially modeled based on continuous non-uniform 

rational basis spline (NURBS) and polygon mesh surfaces. This surface-based approach 

does not easily lend itself to modeling heterogeneous sub-organ structures. Therefore, to 

model the heterogeneity, the phantoms were first transformed into a voxelized format 

with an isotropic resolution of 0.25 mm.  
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3.2.2 Modeling cortical and trabecular bones 

On a macroscopic level, the main components of the spine, ribs, and sternum are 

cortical (compact) and trabecular (cancellous) bones [93]. Cortical bones are the dense 

outer layer of the bone, whereas the trabecular bones are the inner less dense bones with 

a porous structure [93]. In each XCAT, the cortical and trabecular bones were modeled as 

follows: 

Figure 10 : Flowchart of the bone modeling. XCAT phantoms were used as the 
basis for each model. Cortical bones were modeled based on cortical thicknesses 
of corresponding CT images of each XCAT. Trabecular bones were modeled 
using high resolution anatomical images. Finally, each phantom’s realism was 
objectively evaluated by simulating its CT images. 
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For cortical bone, the defined ribs, spines, and sternum masks in each XCAT 

phantom were eroded to accommodate cortical bone layers. To do so, a 3D morphological 

erosion function with a “cube” structuring element, was applied to the voxelized 

phantoms so as to obtain the desired thicknesses for the cortical layer. These thicknesses 

were separately measured for each XCAT phantom using its corresponding CT dataset 

(Figure 11). 

For trabecular bone, while the porous “texture” of the trabecular bone is visible in 

CT images, this texture cannot be accurately reconstructed from CT images due to the 

resolution limitation and the noise in clinical images. Therefore, it is not feasible to model 

the trabecular bone for each XCAT phantom from its corresponding CT dataset in a 

patient-specific manner. 

Measure the cortical thickness 

from CT images. 

Erode phantom’s bone masks with 

the measured thicknesses. 

Figure 11: Procedure for modeling cortical bone in a phantom. This 
strategy was applied to the spine, ribs, and sternum.   
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In this work, we synthesized heterogeneous structures that have “texture” similar 

to real trabecular bones using a 3D power law synthesis technique. This synthesis 

technique has been used extensively for modeling background structures in 

computational breast phantoms [94-97], relying on the power law behaviors of the fractal 

images power spectrum [98] as 

𝑆�(𝑓) = 	𝛼	𝑓H�	, (1) 

where 𝑆� is the spectral density of a spatial series 𝑥, 𝑓 is the spatial frequency, and 

𝛼 and 𝛽 are constant positive numbers. In a log-log plot, this relationship is a line with an 

intercept of log	(𝛼) and a slope of –𝛽. 

The proposed trabecular texture synthesis framework is shown in Figure 12. A 

high-resolution anatomical imaging dataset containing trabecular bones was used as an 

exemplar to inform the synthesis process. This dataset was from the Visible Female project 

Sample trabecular 
regions.

Bin the data into 5 
levels.

Measure the histogram 
in the trabecular region.

Measure 3D power 
spectrum.

Fit a power law function 
to the measured 
spectrum.

Synthesize textures 
filtered with the fitted 
spectrum.

Bin into 5 levels and 
match the histogram.

Add the result into 
the trabecular 
regions.

Figure 12: The flowchart for synthesizing trabecular bones for the spine, 
ribs, and sternum, and incorporating them into the XCAT phantoms. 
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with an isotropic resolution of 0.33 mm [88]. The Visible Female dataset was chosen over 

that of the Male due to its higher z-resolution (0.33 mm versus 1.0 mm for the Male). 

 

Trabecular regions of the Visible Female anatomical dataset were manually 

sampled and uniformly binned into five levels. The binning is necessary to reduce the 

noise from the input dataset. Less number of bins provides better noise reduction. 

However, a sufficient number of bins is essential to preserve the texture of the trabecular 

region. Heuristically, we found that binning our input dataset with five levels provides a 

reasonable compromise between noise reduction and texture preservation goals. After the 

binning, the histogram and 3D power spectrum of the sampled regions were measured 

[99]. Parameters 𝛼 and 𝛽 were calculated by fitting a power law function to the measured 

power spectrum.  

The synthesis process was initialized with a 3D random white noise volume 

filtered to have the power law 3D power spectrum with the fitted 𝛼 and 𝛽. Then, the 

filtered result was uniformly binned into five levels and transformed to match the 

anatomical image’s histogram. Finally, the synthesized texture was added into the 

trabecular regions of the XCAT phantoms. 

3.2.3 Evaluation 

The textured XCAT phantoms were “imaged” using a CT simulation program. 

The program used a voxel-based CT ray tracer [100] which was based on the geometry 

and physics of a commercial CT scanner (Definition Flash, Siemens Healthcare, Forcheim, 
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Germany). The linear attenuation coefficients of all the materials in the phantom were 

defined using the “xraylib” library [63]. Specifically, the linear attenuation coefficients of 

trabecular bone with five different densities (1.00, 1.07, 1.14, 1.21, and 1.28 g.cm-3) were 

used to accommodate for the expected Hounsfield unit values of the synthesized voxels 

in the trabecular regions. The projection images were acquired on a helical trajectory with 

a pitch of one and a tube voltage of 120 kV. The projection images were reconstructed 

with a filtered back-projection algorithm using a commercial CT scanner reconstruction 

box. 

The resultant images were evaluated in terms of conformance of the power 

spectrum with the initial design. Further, the simulated CT images of the textured bone 

were evaluated qualitatively in terms of their improved realism in comparison to images 

without the bone modeling and to real CT images. This evaluation aimed to confirm 

whether the created heterogeneities are realistic and representative of human anatomy. 
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3.3 Results 

Figure 13 shows a log-log plot of the 3D power spectrum of a 41×41×41 sampled 

volume of a trabecular region in the anatomical dataset. On average, the fitted power law 

parameters were 4.2 ± 1.1 and 2.19 ± 0.17 for 𝛼 and 𝛽, respectively. The goodness of fit was 

0.84 ± 0.01 affirming the power law behavior of the trabecular images’ 3D power 

spectrum. 

Figure 13: An example log-log plot of the 3D power spectrum versus 
spatial frequency of a 41×41×41 sampled volume of a trabecular region in the 

anatomical dataset. 
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Figure 14 shows some examples of trabecular synthesis results compared against 

the real texture in the high-resolution anatomical images. The synthesis results produced 

a similar visual texture appearance to the anatomical images’ texture.  

Figure 16 illustrates some bone regions of an XCAT phantom with and without 

the incorporation of the cortical bone erosion and the synthesized trabecular texture. 

Figure 15 shows CT simulation results of an XCAT with and without the bone modeling 

as well as a real CT dataset. Without the bone texture, the simulated CT images were solid 

in bone regions, had beam hardening artifacts, and were not realistic compared to real CT 

images. Qualitatively, the simulated images of the enhanced phantom were more realistic 

as the bone texture was more comparable to the actual patient CT scans. 
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Figure 14: On the left: some slices of the spine region in the 
anatomical images of the Visible Human Female which are uniformly 

binned into 5 levels. On the right: some slices of the 3D texture 
synthesis results of the trabecular bone using the power law algorithm 

with 𝜶 and 𝜷 of 4.2 and 2.19, respectively. 
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a c

b h

ge

d f

Figure 16: An example of XCAT phantom bones without (top row) and 
with (bottom row) the proposed bone modeling where (a-b) are whole torso slice. 
Magnified images of the spine, sternum, and rib are illustrated in (c-d), (e-f), and 

(g-h), respectively. 

Figure 15: Simulated CT images of a spine region 
in an XCAT phantom before (top row) and after (middle 
row) bone modeling, as we all an example of a real CT 

dataset (bottom row). The images were window-leveled 
such that the bone texture would be visible. 
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3.4 Discussion 

Computational phantoms enable us to conduct clinical experiments virtually, 

including large-scale virtual clinical trials involving a diverse population of patients. The 

accuracy of these trials, however, depends on the realism of the phantoms. For the 

purpose of image quality based clinical trials, realistic intra-organ heterogeneity is an 

essential requirement for these phantoms, as the organs’ heterogeneous texture affects 

image quality features such as contrast, noise, and resolution.  

In this study, we enhanced the XCAT phantoms by modeling cortical and 

trabecular bones and incorporating them into the XCAT homogenous bones. Such 

improvement, along with our previous enhancements in the lungs [24, 25], makes the 

XCAT more realistic in their representation of human anatomy and thus pave the way 

towards their use for image quality based virtual clinical trials, such as the improved 

understanding of X-ray based medical imaging systems to optimize the image quality in 

a task and patient specific manner, while minimizing the radiation dose to the patients. 

For example, our phantoms with the incorporated “textured” bone can be utilized to 

quantitatively assess the effects of different imaging conditions and technologies on the 

quality of the images in terms of resolution or noise [59]. Such studies would not be 

possible in the context of patient images due to the lack of ground truth; and would not 

be realistic in a phantom with homogenous bones. Moreover, these models of bone can be 

used in dosimetry studies to improve the accuracy of dose estimations in the bones by 

subdividing the bone into constituent materials. 
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Our proposed method synthesizes the trabecular texture using a power law 

texture synthesis algorithm, similar to the previous efforts in modeling background 

texture in computational breast phantoms [95-97, 101, 102]. In those studies, 𝛽~3 were 

found to be the optimum value to synthesize breast background structures. In trabecular 

bones, however, our study suggested 𝛽~2.2, by fitting the power law function to the 3D 

power spectrum of the high-resolution anatomical images. This trend was expected as the 

trabecular texture is more granular compared with the breast background texture, 

resulting in a smaller 𝛽. 

The proposed synthesized texture has the flexibility to be incorporated into any 

voxelized phantom and can be combined with different medical imaging simulation 

packages. The flexibility of the platform enables modeling multiplicity of texture and 

resolution rendition of bone for virtual clinical trial, depending on the goal of the study. 

While we found the voxelized format more convenient in terms of modeling intra-organ 

heterogeneity, our synthesized texture can be converted into a surface format using nested 

meshes spanning the range of intensities within the textures as was done previously for 

the breast phantoms [103]. 

The isotropic voxel size used in this study was 0.25 mm. While phantoms with 

smaller voxel sizes offer higher spatial-resolution, they would also have larger file sizes, 

making the simulations more computationally expensive. Our choice of a 0.25 mm voxel 

size is roughly half of the detector element size of a typical clinical CT scanner, the 

targeted modality of this study. Simulated CT images of virtual phantoms with this voxel 
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size have shown to produce spatial resolution characteristics (in terms of modulation 

transfer function) comparable to real CT images [100].  

This study has several limitations. First, our approach for modeling the bone was 

not fully patient specific. Although we measured the average cortical layer thicknesses in 

each XCAT individually, we were not able to reconstruct the trabecular texture from those 

low-resolution datasets. Therefore, we used a single high-resolution trabecular dataset to 

inform our trabecular texture synthesis, which was subsequently applied to all XCAT 

phantoms. Nevertheless, because our proposed algorithm is parametric, its parameters 

can be adapted to different types of trabecular texture, which can introduce variability in 

trabecular texture modeling between XCAT phantoms. Furthermore, our proposed 

algorithm is able to generate different trabecular textures given a high-resolution dataset 

with histogram and fitted 𝛽. This would enable the development of textures specific to 

different bones or diseased processes if a high-resolution dataset were available. Figure 

17 illustrates simulations of our texture synthesis given different histograms and different 

𝛽s. Results show that if an input texture exhibits a higher bone mineral density (i.e., a shift 

to the right in the histogram), then the synthesis algorithm would adapt itself to generate 

a similarly denser texture. Similarly, if an input texture exhibited a larger 𝛽, the algorithm 

would generate a less granular texture. 

Moreover, a higher resolution dataset can improve the realism of the synthesized 

trabecular bones. For example, high-resolution micro CT images of the bones (not 
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available in this study) may enhance the trabecular bone modeling to the micro resolution 

level.  

Another limitation of this study was that the simulated CT images of the phantoms 

were evaluated qualitatively, and no quantitative evaluation was performed on the CT 

simulated images. Such quantitative evaluation can be performed using either 1) observer 

studies, where expert imaging scientists and physicians score the level of realism of the 

simulated CT images, or/and 2) quantitative studies, where image quality features and 

metrics of the simulated images are compared to those of real CT images. Both of these 

evaluations are highly dependent on the accuracy of the CT simulator, and therefore, such 

evaluation awaits a fully confirmed CT simulator, a task currently under active 

development in our group. 
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In future work, we aim to improve the XCAT phantom library by modeling intra-

organ structures in other organs. Moreover, we will expand our bone modeling strategy 

to model different types of bone pathologies. We also plan to investigate other data 

sources, such as micro CT, to improve the high-resolution detail of our bone models. 

These computational phantoms, along with a realistic CT simulator, can then be integrally 

assessed in term of their combined realism to virtual conduct imaging clinical trials to 

evaluate and optimize CT imaging applications in terms of image quality as well as dose. 

M
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β =	1.9 β =	2.2 β =	2.5 β =	2.8 β =	3.1

Figure 17: Texture synthesis results using different input histogram and b, 
showing the capability of the proposed method in generating variable trabecular 

textures in terms of bone mineral density (captured by histogram) and granularity 
(captured by b). This methodology, combined with high-resolution images of 

bone structures, can be used to generate different types of bones and introduce 
variability in the bone models. 
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3.5 Conclusion 

Modeling intra-organ heterogeneity is an essential step towards the use of 

computational phantoms in virtual imaging and virtual clinical trials. Towards this goal, 

this work developed an algorithm to improve the realism of the bones in the XCAT 

phantoms. These improvements make the computational phantoms more realistic, and 

consequently more clinically relevant. 
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4. Development of a realistic simulation framework in 
energy-integrating CT 

The purpose of this chapter was to develop a CT simulation platform that is 1) 

compatible with voxel-based computational phantoms, 2) capable of modeling the 

geometry and physics of commercial CT scanners, and 3) computationally efficient. Such 

a simulation platform is designed to enable the virtual evaluation and optimization of CT 

protocols and parameters for achieving a targeted image quality while reducing radiation 

dose. The material in this chapter were submitted to IEEE Transactions on Medical 

Imaging journal and is currently under review. Therefore, the contents in this chapter, 

including texts, figures, and tables were mainly reproduced from this manuscript. 

The platform, called DukeSim, was developed in C++. Given a voxelized 

computational phantom and a parameter file describing the desired scanner and protocol, 

DukeSim calculates projection images using a combination of ray-tracing and Monte 

Carlo techniques. DukeSim includes detailed models for the detector quantum efficiency, 

quantum and electronic noise, detector crosstalk, subsampling of the detector and focal 

spot areas, focal spot wobbling, and the bowtie filter. The platform was validated using 

physical and computational versions of a phantom (Mercury phantom). Clinical and 

simulated CT scans of the phantom were acquired at multiple dose levels using a 

commercial CT scanner (Somatom Definition Flash; Siemens Healthcare). The real and 

simulated images were compared in terms of image contrast, noise magnitude, noise 

texture, and spatial resolution. The relative error between the clinical and simulated 

images was less than 1.4%, 0.5%, 2.6%, and 3%, for image contrast, noise magnitude, noise 
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texture, and spatial resolution, respectively, demonstrating the high realism of DukeSim. 

DukeSim, when combined with realistic human phantoms, provides the necessary toolset 

with which to perform large-scale and realistic virtual clinical trials in a patient and 

scanner-specific manner. 

4.1 Introduction 

Computed tomography (CT) has a significant role in the screening, diagnosis, and 

treatment of patients. As such, CT systems have been extensively advanced with the goal 

of better diagnostic accuracy and minimizing radiation burden. Conventionally, these 

new technologies are evaluated either using physical phantoms or patient images. 

Physical phantoms are too simplistic and generic, not representative of a human 

population, and thus have limited relevance to task-based or patient-specific assessments. 

Such limitations can be overcome by using patient images; however, patient images are 

ground truth limited, expensive, and sometimes ethically unattainable (e.g. in repetitive 

studies). 

Virtual clinical trials (VCT) or in silico trials, defined as conducting clinical 

experiments using computer simulations, can overcome these challenges. In a virtual 

platform, the ground truth is fully known. Also, there is no need to use scanners or obtain 

Institutional Review Board (IRB) approvals, making the trials less expensive and much 

faster. Moreover, there is no ethical dilemma regarding the radiation risk in the design of 

a trial. The utility of a VCT, however, can be limited depending on the realism of its two 

main constituents: modeling of the patients and modeling of the imaging acquisition. 
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On the patient side, there have been extensive efforts in developing populations 

of anthropomorphic phantoms that model highly detailed organ anatomies [2, 81, 83-87] 

with intra-organ heterogeneities in the breast [101, 102, 104-106], lungs [24, 25], liver [107], 

and bones [59]. 

On the acquisition side, numerous CT simulators based on Monte Carlo (MC) 

methods have been developed, primarily for the purpose of dosimetric studies [11-13, 

108]. Although MC-based CT simulators are highly representative of the x-ray interaction 

process, they are slow in nature. Therefore, while these simulators are effective in 

estimating organ doses if one uses low-resolution phantoms (~5mm voxel sizes), they are 

inefficient for generating realistic CT images of high-resolution phantoms (sub-millimeter 

voxel sizes) at a resolution necessary for realistic image quality assessments. This gets 

further challenging if one wishes to simulate imaging of a large population of phantoms. 

As an alternative to MC methods, several ray-tracing or hybrid (a combination of 

a ray-tracing and MC) simulators have been introduced to speed up the process [15, 18, 

21-23, 109] of image generation. While successful in their applications, these simulators 

are limited for image quality VCTs for at least one of the following reasons: 1) 

compatibility with only surface-based phantoms which does not provide imaging of 

voxelized phantoms with intra-organ heterogeneities, 2) use of generalized scanner 

models which does not address the need for the evaluation of scanner-specific 

technologies in the clinic, and/or 3) being slow which makes them impractical for large-

scale VCTs. 
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The purpose of this chapter was to develop and validate a realistic energy-

integrated CT simulation platform that is compatible with high-resolution 3D voxel-based 

computational phantoms, accounts for the geometry and physics of a given commercial 

CT scanner, and is computationally efficient. This platform enables the medical imaging 

community to virtually evaluate and optimize CT protocols and parameters for achieving 

targeted image quality while reducing radiation dose. 

4.2 Methods 

A simulation platform, called DukeSim, was developed to generate rapid, realistic, 

and scanner-specific CT images of voxelized computational phantoms. Given a 

computational phantom and a parameter file, DukeSim estimates the primary and scatter 

photons that hit the detector elements using ray-tracing and MC techniques, respectively. 

Combining these two signals while accounting for the physics of the detector elements, 

Figure 18: The flowchart for DukeSim. 
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DukeSim computes the projection images and pre-processes them. The framework of 

DukeSim and an illustration of a VCT platform are shown in Figure 18 and Figure 19. The 

details are further explained in the following sub-sections. 

4.2.1 Input files 

DukeSim runs with two inputs: a voxelized computational phantom and a 

parameter file containing information about the scanner and desired protocol. Within the 

parameter file, a user can define the source to detector distance, source to isocenter 

distance, number of projections per rotation, number of detector rows and channels, 

physical sizes of the detector elements and focal spot, detector offset, poly-energetic 

photon flux spectrum, tube current (mA), rotation speed, tube voltage (kV), beam 

collimation, focal spot periodic wobbles (also known as “Z” and “in-plane” flying focal 

spots), bowtie filter, and pitch (for helical scans). 

b) 
source bowtie filter 

detector 

a) 

sub-samples of a 
detector element 

sub-samples 
of focal 

spot 

Figure 19: a) Illustration of a virtual clinical trial platform including a virtual 
scanner and a virtual patient. b) Illustration of the geometry of DukeSim. 
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4.2.2 Primary signal 

DukeSim has a ray-tracing module that tracks the primary photons from the 

focal spot, passing through the phantom and hitting the detector elements. For an 

energy-integrating detector element (𝑖, 𝑗), at the projection angle 𝛼, the primary signal 𝐼 

is calculated as 

𝐼(𝑖, 𝑗, 𝛼) =�𝑁�,�,�,�,Q)$. 𝐸
�

. 𝑅�, (1) 

where 𝐸 is the energy bin, 𝑅�	is the detector response (fraction of photons absorbed by 

the detector at energy bin 𝐸), estimated using MC simulations with the knowledge of 

detector properties [110, 111]), and 𝑁�,�,�,�,Q)$ is the number of photons deposited in the 

detector at energy bin 𝐸, computed using the Beer-Lambert Law as [112] 

𝑁�,�,�,�,Q)$ = 	
1
𝐾�𝑁�,�,�,� exp �−� 𝜇�,�,�𝑙�,�,�,�,�

�
�

���

��%

, (2) 

 where 𝑁�,�,�,� is the number of photons at energy bin 𝐸 (post filtration by the bowtie filter), 

𝜇�,�,� is the linear attenuation coefficient of the material 𝑚 in the phantom (calculated 

from [63]) at energy bin 𝐸, 𝑙 is the path length traversed by the source-to-detector ray 

through material 𝑚 in the phantom, and 𝑘 is an index for sampling the finite focal spot 

and detector element areas. This sampling strategy, instead of modeling a pencil beam, 

was used to account for the finite sizes of the focal spot and detector elements.  
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4.2.3 Scatter signal 

While ray-tracing is effective for modeling radiation transport of the primary 

beam, it does not account for scattered radiation. To simulate the scatter signal, a scanner-

specific MC tool based on MC-GPU [11] framework was developed. For accomplishing 

this, the existing code of our dose estimation tool [4] was modified and extended to 

incorporate a curved energy-integrating detector model with an energy response 𝑅�	 as 

described in the previous section. In addition to the detector, an anti-scatter grid was 

modeled. This is defined based on acceptance distributions for a given scanner (which can 

be provided by the manufacturer) to account for the rejection of scattered photons by the 

grid.  

The output from the MC tool includes a normalized scatter distribution, which 

includes scatter contribution from the Compton, Rayleigh, and multiple scatter processes, 

and the noise variance at each pixel to account for the detector noise. The simulated 

scattered radiation post patient is subject to statistical fluctuation due to the finite number 

of simulated histories. This can be remedied with a large number of histories, but that is 

computationally expensive. As scatter is expected to be a low frequency signal, the 

normalized scatter distribution was further smoothed using an optimized scatter kernel 

[113] (calculated using the same MC tool). The noise associated with scatter and primary 

signal is ascertained and incorporated in the noise simulation detailed below. 
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4.2.4 Projection images 

The total energy for each detector element is computed by summing the primary 

and scatter signals (𝐼B(𝑖, 𝑗) = 𝐼$A��@A¢(𝑖, 𝑗) + 𝐼£¤@BB)A(𝑖, 𝑗)). To simulate the crosstalk, a 

percentage of the signal of the neighboring detector pixels can be also added to the total 

signal. To model the quantum noise and electronic noise components of the detector 

signal, a Gaussian random number generator [114] is used with the mean of 𝜇£ = 𝐼B	and 

variance of 𝜎£& = 	∑ 𝑁�,Q)$� . 𝜎�& + 𝜎)e)¤& , where 𝜎�& is the variance of the detector signal per 

input photon at the energy bin  𝐸 (estimated based on the detector’s material and 

geometry [110, 111]), and 𝜎)e)¤& 	is the variance associated with the electronic noise, 

measured in dark current.  

Similar to how a clinical scanner outputs projection data, the final simulated 

projection image, S, is computed by normalizing the noisy detector energy signal with the 

air scan (𝐼§, the total un-attenuated energy at the detector) using 

𝑆 = 	− ln ¨
𝐺𝑎𝑢𝑠𝑠𝑖𝑎𝑛	(𝜇£, 𝜎£& + 𝜎)e)¤& )

𝐼§
. (3) 

4.2.5 Pre-processing 

Following the standard data processing in CT systems, to suppress the effects of 

beam hardening, a 4th order polynomial water correction was applied to the projection 

images [115] 

𝑆®¯° = 		�𝑎$(𝑗, 𝑘𝑉𝑝). 𝑆$	
$�²

$�§

, (4) 
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where the coefficients 𝑎$ (a function of detector channel and the source tube voltage) 

were derived by applying a polynomial fit to a mono-energetic simulation of a detector 

signal attenuated by different thicknesses of water.  

4.2.6 Computational speed 

Simulating realistic projection images of a computational phantom is 

computationally expensive considering the voxel size (sub-millimeter), number of 

projections per rotation (~1000-2500), scan range (multiple rotations per acquisition), 

number of detector elements (~25,000-50,000), poly-energetic nature of the spectrum and 

linear attenuation coefficients (~100-200 bins), and multiple samplings for finite focal spot 

and detector elements. For faster simulations, we developed DukeSim in C++, linked to 

the NVIDIA CUDA libraries, which runs in a distributed environment and leverages the 

parallel compute power of multiple GPU devices simultaneously. 

4.2.7 Verification and validation 

To ascertain the accuracy of a simulation tool, it is essential to subject it to 

verification and validation procedures. Verification answers the question of “did I build the 

thing, right?” [116] as intended, and validation answers the question of “did I build the right 

thing?” [116], ascertaining that the correct model was used. 

For DukeSim, verification was performed by ascertaining that the program is 

functioning as per the “Methods” described in sub-sections “4.3.1” to “4.3.6”. This was 

done iteratively by 1) observing the intermediary and final outputs of the program under 

different settings (including the spectrum before and after the bowtie filter, projection 
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images, and reconstructed images), 2) looking for unexpected results and any 

physical/geometrical artifacts, and 3) fixing them. 

In the validation step, simulations and corresponding real experiments were 

performed, and the simulated and real CT images were compared in terms of image 

quality metrics. For this validation, a virtual model of the clinically-used Mercury 

phantom [117] was created. Real and simulated helical projection images of the Mercury 

phantom were acquired on a commercial scanner (Somatom Definition Flash; Siemens 

Healthcare) and DukeSim (based on the same scanner properties), respectively, under 

multiple X-ray flux levels (50, 150, and 300 mAs) at 120 kV and a pitch of 1.0. For the 

simulations, the exact geometry and physics for the specific scanner (provided by the 

manufacturer) were used. 

To compare the realism of DukeSim projection data against actual CT systems, the 

real and simulated projection data were both reconstructed using a generic open-source 

reconstruction software, FreeCT [118], which is an implementation of weighted filtered 

backprojection reconstruction for helical fan-beam CT [119, 120]. All the projection images 

were reconstructed using FreeCT medium kernel with 0.6 mm slice thickness, 512×512 in-

plane pixels, and 370 mm reconstruction field of view.  

CT number values, noise magnitude, noise power spectrum (NPS), and 

modulation transfer function (MTF) were assessed as primary image quality metrics to 

compare the real and simulated images. The CT number accuracy was measured by 

selecting ROIs within the “Air” and “Water” inserts of the Mercury phantom images. The 
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NPS measurements were performed by placing 8 squared ROIs (30 mm), with their centers 

uniformly distributed in a 40 mm distance from the center of the image, in the uniform 

regions of the phantom using the algorithm discussed in [33]. The noise magnitude was 

measured as the standard deviation in the same ROIs. The MTF was measured in the high 

contrast edges of the “Air” and “Bone” inserts using the algorithm discussed in [33]. 

4.2.8 Pilot VCT 

To demonstrate the utility of DukeSim in the context of performing realistic VCTs, 

we performed a pilot study to characterize the noise texture in CT images across different 

reconstruction algorithms.  

A textured XCAT phantom [24, 25, 59] was imaged 50 times using DukeSim, based 

on the properties of a commercial scanner (Somatom Definition Flash; Siemens 

Healthcare) 120 kV and a pitch of 1.0. Projection images were reconstructed using a 

commercial reconstruction software (Siemens ReconCT) with filtered backprojection 

(FBP, kernel of B31f) and iterative (SAFIRE, kernel of I31f) algorithms. Here, the 

simulation being based on a specific clinical scanner and its commercial reconstruction 

software, enables us to fully replicate a clinical situation. 

For each reconstruction algorithm, a noise magnitude map was constructed by 

measuring the standard deviation of the noise signals across the fifty measurements. To 

compare the noise magnitude between the two reconstruction algorithms, a relative noise 

reduction map was calculated as  
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𝜎A)Q³¤B�´((𝑥, 𝑦, 𝑧) = 	
𝜎·®¸(𝑥, 𝑦, 𝑧) −	𝜎¹M(𝑥, 𝑦, 𝑧)

𝜎·®¸(𝑥, 𝑦, 𝑧)
, (5) 

where 𝑥, 𝑦, 𝑧 are voxel indices, and 𝜎·®¸ and 𝜎¹M are the noise magnitudes for FBP and 

SAFIRE images. Moreover, NPS was calculated for each reconstruction algorithm using 

𝑁𝑃𝑆(𝑢, 𝑣) = 	𝐴�,¢	. |ℱ[𝑅G(∆𝑥, ∆𝑦)]|, (6) 

where 𝑢, 𝑣 are spatial frequencies, 𝐴�,¢ is the total area of a single pixel, ℱ[. ] is the Fourier 

transform operator, and 𝑅G is the autocorrelation function of the noise signal 𝑁. This 

equation is valid under the assumption that the noise signal is wide sense stationary, 

which is not true for iterative images with a heterogenous background [32, 121]. 

Therefore, as proposed in [32], the noise signal for SAFIRE was divided into high and low 

noise magnitude regions, prior to the NPS calculations. 
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4.3 Results 

4.3.1 Verification and validation 

Figure 20 shows simulated CT images of a water phantom imaged with and 

without a bowtie filter, both reconstructed with and without our beam hardening 
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Figure 20: Simulated CT images of a water phantom. Images on 
the left were reconstructed without any beam hardening correction 

(BHC). Images on the right were reconstructed with BHC. The images 
on the first row were acquired without any bowtie filter, whereas the 

images on the second row were acquired using a Siemens “body” filter. 
The results show that our BHC was able to suppress the beam 

hardening artifact in both cases. 
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correction algorithm. The results show that the beam hardening artifact, which is a 

function of spectrum and bowtie filter, was suppressed using our correction algorithm.  

Figure 21 shows real and simulated CT images of the Mercury phantom at three 

dose levels (50, 150, and 300 mAs). The realistic appearance of the simulated images can 

be seen as compared to the real ones. The contrast between the “Water” and “Air” inserts 

were 0.0188 ± 1.3e-05 and 0.0191 ± 4.0e-05 for the real and simulated images, respectively, 

showing a relative error of 1.4%. 

Figure 23 shows the noise magnitude measured in the real and simulated images. 

The relative error was +0.07%, -0.11%, and -0.48% for 50 mAs, 150 mAs, and 300 mAs, 
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Figure 21: Real (first row) and simulated (second row) images of a Mercury 
phantom at 50, 150, and 300 mAs, with the water inserts magnified, providing a 

closer look in the low contrast regions. 
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respectively. Figure 22 shows the NPS curves extracted from the real and simulated data 

for the three dose levels. The average and peak frequencies of the NPS curves, from both 

real and simulated images, are shown in Table 3. The relative error for the average and 

peak frequencies of the NPS curves were 2.49% and 2.57%, respectively. Overall, these 

results demonstrate that DukeSim is able to produce CT images with a noise magnitude 

and texture close to clinical scenario. 

Table 3. Average and peak frequencies of the NPS curves in the real (first row) 
and simulations (second row) at multiple dose levels. 

 favg (mm-1) fpeak(mm-1) 
mAs 50 150 300 50 150 300 
real 0.26 0.26 0.26 0.22 0.21 0.21 

DukeSim 0.27 0.27 0.27 0.22 0.21 0.22 

Figure 22: Normalized noise power spectrum measured in real and 
simulated Mercury phantom images at 50, 150, and 300 mAs.  
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Figure 24 displays the MTF curves measured in the “Air” and “Bone” inserts of 

the real and simulated images. For the Air insert, the cut off frequency at 50% (f50) was 

0.285 mm-1 and 0.294 mm-1 for the real and simulated images with a relative error of 3.1%. 

For the Bone insert, f50 was 0.302 mm-1 and 0.303 mm-1 for the real and simulated images 

with a relative error of 0.4%. These MTF curves show that our simulated images have 

spatial resolution characteristics close to clinical CT images. 

Figure 23: Noise magnitude measured in real and simulated Mercury 
phantom images at 50, 150, and 300 mAs. 
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4.3.2 Speed 

All the simulations were run on a Linux machine with a 64GB memory and four 

Nvidia Titan Xp GPUs. Running on four GPUs, for a phantom with 1900 × 1900 × 1000 

voxels and a 0.25 mm isotropic voxel size, and a scan range of 115.2 mm (3 rotations with 

pitch of 1.0), it took approximately 2 minutes to obtain the scatter data (10^8 histories per 

projection and 10-degree angle increments), 3 minutes to calculate the intersected path 

lengths, and 4 minutes to calculate the final projection images (47104 detectors ×	6912 

projection images). This speed efficiency enables large-scale VCTs in future studies.  

4.3.3 Pilot VCT 

Figure 25 summarizes the noise study results. The noise maps showed the local 

stationarity of the FBP images and non-stationarity of the SAFIRE images, where the noise 

magnitude was higher in the high contrast regions. The noise reduction maps showed that 

while the noise magnitude was generally lower in SAFIRE images compared to FBP, it 

was higher in the edge voxels. This map also showed that the noise was 29% lower in 

SAFIRE images, lower than the expected decrease in uniform phantoms [32]. Moreover, 

the NPS peak frequency in the uniform regions of the SAFIRE images were lower than the 

FBP images, suggesting different noise correlations. These results are consistent with the 

previous experimental studies [32, 122] and suggest the utility of DukeSim and textured 

XCAT phantom for conducting large-scale realistic VCTs. 
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Figure 24: Modulation transfer functions measured in 
real and simulated Mercury phantom images. 
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Noise reduction (%)

FBP

IRFBP
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Figure 25:  Pilot VCT results. First row: simulated CT images 
reconstructed with FBP (left) and iterative (right) algorithms. Second row: 
voxel-based noise magnitude maps in FBP and iterative images measured 

by 50 repetitive image acquisitions. Results suggest that the noise is 
locally stationary in FBP images but not stationary in the iterative images. 
Third row: noise reduction maps on the left and NPS curves on the right, 

demonstrating that iterative images have less noise in uniform regions but 
higher noise in the edge voxels. The peak frequency of the NPS 

corresponding to lower noise (uniform regions) were lower in comparison 
with FBP images.  



70 

4.4 Discussion 

Realistic VCTs enable comprehensive evaluation and optimization of CT imaging. 

Such studies need accurate, scanner-specific, and computationally efficient CT simulators. 

In this study, we developed and validated such a simulator that is compatible with high-

resolution voxel-based computational phantoms and accounts for the physics and 

geometry of clinical scanners. 

Our developed simulator, DukeSim, is a hybrid simulator that models the primary 

signal using ray-tracing methods and the scatter signal using MC simulations. Unique 

from the previously developed CT simulators, DukeSim models the detector quantum 

efficiency, quantum and electronic noise, focal spot wobbling, bowtie filter, detector cross 

talk, and finite distribution of the detector and focal spot areas. Moreover, the speed 

efficiency of DukeSim makes it practical to run large-scale VCTs on high-resolution 

human models. 

 DukeSim was able to generate simulated CT images that have image quality 

attributes of image contrast, noise magnitude, noise texture (NPS), and spatial resolution 

(MTF) similar to these from CT images of a specific clinical scanner. This validation is also 

a unique feature of the present study. 

DukeSim can be used to study the effects of scanner parameters (mAs, kV, pitch, 

etc), scanner components (bowtie filter, anti-scatter grid, detector type, etc), and 

reconstruction algorithms on the ultimate image quality of a population of patients. The 

simulator is modular in the sense that its features can be used in various modes. For 
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example, features such as noise modeling, polychromacity, scatter, and detector crosstalk 

can be included or excluded depending on the user’s preferences.  

While it was out of the scope this study, DukeSim can also be extended to model 

other types of X-ray based imaging systems such as radiography, tomosynthesis, 

mammography, and fluoroscopy. Moreover, as a future aim, we envision DukeSim to be 

capable of simulating dynamic (4D) computational phantoms, enabling VCT studies in 

the context of motion. 

4.5 Conclusion 

Modeling a realistic, rapid, and scanner-specific CT simulator is an essential step 

towards the goal of conducting virtual clinical trials. The developed CT simulator in this 

study, combined with realistic human models, would enable rigorous quantification and 

evaluation of CT scanners, not possible using ground truth-limited clinical trials or 

simplistic physical phantoms. 
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5. Development of a realistic simulation framework in 
photon-counting CT 

The aim of this paper was to develop and validate a simulation platform that 

generates photon-counting CT images of high-resolution phantoms with detailed 

modeling of manufacturer-specific components including the geometry and physics of the 

x-ray source, source filtrations, anti-scatter grids, and photon-counting detectors. Given a 

computational phantom, scanner configuration, and imaging settings, the simulator 

generates projection images accounting for both primary and scattered photons. The 

simulator reduces beam hardening artifacts using a spectrum- and threshold- dependent 

beam hardening correction algorithm. Physical and computational versions of a clinical 

phantom (Mercury) were used for validation purposes. The physical phantom was 

imaged using a research prototype photon-counting CT (Siemens Healthcare) at multiple 

dose levels and with two energy thresholds. The computational phantom was imaged 

with the developed simulator with the same parameters and settings used in the real 

acquisition. Both real and simulated images were reconstructed using a research 

prototype reconstruction software (ReconCT, Siemens Healthcare). Primary image quality 

metrics of noise magnitude, noise correlation coefficients, noise power spectrum, and 

modulation transfer function were extracted from both real and simulated data and 

compared. Qualitatively, the simulated images showed similar appearance to the real 

ones. Quantitatively, the relative error in image quality measurements were in average 

2%, 1%, 3%, and 5% for noise magnitude, noise correlation coefficients, noise power 

spectrum, and modulation transfer function, respectively. This simulator will enable 
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systematic optimization and evaluation of the emerging photon-counting computed 

tomography technology.  

5.1 Introduction 

Over the past several decades, computed tomography (CT) imaging has been 

extensively advanced to improve patient outcome by providing higher image quality at 

lower radiation risk. These developments include helical imaging, multi-row detectors, 

high rotation speed, dual-energy technology, and novel reconstruction algorithms.  

A recent technological development in CT is the use of photon-counting detectors 

(PCD) [123-127], replacing the conventional energy-integrating detectors (EID). PCDs are 

energy-sensitive detectors that directly convert an x-ray photon to electrical signal 

proportional to its energy [123]. Compared with EID-CT, recent studies on prototype 

PCD-CT systems have shown superior performance in terms of noise, spatial resolution, 

contrast to noise ratio (CNR), artifacts, and material decomposition [128-137].  

To bring the PCD-CT into clinical practice and to further enhance its performance, 

this technology needs comprehensive assessment and application-based optimization. 

This, ideally, needs large scale application-based trials on actual patient images. However, 

such trials are challenging, considering the limited numbers of prototype scanners and 

the often-unknown ground-truth status of the patient images. In addition, protocol 

optimization needs repetitive trials with multiple acquisitions at various imaging 

conditions. This is impractical due to radiation safety concerns and cost. 
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These challenges can be overcome by utilizing virtual clinical trials (VCTs), where 

an imaging experiment is performed using representative computational humans and 

imaging models. VCTs are widely developed and utilized in x-ray-based imaging [30, 106, 

138-144]. The utility of VCTs in PCD-CT, however, is currently limited due to the lack of 

a stand-alone CT simulator that can generate PCD-CT images of high-resolution 

computational phantoms with realistic simulation of a particular PCD-CT system. 

We have recently developed and validated an EID-CT simulator, called DukeSim, 

that simulates vendor-specific EID-CT images [145]. Building upon our previous work, 

the purpose of this study was to extend DukeSim to simulate realistic PCD-CT images of 

high-resolution human models while accounting for manufacturer-specific components 

including the geometry and physics of the x-ray source, filters, anti-scatter grids, and 

photon-counting detectors. 

5.2 Methods 

The framework for the DukeSim PCD-CT simulator is shown in Figure 26. The 

procedure is divided into three parts: 1) inputs, 2) simulations, and 3) processing. The 

inputs include the computational phantoms, information regarding the scanner geometry 

and physics, and the PCD model. The simulations consist of calculating primary signal, 

scatter signal, and the final projection images. The last step performs the data pre-

processing and reconstruction. The following sections detail these steps. 
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5.2.1 Computational phantoms 

The simulator works with voxelized phantoms with each structure set to a unique 

integer corresponding to material definitions in a material file. The density and elemental 

composition for each material are defined based on ICRU Report 46 [146]. A given 

phantom is read by the simulator and the poly-energetic linear attenuation coefficients of 

all the materials in the phantom are computed using tables generated from the xraylib 

package [63]. 
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Figure 26: The framework of the developed photon-counting 
simulator 
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5.2.2 Scanner and protocol configurations 

The scanner configuration can be setup with a user-defined focal spot size, tube 

photon flux spectrum (function of kV), tube current (mA), bowtie filter, beam collimation, 

focal spot wobbles (also known as flying focal spots), source to detector distance, source 

to isocenter distance, anti-scatter grids, detector size, number of detector rows and 

columns, detector energy thresholds, number of projections per rotation, scan range, 

rotation speed, and pitch. A parameter file is setup to specify these variables. 

5.2.3 Photon-counting model 

The simulator expects a spatio-energetic response model of a prototype PCD [147-

149] including the average, noise variance, and noise covariance (in case of multiple 

energy thresholds) detector signals of an incident photon. The implementation of the 

detector model in calculating the projection images is explained in the following sections. 

5.2.4 Primary signal 

Using a ray-tracing strategy, the simulator tracks the primary photons starting 

from the source towards each detector element. For each detector (𝑖, 𝑗), at the projection 

angle 𝛼, the primary signal,	𝑁$A, is calculated using the Beer-Lambert law, 

𝑁$A(𝐸, 𝑖, 𝑗, 𝛼) =
%
�
∑ 𝑁§(𝐸, 𝑖, 𝑗, 𝛼)	exp	(−∑ 𝜇(𝐸,𝑚, 𝑘)𝑙(𝑖, 𝑗, 𝛼,𝑚, 𝑘)� )�
��% , (1) 

where 𝑁§ is the number of photons at the source (post-bowtie filter), 𝜇 is the poly-energetic 

linear attenuation coefficient of material 𝑚 (calculated using [63]), and 𝑙 is the intersection 

length of the source-to-detector ray with the voxels of material 𝑚. To account for the finite 
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sizes of the focal spot and detector elements, the ray-tracer calculates the intersection 

length 𝐾 times, sampling the area of the focal spot and detectors. 

Using the PCD response model for a set of 𝑛 energy thresholds, the primary count 

at each detector is estimated with a multivariate gaussian variable with a mean vector of 

𝑀(𝑝𝑟)%×(	 = 	∑ 𝑁$A� (𝐸). 𝑅(𝐸, 𝑡)%×(, (2) 

and the covariance matrix of 

𝐾(𝑝𝑟)(×( = 	 Ã

⋱ … … ⋮
⋮ ⋱ … ⋮
⋮
…

𝐶𝑜𝑣(𝑝𝑟)É,*
…

⋱ ⋮
… ⋱

Ê, 

𝐶𝑜𝑣(𝑝𝑟)É,* = 	�𝑁$A
�

(𝐸). 𝐶𝑜𝑣(𝐸, 𝑡É, 𝑡*). 

(3) 

Here, 𝑅(𝐸, 𝑡) is a vector of expectation values of the signal recorded at 𝑛 energy thresholds 

for an incident photon at the energy bin 𝐸. 𝐶𝑜𝑣(𝐸, 𝑡É, 𝑡*) is the covariance between the 

signals recorded at the energy thresholds of 𝑡É and 𝑡* for an incident photon at the energy 

bin 𝐸. The 𝑅(𝐸, 𝑡) and 𝐶𝑜𝑣(𝐸, 𝑡É, 𝑡*) used in this study were based on a MC simulation 

[147] of a Cadmium telluride (CdTe) detector with 5.86 g/cm3 density and 1.6 mm 

thickness. This MC simulation calculated the expected values and covariance matrix 

considering the x-ray effects (K escape and K reabsorption) and the electronic effects 

(charge sharing and electronic noise). Figure 27 shows an example of the model at the 

energy thresholds of 25 and 75 keV. 

5.2.5 Scatter signal 

Since the ray-tracing module does not account for the scattered x-ray interactions, 

the simulator includes a MC component based on the MC-GPU framework [11] to 
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estimate the scatter signal. The MC simulation estimates the scattered photons,  

𝑁£¤(𝐸, 𝑖, 𝑗, 𝛼), while rejecting the ones absorbed in the anti-scatter grids. The rejection is 

done using a rejection range distribution (provided by the manufacturer in this study and 

can also be measured empirically). 

Similar to the primary signal, the scatter signal is estimated with a multivariate 

Gaussian variable with the mean vector of 

𝑀(𝑠𝑐)%×(	 = 	∑ 𝑁£¤� (𝐸). 𝑅(𝐸, 𝑡(), (4) 

and the covariance matrix of 

Figure 27: The expectation, variance, and covariance values at energy 
thresholds of 25 and 75 keV, derived from a Monte Carlo simulation.  
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⋱ ⋮
… ⋱

Ê, 
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(𝐸). 𝐶𝑜𝑣(𝐸, 𝑡É, 𝑡*), 

(5) 

where 𝑅(𝐸, 𝑡) and 𝐶𝑜𝑣(𝐸, 𝑡É, 𝑡*) are the same detector response values discussed in the 

previous section.  

The MC output for the scatter simulation has fluctuation due to the finite number 

of simulated histories. This effect can be reduced by simulating a large number of 

histories, but that is computationally expensive. Therefore, these fluctuations are 

smoothed using an established scatter kernel [113]. 

5.2.6 Projection images 

The detector data with noise are generated using a correlated multivariate 

random noise generator, with the mean vector of 𝑀(𝑡𝑜𝑡) = 𝑀(𝑝𝑟) + 𝑀(𝑠𝑐) and 

covariance matrix of 𝐾(𝑡𝑜𝑡) = 𝐾(𝑝𝑟) + 𝐾(𝑠𝑐). 

Similar to clinical CT scans, the final simulated projection images for each energy 

threshold are computed as 𝑆 = 	−log	( GÌ
GÍ,Ì
), where 𝑁B is the noisy detector signal at the 

energy threshold of 𝑡, and 𝑁§ is the air scan in that threshold (detector unattenuated 

signal). 

5.2.7 Beam hardening artifact correction 

Following typical CT imaging processing, the simulator reduces the beam 

hardening effects, caused by the poly-energetic nature of the source spectrum, by 

applying a polynomial water correction [115] 
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𝑆®¯° = 	∑ 𝑏$(𝑗, 𝑡, 𝑘𝑉)𝑆$
$�²
$�§ , (6) 

where the polynomial coefficients of 𝑏$ are calculated applying the fit of poly-energetic 

detector signals (of water with different diameters) to ideal mono-energetic ones. The 

coefficients are uniquely derived for different detector channels, energy thresholds, 

source spectrums, and bowtie filters. 

5.2.8 Computational implementation 

As discussed in [145], simulations of CT projection images are computationally 

expensive. The simulator loads a high-resolution phantom (sub-mm voxel size) and 

calculates projection signals for tens of thousands of detectors, thousands of projections 

per rotation, and multiple rotations, across hundreds of energy bins. This can be even 

more challenging in PCD simulations, where each detector can have multiple signals 

(e.g., multiple energy thresholds). To make the program computationally efficient, it was 

written in C++ and linked to the NVIDIA CUDA libraries to calculate the independent 

measurements (e.g., the intersection path lengths for different detector elements and 

projection angles) in parallel, using multiple graphical user interfaces (GPUs). 

5.2.9 Validation 

A validation study was done to evaluate the realism of the PCD-CT simulator by 

comparing the image quality of simulated PCD-CT data with real data acquired using an 

actual scanner. 

A physical phantom (Mercury, Duke University) was imaged at four different 

dose levels (36, 72, 144, 215 mAs), a tube voltage of 140 kV, pitch of 1.0, and energy 
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thresholds of 25 and 75 keV using a research prototype PCD-CT scanner (Siemens 

Healthcare, Germany) [150, 151] at the National Institutes of Health Clinical Center. 

The simulator was setup to mimic the geometry and physics of the research 

prototype PCD-CT scanner with information provided by the manufacturer (Siemens 

Healthcare, Germany). A computational model of the Mercury phantom was “imaged” 

using the developed PCD-CT simulator, with the imaging conditions similar to that used 

in the actual scans. 

Both the real and simulated projection images were reconstructed with a filtered 

back-projection algorithm (kernel B30f) using a research reconstruction software 

(ReconCT, Siemens Healthcare). All the reconstructed images had 512*512 in-plane pixels, 

275 mm reconstruction field of view, and 5.0 mm slice thickness. 

The simulated and real images were compared with each other in terms of 

fundamental image quality metrics: noise magnitude, noise correlation coefficients 

(between energy thresholds), noise power spectrum (NPS), and modulation transfer 

function (MTF). 

The noise measurements were done in the uniform sections of the phantom. The 

noise ensemble was sampled by placing squared regions of interests (ROIs, 30 mm in size) 

50 mm away from the center of rotation. For each threshold, the noise magnitude was 

calculated as the standard deviation, measured and averaged across all the ROIs. The 

correlation coefficient, 𝐶𝐶, between the thresholds of 25 and 75 keV, were measured as 
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%�Ñ
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where 𝑄 is the number of ROIs (8 in this study). The NPS was measured using the 

algorithm explained in [33]. The MTF was measured in the high-contrast edges of the 

“Air” insert using the algorithm discussed in [33]. 

5.3 Results 

Figure 28 shows real and simulated PCD-CT images at 25 and 75 keV energy 

thresholds. Qualitatively, the simulated and real images had similar appearances. In the 

lower threshold images, the images were less noisy, but had more prominent beam 

hardening artifacts. The lower threshold images had less noise because they count more 

photons compared to the higher thresholds. They also had more prominent beam 

hardening artifacts because the registered photons in the lower thresholds are broader in 

terms of their energy spectrum, making them more non-linear. 

Figure 29 shows the noise magnitude of the real and simulated images at the 4 

dose levels for 25 and 75 keV thresholds. Results demonstrated that the simulated images 

had a noise magnitude similar to real images with 1.2 ± 0.4% and 5% ± 3% relative errors 

for the 25 and 75 keV images, respectively. 
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Figure 30 plots the correlation coefficient between the 25 and 75 keV images. The 

results demonstrate the existing correlation between the threshold images and the realistic 

modeling of this effect in the simulations. In the real data, a slight increase occurred at the 

highest dose level associated with 215 mAs, suggesting slight non-linear effects (such as 

dead-time losses) happening in the high dose regime. 
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Figure 28: The real (top) and simulated (bottom) PCD images at 25 
keV, 75 keV, and their differential images. The beam hardening artifacts 

were more prominent (red arrows) in the lower threshold as expected 
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Figure 31 shows a comparison of the NPS curves for the real and simulated images. 

The simulations compare favorably to the real data, demonstrating that the noise texture 

in the simulations are similar to the noise texture in the real images. 

Figure 32 shows the MTF measurements for both real and simulated images. 

Results show a close MTF agreement between the real and simulated images with 3% and 

5% relative errors in the half-value frequency in 25 and 75 keV images, respectively. 

5.4 Discussion 

The emerging and promising PCD-CT technologies need comprehensive 

evaluation and application-based optimization to prove their clinical use. Realistic 

Figure 29: Noise magnitude measured at multiple dose levels for both real 
and simulated images. 
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computer simulations can be utilized to speed up these assessments by performing 

relevant and large-scale experiments using representative human models and PCD-CT 

imaging models. Toward this goal, in this work, we developed and validated a PCD-CT 

simulator that is able to image high-resolution phantoms with manufacturer-specific 

considerations of the scanner geometry, physics of the x-ray source, filters, anti-scatter 

grids, and photon-counting detectors. We showed that our developed simulator can 

generate PCD-CT images with noise and resolution features similar to a research 

prototype scanner across multiple dose levels and energy thresholds. 

Figure 30: Correlation coefficients between 25 and 75 keV images at 
multiple dose levels for both real and simulated images. 
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Given a particular scanner configuration and detector model, the developed 

simulator is able to generate primary and scattered signals and model correlated noise for 

multiple energy thresholds. The developed simulator accounts for post-bowtie filter 

spectra, focal spot wobbles, finite sampling of the source and detector areas, detector 

Figure 31: Normalized noise power spectrum measured in real (red) and 
simulated (blue) images at 25 (left) and 75 (right) keV. 

Figure 32: Modulation transfer function measured in the “Air” insert in the 
real (red) and simulated (blue) images at 25 (left) and 75 (right) keV 
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response, and beam hardening correction. All of these features are developed in a 

modular way, so a user can adjust them based on a desired experiment. For example, if a 

new photon-counting detector is introduced, one can input the associated detector 

response model into the simulator and generate CT images for the particular detector. Our 

simulator can be also used to optimize the imaging parameters and processing (such as 

spectrum, bowtie filter, focal spot wobbling, energy thresholds, detector sizes, beam 

hardening corrections, reconstruction algorithm) in an application-specific manner.  

The developed PCD-CT simulator is compatible with any given voxel phantoms. 

This feature, not available in the surface-based simulators, would enable studying the 

image quality using high-resolution phantom with intra-organ heterogeneities. 

Additionally, our simulation framework can be used to validate the accuracy of the PCD 

response models against real data. For example, the detector response model used in this 

study, derived from [147], provide a realistic approximation of the detectors mean and 

variance (and covariance) in the range of dose levels corresponding to 36 to 215 mAs.  

This study had some limitations. The validations were done using a simplistic 

uniform phantom. While these validations are reflective of the accuracy of our simulator, 

they can be even stronger if they are done using physical heterogenous anthropomorphic 

phantoms (not currently available). Future work will pursue 3D printing our recently 

developed human models with the intra-organ heterogeneity [24, 25, 59] for more 

extensive validation. The other limitation was that the validations were done using one 
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PCD-CT mode. In a future study, using the modular nature of the simulator, we will 

model and validate our simulator against different PCD modes and scanners. 

5.5 Conclusion 

A realistic simulation platform for photon-counting CT paves the way towards 

evaluation and parameter optimizations of this promising technology. As an alternative 

to clinical trials which are impractical and expensive, these simulation studies can be 

explored using our developed photon-counting simulator, when combined with 

representative anthropomorphic phantoms. 
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6. Effects of beam collimation and pitch image quality 
The purpose of this chapter was to demonstrate the utility of a realistic virtual 

clinical trial construct to investigate the effects of beam collimation and pitch on image 

quality in CT under different respiratory and cardiac motion levels. 

In this virtual clinical trial study, a realistic human model with added lung lesions 

was used to simulate seven different levels of cardiac and respiratory motions. Each case 

was imaged using a scanner-specific CT simulator at multiple pitches from 0.5 to 1.5 and 

beam collimations from 19.2 to 57.6 mm using a constant dose level. The images were 

compared against the known ground truth using three task-generic image quality metrics 

(root mean square error, peak signal to noise ratio, and structural similarity index). 

Additionally, the bias and variability in radiomics feature measurements were quantified 

for task-specific lesion quantification across all the imaging conditions studies. 

All task-generic metrics exhibited a degradation trend by 4-10% with increasing 

pitch. When imaged with motion, increasing pitch reduced motion artifacts. The IQ 

metrics were consistent at across the different beam collimations studied. Patient motion 

exhibited negative effects (within 7%) on the image quality metrics. The radiomics results 

were robust across the imaging conditions studied, except in the extreme condition of a 

patient with 16 bpm respiratory motion imaged with large (48.0 and 57.6 mm) beam 

collimations. 

While desirable for fast imaging, high pitch and large beam collimations can negatively 

affect image quality of CT images. These parameters should be quantitatively studied and 
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optimized prior to utilization in task-specific imaging protocols. Virtual clinical trials, 

such as the one presented and demonstrated in this study, represent a viable methodology 

to explore such optimizations in computed tomography. 

6.1 Introduction 

In Computed Tomography (CT), voluntary or involuntary movements of a patient 

cause motion artifacts resulting in degradation of image quality. These artifacts are more 

pronounced in applications such as cardiovascular CT, pulmonary CT, or when imaging 

trauma, uncooperative, or pediatric patients. Therefore, a major effort in CT research and 

development has been focused on reducing motion artifacts by accelerating the image 

acquisition [152, 153].  

In particular, the introduction of spiral [154-157] and multi-row detector [158-160] 

technologies has significantly decreased the CT acquisition time. While desirable for fast 

acquisitions, increasing the beam collimation (i.e. increasing the number of detector rows 

or cone angle) could negatively affect the image quality due to increased scatter and cone 

beam artifacts [161, 162]. Similarly, increasing pitch could also negatively affect the image 

quality due to under-sampling [153, 163]. 

To ascertain the appropriate use of collimation and pitch values, it is essential to 

quantify the effects beam collimation and pitch on image quality under different patient 

motion attributes. Such a study requires: 1) repetitive acquisitions of the same patients 

under different parameters (not ethically attainable in clinical images due to radiation 
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concerns) and 2) the full knowledge of the patient’s dynamic anatomy (not known in 

clinical cases).  

Realistic computer simulations (known as virtual clinical trials (VCT) or in silico 

imaging) can be used to answer such clinically relevant questions. In a VCT framework, 

computational phantoms modeling the human anatomy and physiology are used as 

virtual patients. The phantoms are imaged using algorithms that accurately simulate the 

given imaging modality, instrumentation, and system configuration as well as the physics 

of the imaging process including all the artifacts that can affect it. In VCTs, the ground 

truth is known from the mathematically defined phantoms, repetitive studies at multiple 

imaging conditions are obtainable, and Institutional Review Board (IRB) approvals are 

not needed. Therefore, VCTs are more flexible, faster, and cost-effective compared to 

conventional clinical trials. 

In this work, we demonstrate the utility of a realistic VCT construct in computed 

tomography to investigate the effects of beam collimation and pitch on image quality in 

CT under different respiratory and cardiac motion levels.  

6.2 Methods 

The overall framework of this VCT study is illustrated in Figure 33. In summary, 

different cardiac and respiratory motions were applied to a realistic human model, which 

was then images using a realistic and scanner-specific CT simulator at multiple beam 

collimation and pitch values. The virtual reconstructed images were compared against the 

known ground truth in a task-generic and task-specific manner to evaluate the effects of 
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collimation and pitch on image quality.  The analysis was done in the lung regions, the 

organ of interest in this study. The methodology is explained in more details in the 

following sections. 

6.2.1 Human model 

6.2.1.1 Textured XCAT phantom 

An Extended Cardiac-Torso (XCAT) computational phantom [164] was used as 

the human model. This phantom (adult male, 38 years old, 173 cm height, 66 kg weight) 

was created based on the segmentation of a patient CT dataset and included highly 

detailed organ anatomies. The phantom was further enhanced by modeling intra-organ 

4D XCAT Phantom 
with:
• lung & bone texture
• lung lesions
• heart rates of 0, 60, 

90, 120 bpm
• respiratory rates of 

0, 8, 12, 16 bpm

Phantom imaged at:
• 120 kV
• effective mAs 200
• pitches of 0.50, 

0.75, 1.00, 1.25, 
1.50

• beam collimations 
of 19.2, 28.8, 38.4, 
48.0, 57.6 mm 

Task-generic:
• image noise
• HU accuracy
• RMSE, PSNR, SSIM
Task-specific:
• lesion morphology 

accuracy 

Human model Imaging model Quality assessment

Figure 33: The framework of the virtual clinical trial study 
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structures of lung non-parenchyma, parenchyma, and trabecular bones using the 

algorithms explained in [25, 59, 165]. 

6.2.1.2 Lesion model 

To study the effects of collimation and pitch on lesion quantification, four 

spiculated lung lesions were created based on the algorithm developed in [166] and 

inserted into the XCAT model at multiple locations within the lungs. 

6.2.1.3 Cardiac and respiratory models 

To study the effects of motion, the phantom was rendered at multiple respiratory 

and heart rates using the motion models explained below. 

The parameterized respiratory motion model used in this VCT was derived from 

multiple sets of 4D respiratory-gated CT data of normal patients [2]. Using this model, 

one is able to simulate different motions with varying respiratory rate, diaphragm motion, 

chest expansion, and cardiac motion due to breathing [2]. Moreover, to apply the 

respiratory model to the intra-organ heterogeneities, a B-spline smoothing process was 

applied to convert the existing sparse motion vector fields (MVFs) into dense MVFs [167]. 

The cardiac motion model was derived from sets of 4D cardiac-gated CT and 

tagged MRI data of normal patients [2]. Similar to the respiratory model, the cardiac 

motion was parameterized with the parameters including heart rate, ejection fraction, 

longitudinal and radial contraction, and cardiac twist. 

The phantom was setup to simulate seven combinations of heart and respiratory 

rates listed in Table 4. For all the seven models, other motion parameters (such as chest 
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expansion, diaphragm motions, and ejection fraction) were kept consistent with the 

default values suggested in [2]. An example of the XCAT phantom is shown in Figure 34 

with the heart and respiratory rates respectively at 90 and 16 bpm at end-expiration (t=0 

sec) and end-inspiration (t=5 sec) time points. 

Table 4. Cardiac and respiratory rates used in this study. The rates are in 
beats/breadths per minute. 

Motion models heart rate respiratory rate 

1 0 0 

2 60 0 

3 90 0 

4 120 0 

5 90 8 

6 90 12 

7 90 16 

 

6.2.2 Imaging model 

6.2.2.1 CT simulator 

The phantoms were imaged using a validated and scanner-specific CT simulator 

[145],  called “DukeSim”. DukeSim is a hybrid simulator that generates CT projection 

images of any voxel-based computational phantom considering the geometry and physics 

of a specific scanner. It accounts for the primary (using ray-tracing) and scatter (using 

Monte Carlo) signal, polyenergetic source spectra, bowtie filter, focal spot wobbling (also 

known as flying focal spot), axial/helical imaging, anti-scatter grids, polyenergetic 
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detector response, quantum and electronic noise, and standard CT pre-processing 

techniques prior to reconstruction. 

 

 

end-expiration end-inspiration

Figure 34: Axial (top), coronal (middle), and sagittal (bottom) slices 
of the XCAT phantom defined at end-expiration and end-inspiration with 
the respiratory rate at 12 breadths per minute and the heart rate at 60 beats 

per minute. Four inserted lung lesions are shown with arrows. 
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6.2.2.2 Imaging acquisitions 

All phantoms were imaged based on the geometry and detector physics of a 

commercial CT scanner (Siemens Definition Flash, Forchheim, Germany). The 

acquisitions were performed at 120 kV, using a “body” bowtie filter, and Z-flying focal 

spots.  

To study the effects of beam collimation, a constant pitch of 1.0 was used with 

collimation varying from 19.2 mm to 57.6 mm (at the isocenter) in increments of 9.6 mm. 

To study the effects of pitch, beam collimation was kept constant at 38.4 mm with pitch 

varying from 0.50 to 1.50 in increments of 0.25. 

All images were acquired at a constant mAs value of 200 per slice slice (also known 

as effective mAs). The projection images were pre-processed for beam hardening 

corrections and then reformatted and reconstructed using a reconstruction software 

(ReconCT, Siemens Healthcare). All images were reconstructed with a filtered 

backprojection algorithm with the “B31f” kernel, in-plane pixel size of 0.48 mm, and slice 

thickness of 0.6 mm. 

6.2.3 Quality assessment 

6.2.3.1 Image noise and HU accuracy 

Image noise and HU accuracy were assessed by imaging a computational water 

phantom (15 cm diameter) with the similar imaging conditions as those used for the XCAT 

acquisitions. Image noise and HU were measured by calculating the standard deviation 
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and mean values of four circular regions of interests (ROIs), each measuring 30 mm in 

radius and positioned 10 cm from the image center at the 0, 90, 180, and 270 degrees. 

6.2.3.2 Task-generic assessment 

The quality of the XCAT CT images was evaluated by measuring three well-

known image quality (IQ) metrics: root mean square error (RMSE), peak signal to noise 

ratio (PSNR), and structural similarity index (SSIM) [168]. These metrics quantify the 

quality degradation or information loss of a 2D or 3D dataset (in our case the CT images 

at different imaging conditions) by comparing it against a reference dataset (in our case, 

the ground truth phantoms). All the metrics were calculated in the lung regions, the organ 

of interest in this study. 

6.2.3.3 Task-specific assessment 

The accuracy of radiomics feature quantification in the lesions was assessed for 

the XCAT phantom with different motion levels across all imaging conditions. For all 

simulated CT and ground truth phantom images, a research-prototype radiomics 

software (CT Radiomics, Siemens Healthcare) was used to semi-automatically segment 

the lesions (single click on the center of the lesion) and calculate 10 morphological 

radiomics features, as defined in [169]. The features extracted through this process are 

listed in Table 5. Average relative bias and its variability (standard deviation) against the 

ground truth, were measured for all the features across all of the motion models and 

imaging conditions. 
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6.3 Results 

6.3.1 Image noise and HU accuracy 

Figure 35 shows the image noise and HU in the water phantom as a function of 

pitch and beam collimations all at the constant mAs of 200 per slice (effective mAs).  

Image noise was almost constant for all the pitch and beam collimations studied, 

with a slight increase (~1 HU) at higher pitches and a slight decrease (~1 HU) at larger 

beam collimations. Image noise increased with increasing pitch because the 

reconstruction software used a smaller data range per image slice as the pitch was 

increased [157]. Image noise decreased with increasing beam collimations due to the 

increased contribution from scattered photons hitting the detector elements. 

HU was found to be robust to changes in the pitch but decreased (~7 HU) with 

increase in collimation. This decreasing trend can be attributed to the increased presence 

of scattered photons at larger collimations [170]. 
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Table 5. List of the radiomics feature used in this study. 

Flatness 

Volume 

Surface area 

Maximum 3D diameter 

Spherical disproportion 

Compactness2 

Compactness1 

Sphericity 

Elongation 

Surface to volume ratio 

 

6.3.2 Task-generic assessment 

When the XCAT phantom was imaged without cardiac or respiratory motions, 

helical artifacts were observed as the pitch increased, around high contrast materials 

(Figure 36), due to the undersampling that occurs at high pitch values.  When cardiac and 

respiratory motions were added, the helical artifacts exhibited a similar trend, but motion 

artifacts were suppressed (Figure 37). This is because the data range per image slice in the 

reconstruction algorithm decreased with increasing pitch. 
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For beam collimation, no major visual differences were observed by increasing the 

collimations. Figure 38 shows a difference image between the images acquired at the 

largest and smallest beam collimations demonstrating that differences were primarily 

observed in the highly attenuating structures and periphery regions of the image. 

Moreover, motion artifacts were not improved at the wider beam collimations (Figure 37), 

likely because the reconstruction algorithm used the same data range for all the beam 

collimations. 

The quantitative IQ assessment results are illustrated in Figure 39, Figure 40, and 

Figure 41. The RMSE, PSNR, and SSIM (all measured in the lungs) exhibited a degradation 

a) b) 

c) d) 

Figure 35: Image noise (a,b) and HU values (c,d) measured in water 
phantom images at multiple beam collimations (a,c) and pitch values (b,d). 



101 

trend (11%, 5%, 4%) as the pitch increased due to the undersampling at higher pitches. 

The IQ metrics were found to be sensitive to the amounts of cardiac and respiratory 

motion modeled in this study. When the XCAT was imaged with motion, due to the trade-

Pitch = 0.50 
Coll. = 38.4 mm  

Pitch = 1.50 
Coll. = 38.4 mm  

Ground truth 

Figure 36: Magnified regions of the ground truth and simulated CT 
images of the XCAT imaged at lowest and highest pitch levels, showing the 

undersampling artifacts at higher pitch values. 
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off between spatial degradation and temporal resolution, the IQ showed a combination of 

Pitch = 1.00 
Coll. = 19.2 mm  

Pitch = 1.00 
Coll. = 57.6 mm  

Pitch = 1.50 
Coll. = 38.4 mm  

Pitch = 0.50 
Coll. = 38.4 mm  

Ground truth 

Figure 37: Magnified regions of simulated CT images of the 
XCAT (with 16 bpm respiratory and 90 bpm heart rates) imaged at 

multiple pitch and collimation levels. Images show that motion 
artifacts are reduced at higher pitch values, while remaining 

unchanged at wider collimations. 
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degradation (due to undersampling) and improvement (due to reduced motion artifact) 

with increasing pitch. 

The RMSE, PSNR, and SSIM were consistent at all the collimation values (Figure 

39, Figure 40, and Figure 41). This is mainly because the effects of beam collimations are 

minor at low-attenuating regions (for this study, lungs) and central parts of the image. 

Moreover, the IQ metrics were sensitive to the amounts of cardiac and respiratory 

motions. 
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6.3.3 Task-specific assessment 

Table 6 and Table 7 list the average relative bias and variability for the radiomics 

features across all the pitch values and beam collimations. Among all features across all 

imaging conditions studies, flatness and spherical disproportion showed the largest 

(23.1%) and smallest (-0.7%) relative bias. As demonstrated in Table 6 and Table 7, the 

relative bias and variability were generally consistent across the imaging conditions due 

to the robustness of the segmentation algorithm across all these conditions. 

Table 8 lists the average relative bias and variability for the radiomics features for 

each motion profile, demonstrating that the relative bias and variability were also 

generally consistent across all motion profiles. 

HU 

Figure 38: A subtraction image between the CT images 
acquired at the smallest and largest beam collimations 

showing the main difference existed in the high attenuation 
and periphery regions of the image. 
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Two conditions exhibited an order of magnitude difference in relative bias and 

variability compared to the other conditions: XCAT with the respiratory rate of 16 bpm 

and heart rate of 90 bpm was imaged with the 48.0 and 57.6-mm wide collimations. In 

these two situations, the segmentation algorithm failed to segment the boundary of the 

lesions accurately resulting in a large bias and variability. This effect is illustrated in 

Figure 42, which shows radiomics features extracted from the XCAT with no motion and 

the highest motion rates. 

 

 

 

 

No motion Cardiac  motion Cardiac  and respiratory motion a) b) 

e) 

c) 

d) f) 

Figure 39: Root mean square error of the simulated CT images (in the lungs) 
compared with the ground truth. The plots are for different pitch values (a,b,c) and 

beam collimations (d,e,f) for the XCAT with no motion (a,d), with only cardiac 
motions (b,e), and with cardiac and respiratory motions (c,f). 
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No motion Cardiac  motion Cardiac  and respiratory motion a) b) 

e) 

c) 

d)  f) 

Figure 40: Peak signal to noise ratio of the simulated CT images (in the 
lungs) compared with the ground truth. The plots are for different pitch values 

(a,b,c) and beam collimations (d,e,f) for the XCAT with no motion (a,d), with only 
cardiac motions (b,e), and with cardiac and respiratory motions (c,f). 
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No motion Cardiac  motion Cardiac  and respiratory motion a) b) 

e) 

c) 

d) f) 

Figure 41: Structural similarity index of the simulated CT images (in the 
lungs) compared with the ground truth. The plots are for different pitch values 

(a,b,c) and beam collimations (d,e,f) for the XCAT with no motion (a,d), with only 
cardiac motions (b,e), and with cardiac and respiratory motions (c,f). 
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Figure 42: Relative bias and variability in the radiomics features measured 
across all the pitch (0.5 to 1.5) and beam collimations (19.2 – 57.6 mm), in the XCAT 
imaged without motion (left) and with respiratory (16 bpm) and heart motions (90 

bpm). 
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Table 6. Average relative bias and variability across all the phantoms for 
different pitch levels at 38.4 mm collimation. 

 pitch=0.50 pitch=0.75 pitch=1.00 pitch=1.25 pitch=1.50 

Features bias var. bias var. bias var. bias var. bias var. 

Flatness 24.7 12.1 22.6 10.6 23.4 12.0 23.3 14.1 25.0 15.0 

Volume 16.1 14.2 17.5 13.8 16.7 13.7 17.0 13.4 17.9 14.3 

Surf. area 6.5 6.7 9.2 4.6 9.8 4.7 12.0 3.3 12.6 5.0 

Max dia. 3.3 7.8 7.3 3.7 7.3 4.4 8.8 4.4 7.7 5.2 

Sph. dis. -3.4 3.5 -1.6 4.7 -0.6 4.2 1.2 4.9 1.3 5.0 

Comp.2 11.6 11.9 6.2 15.0 2.8 13.2 -2.5 14.7 -2.5 15.0 

Comp. 1 5.5 5.6 2.8 7.3 1.2 6.5 -1.5 7.3 -1.5 7.5 

Sphericity 3.6 3.7 1.8 4.8 0.8 4.3 -1.0 4.9 -1.1 5.0 

Elongation 0.3 11.7 -2.1 9.3 -1.0 10.3 -1.8 9.7 -0.9 9.8 

Surf. ratio -7.8 6.1 -6.5 7.7 -5.3 7.3 -3.6 8.0 -3.8 8.2 
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Table 7. Average relative bias and variability across all the phantoms for 
different beam collimations at pitch of 1.0. 

 coll=19.2 coll=28.8 coll =38.4 coll =48.0 coll =57.6 

Features bias var. bias var. bias var. bias var. bias var. 

Flatness 24.1 11.5 23.6 11.6 23.4 12.0 21.9 14.5 21.0 13.2 

Volume 14.6 13.3 16.3 13.6 16.7 13.7 20.4 20.9 21.0 21.1 

Surf. area 6.7 7.9 9.1 5.1 9.8 4.7 13.7 12.6 14.0 12.5 

Max dia. 3.5 7.7 6.5 4.4 7.3 4.4 9.1 10.1 10.3 9.8 

Sph. dis. -2.4 3.2 -1.1 3.6 -0.6 4.2 0.3 6.3 0.3 6.2 

Comp.2 8.2 10.5 4.0 11.4 2.8 13.2 1.8 17.0 1.7 16.7 

Comp. 1 3.9 5.0 1.9 5.6 1.2 6.5 0.4 8.7 0.4 8.5 

Sphericity 2.6 3.3 1.2 3.7 0.8 4.3 0.2 5.9 0.17 5.7 

Elongation 1.0 11.1 -0.0 10.6 -1.0 10.3 -1.3 10.6 -1.8 10.0 

Surf. ratio -6.5 4.9 -5.6 6.6 -5.3 7.23 -5.1 7.1 -5.3 7.0 
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Table 8. Average relative bias and variability across all the pitches (0.5 to 1.5) 
and collimations (19.2 to 38.4 mm) for different motion profiles. 

 rr=0;hr=0 rr=0;hr=60 rr=0;hr=90 rr=0;hr=120 rr=8;hr=90 rr=12;hr=90 rr=16;hr=90 

Features bias var. bias var. bias var. bias var. bias var. bias var. bias var. 

Flatness 24.6 11.0 23.8 9.8 24.4 10.9 25.1 11.5 23.2 13.9 22.9 15.6 17.7 17.7 

Volume 16.1 13.0 16.2 14.7 16.0 13.3 15.6 12.8 16.6 14.3 17.6 14.0 24.9 29.3 

Surf. area 9.2 4.9 8.5 6.6 8.9 5.1 7.9 5.2 9.5 5.3 10.1 5.1 18.7 20.9 

Max dia. 6.0 4.8 4.9 6.4 6.4 5.2 4.6 6.2 7.2 4.6 6.9 6.3 12.9 12.9 

Sph. dis. -0.9 4.1 -1.6 3.6 -1.0 3.9 -1.8 3.7 -0.8 4.5 -0.8 4.6 2.0 7.1 

Comp.2 3.7 12.8 5.9 11.6 4.2 12.5 6.7 12.3 3.6 14.2 3.8 14.8 -2.6 17.0 

Comp. 1 1.7 6.3 2.7 5.6 1.9 6.1 3.1 5.9 1.6 7.0 1.6 7.2 -1.9 9.1 

Sphericity 1.1 4.1 1.8 3.7 1.2 4.0 2.0 3.9 1.0 4.6 1.0 4.8 -1.4 6.2 

Elongation 0.2 9.5 -0.5 11.4 -0.3 9.5 0.8 11.2 -1.3 10.8 -1.9 11.4 -3.8 11.6 

Surf. ratio -5.4 6.7 -6.1 6.6 -5.5 6.8 -6.2 6.3 -5.4 7.6 -5.7 7.6 -4.4 7.2 

 

6.4 Discussion 

Large beam collimations and high pitch values can dramatically accelerate the 

acquisition speeds in CT. In this study, we constructed and performed a VCT to assess the 

effects of large beam collimations and high pitch values on image quality.  

The results indicate that under a constant exposure conditions, images acquired at 

higher clinical pitches (up to 1.5) show inferior image quality (quantified by RMSE, PSNR, 

and SSIM) compared to the lower pitch images. When the patient moved during the 

acquisition, the higher pitch images had less motion artifacts. This finding is consistent 
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with the recommendation of Raman et. al. [171] on imaging patients at lower pitch values, 

especially in tasks where motion artifacts are not a concern.  

Moreover, the image quality results show that the images acquired using larger 

beam collimations (up to 57.6 mm at the isocenter) do not exhibit inferior image quality 

(quantified by RMSE, PSNR, and SSIM) compared to the lower collimations, in the lung 

regions. HU values were found to be slightly affected by wide beam collimations (~7 HU) 

which suggest the use of narrow collimations for imaging tasks where HU quantification 

accuracy is paramount.   

Our results indicate a robust morphological radiomics feature quantification 

across the different pitches and beam collimations except in the extreme condition of a 

patient with 16 bpm respiratory motion imaged with wide beam collimations (48.0 and 

57.6 mm). This finding, integrated with similar investigations [172-175], can lead to better 

understanding of the sources of bias and variability in radiomics quantifications in CT. In 

particular, the segmentation algorithms play a crucial role in accurate and consistent 

performance of radiomics quantifications [176], and these types of studies help to quantify 

the sensitivity of the segmentation algorithms across different imaging conditions.  

In this study, we demonstrated how a realistic VCT construct, consisting of a 

detailed dynamic human phantom and a scanner-specific simulator, can be utilized to 

investigate clinically-relevant questions in radiology. The VCT platform enabled us to 

understand the effects of two key imaging parameters on the CT images while the other 

factors (both patient and scanner related) were kept constant: a crucial condition that is 
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not practical in conventional clinical trials. Moreover, the ground truth knowledge of the 

dynamic human models enables highly accurate comparisons of the images across 

different imaging conditions. 

This study has some limitations. First, a limited number of patient models and 

imaging parameters were utilized. We used one male anatomy with seven common 

combinations of heart (60-120 bpm) and respiratory motion (0-16 bpm) profiles.  Further 

investigations are envisioned for patients with diseased or abnormal heart and respiratory 

motions. The study was focused on one specific CT scanner with clinically-used pitch 

from 0.5 to 1.5 and collimations from 19.2 to 57.6 mm. Future work will evaluate other 

scanner models and reconstruction algorithms. 

6.5 Conclusion 

In CT, high pitch and large beam collimations accelerate the acquisition time; 

however, they can also negatively affect image quality. These parameters should be 

quantitatively studied to determine their optimal use in task-specific imaging protocols. 

Such determination can be performed through virtual clinical trials, such as the one 

presented in this study, to explore fundamental questions in clinical CT studies. 
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7. Conclusion 
The purpose of this dissertation was to develop and apply realistic anatomical and 

imaging models for virtual clinical trials in computed tomography. This project was 

divided into three sections: 1) modeling intra-organ heterogeneities in the lungs and 

bones, 2) modeling rapid, realistic, and scanner-specific energy-integrating and photon-

counting CT scanners, 3) and demonstrating the utility of the developed toolsets by 

running clinically-relevant virtual clinical trials. 

In chapters 2 and 3, anatomically-based mathematical algorithms were developed 

to model pulmonary non-parenchyma, pulmonary parenchyma, and trabecular bone 

structures. These phantoms improved the realism of the whole-body human models and 

paved the way towards the goal of image quality based virtual clinical trials. Human 

models are ever-expanding, and more improvements can be done in the future. Some 

potential future works include: 1) constructing a larger cohort of anthropomorphic 

phantoms so the models would be representative of a wider population, 2) modeling the 

intra-organ heterogeneities (e.g. liver, kidney, brain, etc.) in other organs using high-

resolution datasets, morphometry studies, and mathematical algorithms, 3) modeling 

pathologies in the phantoms, and 4) creating 4D intra-organ contrast agent perfusion 

models in the phantoms. 

In chapters 4 and 5, a state-of-the-art simulation framework was developed to 

synthesize realistic, rapid, and scanners-specific projection images in energy-integrating 

and photon-counting CT. DukeSim, combined with the human models, can be utilized to 
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speed up imaging technology assessments by performing relevant and large-scale 

experiments. In this dissertation, DukeSim was validated against two commercial CT 

scanners (one energy-integrating and one photon-counting). Future works may model 

and validate other CT models and vendors. Additionally, DukeSim was primarily 

developed for simulating CT images. This simulation framework can be extended to 

simulate other imaging modalities including radiography, mammography, 

tomosynthesis, fluoroscopy, ultrasound, and magnetic resonance imaging. 

In chapter 6, a virtual clinical trial was performed to evaluate the effects of pitch 

and beam collimation on image quality under various respiratory and cardiac motion 

levels. This study demonstrated the utility of the developed human model and the 

simulator in answering a clinically-relevant question. This study needed the ground-truth 

of the patients (not known in clinical images), and repetitive measurements of the same 

human model (not ethically attainable in clinical images). Moreover, our virtual clinical 

trial study did not require Institutional Review board, making it more cost-effective and 

faster compared to a clinical trial.  

Lastly, it is essential to subject the developed simulation tools to application-based 

verification and validation procedures. In the verification process, it is imperative to 

ascertain that the human and imaging models are functioning in the way that they are 

expected to. Such verifications include experts monitoring the intermediary and final 

outputs of the whole simulation chain, looking for unexpected results and artifacts, and 

fixing them. In the validation process, it is essential to make sure that the correct models, 
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as intended, were constructed. In the context of human phantoms, validations include 

comparing the anatomical and physiological features of the prototyped phantoms against 

real measurements. In the imaging simulations, validations consist of comparisons 

between the quality of the simulated images and clinical images. And finally, in a whole 

virtual trial, validations include comparing the end results of a virtual trial against a 

corresponding clinical trial. An accurate and realistic simulation platform is the one that 

is verified in all the steps and has validation results within the error bars of the real 

experiments.   
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