
 

 

 

Advanced Techniques for Image Quality Assessment of Modern X-ray Computed 

Tomography Systems 

by 

Justin Bennion Solomon 

Graduate Program in Medical Physics 
Duke University 

 

Date:_______________________ 
Approved: 

 
___________________________ 

Ehsan Samei, Supervisor 
 

___________________________ 
James MacFall, Chair 

 
___________________________ 

Lei Ren 
 

___________________________ 
Donald Frush 

 
___________________________ 

Shiva Das 
 

Dissertation submitted in partial fulfillment of 
the requirements for the degree of Doctor 
of Philosophy in the Graduate Program  

in Medical Physics in the Graduate School 
of Duke University 

 
2016 

 



 

 

ABSTRACT 

Advanced Techniques for Image Quality Assessment of  

Modern X-ray Computed Tomography Systems 

by 

Justin Bennion Solomon 

Graduate Program in Medical Physics 
Duke University 

 

Date:_______________________ 
Approved: 

 
___________________________ 

Ehsan Samei, Supervisor 
 

___________________________ 
James MacFall, Chair 

 
___________________________ 

Lei Ren 
 

___________________________ 
Donald Frush 

 
___________________________ 

Shiva Das 
 

An abstract of a dissertation submitted in partial 
fulfillment of the requirements for the degree 

of Doctor of Philosophy in the Graduate Program  
in Medical Physics in the Graduate School of 

Duke University 
 

2016 
  



 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Copyright by 
Justin Solomon 

2016 
 



 

 

iv 

Abstract 
X-ray computed tomography (CT) imaging constitutes one of the most widely 

used diagnostic tools in radiology today with nearly 85 million CT examinations 

performed in the U.S in 2011. CT imparts a relatively high amount of radiation dose to 

the patient compared to other x-ray imaging modalities and as a result of this fact, 

coupled with its popularity, CT is currently the single largest source of medical radiation 

exposure to the U.S. population. For this reason, there is a critical need to optimize CT 

examinations such that the dose is minimized while the quality of the CT images is not 

degraded. This optimization can be difficult to achieve due to the relationship between 

dose and image quality. All things being held equal, reducing the dose degrades image 

quality and can impact the diagnostic value of the CT examination.  

A recent push from the medical and scientific community towards using lower 

doses has spawned new dose reduction technologies such as automatic exposure control 

(i.e., tube current modulation) and iterative reconstruction algorithms. In theory, these 

technologies could allow for scanning at reduced doses while maintaining the image 

quality of the exam at an acceptable level. Therefore, there is a scientific need to establish 

the dose reduction potential of these new technologies in an objective and rigorous 

manner. Establishing these dose reduction potentials requires precise and clinically 

relevant metrics of CT image quality, as well as practical and efficient methodologies to 
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measure such metrics on real CT systems. The currently established methodologies for 

assessing CT image quality are not appropriate to assess modern CT scanners that have 

implemented those aforementioned dose reduction technologies. 

Thus the purpose of this doctoral project was to develop, assess, and 

implement new phantoms, image quality metrics, analysis techniques, and modeling 

tools that are appropriate for image quality assessment of modern clinical CT 

systems. The project developed image quality assessment methods in the context of 

three distinct paradigms, (a) uniform phantoms, (b) textured phantoms, and (c) clinical 

images. 

The work in this dissertation used the “task-based” definition of image quality. 

That is, image quality was broadly defined as the effectiveness by which an image can 

be used for its intended task. Under this definition, any assessment of image quality 

requires three components: (1) A well defined imaging task (e.g., detection of subtle 

lesions), (2) an “observer” to perform the task (e.g., a radiologists or a detection 

algorithm), and (3) a way to measure the observer’s performance in completing the task 

at hand (e.g., detection sensitivity/specificity). 

First, this task-based image quality paradigm was implemented using a novel 

multi-sized phantom platform (with uniform background) developed specifically to 

assess modern CT systems (Mercury Phantom, v3.0, Duke University). A comprehensive 

evaluation was performed on a state-of-the-art CT system (SOMATOM Definition Force, 
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Siemens Healthcare) in terms of noise, resolution, and detectability as a function of 

patient size, dose, tube energy (i.e., kVp), automatic exposure control, and 

reconstruction algorithm (i.e., Filtered Back-Projection– FPB vs Advanced Modeled 

Iterative Reconstruction– ADMIRE). A mathematical observer model (i.e., computer 

detection algorithm) was implemented and used as the basis of image quality 

comparisons. It was found that image quality increased with increasing dose and 

decreasing phantom size. The CT system exhibited nonlinear noise and resolution 

properties, especially at very low-doses, large phantom sizes, and for low-contrast 

objects. Objective image quality metrics generally increased with increasing dose and 

ADMIRE strength, and with decreasing phantom size. The ADMIRE algorithm could 

offer comparable image quality at reduced doses or improved image quality at the same 

dose (increase in detectability index by up to 163% depending on iterative strength). The 

use of automatic exposure control resulted in more consistent image quality with 

changing phantom size. 

Based on those results, the dose reduction potential of ADMIRE was further 

assessed specifically for the task of detecting small (<=6 mm) low-contrast (<=20 HU) 

lesions. A new low-contrast detectability phantom (with uniform background) was 

designed and fabricated using a multi-material 3D printer. The phantom was imaged at 

multiple dose levels and images were reconstructed with FBP and ADMIRE. Human 

perception experiments were performed to measure the detection accuracy from FBP 
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and ADMIRE images. It was found that ADMIRE had equivalent performance to FBP at 

56% less dose. 

Using the same image data as the previous study, a number of different 

mathematical observer models were implemented to assess which models would result 

in image quality metrics that best correlated with human detection performance. The 

models included naïve simple metrics of image quality such as contrast-to-noise ratio 

(CNR) and more sophisticated observer models such as the non-prewhitening matched 

filter observer model family and the channelized Hotelling observer model family. It 

was found that non-prewhitening matched filter observers and the channelized 

Hotelling observers both correlated strongly with human performance. Conversely, 

CNR was found to not correlate strongly with human performance, especially when 

comparing different reconstruction algorithms. 

The uniform background phantoms used in the previous studies provided a 

good first-order approximation of image quality. However, due to their simplicity and 

due to the complexity of iterative reconstruction algorithms, it is possible that such 

phantoms are not fully adequate to assess the clinical impact of iterative algorithms 

because patient images obviously do not have smooth uniform backgrounds. To test this 

hypothesis, two textured phantoms (classified as gross texture and fine texture) and a 

uniform phantom of similar size were built and imaged on a SOMATOM Flash scanner 

(Siemens Healthcare). Images were reconstructed using FBP and a Sinogram Affirmed 
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Iterative Reconstruction (SAFIRE). Using an image subtraction technique, quantum 

noise was measured in all images of each phantom. It was found that in FBP, the noise 

was independent of the background (textured vs uniform). However, for SAFIRE, noise 

increased by up to 44% in the textured phantoms compared to the uniform phantom. As 

a result, the noise reduction from SAFIRE was found to be up to 66% in the uniform 

phantom but as low as 29% in the textured phantoms. The results indicated that further 

investigation is needed to understand the impact that background texture has on image 

quality when iterative reconstruction algorithms are used. 

To further investigate this phenomenon with more realistic textures, two 

anthropomorphic textured phantoms were designed to mimic lung vasculature and 

fatty soft tissue texture. The phantoms (along with a corresponding uniform phantom) 

were fabricated with a multi-material 3D printer and imaged on the SOMATOM Flash 

scanner. Scans were repeated a total of 50 times in order to get ensemble statistics of the 

noise. A novel method of estimating the noise power spectrum (NPS) from irregularly 

shaped ROIs was developed. It was found that SAFIRE images had highly locally non-

stationary noise patterns with pixels near edges having higher noise than pixels in more 

uniform regions characterized by a noise inhomogeneity index of 55%. In lung-like 

textured images, SAFIRE images had 60% less noise compared to FBP on average in 

uniform regions of the image.  However, for edge pixels, noise differences between 

SAFIRE and FBP ranged between 20% higher to 40% lower. The noise texture (i.e., NPS) 
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was also highly dependent on the background texture for SAFIRE.  Therefore, it was 

concluded that quantum noise properties in the uniform phantoms may not be fully 

representative of those in patients for iterative reconstruction algorithms and texture 

should be considered when assessing image quality of iterative algorithms. 

The move beyond just assessing noise properties in textured phantoms towards 

assessing detectability, a series of new phantoms were designed specifically to measure 

low-contrast detectability in the presence of background texture. The textures used were 

optimized to match the texture in the liver regions of actual patient CT images using a 

genetic algorithm. The so called “Clustured Lumpy Background” texture synthesis 

framework was used to generate the modeled texture. Three textured phantoms and a 

corresponding uniform phantom were fabricated with a multi-material 3D printer and 

imaged on the SOMATOM Flash scanner. Images were reconstructed with FBP and 

SAFIRE and analyzed using a multi-slice channelized Hotelling observer to measure 

detectability and the dose reduction potential of SAFIRE based on the uniform and 

textured phantoms. It was found that at the same dose, the improvement in detectability 

from SAFIRE (compared to FBP) was higher when measured in a uniform phantom 

compared to textured phantoms. Dose reduction from SAFIRE was found to be highly 

background texture dependent. 

The final trajectory of this project aimed at developing methods to 

mathematically model lesions, as a means to help assess image quality directly from 
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patient images. A mathematical modeling framework was developed to describe a 

lesion’s morphology in terms of size, shape, contrast, and edge profile as an analytical 

equation. The models were designed to be voxelized and inserted into patient images to 

create so-called “hybrid” images. These hybrid images can then be used to assess 

detectability or estimability with the advantage that the ground truth of the lesion 

morphology and location is known exactly. Based on this framework, a series of liver 

lesions, lung nodules, and kidney stones were modeled based on images of real lesions. 

The lesion models were virtually inserted into patient images to create a database of 

hybrid images corresponding to the original database of real lesion images. ROI images 

from each database were assessed by radiologists in a blinded fashion to determine the 

realism of the hybrid images.  It was found that the radiologists could not readily 

distinguish between real and virtual lesion images (area under the ROC curve was 0.55). 

This study provided evidence that the proposed mathematical lesion modeling 

framework could produce reasonably realistic lesion images. 

Based on those result, two studies were conducted which demonstrated the 

utility of the lesion models. The first study used the modeling framework as a 

measurement tool to determine how dose and reconstruction algorithm affected the 

quantitative analysis of liver lesions, lung nodules, and renal stones in terms of their 

size, shape, attenuation, edge profile, and texture features. The same database of real 

lesion images used in the previous study was used for this study. That database 
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contained images of the same patient at two dose levels (50% and 100%) along with 3 

reconstruction algorithms from a GE 750HD CT system (GE Healthcare). The algorithms 

in question were FBP, Adaptive Statistical Iterative Reconstruction (ASiR), and Model-

Based Iterative Reconstruction (MBIR). A total of 23 quantitative features were extracted 

from the lesions under each condition. It was found that both dose and reconstruction 

algorithm had a statistically significant effect on the feature measurements. In particular, 

radiation dose affected five, three, and four of the 23 features (related to lesion size, 

conspicuity, and pixel-value distribution) for liver lesions, lung nodules, and renal 

stones, respectively. Reconstruction (MBIR vs FBP), however, more notably affected 9, 

11, and 15 of the 23 features (including size, attenuation, and texture features) for liver 

lesions, lung nodules, and renal stones, respectively. Lesion texture was not significantly 

affected by radiation dose. 

The second study demonstrating the utility of the lesion modeling framework 

focused on assessing detectability of very low-contrast liver lesions in abdominal 

imaging. Specifically, detectability was assessed as a function of dose and reconstruction 

algorithm. As part of a parallel clinical trial, images from 21 patients were collected at 6 

dose levels per patient on a SOMATOM Flash scanner. Subtle liver lesion models 

(contrast = -15 HU) were inserted into the raw projection data from the patient scans. 

The projections were then reconstructed with FBP and SAFIRE (strength 5). Also, lesion-

less images were reconstructed. Noise, contrast, CNR, and detectability index of an 
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observer model (non-prewhitening matched filter) were assessed. It was found that 

SAFIRE reduced noise by 52%, reduced contrast by 12%, increased CNR by 87%, and 

increased detectability index by 65% compared to FBP. Further, a 2AFC human 

perception experiment was performed to assess the dose reduction potential of SAFIRE, 

which was found to be 23% compared to the standard of care dose. The relationship 

between detectability and dose in patient data was most similar to that found in 

textured phantoms. 

In conclusion, this dissertation provides to the scientific community a series of 

new methodologies, phantoms, analysis techniques, and modeling tools that can be used 

to rigorously assess image quality from modern CT systems. Specifically, methods to 

properly evaluate iterative reconstruction have been developed and are expected to aid 

in the safer clinical implementation of CT systems and associated dose reduction 

technologies.  
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1. Introduction  

1.1 Purpose 

The purpose of this doctoral project was to develop, assess, and implement 

new phantoms, image quality metrics, analysis techniques, and modeling tools that 

are appropriate for image quality assessment of modern clinical X-ray computed 

tomography (CT) systems. The project developed image quality assessment methods in 

the context of three distinct paradigms, (a) uniform phantoms, (b) textured phantoms, 

and (c) clinical images. As such, the main body of this dissertation is divided into three 

respective sections as outlined in Figure 1. 

 

Figure 1: Flow chart showing the overall progression of this doctoral project from 
assessing image quality in uniform phantoms (left), to the design and implementation 
of textured phantoms (middle), to techniques for assessing clinical image quality 
using hybrid CT image with embedded virtual lesions (right). The numbers in the 
flowchart correspond to the chapters of this dissertation. 
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1.2 Background 

1.2.1 X-ray CT imaging 

X-ray CT imaging was first developed in the 1970’s and has since become an 

essential imaging modality for clinicians to diagnose and treat a broad range of diseases 

(Baert, 2005; Hricak et al., 2011; Levin et al., 2008; Munera et al., 2012; Raja et al., 2011). A 

clinical CT imaging system consists of an X-ray source(s) and a corresponding array of 

detectors mounted on a rotational gantry (Hsieh, 2009). The source and detectors are 

used to acquire a series of X-ray projection images at various angles about a patient. 

These projection data are then fed into a computer image reconstruction algorithm 

which outputs a series of cross-sectional images representing the three-dimensional 

distribution of X-ray attenuation (i.e., radiodensity) within the patient’s tissue (Figure 2). 

These CT image volumes are then used by physicians for a large number of clinical tasks 

including detecting abnormalities, assessing disease progression, diagnosing cancer, and 

planning radiotherapy treatments. 
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Figure 2: Example of an abdominal CT image. 

 

1.2.2 Radiation dose in CT imaging 

Due to its many clinical advantages (e.g., speed, resolution, and versatility) the 

annual number of CT examinations performed in the United States has risen markedly 

from 2.8 million in 1981 to nearly 85 million in 2011 (2012; Evens and Mettler, 1985). This 

increase has made CT the single largest source of medical radiation exposure to the U.S. 

population, constituting about 50% of all medical exposure, and 25% of all total 

exposure (Schauer and Linton, 2009). This substantial proportion of radiation dose to the 

population from CT has resulted in an increased awareness and concern about possible 
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deleterious consequences (Brenner and Hall, 2007), including both deterministic (e.g., 

skin erythema or cataracts) and stochastic effects (e.g., increased cancer risk) (2006; 

2011). 

In response to this increased awareness, the report from a recent national 

“Summit on the Management of Radiation Dose in Computed Tomography” presented 

a strong consensus among leaders and experts for targeting effective doses in CT below 

the 1.0 mSv level (McCollough et al., 2012). This value was agreed upon as a long-term 

goal based on the following facts. First, in 2006, the average effective dose from a CT 

examination in the U.S. was approximately 6.5 mSv (Schauer and Linton, 2009). Second, 

the annual effective dose to the U.S. population from naturally occurring sources is 

about 3 mSv on average (range, 1-10 mSv) (McCollough et al., 2012). Third, no 

geographic correlation with cancer risk between areas of low and high background 

radiation has been established (McCollough et al., 2012), and the risk of harm from 

effective doses in this range is probably extremely small (2006). Therefore, by reducing 

the effective doses of most routine CT examinations to below the 1.0 mSv level (i.e., 

below a fraction of the natural background dose), the long-term risks of the exam can be 

considered negligible (McCollough et al., 2012). 

1.2.3 Effect of dose reduction on CT image quality 

The aforementioned goal of achieving routine sub-millisievert CT imaging 

presents a technical challenge due to the relationship between dose and image quality. 
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As with any medical imaging technique, CT images are contaminated by measurement 

noise which is present in the raw projection data and is propagated through the 

reconstruction algorithm to manifest itself as random fluctuations of pixel values in the 

final CT images (Hsieh, 2009). This image noise exists as a result of the stochastic nature 

of producing and detecting the X-rays that form the basis of the CT image and is a 

fundamental unavoidable physical reality for any real-world imaging system (Bushberg 

JT, 2002). The greater the number of X-rays that are incident on the patient, the less noise 

will be present in the final images (Solomon et al., 2015b; Solomon et al., 2013). Because 

image noise is a major factor that influences image quality, there is therefore a 

monotonic relationship between radiation dose and image quality. Everything else being 

held equal, reducing the dose of a CT examination increases image noise and could 

degrade the diagnostic value of the exam, thereby reducing the end benefit to the patient 

(Figure 3). As such, it is neither safe nor scientifically sound to arbitrarily reduce the 

dose without simultaneously mitigating and/or managing the resulting effect on image 

quality using one or more of the dose reduction technologies listed in the proceeding 

section. 
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Figure 3: Example of the same patient imaged at full (left) and half (right) dose. The 
half-dose image has demonstrably more image noise which can impact the ability of a 
radiologists to detect or classify pathologies. 

1.2.4 Dose reduction technologies 

New CT technologies are being introduced at a rapid pace by researchers and 

vendors that have the potential to allow for low-dose imaging without compromising 

image quality. In particular, new x-ray sources and detectors, iterative reconstruction 

algorithms, noise reduction algorithms, automatic exposure control, and dynamic z-axis 

collimators have all been identified by experts as technologies with dose saving 

potential (McCollough et al., 2012). Currently, these technologies are all in various stages 

of clinical implementation. Of note, automatic exposure control (Solomon et al., 2013) 

and iterative reconstruction algorithms (Beister et al., 2012) are already commercially 

available on most modern CT systems. As these technologies are introduced, it will be 
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critical to understand their impact on image quality, which will in turn determine their 

dose reduction potential. 

In order to optimize a CT protocol or evaluate a new technology in a rigorous 

and scientific manner, one needs objective and quantitative image quality metrics, as 

well as an efficient and practical methodology to measure such metrics. Indeed, as stated 

in the report mentioned above, “The key to quantitative methods for dose optimization 

is to determine image quality metrics that can be accurately measured in phantoms and 

that are highly correlated with radiologists’ performance for a specific diagnostic task.” 

(McCollough et al., 2012) Thus there is a clinical need for practical methods to robustly 

and accurately assess the impact of newly implemented CT technologies such as 

automatic exposure control and iterative reconstruction. This project aims to build off of 

previous work to develop, assess, and implement new phantoms, image quality metrics, 

analysis techniques, and modeling tools that are specifically targeted to be reflective of 

the image quality characteristics of modern clinical CT systems. 

1.2.5 What is image quality? 

Because this doctoral project is heavily focused on the quantitative measurement 

of image quality, a clear working definition of image quality is needed. A utilitarian 

approach results in the most comprehensive and practical definition as outlined in ICRU 

report 54. In that report image quality is defined as the effectiveness by which an image 

can be used for its intended task (ICRU, 1995). This idea is commonly referred to as 
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“task-based” image quality (Barrett et al., 2015). Under this definition, physical 

characteristics of the image such as noise, resolution, or contrast-to-noise ratio (CNR) 

may influence image quality, but are not necessarily metrics of image quality 

themselves. In other words, resolution is not necessarily a metric of image quality, but it 

is likely that any proper task-based image quality metric would be sensitive to changing 

resolution properties of the imaging system, especially if the visualization or 

measurement of fine-details is important to the clinical task in question. As an example 

of this definition, Figure 4 shows the importance of the clinical task in defining image 

quality.  
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Figure 4: Two examples demonstrating the important role that the clinical task has on 
image quality. The top row shows two images of the same patient who underwent a 
CT exam due to suspected kidney stones. Despite significantly different noise 
properties, the left and right images can both be used equally well to detect the 
kidney stone. Therefore, one would conclude that the image quality is similar 
between the two images. In contrast, the bottom row shows two images in which a 
liver lesion is nearly rendered inconspicuous by the additional noise in the left image. 
In this case, the image quality is not considered similar between the two cases. 

Throughout this dissertation, it is useful to clearly draw a distinction between 

surrogates and components of image quality. An image quality surrogate is any metric that 

directly rates the utility of the image in terms of how well it can be used for its intended 

diagnostic task, unqualified by the circumstances under which the image was formed. 

An example of such an image quality surrogate would be radiologists’ detection 
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accuracy. As such, a proper image quality surrogate can be used to objectively compare 

images across CT system settings, different CT scanner models, or even different 

imaging modalities for performing the specific diagnostic task. An image quality 

component is a quantity (or function) upon which an image quality surrogate may 

depend. For example, if detection accuracy depends on image noise, then the noise 

power spectrum (Solomon et al., 2012) would be considered a component of image 

quality for the detection task. In other words, image quality components are only 

indirectly related to image quality as defined above and therefore can not necessarily be 

used by themselves for objective comparisons. With that being said, there are 

circumstances (as demonstrated in proceeding sections of this dissertation) in which it is 

possible to measure all the necessary image quality components for a specific task and 

combine them to estimate a surrogate of image quality. Table 1 lists some common 

image quality surrogates and components. 

Table 1: List of commonly used image quality surrogates and components 

Image quality surrogates Image quality components 

• Detection accuracy • Noise standard deviation 

• Sensitivity • Noise power spectrum 

• Specificity • Resolution 

• Estimation accuracy • Modulation transfer function 

• Classification accuracy • Contrast 
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• Detectability index • Contrast-to-noise ratio 

1.2.6 Current challenges in image quality assessment 

Under the above definition, image quality assessment is challenging for several 

reasons. First, the rate at which CT technology advances often outpaces the ability of 

clinicians and medical physics to robustly assess it. Second, the methodologies commonly 

used to assess image quality can be cumbersome and/or inappropriate for the 

technology being assessed. 

1.2.6.1 Technology 

Fueled by a large community of scientists, clinicians, engineers, and commercial 

vendors, CT technology continues to advance with new hardware and software 

solutions being introduced at a rapid pace. The proper evaluation and implementation 

of new technologies presents a major challenge to clinicians and medical physicists. 

Standardized phantoms (i.e., test objects) and testing procedures may not be appropriate 

to assess new technologies and regulatory or accreditation requirements often lag 

behind. Two specific examples are of particular importance for this dissertation. First, 

automatic exposure control (AEC) (also called tube-current modulation) attempts to 

adapt the radiation output of the scanner according to the size of the patient to achieve 

more consistent image noise across a diverse patient population (Solomon et al., 2013). 

Although AEC has been available for several years on most CT systems, there is no 

consensus as to how it should be tested. The standard image quality phantoms (e.g., 
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ACR CT accreditation phantom) have only one size, making them unable to properly 

characterize the effects that AEC has on image quality. Second, iterative reconstruction 

algorithms are commercially available on most modern CT systems. Such algorithms 

attempt to improve image quality compared to the traditional filtered backprojection 

(FBP) algorithm by reducing image noise while preserving fine details. This 

improvement in image quality could translate into imaging at reduced doses while 

maintaining the diagnostic value of the exam. However, iterative algorithms often 

present images with unique noise texture and resolution properties (Solomon and 

Samei, 2014b). Traditional image quality metrics such as CNR are not appropriate to 

properly assess these algorithms because it is possible for images with equal CNR to 

result in different detection rates (Figure 5) (Solomon et al., 2015a). This highlights the 

fact that CNR is a component of image quality that is often mistakenly used as a 

surrogate of image quality (see Section 1.2.5). The work in this doctoral project aims to 

introduce new phantoms and metrics that are appropriate to assess both automatic 

exposure control and iterative reconstruction. 

1.2.6.2 Methodology 

The current clinical standard of practice is for CT images to be interpreted by a 

radiologist, who uses the CT data along with information from the patient’s medical 

record to make a clinical decision (e.g., normal vs. abnormal, benign vs. malignant). For 

this reason, the gold standard of image quality is a clinical trial that assesses how well 
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the radiologist can perform a specific task. For example, to assess the impact of a new 

reconstruction algorithm on liver lesion detection, it would be necessary to (1) scan a 

large number of patients with suspected liver lesions, (2) reconstruct the images with the 

standard and new algorithm, (3) perform a series of blinded reading sessions, and (4) 

quantitatively assess the detection rates for both datasets. This type of clinical trial is 

clearly resource intensive and logistically challenging. Further, optimizing a CT protocol 

often requires the investigation of many different scan and reconstruction settings such 

as dose, tube voltage, bow-tie filtration, pitch, AEC, convolution kernel, and iterative 

strength. This sizeable parameter space makes protocol optimization via clinical trials 

practically impossible. Therefore, image quality surrogates that can be measured in 

phantoms (or patient images if possible) offer a sensible alternative. For such metrics to 

be useful, they must (1) be representative of clinical image quality (i.e., highly correlated 

with radiologist performance for a specific clinical task), (2) be generalizable such that 

images with varying noise and resolution properties can be compared (e.g., scanner A 

vs. scanner B, or reconstruction A vs. reconstruction B), (3) be practical to measure with 

a reasonable number of images. Image quality metrics based on observer models have 

been proposed to meet these criteria (Barrett et al., 2015). The use of observer models to 

characterize image quality is an important reoccurring theme in this project, and 

therefore a brief background of the theory behind observer models is given in the next 

section. 
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1.2.7 Observer models for image quality assessment 

Currently, many studies use simple contrast-to-noise ratio (CNR) as a surrogate 

metric of low-contrast detectability (Tanaka et al., 2006; Bushberg JT, 2002; Baker et al., 

2012). The advantage of CNR is that it is easily computed using readily available 

phantoms such as the American College of Radiology (ACR) CT accreditation phantom. 

However, this metric is not task-specific and does not sufficiently characterize the effect 

that noise texture and resolution have on detection. As an example, Figure 5 shows three 

images with equal CNR but different detectability due to differences in noise texture and 

resolution. 

 

Figure 5: Three images of a circular signal with equal CNR but different detectability 
due to differences in the noise texture and resolution of each image. 

Image quality metrics based on mathematical observer models have been 

proposed as good surrogates for task-based image quality (Solomon and Samei, 2014b; 

Richard and Samei, 2010; ICRU, 1995; Gang et al., 2011; Barrett et al., 2015). Based upon 

the mathematics of statistical signal detection theory, an observer model is a decision-

making algorithm that takes image data as an input and outputs some 
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classification/decision (e.g., signal-present or signal-absent). The performance of the 

algorithm in accurately discriminating between signal-present and signal-absent cases is 

then used as a surrogate image quality figure of merit (ICRU, 1995). 

Mathematically, an observer model can be described as an operator that 

transforms the input image data, 𝒈, into a single scalar test statistic, 𝜆. Here 𝒈 is vector 

containing all the image pixels (i.e., for an NxN image or region of interest, 𝒈 is an N2x1 

vector). The observer makes a decision by comparing 𝜆 to some threshold, 𝜆Z (if 𝜆 > 𝜆Z, 

then the decision is “signal-present”, otherwise it decides “signal-absent”). By looking at 

the distributions of 𝜆 under the signal-present and signal-absent cases, it is possible to 

construct a receiver operator characteristic (ROC) curve that demonstrates the tradeoff 

between sensitivity and specificity of the observer model for varying threshold values. 

The area under the ROC curve (AUC) can also be used as a single scalar metric 

summarizing the performance of the model. 

The most well-known model observer is called the Bayesian “ideal observer”, 

which uses the likelihood ratio as its test statistic to yield the best possible 

discrimination between two classes (ICRU, 1995; Barrett et al., 2015). In practice, the ideal 

observer has been shown to be poorly correlated with human performance because 

humans are not ideal. That is, humans cannot make use of all the information contained 

in the image to make a decision. Because clinical images are interpreted by humans, it is 

desirable to use anthropomorphic observer models whose performance is highly 
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correlated with human observers. A non-prewhitening matched filter observer model 

(NPW) has been shown to have a strong correlation with human performance in CT 

(Solomon et al., 2015a; Solomon and Samei, 2015). The NPW model comes from the 

family of linear observers meaning that its test statistic is a linear combination of the 

input image data. It forms a test statistic, 𝜆\]^ by computing the inner product of the 

expected (i.e., average) signal 𝒈, with the image of interest, 𝒈 as 

 𝜆\]^ = 𝒈` ∙ 	𝒈 = 𝑔c ∙ 𝑔c\
cde  , (1.2.7.a) 

where N is the number of pixels in the image (or region of interest). As an image quality 

figure of merit, the performance of the NPW (or any) observer can be described in terms 

of a detectability index (also called d-prime), 𝑑′, which is defined as 

 𝑑gh = ijkil
m

e
h∙ nj

monlm
, (1.2.7.b) 

where 𝜆p, 𝜆e, 𝜎ph, and 𝜎eh are the means and variances of the NPW test statistic under 

signal-present and signal-absent conditions, respectively. Essentially, 𝑑′ is a scalar 

measure of the amount of separation (or overlap) between the decision variable’s 

distributions under each condition, normalized by the average variance of the 

distributions. Intuitively, this overlapping region can be thought of as the number of 

images (among all possible images) for which there is a probability that they were 

drawn from either the signal-present or signal-absent distributions. For such images, the 

observer model will undoubtedly make classification errors. Therefore, we can conclude 

that as 𝑑′ increases, the observer error decreases and image quality is better. In other 
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words, 𝑑′ is a metric of the observer detection performance and is thus a surrogate of 

image quality. Figure 6 illustrates how dose typically affects the decision variable’s 

distributions and the resulting 𝑑′. 

 

 

Figure 6: Illustration showing the effect of dose on detectability index (d-prime). The 
left panel shows the distributions of the observer model’s test statistic, 𝝀, under two 
hypotheses, signal-absent (blue) and signal-present (red). As the dose increases, the 
width of those distributions is reduced (i.e., the noise goes down) resulting in a 
higher d-prime (right panel).  

As mentioned previously, there are situations in which an image quality 

surrogate such as 𝑑′ can be estimated by combining physically measured components of 

image quality. This is the case for the NPW observer model if two key assumptions are 

made. First, a (quasi) linear shift-invariant system is assumed meaning that the (average) 

system output is well modeled as the convolution of an input object/function with the 

system point spread function. Second, the image noise is assumed to be wide-sense 
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stationary meaning that first order noise statistics (e.g., standard deviation) are constant 

(at least within the analysis region) and that the noise autocorrelation is a function of 

only the distance between pixels, and not their absolute positions. With these two 

assumptions,	𝑑′ can be described in the spatial frequency domain as  

 𝑑gh = ^(r,s) m∙``tm(r,s)urus m

^(r,s) m∙``tm(r,s)∙\]v(r,s)urus
, (1.2.7.c) 

where 𝑢 and 𝑣 are spatial frequencies in the x and y direction respectively, 

𝑊(𝑢, 𝑣) is the task function (i.e., the Fourier transform of the signal to be detected), 

𝑇𝑇𝐹(𝑢, 𝑣) is the task transfer function (i.e., the contrast-dependent modulation transfer 

function), and 𝑁𝑃𝑆(𝑢, 𝑣) is the noise power spectrum (Burgess, 2011; Chen et al., 2012b; 

Gang et al., 2011; ICRU, 1995). The NPW model observer can be extended to include an 

eye filter, 𝐸(𝑢, 𝑣), that describes the frequency response of the human visual system. 

This modified model observer is called the non-prewhitening matched filter with eye 

filter (NPWE) observer. The 𝑑′ for the NPWE observer is given as 

 𝑑gh = ^(r,s) m∙``tm(r,s)∙�m(r,s)urus m

^(r,s) m∙``tm(r,s)∙\]v(r,s)∙��(r,s)urus
. (1.2.7.d) 

The NPWE observer has been found to have even stronger correlation with human 

performance compared to the NPW observer (Solomon et al., 2015a; Solomon and Samei, 

2015). 

 Many other observer models have been developed, some showing strong 

correlation with human performance (Yu et al., 2013b). Besides the NPW family of 

observers, another commonly used model is the channelized Hotelling observer (CHO). 
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The CHO forms a test statistic based on channelized image data. The image data is 

channelized by applying M number of channel filters designed to model the human 

visual system. Each channel filter outputs a single scalar value, thus compressing 

information in a 512x512 CT image (or an NxN region of interest) down to an Mx1 

vector of channel responses. The CHO uses only these channel responses to make a 

decision. This model is very flexible in that it makes no linear systems/noise stationarity 

assumptions, and one can choose or fine-tune the channel filters according to the type of 

images being assessed. However, despite these advantages, the CHO has practical 

limitations. Measurement of the CHO performance requires a large number of image 

realizations to achieve a reasonable uncertainty. This fundamentally stems from the 

need to estimate the covariance matrix of the channel responses in order to measure the 

CHO performance. The rule of thumb is that to properly estimate the covariance of an 

Mx1 vector, one needs at least Mx10 realizations (e.g., 60 channel responses requires 600 

image realizations) (Zeng et al., 2011). Practically speaking, it is not always possible to 

collect that amount of image data on a clinical system, especially if a large parameter 

space is being explored. This can limit the usefulness of the CHO to situations in which 

the imaging system can be precisely modeled and simulated with Monte Carlo methods. 

Unfortunately, the proprietary nature of clinical CT systems often precludes such 

simulations. For this reason, in this doctoral project, we have focused mostly on using 

the NPW models due to their accuracy and practicality. Although, the CHO model was 
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also used in situations where the assumptions required by the NPW model were not 

valid. 

1.3 Project outline: From uniform phantoms to clinical image 
quality 

Using the mathematical framework described above as a basis, this work 

presents novel phantoms, metrics, analysis techniques, and modeling tools that are 

appropriate for image quality assessment of modern clinical CT systems with special 

attention paid to assessing systems with iterative reconstruction. The overarching 

trajectory of this doctoral project demonstrates a progression from assessing image 

quality with traditional geometric/uniform background phantoms (Section 2), to further 

assessing image quality in anatomically informed textured backgrounds (Section 3), to 

finally developing virtual lesion modeling methods to facilitate the assessment of real 

clinical images (Section 4). 

1.3.1 Uniform phantoms 

Section 2 of this dissertation describes three studies in which the image quality 

of a modern CT system is thoroughly evaluated using traditional uniform background 

phantoms. The first study (2.1) used a custom-built multi-sized phantom platform 

(Figure 5ab) (Mercury Phantom 3.0, Duke University, Durham, NC) (Wilson et al., 2013) 

to estimate noise, resolution, and detectability on a 3rd generation dual-source CT 

scanner (SOMATOM Force, Siemens Healthcare). This comprehensive assessment 

investigated image quality as a function of patient size, dose, kVp, AEC, and 
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reconstruction algorithm. The data from that study can serve as the basis of first-order 

protocol optimizations on this system. The second study (2.2) used the contrast-detail 

section of the Mercury phantom to assess the low-contrast detectability and dose 

reduction potential of a new iterative reconstruction algorithm called Advanced 

Modeled Iterative Reconstruction (ADMIRE, Siemens Healthcare). This study used a 

series of visual perception experiments to assess how well radiologists and medical 

physicists could detect subtle signals in traditional filtered back projection (FBP) and 

ADMIRE images. These data were then used to determine the dose reduction potential 

of ADMIRE. Also, these same human observer data were used in the third study (2.3) to 

assess the correlation between human detection performance, and performance as 

predicted by several observer models, including the NPW, NPWE, and CHO observers 

described above. The results of this comparison provided strong evidence that observer 

models are good surrogates of human performance for low-contrast detection tasks. 

1.3.2 Textured phantoms 

The studies described in Section 2 all utilized relatively simple geometric 

phantoms with uniform backgrounds. Although the data derived from such phantoms 

provide an excellent first-order characterization of system image quality, in some cases, 

they may be unable to properly characterize certain nuanced aspects of image quality 

due to their oversimplified nature (i.e., patients are clearly not uniform). For example, it 

is known that background heterogeneities (also called anatomical noise) can impact 
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detectability (Eckstein et al., 2000; Zhang et al., 2006). It is also possible that background 

heterogeneities may affect physical image characteristics such as noise and resolution, 

especially for iterative reconstruction algorithms that use non-linear processing. For this 

reason, Section 3 extends image quality characterization to textured backgrounds. First, 

an initial study (Section 3.1) was performed to evaluate the impact of several types of 

background textures on image noise properties for FBP and iteratively reconstruction 

images. This study demonstrated that using uniform phantoms could overestimate the 

noise reduction of iterative reconstruction algorithms in clinical images. Based on that 

result, in the next study (Section 3.2), anatomically informed textured phantoms were 

designed based on lung and soft-tissue textures (Figure 5c) and fabricated using a multi-

material three-dimensional printer. These phantoms were then used to provide detailed 

insights into the effect that anatomical variability has on both noise magnitude and noise 

texture for FBP and iterative reconstruction. Of note, it was found that the iterative 

reconstruction algorithm reduces noise much more for voxels in uniform areas 

compared to voxels near edge features in the image. This result has implications for both 

detection and estimation tasks. In Section 3.3, the soft-tissue phantom design was 

further refined to facilitate observer model calculations in the presence of anatomical 

texture. Using this phantom, it was shown that the dose reduction potential of an 

iterative reconstruction algorithm was estimated to be different when measured using a 

uniform or textured phantom of various kind. 
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1.3.3 Clinical images 

The studies in Section 3 represent a step towards assessing image quality in more 

realistic and clinical-like situations compared to geometric uniform-background 

phantoms. Section 4 builds on the results from Section 3 and focuses on tools and 

methods to aid in assessing image quality in clinical images.  

Another important aspect of image quality assessment using the observer model 

framework is that the signals to be detected should be realistic (i.e., anthropomorphic). 

For this reason, Section 4.1 describes a framework to mathematically model realistic 

virtual lesions based on real lesions extracted from CT data. Such lesion models have 

numerous practical applications for image quality assessment. First, they can be used as 

the basis of task-functions in model observer calculations (see Equation 1.2.7.c). Second, 

the framework could also be used as a quantitative lesion analysis tool to characterize 

detailed aspects of specific lesions such as their size, shape, attenuation, edge-profile, 

and texture. Section 4.2 describes a study in which the impact of dose and 

reconstruction algorithm on such quantitative lesion features is investigated using this 

lesion-modeling framework. Finally, the extracted lesion models could be virtually 

inserted into real CT data to create “hybrid” CT images. These hybrid images could be 

used in several ways including observer studies to evaluate image quality in real patient 

images, or to evaluate computer-aided-detection (CAD) algorithms. The advantage to 
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using hybrid images is that the ground truth of the lesion (in terms of its size, shape, 

attenuation, edge profile, and location) is known exactly.  

Based on this lesion modeling framework, Section 4.3 demonstrates the utility of 

the framework in performing a virtual clinical trial using hybrid CT images. In this 

study, a database of patient images was collected at 6 dose levels for each patient using 

the DoseSplit technology on a Siemens SOMATOM Flash scanner. Low-contrast (<40 

HU) liver lesion models were virtually inserted into the raw projection data and 

reconstructed with FBP and a second generation iterative algorithm called Sinogram 

Affirmed Iterative Reconstruction (SAFIRE). These image data were used in both human 

perception experiments and in observer model calculations to assess the impact of 

iterative reconstruction on detection of subtle lesions. 

2. Image quality assessment with uniform phantoms 
This section describes a comprehensive image quality evaluation of a state of the 

art clinical CT system (Siemens SOMATOM Force) using a custom made phantom 

platform designed specifically to assess iterative reconstruction and tube current 

modulation. The first study assessed the characteristic noise, resolution, and 

detectability properties of the system over a broad range of clinically relevant 

acquisition and reconstruction settings based on observer model calculations. The 

second study (Section 2.2) focused specifically on the impact of the ADMIRE 

reconstruction algorithm on low-contrast detectability based on psychophysical image 
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perception experiments. The third study (Section 2.3) examined how well different 

model observers correlated with the human observer results from the aforementioned 

psychophysical image perception experiments. 

2.1 Characteristic noise, resolution, and detectability on a 
modern clinical CT system 

The study described below represents a subset of a study published in Medical 

Physics under the title “Characteristic image quality of a third generation dual-source 

MDCT scanner: noise, resolution, and detectability” (Solomon et al., 2015b). Therefore, 

the figures, tables and much of the text below are reproduced from that publication. 

2.1.1 Introduction 

X-ray multi-detector computed tomography (MDCT) technology continues to 

advance with each generation of CT systems (Ginat and Gupta, 2014). Notable recent 

advancements in MDCT hardware include wider detectors allowing for imaging of 

whole organs with fewer rotations (Hsiao et al., 2010), new detector electronics offering 

the potential for reduced electronic noise (Duan et al., 2013), gantry designs allowing for 

faster rotation times (Israel et al., 2008), and dual-energy capability (using either multiple 

X-ray tubes or fast kVp switching) (Coursey et al., 2010). Software advancements include 

automatic tube current modulation algorithms that adapt the x-ray exposure according 

to patient habitus (Solomon et al., 2013), and iterative reconstruction algorithms that 

have been shown to achieve improved image quality for the same raw data compared to 

the traditional filtered back projection (FBP) algorithms (Baker et al., 2012; Beister et al., 
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2012; Chang et al., 2013; Chen et al., 2014b; Gervaise et al., 2012; Ghetti et al., 2013; Han et 

al., 2012; Kalender et al., 2012; Kalra et al., 2012; Yu et al., 2013b). 

As new MDTC systems become available, they include new or updated 

hardware and software features. Such features attempt to either improve upon existing 

technology (e.g., a more efficient detector) or offer users new functionality (e.g., dual 

energy scanning). This means that the performance of new systems will likely differ 

compared to older systems from the same vendor, even under identical (or closely 

comparable) acquisition and reconstruction settings. Therefore it is important to assess 

the performance of new systems as they become available in order to facilitate safe and 

effective clinical implementation. Such assessments should include a broad range of 

operational settings, including settings generic to all CT systems and settings specific to 

the CT system in question. Also, in the spirit of the International Commission on 

Radiation Units and Measurement report 54 (ICRU, 1995), such assessments should use 

objective task-based image quality metrics that speak to the effectiveness by which the 

images can be used for a specific diagnostic task. 

A new MDCT system (SOMATOM Force, Siemens Healthcare, Forchheim, 

Germany) has recently become clinically available. Some initial reports of the image 

quality of this system are now published for specific types of clinical exams. Gordic et al. 

performed a phantom-based study showing the potential for “ultralow” dose (<1 mSv) 

lung imaging (Gordic et al., 2014b). That study used a special tin filtration mode, along 
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with the vendor’s third generation iterative reconstruction algorithm, called Advanced 

Modeled Iterative Reconstruction (ADMIRE), to achieve acceptable image quality at low 

doses. In a separate study, that same group found ADMIRE to have reduced image 

noise compared to FBP in clinical abdominal images (Gordic et al., 2014a). Newell et al. 

examined the effect of the tin filtration and ADMIRE on quantitative attenuation 

measurements and found that ADMIRE had more stable CT values compared to FBP 

(Newell et al., 2015). Gassenmaier et al. used this CT system (along with ADMIRE) to 

assess stent lumen visibility in coronary CT angiography (Gassenmaier et al., 2014). 

Myer et al. found improved spatial resolution for temporal bone imaging using this CT 

system compared to the same vendor’s previous systems (Meyer et al., 2015). Finally, 

Solomon et al. performed a phantom study to assess low-contrast detectability between 

FBP and ADMIRE and found a potential for dose reduction with ADMIRE (Solomon et 

al., 2015a). 

Despite the body of research already available about this CT system, there are 

currently no published studies that broadly and systematically assess the dependency of 

inherent image quality, in terms of noise, resolution, and detectability, on 

scan/reconstruction settings and patient size. Therefore, the purpose of this work was to 

offer the first characterization of the inherent image quality of this system in terms of 

noise, resolution, and detectability as a function of a wide range of clinically relevant 

acquisition settings (e.g., dose, kVp and mA modulation), reconstruction settings (e.g., 
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FBP and ADMIRE), patient sizes, and lesion characteristics (e.g., lesion size and 

contrast). 

2.1.2 Materials and methods 

A new image quality phantom was recently introduced allowing for 

characterization of image quality as a function of patient size (Wilson et al., 2013). For 

this study, an updated version of that phantom was used (Mercury phantom 3.0, Duke 

University, Durham, NC). The phantom was constructed of polyethylene of five 

cylindrical sections with varying diameters (Figure. 7). Polyethylene has a Hounsfield 

Unit (HU) of approximately -90 at 120 kVp. Each sized section contained five cylindrical 

inserts (3 cm axial length, 2.54 cm diameter) representing five materials, air (-1000 HU), 

water (0 HU), bone (1000 HU), polystyrene (-50 HU), and iodine (8.5 mg/cc, 250 HU). 

These inserts can be used to assess HU accuracy and also to measure system resolution. 

Each section also contained uniform 3-cm-axial sections for noise analysis. Sandwiched 

between the different sized sections were transitional tapered sections all having a 30° 

angle. 
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Figure 7. Rendering of the Mercury phantom 3.0. The (a) overall phantom geometry 
consisted of five sections of different diameters with tapered transitional sections in 
between. Each section contained a subsection (3 cm thick) with (b) five inserts of 
different materials positioned at equal radial distances. The remaining width of each 
section was uniform allowing for noise measurements. An additional add-on module 
(c) contained three subsections fabricated with 3D printing. The lung and soft-tissue 
heterogeneous sections allow for assessment of image quality in the presence of 
anatomical heterogeneity. The contrast-detail section was designed to assess low-
contrast detectability as a function of lesion size and contrast. This additional add-on 
module will be used in subsequent sections of this dissertation but is not discussed 
further in this section (see Sections 2.2 and 3.2). 
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The phantom was imaged on a third-generation dual-source MDCT system 

(SOMATOM Force, Siemens Healthcare, Forchheim, Germany) using helical mode 

(pitch = 1, beam width = 57.6 mm, detector rows = 96) under various dose, kVp, and tube 

current modulation settings (Table 1). Various clinically relevant dose levels (CTDIVol) 

were investigated ranging from 0.74 mGy to 22 mGy. These doses were chosen to be 

representative of low-dose screening protocols (e.g., 0.74 and 1.5 mGy), low-dose 

diagnostic protocols (e.g., 2.9 mGy), and standard-dose diagnostic protocols (e.g., 11.4 

and 22.9 mGy). Images were reconstructed using a field of view of 382 mm at 0.6 mm 

slice thickness with FBP and with a new algorithm called advanced modeled iterative 

reconstruction (ADMIRE) with iterative strengths of 3, 4, and 5. Because multiple 

imaging settings were explored, a single reference setting (FBP, 120 kVp, 2.9 mGy, fixed 

tube current) was used as the basis of further comparisons as denoted in Table 2. 

Table 2. Acquisition and reconstruction settings (reference settings 
underlined) used to image the polyethylene phantom. 

  
Scanner Model SOMATOM Force 
Scan Mode Helical 
Detector Configuration 192 X 0.6 mm* 
X-ray source/detector Primary source/detector only 
Beam Width 57.6 mm 
Pitch 1 
Rotation Time 0.5 s 
CTDIVol** 0.74, 1.5, 2.9, 11.4, 22.9 mGy 
Tube Current Modulation Fixed, CareDose4D (Average setting) 
kVp 70, 100, 120, 150 
Slice Thickness (mm) 0.6 mm 
Reconstruction Algorithm FBP, ADMIRE-3, ADMIRE-4, ADMIRE-5 
Reconstruction Kernel Bf44 

*The flying focal spot was used to achieve a 192 slices configuration. The scanner has 96 
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physical detector rows. 
**32 cm CTDI phantom 

 

2.1.2.1 Noise 

Noise was measured in each section of the polyethylene phantom by measuring 

the noise power spectrum (NPS), which characterizes both the magnitude (i.e., variance) 

as well as the texture (i.e., frequency distribution) of the noise (Boedeker et al., 2007; 

Siewerdsen et al., 2002; Solomon et al., 2012). The NPS was estimated for each image 

series using ring-shaped ROIs with an inner radius of 15 pixels, and an outer radius of 

65 pixels (Fig. 8). These ROIs were used to estimate the noise autocorrelation, 𝑅\(Δx, Δy), 

using a recently described method (Solomon and Samei, 2014b).The autocorrelation was 

estimated for each slice of a given phantom size and then averaged over all slices (~ 35 

slices). The 2D NPS was then computed as the Fourier transform of the autocorrelation 

function as 

 𝑁𝑃𝑆 𝑢, 𝑣 = 𝑑�𝑑� ∙ ℱ 𝑅\(Δx, Δy)  , (2.1.2.1.a) 

where 𝑢 and 𝑣 are spatial frequencies in the x and y direction, 𝑑� and 𝑑� are the pixel 

size in each dimension, ℱ  is the magnitude of the discrete Fourier transform, and 

Δx and Δy are the x and y distances between two pixels (i.e., the lag distances). Further, a 

1D radial representation, 𝑁𝑃𝑆 𝑟 , of the 2D NPS was computed by binning and 

averaging the 2D NPS according to radial distance (Solomon et al., 2012). The peak 

frequency, fpeak of the 1D radial NPS was calculated and interpreted as a scalar metric 
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representing the noise texture. fpeak was estimated by first filtering the 1D NPS with a 

moving average filter with a width of 5 bins, and then finding the frequency 

corresponding to the maximum of the filtered 1D NPS. The noise magnitude was also 

computed for each image series and phantom section by taking the square root of the 

integral of the 2D NPS, which gave the pixel standard deviation. The dependence of 

noise on phantom size, dose, kVp, tube current modulation setting, and reconstruction 

algorithm was explicitly ascertained. 

 

Figure 8. ROI locations for the (top) NPS and (bottom) TTF measurements. 

2.1.2.2 Resolution 

Resolution was characterized by the task transfer function (TTF). The TTF is an 

object-dependent analog to the modulation transfer function. This construct is necessary 

to characterize resolution for potentially non-linear reconstruction algorithms that 

exhibit a dependence of resolution on background noise and object contrast (Li et al., 
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2014). For a given material insert, the TTF was estimated using the circular rod method 

described by Richard et al and refined by Chen et al (Chen et al., 2014a; Richard et al., 

2012). In this method, first a circular ROI having a radius of 35 pixels (~25 mm) was 

roughly centered about the insert of interest (Figure 8). The exact center location of the 

insert was then found by finding the maximum of the cross-correlation between the 

image data and an idealized image of the insert rod. The center location was found on a 

sub-pixel level by upsampling the image data (bilinear interpolation) by a factor of 4 

before performing the cross-correlation with the ideal rod image.  After the center 

location of the insert was estimated, the radial distance of each pixel from the center was 

computed. Next an ensemble edge-spread function (ESF) was generated by plotting 

pixel values vs. distance from the center for all pixels within the ROI (and for all 35 slices 

of interest). The noisy ensemble ESF was binned and averaged using bins 1/10th the 

pixel size. The binned ESF was then “conditioned” to further minimize the influence of 

noise using a method proposed by Maidment et al (Maidment and Albert, 2003). The 

derivative of the ESF was then taken, yielding the line-spread function (LSF). The 

discrete Fourier transform of the LSF provided the TTF. This procedure was carried out 

for each insert material, phantom section, and image series. The frequency at which the 

TTF reaches 50%, f50%, was recorded and used as basis for comparing TTFs between 

varying conditions. The dependence of resolution on dose, reconstruction algorithm and 

insert material was evaluated. 
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2.1.2.3 Detectability 

Detectability combines the resolution and noise attributes of the imaging system, 

in conjunction with a predefined imaging task, to characterize the ability of a human or 

model observer (i.e., mathematical algorithm) to perform detection of a signal in the 

presence of noise (ICRU, 1995). Detectability was characterized by a detectability index, 

𝑑′, based on a non-prewhitening matched filter with eye filter (NPWE) model observer 

(Chen et al., 2012b) as 

 𝑑′h = ^(r,s) m∙``tm(r,s)∙�m(r,s)urus m

^(r,s) m∙``tm(r,s)∙\]v(r,s)∙��(r,s)urus
	, (2.1.2.3.a) 

where 𝑊(𝑢, 𝑣) is the task function (i.e., Fourier transform of the signal to be 

detected), and 𝐸(𝑢, 𝑣) is a radially symmetric eye filter that reflects the response of the 

human visual system as a function of spatial frequency (Burgess, 1999; Burgess et al., 

1997; Ishida et al., 1984), computed as  

 𝐸 𝜌 = 𝜂𝜌�l ∙ 𝑒k�m���
h
	, (2.1.2.3.b) 

where 𝜌 is the angular spatial frequency in cycles/degree, 𝑎e, 𝑎h, and 𝑎� are 

constant parameters with values of 1.5, 0.98, and 0.68, respectively, and 𝜂 normalizes the 

function to have a maximum of one.(Eckstein et al., 2003) The image domain radial 

spatial frequency, 𝑟 (𝑟 = 𝑢h + 𝑣h), was converted to angular spatial frequency, 𝜌, with  

 𝜌 = 𝑟 ∙ t��∙�∙�
�∙e�p

	, (2.1.2.3.c) 

where FOV is the reconstructed field of view of the image, 𝑅 is the viewing distance 

(assumed to be 65 cm), and 𝐷 is the display size (assumed to be 30.5 cm). 
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This particular observer model has previously been validated against human 

observer performance in CT applications (Christianson et al., 2015; Solomon et al., 2015a) 

and a variant of this method was recently used to assess a non-linear model-based 

iterative reconstruction algorithm on a different CT system (Samei and Richard, 2015). 

Others have used channelized Hotelling observers (CHO) to compare FBP with a 

previous generation iterative algorithm from the same vendor as this study (Yu et al., 

2013b; Zhang et al., 2014). Although CHO models can provide an excellent 

characterization of image quality, they require many image realizations (i.e., repeated 

scans) in order to measure their performance (Yu et al. used 100 repeated scans (Yu et al., 

2013b)). This made such models impractical for this study due to the large parameter 

space explored and therefore this study used the NPWE model. 

𝑑′ was computed for each image series, phantom size, and material insert for a 

range of tasks. The tasks were defined as circular disks with diameters ranging from 2 

mm to 20 mm in increments of 1 mm. The contrast of the task was taken as the measured 

contrast of the material insert used to measure the TTF for that specific 𝑑g measurement. 

𝑑′s were measured for varying task size, dose, phantom size, reconstruction algorithm, 

kVp, and fixed vs. modulated tube current settings based on measurements from the 

polystyrene insert. All results can also be found in spreadsheet form in the supplemental 

materials for the paper that was published based on this study (Solomon et al., 2015b). 
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2.1.3 Results 

2.1.3.1 Noise 

Under all conditions, noise magnitude increased with increasing phantom size. 

For the reference settings, noise increased from 17 HU in the smallest phantom section 

(12 cm) to 92 HU in the largest section (37 cm) corresponding to a 5.4 fold increase in 

noise over the length of the phantom. For the reference conditions (FBP, 120 kVP, 2.9 

mGy, fixed tube current), the shape of the NPS was consistent for all phantom sizes, 

except for the largest size where the NPS exhibited a shift toward lower frequencies 

(Figure 9). Also, for all phantom sizes except the largest, the shape of the 2D NPS were 

not completely radially symmetric, exhibiting some aliasing in the image noise as 

evidenced by increased noise power near the Nyquist frequency along the 𝑢 and 𝑣 axes 

(i.e., for [𝑢, 0] and [0, 𝑣]) compared to the diagonal bands (i.e., where 𝑢 = 𝑣 and 𝑢 = −𝑣). 
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Figure 9. (a) Noise images from the center of each phantom section along with 
corresponding (b) 2D NPS, (c) 1D radially averaged NPS, and (d) 1D radially averaged 
and normalized NPS for the reference conditions (FBP, 120 kVp, 2.9 mGy, fixed tube 
current). The vertical lines on the 1D NPS represent fpeak, the frequency at which the 
NPS is maximal. 

Figure. 10 shows the 1D normalized NPS for varying reconstruction algorithm, 

dose, and phantom size. On average, noise magnitude decreased by 37%, 49%, and 64% 

compared to FBP for ADMIRE 3, 4, and 5, respectively. The peak of the NPS, fpeak, was 

only slightly shifted towards lower frequencies for ADMIRE compared to FBP. On 

average, this shift was, 0.5%, 2%, and 4% for ADMIRE 3, 4, and 5, respectively.  In 

general, noise decreased with increasing dose as approximately 1/ 𝑑𝑜𝑠𝑒. The shape of 

the power spectrum showed a dependence on dose and phantom size with a shift 
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towards lower frequencies for the largest phantom section at the lowest dose (as much 

as 27% shift in fpeak for the largest section compared to the smallest). Both the magnitude 

and shape of the NPS were relatively constant across kVp settings at equal dose (Figure 

11a). Finally, at similar average dose (across all slices), the noise was up to 101% higher 

in smaller phantom sections and up to 6% lower in larger sections for a modulated scan 

compared to a fixed tube current scan. For a fixed tube current scan, the noise followed a 

sigmoid shape with changing phantom size while the modulated scan exhibited a nearly 

linear response to changing phantom size (Figure 11b-c). 
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Figure 10. Normalized NPS of FBP and ADMIRE 3-5 for varying dose (columns) and 
phantom size (rows) labeled with the pixel standard deviation (i.e., the integral of the 
NPS). The vertical lines represent fpeak, the frequency at which the NPS is maximal. 
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Figure 11. (a) NPS for varying kVp from the 23 cm phantom section, (b) NPS for fixed 
(solid lines) and modulated (dashed lines) scans, and (c) noise magnitude (pixel 
standard deviation) plotted against phantom diameter for fixed and modulated scans. 

2.1.3.2 Resolution 

Comparing reconstruction algorithms, the resolution (as characterized by the 

TTF) generally increased with increasing ADMIRE strength. Also, the resolution 

improved with ADMIRE compared to FBP with f50% increasing by 7%, 10%, and 15% on 

average for ADMIRE 3, 4, and 5 respectively. The exceptions to these results were for the 

polystyrene insert at low dose where resolution decreased with increasing ADMIRE 

strength and FBP had improved resolution compared to ADMIRE (Figure 12). The 

resolution changed with changing material insert for the ADMIRE algorithm. This was 

consistent with previous reports showing changing resolution properties with changing 

insert contrast for non-linear iterative reconstruction algorithms (Brunner and 

Kyprianou, 2013; Chen et al., 2014a; Ott et al., 2014; Richard et al., 2012). Also, there was a 

dependence of resolution on kVp for ADMIRE, with the TTF from the iodine insert 

increasing with increasing kVp (Figure 13). 
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Figure 12. TTF of FBP and ADMIRE 3-5 for changing dose (columns) and insert 
material (rows). The vertical lines represent f50%, the frequency at which the TTF is at 
50%. The TTFs correspond to 120 kVp and the 18.5 cm phantom section. 
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Figure 13. TTF plots from the iodine insert for varying kVp from (a) FBP and (b) 
ADMIRE-5. These TTFs were generated from the 23 cm phantom diameter. 
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2.1.3.3 Detectability 

Detectability, as characterized by 𝑑′ (based on polystyrene insert), increased with 

increasing dose and decreased with increasing phantom size under a given dose level. 

For the same raw projection data, compared to FBP, 𝑑′ increased with increasing 

ADMIRE strength by an average of 55%, 90%, and 163% for ADMIRE 3, 4, and 5, 

respectively (Figure 14). The various kVp settings, resulted in similar 𝑑′ across phantom 

sizes for the polystyrene insert, (Figure 15a). Comparing fixed vs. modulated scans with 

similar average dose (over the length of the phantom), 𝑑′ was up to 49% lower in smaller 

phantom sections and up to 26% higher in larger phantom sections for the modulated 

scan compared to a fixed tube current scan, with the crossover point corresponding to a 

phantom diameter of approximately 30 cm (Figure 16). 𝑑′ initially increased with 

increasing task size (i.e., lesion diameter) up to a maximum value at a lesion diameter of 

6 mm, after which 𝑑′ decreased slightly and then remained relatively constant for 

increasing lesion diameter (Figure 17). This non-monotonic change in 𝑑′ as a function of 

lesion diameter is a result of the eye filter in the NPWE model. 
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Figure 14. Detectability index (d’) vs. phantom size and dose for a detection of a 5 mm 
polystyrene lesion for varying reconstruction algorithms shown as a surface plot (a) 
and a contour plot (b). For clarity, the dose axis is shown on a log2 scale. 
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Figure 15. (a) d’ versus phantom diameter for varying kVp scans and (b) contrast 
versus kVp for the different insert materials. 
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Figure 16. Plot of (a) d’ vs. phantom size for a 5 mm polystyrene detection task and (b) 
dose vs. slice location for fixed mAs (solid line) and modulated mAs (dotted line) 
scans. The dose values shown in the top plot represent the average dose over that 
section of the phantom for the modulated scan. 
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Figure 17. Plot of d’ vs. phantom diameter and lesion diameter for detection of a 
polystyrene lesion (C = ~45 HU) at 120 kVp, shown as surface (a) and contour plot (b). 
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2.1.4 Discussion 

We assessed the image quality of a new MDCT system in terms of noise, 

resolution, and detectability indices as a function of patient size, dose, kVp, tube current 

modulation setting, reconstruction algorithm, lesion size, and background type (i.e., 

uniform vs. heterogeneous). To our knowledge, no report of image quality over this 

breadth of operational settings has yet been reported for this new system. 

The results of the noise measurements were mostly expected with two 

exceptions. First, the noise texture, as quantified by the shape of the NPS, showed a 

dependence on dose and phantom size (Figures 9-10). For low doses and large phantom 

diameters, the NPS shifted towards lower frequencies. This phenomenon was consistent 

across all reconstruction algorithms and is likely due to the fact that the manufacturer 

has implemented some statistical weighting of the raw data into their reconstruction 

algorithms, even for FBP reconstructions (Stierstorfer et al., 2004). This is not unique to 

this particular vendor, as most major manufacturers have published methods for noise 

reduction within the FBP reconstruction framework (Kachelriess et al., 2001; Lu et al., 

2003). Based on the data in Figure 10, it appears that this statistical weighting is more 

aggressive in low-signal conditions (i.e. low dose/large phantom) and thus affects the 

shape of the NPS in some cases. Upon visual examination of the images (Figure 9), there 

were no apparent streaking or photon starvation artifacts but the noise texture was 

indeed visually distinguishable with slightly larger “grains” compared to the smaller 
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phantom sections (i.e., slightly more low-frequency content). It should be noted that this 

phenomenon was only observed at very lose doses (<2.9 mGy) for the larger phantom 

sections (30 and 37 cm) and thus may only be clinically relevant with respect to 

screening protocols of large patients. At more typical doses (≥2.9 mGy), the noise 

behaved in a more traditional fashion. This phenomenon deserves further investigation 

in future studies. 

The second unexpected result of the noise measurements was that the shape of 

the NPS remained relatively constant when using ADMIRE, compared to FBP (<5% shift 

in peak frequency) (see Figure 10). Typically, iterative reconstruction algorithms have 

been known to affect noise texture with the NPS generally shifted towards lower 

frequencies (Ghetti et al., 2013). In some cases, this change in noise texture has negatively 

impacted clinical implementation of iterative algorithms (Chen et al., 2013b; Mieville et 

al., 2012). Clinicians have commented that certain algorithms produce images with an 

overly synthetic or “waxy” impression (Schulz et al., 2012) that unfavorably overlap the 

spatial characteristics of subtle signals. The fact that the measured noise texture for 

ADMIRE was very similar to FBP has favorable clinical implications. 

The resolution measurements showed a strong dependence on contrast and dose 

for the ADMIRE algorithm (Figure 12). For the lowest contrast object (polystyrene) at 

low doses, FBP had better resolution than ADMIRE. However, as the dose increased, the 

resolution of ADMIRE surpassed that of FBP. For high contrast objects, there was a 
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noticeable difference in ADMIRE resolution between the air insert and the bone insert, 

regardless of strength or dose level. For air, FBP and ADMIRE had nearly identical 

resolution. For bone, ADMIRE had superior resolution. According to the manufacturer, 

the ADMIRE algorithm performs processing that is optimized based on the kernel 

selection (e.g., soft-tissue vs lung-tissue) and hence is selective to a specific range of CT 

numbers. This study used a typical soft-tissue kernel that seems to have targeted better 

resolution for high positively contrasted features such as bone. However, this selective 

processing seems to have not been applied to interfaces with highly negative contrast 

such as a soft tissue-air interface. 

In most cases, both image quality components (e.g., noise and resolution) and 

surrogates (e.g., detectability) were found to be superior with the ADMIRE algorithm 

compared to FBP. Improvement in image quality for the same raw data implies the 

potential to achieve similar image quality at reduced doses using ADMIRE. This is 

consistent with a companion study to this work showing similar image quality at 

reduced doses specifically for low-contrast detection (see Section 2.2) (Solomon et al., 

2015a). 

ADMIRE represents the vendor’s third generation iterative reconstruction 

algorithm. The second generation algorithm, Sinogram Affirmed Iterative 

Reconstruction (SAFIRE), was recently evaluated by Chen et al. using task-based image 

quality methods similar to this study (Chen et al., 2014b). Currently, SAFIRE is 
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implemented on the vendor’s second generation dual-source scanner (Flash), while 

ADMIRE is only implemented on the third generation dual-source scanner (Force). This 

makes a direct quantitative comparison between ADMIRE and SAFIRE difficult due to 

major differences in scanner hardware. Nevertheless, some qualitative comparisons with 

respect to the general relationships between contrast, noise, resolution, and detectability 

can be made. First, both SAFIRE and ADMIRE showed contrast dependent resolution. 

The Chen paper showed better resolution with SAFIRE compared to FBP for a low 

contrast objects. However, the TTFs were only shown for a single dose level in that 

paper. In this study, ADMIRE showed a strong dose and contrast dependence with 

poorer resolution (compared to FBP) at low doses but better resolution at high doses 

(Figure 12).  Second, both algorithms reduced noise magnitude but SAFIRE shifted the 

NPS towards lower frequencies while ADMIRE had NPS shapes more similar to FBP 

(Figure 10). Finally, both SAFIRE and ADMIRE had superior detectability compared to 

FBP implying a dose reduction potential. 

The performance of the tube current modulation algorithm (CareDose4D) was 

consistent with its design (Solomon et al., 2013). This algorithm does not attempt to 

maintain constant noise for changing attenuation, rather, it allows for more noise in 

larger patients and less noise in smaller patients compared to a reference sized patient. 

This schema resulted in detectability that changed much less over phantom size 

compared to a fixed tube current scan (Figure 16a). 
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Some limitations of this study should be acknowledged. First, due to the vast 

number of possible permutations of CT settings, only a subset of settings was 

considered. For example, the tube current modulation algorithm allows the user to select 

a modulation strength that controls how aggressively the system modulates the tube 

current. Only one strength setting (i.e., average) was explored in this study. Also, the 

phantoms used were cylindrical and thus could not properly assess angular modulation 

and only a single reconstruction kernel was considered. Second, some features specific 

to this system were not comprehensively assessed. For example, the system has a special 

tin filtration mode that was not tested in this study. Future studies will include a 

comprehensive assessment of this functionality. Third, the Fourier-based metrics used in 

this study assume noise stationarity. Although CT images have globally non-stationary 

noise, within a small ROI, the noise can safely be assumed to be locally stationary for 

uniform backgrounds in a small ROI. In this study, the noise was always measured near 

the center of the phantom and thus may not be fully representative of noise in the 

phantom periphery. Also, no internal noise factor was considered in this paper. Fourth, 

the lowest contrast object considered was approximately 45 HU. Finally, the results from 

this study should be confirmed and verified with clinical images, especially with respect 

to the effect of ADMIRE on clinical image quality. Such non-linear algorithms could 

exhibit unexpected properties in clinical images that may not be present in phantom 

images. 
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2.1.5 Conclusions 

Image quality increased with increasing dose and decreasing phantom size. The 

CT system exhibited non-linear noise and resolution properties, especially at very low-

doses, large phantom sizes, and for low-contrast objects. Objective image quality metrics 

generally improved with increasing dose and ADMIRE strength, and with decreasing 

phantom size. The ADMIRE algorithm could offer comparable image quality at reduced 

doses or improved image quality at the same dose and demonstrated similar noise 

texture compared to FBP. Use of tube current modulation resulted in more consistent 

image quality. 

2.2 Assessment of low-contrast detectability using human 
perception experiments 

The results from the previous section suggested a potential for dose reduction 

using the ADMIRE algorithm. This study explicitly attempts to estimate this dose 

reduction potential for very low contrast tasks. The study described below was 

published in Radiology under the title “Diagnostic Performance of an Advanced 

Modeled Iterative Reconstruction Algorithm for Low-Contrast Detectability on a 

Third-Generation Dual-Source MDCT Scanner: Potential for Radiation Dose 

Reduction in a Multireader Study” (Solomon et al., 2015a). Therefore, the figures, tables 

and much of the text below are reproduced from that publication. 
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2.2.1 Introduction 

The generic term “iterative reconstruction” refers to a broad class of algorithms 

that process the raw projection or reconstructed data repeatedly in order to reduce 

image noise while preserving fine details (Beister et al., 2012). This is distinct from 

analytical algorithms such as filtered back projection (FBP) that process the data only 

once. Various iterative algorithms are being introduced clinically and have shown 

potential for sizeable dose reduction (Beister et al., 2012). Each iterative algorithm works 

differently and results in images with a variety of noise and resolution properties, and 

therefore, it is essential to assess new IR algorithms as they become available. This study 

focuses on ADMIRE which exhibited non-linear noise and resolution properties (see 

Section 2.1). 

The ADMIRE algorithms has recently become clinically available and thus 

should be evaluated for its impact on image quality and for its dose reduction potential. 

ADMIRE belongs to the category of so-called model based iterative algorithms as it 

implements a statistical model for both the raw projection data and image data and also 

a system model for the forward projection. The statistical modeling in the projection and 

image domains are substantially improved relative to the same vendor’s last-generation 

iterative algorithm, sinogram affirmed iterative reconstruction (SAFIRE). In ADMIRE, 

beyond improvements in the statistical modeling applied to the raw projection data, a 



 

90 

farther reaching neighborhood analysis of voxel data in the image domain is done in 

order to achieve better preservation of the CT noise texture and artifact suppression. 

A recent report has demonstrated the possibility of greatly reduced doses for 

pulmonary nodule detection by using ADMIRE in conjunction with a special tin 

filtration mode (Gordic et al., 2014b). However, to our knowledge, no reports of low-

contrast detectability have been published for the ADMIRE algorithm alone (i.e. without 

the special tin filtration) or for the new CT scanner on which it has been implemented 

(SOMATOM Force; Siemens Healthcare, Forchheim, Germany). 

The purpose of this study was to assess the impact of radiation dose reduction on 

low-contrast detectability for ADMIRE in a contrast-detail phantom on a third-

generation dual-source MDCT scanner. 

2.2.2 Materials and methods 

2.2.2.1 Theoretic concept of ADMIRE 

ADMIRE belongs to the category of statistical iterative reconstruction algorithms, 

also called model-based iterative reconstruction algorithms (Pickhardt et al., 2012; 

Thibault et al., 2007). ADMIRE incorporates a statistical modeling both in the raw 

projection data and image domains such that a different statistical weighting is applied 

according to quality of the projection data. This is different from traditional FBP in 

which all projections are weighted the same, independent of their quality. The CT 

system is modeled for the purpose of repetitively applying a forward projection to 
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generate synthetic raw projection data. This synthetic raw data is mathematically 

compared to the measured raw projection data (Figure 18). 

 

Figure 18. Schematic of the ADMIRE algorithm 

Relative to generic statistical iterative reconstruction methods, the ADMIRE 

implementation has three important differences: First, it uses weighted filtered 

backprojection, as opposed to unfiltered backprojection, in order to reconstruct residual 

errors in the backprojection loop and also to accelerate the convergence rate (Clinthorne 

et al., 1993). Second, statistical weighting in the projection domain is translated to the 

image domain such that only a small number of repetitions of the forward and 

backprojections loops are necessary for statistical optimization purposes. The total 

number of iterations between forward- and backprojection in ADMIRE depends on scan 

mode, particularly on maximum cone angle and spiral pitch. Hence, these initial 
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iterations serve to remove geometric imperfections (i.e. cone beam artifacts). Successive 

iterations turn into comparisons of the current image data set with a master 3D 

reconstruction volume. This can be visualized as weighted-FBP utilizing a special 

(preconditioning) filter that propagates the statistically relevant information into the 

image domain. Third, ADMIRE moves beyond simple mathematical regularization that 

postulates local smoothness (Thibault et al., 2007), and instead it performs a local signal-

to-noise ratio analysis and decomposes the image data into information and noise. This 

decomposition has previously been implemented in SAFIRE, which operates in a local 

neighborhood (i.e. nearest voxels). In ADMIRE, a further reaching neighborhood on an 

anatomically reasonable length scale is used to not only improve the statistics but also to 

preserve a more traditional CT image texture appearance. 

2.2.2.2 Phantom design 

The task-specific contrast-detail phantom consisted of a cylindrical disk 

(diameter, 165 mm; axial length, 30 mm) and had a 30 mm hole down the middle (Figure 

19), allowing for attachment (via a support rod) to rest of the Mercury phantom platform 

(see Figure 7). The phantom’s first 15 axial millimeters contained 45 cylindrical low-

contrast objects, representing five contrast levels and three sizes (6, 4, and 2 mm 

diameter) with repeats of each object located at three radial distances (33 mm, 48.75 mm, 

and 64.5 mm). The final 15 axial millimeters contained spherical inserts with identical 

sizes, contrasts, and radial locations. Further, three larger cylinders (20 mm in diameter, 
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30 mm in axial length) were included to facilitate resolution and contrast measurements. 

The phantom was fabricated with a 3D printer (Objet Connex, Stratasys Ltd.). The 

printer was able to mix two base materials (plastic resins) in various proportions during 

the print in order to achieve an effective number of up to 14 materials in a single printed 

object. The base materials used for this phantom were TangoPlus and VeroWhite. The 

background of the phantom consisted of 100% TangoPlus having attenuation of 

approximately 75 Hounsfield units (HU) at 120 kVp. The five contrast levels contained 

various amounts of VeroWhite to achieve contrast values of 5, 9, 12, 15, and 20 HU at 120 

kVp. The three large cylinders were made of the three highest contrast materials (12, 15, 

20 HU). 

 

Figure 19. Geometry of the contrast-detail phantom shown in (a) 2D and (b) 3D along 
with a (c) photograph of the phantom. The percentage labels represent the proportion 
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of VeroWhite mixed with the background TangoPlus material. These percentages 
correspond to contrasts of approximately 5, 9, 12, 15, and 20 HU respectively at 120 
kVp tube potential. 

2.2.2.3 Image acquisition 

The phantom was imaged on a third-generation dual-source MDCT hardware 

platform (SOMATOM Force, Siemens Healthcare) at four dose index levels (CTDIVol = 

0.7, 1.4, 2.9, and 5.8 mGy) and at 120 kVp using axial scan mode and a standard adult 

imaging protocol. Dose index levels were recorded (not measured) from the scanner 

console. The dose index levels were chosen in order to achieve images with noise levels 

comparable to typical clinical images, given the phantom size. Images were 

reconstructed at 5.0 and 0.6 mm slice thickness using FBP and ADMIRE and the Bf44 

kernel. The ADMIRE algorithm allows the user to select a strength parameter between 

one and five that controls how aggressively the algorithm reduces noise. Images were 

reconstructed using strengths of three, four, and five (Table 3). 

Table 3. Scan parameters used to image the contrast-detail phantom 

  
Scanner Model SOMATOM Definiton Force 
Tube current-time product (mAs) 11, 21, 43, 87  
CTDIVol (mGy) 0.7, 1.4, 2.9, 5.8 
Peak tube voltage (kV) 120 
Slice Thickness (mm) 0.6, 1.8+, 5.0 
Reconstruction Algorithm FBP, ADMIRE-3, ADMIRE-4, ADMIRE-5 
Reconstruction Kernel Bf44 
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2.2.2.4 Psychophysical perception experiments 

Eleven readers — namely 6 medical physicists, 1 medical physics resident, 3 

doctoral students, and 1 clinical radiologist — having different levels of experience 

(from 1 to 15 years of experience) with FBP, iterative reconstruction algorithms, image 

quality and image noise texture analyses, agreed to voluntarily participate in the image 

interpretation reading sessions. Although training sessions were held immediately 

before the readings, all readers were unaware to study design, object number, object 

size, contrast levels as well as to which reconstruction algorithms were used. All 

readings were independently performed with no time limit to complete the analysis and 

images were viewed in a randomized order (to minimize potential bias) at a window 

width of 250 HU and window level of 75 HU in clinical reading-room ambient lighting 

conditions using a display calibrated to the DICOM standard. Before performing the 

experiments, readers were instructed on how to perform the assessment and told to 

maintain a consistent viewing distance of approximately 65 cm. The user interface was 

designed and statistical analysis performed using the MATLAB software package 

(vR2013a, Mathworks, Natick, MA). 

 During the first reading session, a series of two alternative forced choice tests 

were carried out in order to assess the dependence of lesion detectability on object 

contrast, object size, dose index, and reconstruction algorithm. Under the signal known 

exactly background known exactly paradigm, a custom user interface was designed in 
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which two images were shown to a human reader, one containing the object (i.e., the 

signal) and one containing only noise (Figure 20). The reader was asked to choose which 

of the two images was most likely to contain the object. The object-present images 

represented circular regions-of-interest (ROIs), 15 mm in diameter, drawn about the 

phantom’s cylindrical objects. The object-absent images were taken from uniform 

regions of the phantom. The readers were shown a subset of the possible contrast, size, 

dose index, and reconstruction combinations. This subset was chosen such that the 

objects were near the threshold of detectability. For all object sizes, the images 

represented the 1.4, 2.9, and 5.8 mGy dose index levels, 0.6 mm slice thickness, and FBP 

and ADMIRE-3 reconstructions. For the 2 mm objects, the readers were shown the 

highest three contrast levels corresponding to 12, 15 and 20 HU. For the 4 mm objects, 

the readers were shown the middle three contrasts of 9, 12 and 15 HU. For the 6 mm 

objects, the readers were shown the lowest four contrasts of 5, 9, 12 and 15 HU. This 

subset of images represented 60 total combinations of dose index, slice thickness, 

reconstruction algorithm, object size, and object contrast. For a given combination, 15 

image trials were shown to the reader and the detection accuracy was taken as the 

percent correct. 

During a second reading session, a subset of the images representing four dose 

index levels (0.7, 1.4, 2.9, and 5.8 mGy), four reconstruction algorithms (FBP and 

ADMIRE 3-5 strengths), and three slice thicknesses (0.6, 1.8, and 5.0 mm) were shown to 
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the same readers under identical viewing conditions as with the first session (Figure 20). 

Thicknesses of 0.6 and 5 mm were reconstructed directly at the scanner console, while 

the 1.8 mm images were computed by averaging 3 contiguous 0.6 mm images and thus 

were not reconstructed directly from the scanner. Under each dose 

index/reconstruction/slice thickness condition, the reader was shown one image and was 

asked to count the number of visible object groups for each object size. The final score 

for a given image was taken as the total number of visible object groups. An object 

group was defined as all objects with a given contrast and size, with three objects per 

group (see Figure 19). The readers were instructed to count a group as visible if at least 

two out of three objects were visible. 
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Figure 20. Screenshots of the user interface for the (a) first and (b) second reading 
sessions. 

2.2.2.5 Estimation of dose reduction 

The dose reduction potential of the ADMIRE algorithm was defined as the 

percent reduced dose index at which ADMIRE achieved performance equal to that of 

FBP. Because images were necessarily acquired at discrete dose index levels, it was 

necessary to fit the observer data from both experiments to empirical mathematical 

models (i.e., trendlines) in order to estimate the dose reduction potential. This allowed 

for calculation of interpolated observer scores at dose index levels that were not 

explicitly evaluated. For the first reading session, results were modeled as 
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 A = e
h
1 + erf	 §∙�¨

h
 , (2.2.2.5.a) 

where A is the detection accuracy (averaged across readers, object contrast, and 

object size), erf() is the error function, D is CTDIVol in mGy, and 𝛼 and 𝛽 are constant 

fitting parameters. Fits were performed for FBP and ADMIRE-3 results and dose 

reduction was computed using the fitted models. 

For the second reading session, the observer scores were modeled as  

 𝑂 = 𝑎 1 − ek¬∙(�kZ)	  , (2.2.2.5.b) 

where	𝑂 is the reader score (i.e., the number of visible objects), and 𝑎, 𝑏, and 𝑡 are 

constant fitting parameters. Fits were performed for each slice thickness and for FBP, 

and ADMIRE-3-5. Ranges of dose index reduction were tabulated for each ADMIRE 

strength and slice thickness using the fitted models. As the above equations are both 

linearizable, all fits were performed in the least-squares sense using traditional linear 

algebra methods in MATLAB. 

2.2.2.6 Statistical analysis 

For the first session reading, detection accuracy, A, for each contrast, size, dose 

index, and reconstruction condition was averaged across readers and 95% confidence 

intervals (CI95%) were computed as 1.96 ∙ 𝑆𝑇𝐷(𝐴) #	𝑜𝑓	𝑟𝑒𝑎𝑑𝑒𝑟𝑠. A statistical 

comparison of detection accuracy between FBP and ADMIRE-3 reconstructions was 

performed with a paired t-test and four-way analysis of variance (ANOVA) at the 95% 

significance level under the null hypothesis that there was no difference in scores. Such 
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statistical tests are justified because the quantities being compared are averaged 

quantities, and thus can be assumed to be approximately normally distributed. 

For the second reading session, the reader scores (i.e., the number of visible 

objects) were averaged across readers and CI95% were computed. Also, scores for each 

ADMIRE reconstruction were statistically compared with corresponding FBP scores 

using a paired t-test and three-way ANOVA at the 95% significance level under the null 

hypothesis that there was no difference between FBP and ADMIRE scores. 

2.2.3 Results 

A subset of the acquired images is shown in Figure 21. 
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Figure 21.CT images of the phantom for each dose level (columns) and reconstruction 
algorithm (rows). These images were all reconstructed at 5 mm slice thickness. 

2.2.3.1 First reading session 

The detection accuracy ranged from about 50% (i.e., guessing) to 87% (Figure 22). 

On average, CI95% (representing interobserver variability) was ±7%. In general, accuracy 

increased with increasing contrast, dose index, and object size. A significant difference 
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in detection accuracy was found between FBP and ADMIRE-3 (absolute, 3.3% [CI95% = 

1.7-5.1%]; relative, 5.2% [CI95% = 2.5-7.9%]) (P<.001 for all comparisons).

 

Figure 22. Results from the first reading session showing the detection accuracy and 
95% confidence intervals for FBP (top row) and ADMIRE-3 (bottom row), for the 2 
mm (left), 4 mm (middle), and 6 mm (right) inserts, and for each contrast level and 
dose index. 

2.2.3.2 Second reading session 

The number of visible objects increased with increasing dose index, slice 

thickness, and ADMIRE strength with the average (across readers) ranging from 0 

(lowest dose/FBP/0.6 mm) to 10.3 (highest dose/ADMIRE-5/5 mm) (Figure 23). On 

average, the absolute score difference between FBP and ADMIRE was 0.9 (CI95% = 0.6-

1.3), 1.3 (CI95%= 0.8-1.8), and 2.1 (CI95%= 1.5-2.8) for ADMIRE 3, 4 and 5 respectively. 

These differences were all statistically significant (P <. 001). 
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Figure 23. Results from the second reading session showing the number of visible 
objects for each slice thickness, dose index level, and reconstruction algorithm. For a 
given bar, the three shades denote the proportion of the score from each object size 
(bottom = 6 mm, center = 4 mm, top = 2 mm). The error bars are 95% confidence 
intervals representing interobserver variability. 
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2.2.3.3 ADMIRE dose reduction potential 

From the first reading session, dose reduction potential from ADMIRE-3 was 

estimated to be approximately 56-60% depending on the reference FBP dose index 

(Figure 24). From the second reading session, dose reduction potential was estimated to 

be between 4-80% depending on slice thickness, reference FBP dose index, and ADMIRE 

strength (Table 4) with 41% being the average. 

 

Figure 24. Plot of average detection accuracy, 𝑨 vs. dose index demonstrating the 
potential dose reduction of ADMIRE-3 based on results from the first reading session. 
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Table 4. Estimated dose reduction potential for ADMIRE based on the second reading 
session for varying slice thicknesses, reference FBP doses, and ADMIRE strengths. 

    
Slice 

Thickness 
(mm) 

Reference 
FBP Dose 

(mGy) 

Eq. ADMIRE Dose (mGy) % Dose Reduction 
3 4 5 3 4 5 

        

0.6 

0.74 0.57 0.69 0.33 22% 6% 55% 
1.40 0.80 0.81 0.43 43% 43% 69% 
2.87 1.32 1.08 0.66 54% 62% 77% 
5.82 2.49 1.75 1.16 57% 70% 80% 

        

1.8 

0.74 0.64 0.62 0.47 12% 16% 36% 
1.40 1.02 0.93 0.73 27% 4% 48% 
2.87 1.72 1.49 1.19 40% 48% 59% 
5.82 2.57 2.08 1.62 56% 64% 72% 

        

5.0 

0.74 0.61 0.50 0.44 18% 32% 40% 
1.40 1.13 1.11 0.97 19% 21% 31% 
2.87 2.25 2.29 1.98 22% 20% 31% 
5.82 4.15 3.86 3.23 29% 34% 45% 

 

2.2.4 Discussion 

The results from the two reading sessions are consistent and serve as evidence 

that ADMIRE could be used to achieve similar performance to FBP at reduced dose 

index levels for low-contrast detection tasks. These results are also consistent with a 

report showing adequate performance at reduced doses for pulmonary nodule detection 

(Gordic et al., 2014b). The results from this study suggest that for low-contrast detection, 

the dose reduction potential of ADMIRE is dependent on the reference FBP dose index, 

the slice thickness, and ADMIRE strength. Thus, making generalized blanket statements 

about the dose reduction potential of ADMIRE as a whole may be misleading because 

the true dose reduction potential appears to vary with changing scan and reconstruction 
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settings. It is also important to note that the results from this study are specific to the 

ADMIRE reconstruction algorithm as implemented on one specific scanner model 

(Siemens Force). Different scanner hardware or iterative algorithms would likely 

produce different results. 

It is important to note that in this study, the dose was characterized as a dose 

index (i.e., CTDIVol), which is not a direct measure of dose but rather a surrogate of dose 

that is indicative of the radiation output (i.e., exposure) of the CT system. However, for a 

patient (or phantom) of a given size, the dose index is directly proportional to dose and 

thus can be used to determine assess dose reduction potential. 

The scores derived from each reading session are fundamentally different. In the 

first reading session, the detection accuracy is task-specific and applies to a given object 

contrast and size. Thus, a single image has a range of detection accuracies associated 

with it corresponding to each object in the phantom. Each reader accuracy score is 

directly related to the ability of a human observer to objectively detect a specific object 

given the noise and resolution properties of the imaging system. On the other hand, the 

reader score from the second reading session is less objective and is related to the ability 

of the reader to visualize a predefined family of objects with varying size and contrast 

properties. Unlike with the first reading session, there is a one-to-one correspondence 

between an image and a reader score from the second session. This score is simple to 

obtain and could be easily incorporated into routine physics quality control testing. In 
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contrast, the methodology from the first reading session is probably not practical for 

routine testing or for protocol optimization due to the time-consuming nature of image 

perception experiments. However, despite the fundamental differences between the two 

reading sessions, both methodologies predicted comparable dose reduction 

(approximately 50% reduction for 0.6 mm slice thickness using ADMIRE-3). This implies 

that the methodology from the second session could be useful for protocol 

optimizations. 

Some limitations of the study need to be acknowledged. First, beyond not having 

an anthropomorphic design, the data lacks validation in a clinical study assessing the 

radiation dose reduction potential across body sizes. Further research is warranted to 

corroborate our investigation. Second, the number of trials for a given 

contrast/size/dose/reconstruction condition was limited to 15. Ideally, many more trials 

(100+) would be used for each condition in order to minimize statistical uncertainty. 

However, there was a practical need to compromise between the total number of images 

shown to observers and the number of combinations of contrast, size, dose, and 

reconstruction algorithm that were included in the study. Third, only one kVp (120) 

condition was used. The kVp can have a sizeable impact on image quality but this factor 

was not tested in this study. A further potential criticism is that only 2D in-slice 

assessments were performed where the lesion location was known. Modern MDCT 

systems acquire fully 3D datasets and clinical imaging exams are presented to 
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radiologists as a volumetric stack of image slices. Thus there are aspects of image quality 

that are not accounted for when assessing a single 2D slice in which the location of the 

lesion is known. The phantom in this study contains spherical inserts that may facilitate 

future 3D image quality studies that include the lesion search process. Finally, in this 

study, ADMIRE was only compared with FBP. A comparison of ADMIRE with other 

iterative algorithms from the same vendor would be valuable. Unfortunately, as the 

scanner used in this study did not have any other iterative algorithms available, such 

comparisons were not possible and this remains a topic of future work. 

2.2.5 Conclusion 

In conclusion, low-contrast detectability performance increased with increasing 

object size, object contrast, dose, slice thickness, and iterative reconstruction strength. 

The ADMIRE algorithm demonstrated comparable performance to FBP at 4-80% lower 

radiation dose levels while preserving low-contrast detectability. 

2.3. What observer models best reflect human low-contrast 
detectability? 

This study used the human observer data from the previous section to 

investigate how well several commonly used observer models correlated with human 

detection performance for low-contrast detection tasks. This study was presented at the 

2015 SPIE Medical Imaging conference under the title “What observer models best 

reflect low-contrast detectability in CT?” Therefore, the figures, tables and much of the 

text below are reproduced from that proceedings paper (Solomon and Samei, 2015). 
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2.3.1 Introduction 

Thus far, both human observers and model observers have been used to assess 

image quality of the Siemens SOMATOM Force scanner under the task-based image 

quality paradigm. As mentioned in previous sections, the gold standard for image 

quality is a clinical trial designed to test the performance of trained radiologists in 

performing a clinically relevant task (e.g., detecting subtle liver lesions). Unfortunately, 

this type of assessment is resource intensive and extremely challenging to actually 

perform, especially if the goal is to optimize CT settings over the wide breadth of 

available options (e.g., dose, tube voltage, bow-tie filtration, pitch, AEC, convolution 

kernel, or reconstruction algorithm). This sizeable parameter space makes protocol 

optimization via clinical trials practically impossible.  

Surrogate metrics of image quality that can be measured in phantoms (or patient 

images if possible) offer a sensible alternative. For such metrics to be useful, they must 

(1) be representative of clinical image quality (i.e., highly correlated with radiologist 

performance for a specific clinical task), (2) be generalizable such that images with 

varying noise and resolution properties can be compared (e.g., scanner A vs. scanner B, 

or reconstruction A vs. reconstruction B), (3) be practical to measure with a reasonable 

number of images. 

As mentioned before, image quality surrogate metrics based on observer models 

have been proposed to meet the above criteria. Barret et al recently published a 
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comprehensive review article on this rich field of research (Barrett et al., 2015). As such, 

there are many potential observer models to choose from, each with its own advantages 

and shortcomings. Therefore the goal of this study was to examine several commonly 

used models in the context of CT imaging. The objectives were to (1) ascertain the 

strength of the correlation between the models and human detection performance, (2) 

assess if the models can be used to characterize images from different reconstruction 

algorithms, and (3) to evaluate the practicality of measuring the model’s performance 

with a finite number of image realizations. 

2.3.2 Materials and methods 

The image and human observer data were drawn from a subset of the data in the 

previous section (2.2). For observer model calculations, 20 repeated scans were acquired 

at the 2.9 mGy dose level and reconstructed at 0.6 mm slice thickness. All other settings 

were identical to those described in Section 2.2 (see Table 3). The human observer data 

were taken from the 2AFC study (see Section 2.2.2.4). A total of 20 contrast-size-

reconstruction conditions were tested as shown in Table 5. 

Table 5. Different conditions considered in the human detection accuracy experiment. 
Here the size represents the diameter of the signal and the listed nominal contrast is 
for 120 kVp. 

# Reconstruction Algorithm Nominal Size (mm) Nominal Contrast (HU) 

1 FBP 2 12 
2 FBP 2 15 

3 FBP 2 20 
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4 FBP 4 9 

5 FBP 4 12 

6 FBP 4 15 

7 FBP 6 5 

8 FBP 6 9 

9 FBP 6 12 

10 FBP 6 15 

11 ADMIRE 2 12 

12 ADMIRE 2 15 

13 ADMIRE 2 20 

14 ADMIRE 4 9 

15 ADMIRE 4 12 

16 ADMIRE 4 15 

17 ADMIRE 6 5 

18 ADMIRE 6 9 

19 ADMIRE 6 12 

20 ADMIRE 6 15 

 

A total of eight image quality figures of merit were considered for this study. The 

metrics can be divided into three main groups: (1) traditional pixel-value metrics, (2) 

non-prewhitening (NPW) matched filter metrics, and (3) channelized Hotelling observer 

(CHO) metrics (CHO). These metrics were extracted from the image data as described 

below for each reconstruction, size, and contrast condition shown in Table 1. 
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2.3.2.1 Traditional pixel-value metrics 

The traditional pixel value metrics considered were contrast-to-noise ratio (CNR) 

and area weighted CNR (CNRA). CNR was defined as 

 𝐶𝑁𝑅 = ¶·k¶¸
n¸

= ¹
n¸

, (2.3.2.1.a) 

where 𝜇» is the attenuation (in Hounsfield Units) of the signal, 𝜇¬ is the 

attenuation of the background, 𝐶 is contrast, and 𝜎¬ is the standard deviation of pixel 

values in the background ROI. The nominal contrast of each signal (Figure 1) was used 

for this calculation and the noise was taken as the standard deviation of pixel values in a 

background annulus shaped ROI surrounding the signal having an outer radius of 7 mm 

(~17 pixels) and an inner radius of 1.5 mm (~4 pixels), 3 mm (~7 pixels), and 4.5 mm (~11 

pixels) for the 2 mm, 4 mm, and 6 mm nominally-sized signals, respectively. Noise was 

measured for each slice using the ensemble of 20 repeated scans and the final CNR value 

was averaged across all 15 slices and 95% confidence intervals were computed as 

𝐶𝐼½¾% = 1.96 ∙ 𝑆𝑇𝐷(𝐶𝑁𝑅)/ #𝑆𝑙𝑖𝑐𝑒𝑠. The CNRA was computed as, 

 𝐶𝑁𝑅𝐴 = 𝐴 ∙ 𝐶𝑁𝑅, (2.3.2.1.b) 

 where 𝐴 is the nominal area of the signal. As shown in Figure 1, the phantom 

contains three sized signals, 6 mm, 4 mm, and 2 mm in diameter. The 95% confidence 

intervals were calculated in the same way as with CNR. 
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2.3.2.2 Non-prewhitening matched filter 

Although the non-prewhitening matched filter was described in Section 1.2.7, 

details specific to this study are given here for completeness. The NPW is a linear 

observer model whose template, 𝝎\]^, is the difference between the expected signal, 

𝒈𝒔, and the expected background, 𝒈𝒃 (i.e., 𝝎\]^ = 𝒈𝒔 − 𝒈𝒃). Thus the NPW observer 

forms its test statistic, 𝜆\]^, as  

 𝜆\]^ = 𝝎\]^
Z 𝒈 = (𝒈» − 𝒈¬)Z𝒈 = (𝑔»c − 𝑔¬c) ∙

𝑵
𝒊d𝟏

𝑔c, 

(2.3.2.2.a) 

where N is the number of pixels in the image (or ROI) (Abbey and Bochud, 2000; 

Burgess et al., 1981; ICRU, 1995). Under the assumption that the noise is wide-sense 

stationary (at least locally within an small ROI), and that the system behaves in a quasi 

linear fashion, the detectability index for the NPW observer, 𝑑′\]^ was computed in the 

Fourier domain as (Burgess, 2011) 

 𝑑′\]^
h = ^(r,s) m∙``tm(r,s)urus m

^(r,s) m∙``tm(r,s)∙\]v(r,s)urus
	, (2.3.2.2.b) 

where 𝑢 and 𝑣 are spatial frequencies in the x and y directions, respectively, 𝑊(𝑢, 𝑣) is 

the task function (i.e., the Fourier transform of the signal to be detected), 𝑇𝑇𝐹(𝑢, 𝑣) is the 

task transfer function (i.e., the noise- and contrast-dependent modulation transfer 

function) (Richard et al., 2012), and 𝑁𝑃𝑆(𝑢, 𝑣) is the noise power spectrum. For this 

phantom, the signals to be detected were uniform circular disks and thus 𝑊(𝑢, 𝑣) was 

the Fourier transform of a disk, given as 
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 𝑊 𝑢, 𝑣 = �Å
ÆÇ
𝐽e 2𝜋 ∙ 𝑓 ∙ 𝑟  , (2.3.2.2.c) 

where 𝑟 is the radius of the disk, 𝑓 is the radial spatial frequency (𝑓 = 𝑢h + 𝑣h), and 𝐽e 

is a Bessel function of the first kind. The TTF was measured from the large rods in the 

low-contrast detectability phantom with a circular ROI (radius of 20 mm, ~49 pixels) 

using the method described by Richard et al (Richard et al., 2012) and refined by Chen et 

al (Chen et al., 2014a). For each image slice, the NPS was measured by first subtracting 

the ensemble averaged image from each realization to remove the mean signal and 

achieve noise-only images. Using all pixels within a radius of 10 mm (~15 pixels) from 

the center of the signal, the autocorrelation of the noise, 𝑅\(Δ𝑥, Δ𝑦), was estimated, 

where Δ𝑥 and Δ𝑦 are the distance between two pixels in the x and y directions, 

respectively. The NPS was computed by taking the 2D Fourier transform of 𝑅\(Δ𝑥, Δ𝑦) 

as 

 𝑁𝑃𝑆 𝑢, 𝑣 = 𝑝h ∙ ℱ 𝑅\ Δ𝑥, Δ𝑦 , (2.3.2.2.d) 

where 𝑝 is the pixel size and ℱ[] denotes the discreet 2D Fourier transform.(Solomon 

and Samei, 2014b) The 𝑑′\]^ was estimated for each slice and then averaged across 

slices. The 𝑑′\]^ was measured for each slice using the ensemble of 20 repeated scans 

and the final value was averaged across all 15 slices and 95% confidence intervals were 

computed as 𝐶𝐼½¾% = 1.96 ∙ 𝑆𝑇𝐷(𝑑′\]^)/ #𝑆𝑙𝑖𝑐𝑒𝑠. 

The NPW observer was extended to include an eye filter, 𝐸 𝜌 , that models the 

human visual system’s sensitivity to difference spatial frequencies (Burgess et al., 1997; 
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Burgess et al., 1981; Eckstein et al., 2003; Ishida et al., 1984). This model was called the 

non-prewhitening matched filter with eye filter (NPWE). The eye filter was defined as 

 𝐸 𝜌 = 𝜂𝜌�l ∙ 𝑒k�m���
h
	, (2.3.2.2.e) 

where 𝜌 is the angular spatial frequency in cycles/degree, 𝑎e, 𝑎h, and 𝑎� are constant 

parameters with values of 1.5, 3.22, and 0.68, respectively, and 𝜂 normalizes the function 

to have a maximum of one (Saunders and Samei, 2006). The image domain radial spatial 

frequency, 𝑟 (𝑟 = 𝑢h + 𝑣h), was converted to angular spatial frequency, 𝜌, with  

 𝜌 = 𝑟 ∙ t��∙�∙�
�∙e�p

	, (2.3.2.2.f) 

where FOV is the reconstructed field of view of the image (209 mm), 𝑅 is the viewing 

distance (assumed to be 475 mm), and 𝐷 is the display size (350 mm). Thus 𝐸 𝜌  was 

defined as a function of 𝑢 and 𝑣. When the eye filter is applied, the detectability index 

for the NPWE model observer, 𝑑′\]^� , was calculated as (Gang et al., 2011)  

 𝑑′\]^�
h = ^(r,s) m∙``tm(r,s)∙�m(r,s)urus m

^(r,s) m∙``tm(r,s)∙\]v(r,s)∙��(r,s)urus
 . (2.3.2.2.g) 

The 𝑑′\]^�  and corresponding confidence intervals were measured using the same 

methods as with the NPW model. 

The NPW model was alternatively modified to include a component of internal 

noise (i.e., human visual system noise). This model was called the non-prewhitening 

matched filter with internal noise (NPWi). The internal noise, 𝑁(𝑢, 𝑣), was assumed to 

have a constant (i.e., white) power spectrum whose magnitude is proportional to the 

pixel variance, 
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 𝑁 𝑢, 𝑣 = 𝛼\]^
�

eppp

h
∙ 𝜎h, (2.3.2.2.h) 

where 𝛼\]^ is a proportionality constant, R is the viewing distance (same as in Eq. 

2.3.2.2.f), and 𝜎h is the pixel variance, computed as the 2D integral of 𝑁𝑃𝑆 𝑢, 𝑣  (Gang et 

al., 2011; Richard and Siewerdsen, 2008). With this internal noise factor added, the 

detectability index for the NPWi model observer, 𝑑′\]^c, was calculated as (Gang et al., 

2011) 

 𝑑′\]^c
h = ^(r,s) m∙``tm(r,s)urus m

[ ^(r,s) m∙``tm r,s ∙\]v r,s o\(r,s)]urus
. (2.3.2.2.i) 

The 𝑑′\]^c and corresponding confidence intervals were measured using the same 

methods as with the NPW model. The proportionality constant, 𝛼 was empirically 

chosen such that it maximized the coefficient of determination (R2) between the model 

and human data when performing linear regression analysis (see Section 2.3.2.4 below). 

Finally, the NPW model was extended to include both the eye filter and internal 

noise simultaneously. This model was called the non-prewhitening matched filter with 

eye filter and internal noise (NPWEi) and its detectability index, 𝑑′\]^�c, was calculated 

as (Gang et al., 2011) 

 𝑑′\]^�c
h =

^(r,s) m∙``tm(r,s)∙�m(r,s)urus m

[ ^(r,s) m∙``tm r,s ∙\]v r,s ∙�� r,s o\(r,s)]urus
 . 

(2.3.2.2.j) 

The 𝑑′\]^�c and corresponding confidence intervals were measured using the same 

methods as that for the NPW model. 
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2.3.2.3 Channelized Hotelling observer 

The channelized Hotelling observer (CHO) is a linear model that operates on 

channelized image data, meaning image data that has been passed through M number 

of filters (Abbey and Bochud, 2000; Yu et al., 2013b; Zhang et al., 2014). Each filter 

produces a single scalar output and thus the collection of filter outputs is an Mx1 

“channel output” vectors, denoted 𝒈Î. The transformation of image data, 𝒈, to the 

channelized data, 𝒈Î, can be described as a matrix multiplication 

 𝒈Î = 𝑼Z𝒈, (2.3.2.3.a) 

where 𝑼 is an NxM matrix where each column corresponds to a separate 

channelizing filter, N being the number of pixels in the image or ROI. For a given image, 

the test statistic, 𝜆¹Ð�, is computed by taking the inner product of a template, 𝝎¹Ð�, with 

𝒈Î as 

 𝜆¹Ð� = 𝝎¹Ð�
Z 𝒈Î. (2.3.2.3.b) 

The CHO template is formed by taking the difference between the expected 

channel output when the signal is present and the expected channel output when the 

signal is absent, multiplied by the inverse of the intraclass channel scatter matrix as 

 𝝎¹Ð� = 𝑺𝒄k𝟏 𝒈»Î − 𝒈¬Î , (2.3.2.3.c) 

where 𝒈»Î is the expected (i.e., average) channelized output when the signal is 

present, 𝒈¬Î is the expected channelized output when the signal is absent, and 𝑺Î is the 
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intraclass channel scatter matrix, defined as the average of the channel output 

covariance matrices, 𝑲»Î and 𝑲¬Î, when the signal is present and absent as 

 𝑺Î =
e
h
𝑲»Î + 𝑲¬Î . (2.3.2.3.d) 

Here  𝑲»Î and 𝑲¬Î are the channel output covariance matrices under the signal 

present and signal absent conditions, respectively. The detectability index for the CHO 

model, 𝑑′¹Ð�, is given as (Abbey and Bochud, 2000) 

 𝑑′¹Ð�
h = 𝒈»Î − 𝒈¬Î 𝒕𝑺Îk𝟏 𝒈»Î − 𝒈¬Î . (2.3.2.3.e) 

The study used Gabor channels,(Yu et al., 2013b),(Yu et al., 2013a) emulating the 

human visual system (Eckstein et al., 2003; Zhang et al., 2014). A Gabor filter, 𝐺 𝑥, 𝑦 , is 

essentially an exponential function with a given center location, (𝑥p, 𝑦p), and channel 

width, 𝑤», that is modulated by a sinusoid with a given central frequency, 𝑓Î, orientation, 

𝜃, and phase, 𝛽, expressed as (Wunderlich and Noo, 2008) 

 𝐺 𝑥, 𝑦 = cos	[2𝜋𝑓Î 𝑥 − 𝑥p cos 𝜃 +

𝑦 − 𝑦p sin θ + 𝛽] ∙ 𝑒kÆÝÞ	(h)[ �k�j mk �k�j m]/ß·m. 

(2.3.2.3.f) 

The center location was chosen to be the center of the signal. A total of 60 Gabor 

filters (i.e., M = 60) were used corresponding to six channel passbands: [1/128, 1/64], 

[1/64, 1/32], [1/32, 1/16], [1/16, 1/8], [1/8, 1/4], and [1/4, 1/2] cycles/degree, four 

orientations: 0, 2π/5, 4π/5, and 6π/5, radians, and two phases: 0 and π/2 radians. 𝑤» and 𝑓Î 

were taken as the widths and centers of the passbands, respectively. The passbands 

were converted to cycles/mm using the inverse of Eq. 9 and the same viewing conditions 
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described in Section 2.4.2 (image FOV of 209 mm, viewing distance of 475 mm, and 

image display size of 350 mm). The filters were designed to be the same size (in pixels) 

as the images that were shown to the human observers. Figure 25 shows images of the 

60 filters. 

 

Figure 25. Montage of the 60 Gabor filters used to channelize the image data. 

Using the 300 image realizations, 𝒈»Î, 𝒈¬Î, and 𝑺Î were estimated for each 

reconstruction, signal size, and signal contrast condition. Based on those estimates, the 

CHO model’s detectability index, 𝑑′¹Ð�, along with 95% confidence intervals were 

estimated using a method described by Wunderlich et al (Wunderlich et al., 2015). 

The CHO model was further extended to include internal noise, denoted CHOi. 

The covariance matrix of the internal noise, 𝑵Î, was assumed to be diagonal (i.e., noise 
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between channels was uncorrelated) with values proportional to the variance of the 

channel outputs (i.e., proportional to the diagonal elements of 𝑺Î) as 

 𝑁Îc,à =
𝛼¹Ð� ∙ 𝑆Îc,à,				𝑖 = 𝑗
0,											𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, (2.3.2.3.g) 

where 𝑁Îc,à and 𝑆Îc,à are the ith/jth elements of 𝑵Î and 𝑺Î, respectively, and 𝛼¹Ð� 

is a proportionality constant. The detectability index for the CHOi model, 𝑑′¹Ð�c, is 

given as (Abbey and Bochud, 2000) 

 𝑑′¹Ð�c
h = 𝒈»Î − 𝒈¬Î 𝒕[𝑺Î + 𝑵Î]k𝟏 𝒈»Î − 𝒈¬Î . (2.3.2.3.h) 

The method described by Wunderlich et al to estimate CHO performance and 

confidence intervals does not include the internal noise component and a closed form 

expression for the obtaining unbiased estimates of 𝑑′¹Ð�c and corresponding exact 

confidence intervals based on sample estimates of 𝒈»Î, 𝒈¬Î, and 𝑺Î is currently an open 

challenge. As such, a simulation approach was used in which zero-mean normally 

distributed internal noise was added to the channel outputs. After adding the noise, 

𝑑′¹Ð�c and its corresponding 95% confidence interval were obtained using the 

Wunderlich method on the updated (i.e., after adding internal noise) estimates of 𝒈»Î, 

𝒈¬Î, and 𝑺Î. This process was repeated 1000 times for each condition and the final 

estimate of 𝑑′¹Ð�c and its confidence interval were taken as the average across the 1000 

repeated trials. As with the NPWi model, the internal noise proportionality constant, 

𝛼¹Ð�, was empirically chosen such that it maximized the coefficient of determination 
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(R2) between the model and human data when performing linear regression analysis (see 

section 2.3.2.4 below). 

2.3.2.4 Statistical analysis 

The model-based image quality metrics (CNR, CNRA, 𝑑′\]^, 𝑑′\]^� , 𝑑′\]^c, 

𝑑′\]^�c, 𝑑′¹Ð�, and 𝑑′¹Ð�c) were transformed to detection accuracy, 𝐴�, using 

 𝐴� =
e
h
1 + erf	 �

h
 , (2.3.2.4.a) 

where 𝑥 is the image quality metric of interest and erf	() is the error function. The results 

from the 2AFC perception experiment were compared with the detection accuracy as 

predicted by each observer model using linear regression analysis. The coefficient of 

determination (R2) was used as a goodness of fit metric. The slope of each regression line 

was normalized to unity for easier visual comparison. Also, a linear discriminator (i.e., 

classifier) was fit to the data to separate the FBP and ADMIRE reconstruction cases to 

determine if the observer model in question was properly characterizing the effects of 

iterative reconstruction on detection accuracy. For a good observer model, one would 

not expect the FBP and ADMIRE cases to be easily separable by a line on the human vs. 

model plots. In contrast, the data is easily separable when the model predicts equal 

detection performance between an FBP and ADMIRE image, while the humans did not 

perform equally for those two images. In such cases, the linear classifier would have a 

low error. Thus the error rate, E, of the linear classifier was used as a metric of how well 

each model observer can properly characterize different reconstruction algorithms, 
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larger E values implying better models. Finally, the average width of the 95% confidence 

intervals for each observer model accuracy prediction was computed to demonstrate 

how precisely the model performance can be estimated using a finite number of image 

realizations. All computations were done in MATLAB (Mathworks). 

2.3.3 Results 

Comparing FBP to ADMIRE-3, the noise magnitude (i.e., pixel standard 

deviation) was reduced from 36 HU to 24 HU. Also, the NPS was shifted towards lower 

frequencies and the TTFs were lower (i.e., worse) with increasing ADMIRE strength 

compared to FBP (Figure 26). 
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Figure 26. (a) 2D noise power spectrum, (b) 1D noise power spectrum, and (c) task 
transfer function for each reconstruction algorithm. The vertical lines represent the 
peak frequency and the 50% frequency for the noise power spectrum and task transfer 
function, respectively. These metrics were calculated from 20 repeated scans (2.9 mGy 
dose index level and 0.6 mm slice thickness) and were used in the calculation of the 
NPW observer model-based image quality metrics. The noise magnitude (pixel 
standard deviation) for each reconstruction is given above each 2D noise power 
spectrum. 
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From the 2AFC experiment, the human accuracy ranged from about 50% (i.e., 

guessing) to 87%. On average, CI95% (representing interobserver variability) was ±7%. In 

general, as expected, performance increased with increasing contrast, dose, and signal 

size (Figure 27). Note that this human observer data is a subset of the data that were 

shown in Section 2.2. It is shown here again for clarity. The internal noise 

proportionality constants were found to be approximately 30 and 4.5 for 𝛼\]^ and 𝛼¹Ð�, 

respectively. From the linear regression analysis, R2 was 0.134, 0.688, 0.703, 0.741, 0.741, 

0.775, 0.72, and 0.750, the linear discriminator error was 0.25, 0.15, 0.2, 0.25, 0.3, 0.25, 0.4, 

and 0.45, and the 95% confidence intervals were 2.84e-3, 5.29e-3, 4.91e-3, 4.55e-3, 2.16e-3, 

1.24e-3, 4.58e-2, and 7.95e-2 for CNR, CNRA, NPW, NPWE, NPWi, NPWEi, CHO, and 

CHOi, respectively (Figure 28). A bar plot comparing the human detection accuracy and 

the model-predicted accuracy is shown in Figure 29 for each reconstruction algorithm, 

signal contrast, and signal size condition. 
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Figure 27. Results of the 2AFC human detection experiment showing detection 
accuracy vs. contrast for the 2 mm (left), 4 mm (center), and 6 mm (right) insert sizes. 

 

Figure 28. Plots of human detection accuracy vs. the accuracy as predicted by the 
model observers. The solid line is the linear regression fit and the dotted line is the 
linear discriminator that best separates the FBP (circles) and ADMIRE (stars) cases. 
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Figure 29. Bar plot comparing the human detection accuracy with the model-predicted 
accuracy for the various reconstruction algorithm, signal size, and signal contrast 
conditions. 
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2.3.4 Discussion 

The data show how CNR and CNRA are inadequate metrics of image quality. 

CNR had a poor correlation with human performance due to the fact that it is not task 

specific. Although CNRA had a relatively high correlation (R2 = 0.688), it was found to 

be inadequate for properly assessing reconstruction algorithms that produce images 

with varying noise and resolution properties. As can be seen in Figure 28, for the same 

CNRA, the human observers performed better with the FBP images compared to the 

ADMIRE images; the linear discriminator was able to separate those cases with few 

errors. The data suggest that this metric should not be used to assess the impact of 

iterative reconstruction on low-contrast detectability. 

As opposed to CNR and CNRA, the NPW family of models (NPW, NPWE, 

NPWi, and NPWEi) yielded a strong correlation with humans and they were reasonable 

in characterizing FBP and ADMIRE images. Also, the error bars were small with the 

given number of image realizations. Among them, the NPWEi model had the strongest 

observed correlation among all the models (R2 = 0.775) due to the facts that (1) it 

incorporated the eye filter, which attempts to weight the data by spatial frequencies for 

which the human observers are most sensitive, and (2) it incorporated internal noise, 

which attempts to model inconsistencies in the human perception of signals. Despite 

these encouraging results, the measurement of NPW model performance in the Fourier 

domain relies on some assumptions about the imaging system (quasi-linearity) and the 
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noise statistics (stationarity). Under the conditions used in this study (uniform 

background with a signal-known-exactly task), those assumptions appear to be valid. 

For more complicated detection tasks, such as if the signal is only known statistically or 

if the background is inhomogeneous, those assumptions should be revisited. 

The CHO model demonstrated a strong correlation with human performance (R2 

= 0.720) and this correlation was further improved by incorporating internal noise in the 

CHOi model (R2 = 0.750). Also, these models properly assessed FBP and ADMIRE 

images as demonstrated by large errors of the linear discriminators on the regression 

plots (E = 0.4 and 0.45 for CHO, and CHOi, respectively). The downside of these models 

is the relatively large magnitude of the error bars for the number of images used 

(approximately 5-8% on average). This implies that for this number of images, it would 

be difficult to precisely assess different conditions with a difference in human 

performance of less than 5%. Thus, despite the overall strong correlation of the CHOi 

model with human observers, it may not be practical to acquire the relatively large 

ensemble of images needed to apply this model, especially when attempting to optimize 

a clinical protocol over a large parameter space (e.g., dose, reconstruction algorithm, 

kernel, slice thickness, etc). The major advantage of the CHO and CHOi models is that 

they do not assume a linear system or stationary noise statistics. Thus they can 

confidently be used for more complicated detection tasks (i.e., inhomogeneous 

backgrounds) with highly nonlinear systems, provided that a sufficiently large number 
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of images can be made avaiable. Unfortunately, acquiring a large number of image 

realizations is not always feasible when assessing commercial CT systems, and 

simulation techniques, while extremely valuable, can not always properly simulate 

proprietary components of a commercial system (e.g., tube current modulation, beam 

hardening corrections, reconstruction algorithms, etc). 

Some limitations of this study should be acknowledged. First, the task examined 

was relatively simple with a uniform background and geometric 2D signals under the 

signal known exactly paradigm. Real clinical tasks deviate from this simplistic paradigm 

in several ways, including the fact that patients are not uniform, lesions can have 

complex 3D shapes, and the radiologists need to perform a visual search when making a 

diagnosis. Future work will be focused on updating this methodology to make it more 

clinically realistic. Second, only one dose level was considered and thus it was not 

possible to assess if each observer model properly characterized the effects of changing 

dose. Third, the human detection data was relatively noisy (i.e., large error bars). This is 

due to the fact that a limited number of trials (15) were performed for each condition. 

Ideally, many more trials would be used to minimize intra-observer variability. 

However, as stated in the introduction, the data used for this study represents a subset 

of data from a previous study (see Section 2.2). In that previous study, a larger image 

parameter space was considered (compared to this current study). Because of this, the 
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perception experiments done in that previous study were limited by the total number of 

images that could reasonably be shown to the observers. 

2.3.5 Conclusions 

The findings of this study imply that the NPW, and CHO families of observer 

models provide strong correlation with human observer performance and correctly 

characterize the differences in image quality of FBP and iteratively reconstructed images 

across lesions of varying size and contrast in uniform backgrounds. These models could 

be used to help optimize CT scan protocols in terms of low-contrast detectability. 

3. Image quality assessment with textured phantoms 
Section 2 demonstrated a phantom platform and corresponding analysis 

technique to characterize CT image quality. However, thus far, all the studies in Section 

2 utilized relatively simple geometric phantoms with uniform backgrounds. Although 

the data derived from such phantoms provide a good first-order characterization of 

system image quality, it is possible that in some cases, they may be unable to properly 

characterize certain nuanced aspects of image quality due to their oversimplified nature 

(i.e., patients are clearly not uniform). The overall aim of this section was to first 

determine if background texture matters for image quality assessment, then investigate 

what impact background texture has on quantum noise in FBP and iteratively 

reconstructed images, and finally to design anatomically informed textured phantoms 
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with corresponding observer model analysis techniques and derive image quality 

metrics from such phantoms. 

3.1 Does background texture affect image quality? 

This preliminary study investigated how background texture affected the 

performance of an iterative reconstruction algorithm in terms of noise reduction. This 

study was presented at the 2013 SPIE Medical Imaging conference under the title “Are 

Uniform Phantoms Sufficient to Characterize the Performance of Iterative 

Reconstruction in CT?” Therefore, the figures, tables and much of the text below are 

reproduced from that proceedings (Solomon and Samei, 2013).  

3.1.1 Introduction 

In the context of this dissertation, background texture is to be interpreted as the 

seemingly random pixel value fluctuations in an image that are due to actual signal from 

anatomical structures. Although these fluctuations may appear random to an observer, 

they are actually deterministic signals in the sense that over an ensemble of 

independently acquired images of the same patient, the fluctuations remain constant. 

This is different from the purely stochastic nature of quantum noise which results in 

different random values with each image acquisition. Quantum noise is a property of 

the imaging system while texture is a property of the object being imaged. For some 

imaging tasks, the anatomical background texture can distract the observer from 

features of interest. It can also pose as features of interest, leading to diagnostic errors. In 
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these scenarios, the texture is referred to as anatomical noise or nuisance parameters in 

the literature (Gang et al., 2011; Whitaker et al., 2008). A common example where texture 

could be considered anatomical noise is in chest CT imaging where the radiologist is 

looking for nodules among the complex background of lung vasculature and 

parenchyma (Figure 30). 

 

Figure 30. Example of a chest CT image with a (likely malignant) lung nodule. The 
complex background texture of the lung vasculature and parenchyma can make 
detecting such nodules difficult, especially when radiologist needs to inspect the 
entire lung volume. 
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Although image texture and quantum noise are considered separate phenomena, 

the non-linear nature of iterative reconstruction algorithms implies that there is a 

possible interaction between the two. Therefore, the purpose of this study was to 

investigate this potential interaction by comparing noise properties as measured in 

textured backgrounds with noise properties as measured in a uniform background for 

commercially available FBP and iterative reconstruction (IR) algorithms. 

3.1.2 Materials and methods 

A cylindrical phantom with three sections representing three background types 

(Figure 31) was imaged on a Siemens SOMATOM Definition Flash CT scanner (Siemens 

Healthcare, Germany). The first section was filled with water representing a uniform 

background. The second section was filled with a water-soaked sponge representing a 

finely textured background. The third section was filled with water and acrylic spheres 

of varying sizes (~3-15 mm) representing a grossly textured background. The phantom 

was imaged using sequential (axial) mode, at 120 kVp, with a 128x0.6 detector 

configuration, and at seven tube current-time product (i.e., dose) levels (10, 20, 30, 40, 50, 

100, 150 mAs respectively). All acquisitions were repeated for image subtraction 

purposes. For each acquisition, images were reconstructed with FBP (B30f) and 

Sinogram Affirmed Iterative Reconstruction (SAFIRE5, I30f) algorithms with a 

reconstructed field of view (FOV) of 110 mm and a slice thickness of 0.6 mm. 
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Figure 31. Diagram of the textured phantom. 

 Respective images were subtracted from each other (and divided by the square 

root of two) to remove the background texture resulting in images containing mostly 

quantum noise. For each dose level, reconstruction algorithm, and background type, 

noise properties (noise magnitude and stationarity) were measured and compared on 

the subtracted images. Noise magnitude (pixel standard deviation) was measured in a 

centrally located 128x128 pixel region of interest (ROI) and averaged over 32 slices. 

Global noise stationarity was evaluated in the uniform background images by taking 

noise measurements at 7 ROIs located at increasing distances from the center of the FOV 

(0-41 mm). Only one dose level (10 mAs) was evaluated for stationarity. Finally, for the 

grossly textured images, pixel noise in the acrylic sphere regions was compared to that 

in water regions. A threshold technique was used to measure pixel noise separately in 
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these respective regions (Figure 32). The procedure was performed on FBP and IR 

images and is a measure of the local noise stationarity. 

 

Figure 32. Example of an image slice of the acrylic sphere section of the phantom with 
the corresponding acrylic and water masks. These masks (created via threshold) were 
used to measure pixel noise in different regions of the image. Note that the masks 
were created from the original (unsubtracted) images but the noise measurements 
were made on the subtracted images. 

3.1.3 Results 

Figure 33 shows original and subtracted images of each section of the phantom 

for FBP and IR images at the 40 mAs dose level. The following subsections show the 

measured noise properties (magnitude, stationarity, and object dependence) for both 

reconstruction algorithms across background types. 
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Figure 33. Collage of original and subtracted images from each section of the phantom 
for FBP and IR reconstructions. 

3.1.3.1 Noise magnitude 

For FBP images, noise magnitude was similar across all background textures 

(coefficient of variation was 2.8 ±0.4%). For IR images, noise was dependent on the 

background texture with a 25 ±4% and 44 ±5% noise increase in the sponge and acrylic 

sections of the phantom respectively compared to the uniform water section. Noise was 

lower in IR images compared to FBP at all dose levels and for all background types 

(Figure 34). However, the aforementioned background dependence of noise in IR images 

implied that noise reduction gained from using IR was also background dependent 

(Figure 35). The IR algorithm reduced noise by an average of 66 ±1%, 47 ±3%, and 29 

±4% in uniform, finely textured, and grossly textured backgrounds, respectively, 

compared to FBP. 
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Figure 34. Noise magnitude vs. tube current-time product (mAs) for FBP and IR 
images and for all background types. 
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Figure 35. Bar plot showing the percent reduction in noise from using IR across dose 
levels and for the three background types. 

3.1.3.2 Global stationarity 

The stationarity of noise in IR images was comparable to FBP. For both FBP and 

IR images, noise decreased with increasing distance from the center of the FOV (Figure 

36). Noise was 4 HU (20%) and 3 HU (29%) lower at the most peripheral ROI in FBP and 

IR images, respectively. 
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Figure 36. Plot of noise as a function of distance from the center of the FOV measured 
in the uniform water section of the phantom at the 10 mAs dose level. 

3.1.3.3 Local stationarity 

For IR images with gross texture, there was a visible difference in noise between 

the acrylic sphere and water regions (Figure 37). Noise magnitude was 29 ±4% lower in 

acrylic sphere regions compared to water regions in the same slice. For FBP images, 

there were negligible differences between acrylic sphere and water regions in terms of 

noise magnitude (Figure 38). 
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Figure 37. Original and subtracted images of the grossly textured section of the 
phantom for FBP and IR. Note the noise pattern in the IR subtracted image where 
sphere regions clearly had different noise characteristics than non-sphere regions. 
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Figure 38. Bar plot showing the difference in noise magnitude between the acrylic 
sphere regions and the background water regions for IR images. For FBP images, 
noise was almost identical in these two regions. 

3.1.4 Conclusions 

Based on the data we concluded that background texture does indeed affect 

quantum noise properties and, by extension, image quality. The observed differences in 

noise characteristics between FBP and IR (SAFIRE5) for uniform background images is 

consistent with previous studies (Chen et al., 2012b); namely, that noise is reduced by 

about 60%. However, the data from this study show that quantum noise is not reduced 

as much when measured in non-uniform backgrounds. This implies that using only 

uniform phantoms to measure noise properties may overstate the realistic dose 

reduction potential of IR algorithms. Further, the non-linear nature of this IR algorithm 

resulted in a visibly perceivable locally non-stationarty noise pattern. This feature of IR 
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merits further study to determine the robustness of image quality metrics in terms of 

this dependency. 

3.2 Quantum noise properties in textured phantoms 

Building on the results of the previous study, it is clear that background texture 

can play an important role in affecting image quality. This study further investigates this 

dependency with more realistic textured phantoms and was published in Medical 

Physics under the title “Quantum noise properties of CT images with anatomical 

textured backgrounds across reconstruction algorithms: FBP and SAFIRE” (Solomon 

and Samei, 2014b). Also included below is a subset of data from another Medical Physics 

publication titled “Characteristic image quality of a third generation dual-source 

MDCT scanner: noise, resolution, and detectability” (Solomon et al., 2015b). Therefore, 

the figures, tables and much of the text below are reproduced from those publications. 

All SAFIRE data is from the former publication while ADMIRE data is from the latter. 

3.2.1 Introduction 

As stated in section 1.2.6.2, the gold standard of assessing image quality is a 

clinical trial that directly measures the ability of a radiologist (or computer algorithm) to 

perform a clinical task (e.g., detection). However, for the purposes of optimization 

where many imaging parameters are investigated, such clinical trials are practically 

impossible to perform. Because of this, there is a need to improve the realism and 

quality of phantom-based studies.  
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One major limitation of most current phantom-based methods is the unrealistic 

nature of the phantoms. In light of the findings in section 3.1, the uniform backgrounds 

in most phantoms render them less than ideal for assessing image quality of iterative 

reconstruction algorithms. Actual patient images are clearly not uniform and contain 

detailed anatomical features and textures. These background anatomical textures can 

influence image quality, both because the presence of anatomical texture affects observer 

performance (Bochud et al., 1999b; Eckstein et al., 2000; Huda et al., 2006), and because 

the presence of anatomical texture can influence physical image properties such as 

resolution (Fessler and Rogers, 1996; Richard et al., 2012; Stayman and Fessler, 2000) and 

quantum noise (Solomon and Samei, 2013). This complex relationship between 

anatomical variability and image quality cannot be accounted for in phantom studies 

that rely on simple uniform phantoms and thus the clinical relevance of such studies is 

questionable (Goodenough and Weaver, 1984). Therefore, there is a need to develop 

anatomically informed textured phantoms in order to characterize the complex 

relationship between anatomical variability and image quality for IR algorithms. 

The purpose of this study was to design and build such textured phantoms and 

to demonstrate their utility by assessing the quantum noise properties of two 

reconstruction algorithms: FBP and a commercially available IR algorithm from Siemens 

Healthcare called sinogram affirmed iterative reconstruction (SAFIRE). 
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3.2.2 Materials and methods 

Two separate phantom sections were designed to represent lung and soft-tissue 

texture. Both sections were designed as supplemental modules to the Mercury phantom 

platform. The phantoms were first designed virtually and then fabricated using rapid 

prototyping (i.e., 3D printing). The proceeding sections describe a brief overview of the 

3D printing technology used, the design of the lung phantom, the design of the soft-

tissue phantom, and an experiment in which the textured phantoms were utilized to 

assess the quantum noise properties of FBP and SAFIRE images. 

3.2.2.1 3D printing 

3D printing is a rapidly evolving technology that allows for the fabrication of 

complex three-dimensional and multi-material objects. Analogous to how a traditional 

printer creates physical documents from virtual documents; a 3D printer creates 

physical objects based on virtual computer models. 3D printers usually work by 

depositing plastic resins layer upon layer onto a platform to build the desired 3D object. 

This technology is finding applications in various areas of medicine including surgical 

planning (Rengier et al., 2010), component manufacturing for X-ray imaging systems 

(Miller et al., 2011), phantom production (Kiarashi et al., 2013; Nguyen et al., 2012), and 

even printing real biological tissues (Mironov et al., 2003). 

A multi-material printer (Objet Connex, Stratasys Ltd.) was used for this study. 

This printer is able to mix two base materials (plastic resins) in various proportions 
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during the print in order to achieve an effective number of up to 14 materials in a single 

printed object. This functionality is desirable for designing CT phantoms because each 

printed material has unique X-ray attenuation properties. Thus it is possible to print 

phantoms with intricate textures and variations that mimic those of actual tissues. This 

printer can also accurately create objects within tolerances (20-85 µm) that are smaller 

than the typical resolution of a clinical CT system. This makes it possible to fabricate an 

intricate textured phantom with known ground truth with a tolerance that is 

appropriate for testing a CT system. To print a multi-material 3D object on this system it 

is necessary to specify the geometry of each material via a polygon mesh file (e.g., a 

stereolithography file). The steps followed to create these mesh files for each phantom 

will be described with greater detail in the proceeding sections.  

 The materials for phantom construction were chosen according to the desired X-

ray attenuation properties of the phantom. The X-ray attenuation properties of the 

printing materials were empirically measured. Small samples representing many of the 

available plastics were imaged at 80, 100, 120, and 140 kVp on a clinical CT system 

(Discovery 750HD, GE Healthcare). Regions of interest were drawn within the sample 

images to get mean Hounsfield unit (HU) values for each plastic type at each kVp. These 

HU measurements served as the basis of deciding which materials to use for fabricating 

the lung and soft-tissue phantoms. 
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3.2.2.2 Lung phantom 

The lung texture section consisted of a cylindrical disk shell 165 mm in diameter 

and 30 mm in length with a 30 mm hole down the center (Figure 39). The shell interior 

was designed to have an intricate network of vessel-like structures modeled using a 

recursive tree-growing algorithm developed for this project. The algorithm first placed 

starting seeds at random locations (uniformly distributed) on the inner shell wall. For 

each seed, a vessel tree was grown with six subdivisions. The algorithm created a binary 

tree by adding two new vessel branches at each endpoint. This process was repeated 

until the chosen number of subdivisions is achieved. Thus, a tree with n subdivisions 

had 2n+1-2 vessel branches. The length and diameter of each new vessel branch was 

chosen randomly according to a uniform distribution between 13-18 mm and 2-2.5 mm 

for the length and diameter, respectively. The direction of each new segment was also 

chosen at random but was constrained to be within a 45° angle of the parent branch. The 

tree growing process, illustrated in Figure 40, was implemented in MATLAB (vR2013a, 

Mathworks, Natick, MA). 
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Figure 39. A 3D rendering (left) of the lung phantom design. Each color in the 
rendering corresponds to a different material. The outer shell and lesions (blue) were 
printed with the VeroWhite material while the vessels (red) were printed with 
DurusWhite. The image (right) shows the actual printed phantom. 

 

Figure 40. Illustration of how the tree-growing algorithm generates a vessel tree from 
a seed point. Each frame shows a skeletonized representation of the tree after a given 
number of subdivisions. 
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The output of the tree-growing algorithm was a collection of tree data structures 

that specified the locations, directions, lengths, and diameters of every vessel branch. 

The data structures were used to create a polygon mesh representation of the vessel 

trees using a 3D graphics software package (MeVisLab, MeVis Medical Solutions, 

Brehmen, Germany). The tree-growing algorithm allowed for overlapping branches 

from different seed points. When the meshes were created, any overlapping vessels 

were merged, resulting in an additional node at the intersection point. The polygon 

meshes were then trimmed to fit within the phantom shell using 3D modeling software 

(Rhinoceros, McNeel North America, Seattle, WA). Further, 12 nodules (four spherical, 

four spiculated, and four lobulated) were virtually inserted into the phantom model. 

The shape of the lobulated nodules were based on earlier work in designing realistic 

virtual lesions (Solomon and Samei, 2014a). Finally, the model was exported in mesh 

format (.stl) for 3D printing. Two materials were used, one for the outer shell and lesions 

(VeroWhite), and one for the vessels (DurusWhite). 

3.2.2.3 Soft-tissue phantom 

The soft-tissue texture section was designed as a solid disk volume with the same 

dimensions as the lung section (Figure 41). Fatty soft-tissue texture was targeted for this 

section of the phantom based on “clustered lumpy backgrounds” (Bochud et al., 1999a), 

a statistically defined image construct that has been used by perception scientists to 

model anatomical backgrounds. 
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For this study, a 3D clustered lumpy background image volume was synthesized 

(using a MATLAB script) as demonstrated in Figure 42. The image volume was defined 

as the sum of a collection of anisotropic 3D exponential functions as 

 𝐼 𝑥 = exp	 −𝛼 𝑹𝒊(�kÎä ¨

𝑹𝒊åc , (3.2.2.3.a) 

where 𝑥 denotes a 3D spatial coordinate (i.e., 𝑥 = [𝑥, 𝑦, 𝑧]), 𝑐c is the center of the ith 

exponential, 𝑹𝒊 is the rotation matrix of the ith exponential, 𝐿 is the characteristic length 

of the exponential in each direction (i.e., 𝐿 = [𝐿�, 𝐿�, 𝐿è]), and 𝛼 and 𝛽 are adjustable 

coefficients that affect the shape of the exponential as described by Bochud et al.(Bochud 

et al., 1999a) For this study, 𝛼 was taken as 0.5, 𝛽 was 2.0, and 𝐿 was 20 mm, 30 mm, and 

40 mm in the x, y, and z direction respectively. Note that the use of the rotation matrix, 

𝑹𝒊, in Equation 1 implies that the characteristic lengths, 𝐿, correspond to the 

characteristic lengths in a transformed coordinate system. Thus each exponential 

function has a unique orientation. The locations and orientations of the exponential 

functions were randomly assigned as follows: First, a random number of seed points 

(Poisson distribution with mean of 500, Figure 42a-red dots) were randomly placed 

(uniform distribution) throughout a 3D volume (165x165x30 mm box). Second, for each 

seed point, a random number of sub-points (Poisson distribution with mean of 10, 

Figure 42a-blue dots) were randomly placed (normal distribution) about each seed 

point. Each sub-point was randomly assigned an orientation vector (uniform 

distribution) that was then translated into a rotation matrix (𝑹𝒊). The final synthesized 
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image volume (Figure 42b) was taken as the sum over all exponential functions located 

at these sub-points using an isotropic voxel size of 1 mm. From this synthesized image 

volume, five mesh volumes (Figure 42c) were created by calculating a series of 

concentric isosurfaces using MATLAB’s isosurface() function. The mesh volumes were 

then trimmed to fit within the phantom dimensions using the Rhinoceros 3D modeling 

software package. Twelve low-contrast lesions (eight spherical and four 

anthropomorphic) similar to those in the lung texture phantom were incorporated into 

the model. The mesh volumes were then exported for 3D printing such that each volume 

was printed with a different material. A total of six materials were used to print this 

phantom section. Figure 41 shows the final design and materials used. 

 

Figure 41. A 3D rendering (left) of the soft-tissue phantom design. Each color in the 
rendering corresponds to a different material. The main body of the phantom was 
printed with the VeroWhite, DM8430, DM8425, DM9795, and DM9785 materials as 
indicated. The embedded lesions were printed with Tango-plus. The image (right) 
shows the actual printed phantom. 
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Figure 42. An illustration showing how a clustered lumpy background in synthesized 
and used as the basis of mesh volumes, shown in 3D (left) and 2D (right). First the 
locations and orientations of each exponential function are randomly chosen (a). Next, 
the image volume is synthesized as the sum of over all exponential functions (b). 
Finally, the mesh volumes are created by calculating a series of concentric isosurfaces 
from the image volume (c). 

3.2.2.4 Quantum noise assessment 

In order to demonstrate the utility of the textured phantoms, an experiment was 

designed to assess the noise properties of anatomically textured CT images 
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reconstructed with FBP and IR. Both textured phantoms, along with a uniform phantom 

of similar size, were imaged in axial mode on two clinical multi-detector row CT 

systems (SOMATOM Definition Flash and SOMATOM Definition Force, Siemens 

Healthcare) operating at 120 kVp tube potential. On the Flash scanner, all acquisitions 

were repeated 50 times and images were reconstructed with FBP and SAFIRE at 0.6 mm 

slice thickness using the B31s and I31s kernels, respectively. On the Force scanner, 20 

repeated acquisitions were completed and images were reconstructed with FBP and 

ADMIRE (strengths 3-5) using the Bf44 kernel. The reconstructed images, 𝐼 𝑥 , can be 

characterized as the sum of a deterministic component, 𝜇 𝑥 , and a zero-mean random 

noise component, 𝑁 𝑥 , as 

 𝐼 𝑥 = 𝜇 𝑥 + 𝑁 𝑥  , (3.2.2.4.a) 

where 𝑥 is a multi-dimensional spatial coordinate vector (i.e., 𝑥 = [𝑥, 𝑦]). Noise 

magnitude, 𝜎 𝑥 , was defined as the standard deviation of 𝑁 𝑥  across the ensemble of 

repeated acquisitions (note that 𝑆𝑇𝐷 𝑁 𝑥 = 𝑆𝑇𝐷 𝐼 𝑥 ). This definition allows for an 

assessment of noise magnitude on a voxel by voxel basis resulting in spatial maps of 

𝜎 𝑥 . Further, by comparing 𝜎 𝑥  between FBP and IR images, it is possible to compute 

noise reduction maps, 𝜎�éu 𝑥 , defined as the relative difference in noise magnitude 

between FBP and IR as 

 𝜎�éu 𝑥 = êëìí î ïêðñ î
êëìí î  . (3.2.2.4.b) 
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The noise magnitude maps, 𝜎 𝑥 , were generated for each reconstruction 

algorithm and background type and were visually assessed to determine noise 

stationarity. These noise magnitude maps were then used to generate corresponding 

noise reduction maps, 𝜎�éu 𝑥 , for each background type. Also, histograms of 𝜎 𝑥  and 

𝜎�éu 𝑥  were generated in order to assess the distribution of noise magnitude and noise 

reduction across background types. On the Force scanner only, for the noise histograms 

that were observed to be bimodal, the absolute peak separation and the noise 

inhomogeneity index (defined as the relative peak separation divided by the relative 

height difference in the peaks) were used to characterize the noise inhomogeneity. 

The noise power spectrum (NPS) is defined as the Fourier transform of the 

autocorrelation of 𝑁 𝑥  and describes the spatial frequency content of the noise. This 

definition assumes that 𝑁 𝑥  is at least wide-sense stationary. A random process is 

considered wide-sense stationary if its first order statistics (e.g., mean and variance) are 

constant (i.e., spatially uniform), and if its second order statistics (e.g., autocorrelation) 

depend only on the distance between voxels, as opposed to their absolute positions. In 

general, CT noise is actually non-stationary but is often assumed to be locally stationary 

within a small region of interest (ROI) in a uniform background. This assumption is 

generally valid for linear reconstruction algorithms (e.g., FBP) but may not be valid for 

non-linear IR algorithms that can exhibit highly non-stationary noise when anatomical 

backgrounds are present. 



 

154 

Traditional methods to estimate the NPS involve directly taking the Fourier 

transform of a square ROI from a uniform region of the phantom (or from a subtracted 

image) (Solomon et al., 2012). Due to the possibility of non-stationary noise, it was 

necessary to develop a new method to estimate NPS for arbitrarily shaped ROIs 

containing only pixels that have similar noise statistics. This method works by first 

estimating the noise autocorrelation, 𝑅\, for a given arbitrarily shaped ROI, and then 

taking the Fourier transform of 𝑅\. An algorithm to estimate 𝑅\ for an arbitrarily 

shaped ROI is given in the next section. 

The NPS for a given ROI was calculated as 

 𝑁𝑃𝑆 𝑢 = 𝑣� ∙ ℱ 𝑅\(Δ𝑥)  , (3.2.2.4.c) 

where 𝑢 is a spatial frequency vector, 𝑣� is the voxel (pixel) volume (area), Δ𝑥 denotes 

the distance between two voxels, and ℱ[]  denotes the magnitude of the discrete Fourier 

Transform. Although this method allows for the NPS estimation of arbitrary dimension, 

in this study, only 2D NPS was considered (i.e., 𝑥 = 𝑥, 𝑦 , 𝑢 = [𝑢, 𝑣], and 𝑣� denotes the 

pixel area) 

2D NPS were estimated for a single image slice in both FBP and SAFIRE across 

the three background types and averaged across the ensemble of 50 repeated 

acquisitions. For images that exhibited locally stationary noise, only a single NPS was 

estimated using a ring shaped ROI with an inner radius of 50 pixels and outer radius of 

140 pixels, centered in the image field of view. For images that exhibited locally non-
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stationary noise, the ROI was further divided into two sub-ROIs corresponding to low 

and high noise regions. Further, radially averaged versions of the 2D spectra were 

generated using a standard radial binning technique (Solomon et al., 2012). The process 

to generate two NPS curves (low-noise and high-noise) for a single image with locally 

non-stationary noise is shown in Figure 43. Note that this NPS analysis was only 

completed on the Flash images. 
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Figure 43. An illustration showing the process of estimating low-noise and high-noise 
NPS curves for images with locally non-stationary noise. First, the deterministic 
signal was removed from the image, 𝐈(𝐱), by subtracting the ensemble mean image, 
𝛍(𝐱), resulting in the zero mean noise image, 𝐍(𝐱). Next an ROI, 𝐍′(𝐱) was extracted 
by multiplying the noise image by a ring shaped binary mask, 𝐌(𝐱) (inner radius of 
40 pixels, outer radius of 140 pixels). Concurrently, a histogram of the noise 
magnitude image, 𝛔(𝐱), was generated. Based on this histogram, a threshold was used 
to segment the image into low and high noise regions. All pixels with noise less than 
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the threshold were labeled as low noise and similarly, all pixels with noise greater 
than the threshold were labeled as high noise. This step ensures that the NPS was 
computed only within regions that have similar noise statistics, thus adhering to the 
assumption of noise stationarity within that region. The result of the segmentation 
was two binary masks corresponding to low and high noise regions, 𝐌(𝐱)𝐋𝐨𝐰 and 
𝐌(𝐱)𝐇𝐢𝐠𝐡 respectively. The masks were multiplied by the noise ROI, 𝐍′(𝐱), to achieve 
two sub-ROIs, 𝐍(𝐱)𝐋𝐨𝐰 and 𝐍(𝐱)𝐇𝐢𝐠𝐡. Finally, the NPS for each sub-ROI were 
computed by estimating the autocorrelation (see appendix), taking the Fourier 
Transform, and then radially binning. 

3.2.2.5 Autocorrelation algorithm 

Consider 𝑁(𝑥, 𝑦), a 2D zero-mean noise image. 𝑁(𝑥, 𝑦) could represent an entire 

CT image (with the signal removed) or a square ROI taken from the CT image. The noise 

autocorrelation, 𝑅\ 𝑥e, 𝑦e; 𝑥h, 𝑦h  is defined as the expected (i.e., average) correlation 

between pixels at locations (𝑥e, 𝑦e) and (𝑥h, 𝑦h) as 

 𝑅\ 𝑥e, 𝑦e; 𝑥h, 𝑦h = 𝐸 𝑁(𝑥e, 𝑦e) ∙ 𝑁(𝑥h, 𝑦h) , (3.2.2.5.a) 

where 𝐸[] is the expectation operator. By assuming that 𝑁 𝑥, 𝑦  is wide-sense 

stationary, the noise autocorrelation becomes a function of only the distance between two 

voxels in the x and y directions (i.e., 𝑅\ 𝑥e, 𝑦e; 𝑥h, 𝑦h → 𝑅\ Δx, ∆y ). Given 𝑁(𝑥, 𝑦), the 

autocorrelation is estimated by first computing the sum cross-correlation, 𝑅\»rô Δx, ∆y , 

between 𝑁(𝑥, 𝑦) and a copy of itself for all lag positions,		Δx and ∆y. This process is 

illustrated in Figure 44. Mathematically, the sum correlation for a PxP image is given as  

 𝑅\»rô Δx, ∆y = 𝑁(𝑥, 𝑦) ∙ 𝑁(𝑥 −]ke
�dp

]ke
�dp Δx, y − ∆y). (3.2.2.5.b) 



 

158 

Note that the size of the resulting sum correlation is 2P-1. The final average 

correlation is computed by dividing the sum correlation by the number of pixels, 

𝑛(Δx, ∆y), that contributed to 𝑅\»rô Δx, ∆y  as 

 𝑅\ Δx, ∆y = �ö·÷ø ùú,∆û
ü(ùú,∆û)

. (3.2.2.5.c) 

Normally, if 𝑁(𝑥, 𝑦) is truly wide-sense stationary, it would be desirable to use 

all available pixels to estimate 𝑅\ in order to minimize statistical uncertainty. In this 

case, 𝑛(Δx, ∆y) is given as the area of the overlapping region for a given lag position (see 

gray area in Figure 44). 

 

Figure 44. Illustration showing how the sum autocorrelation, 𝑹𝑵𝒔𝒖𝒎 𝚫𝐱, ∆𝐲 , is 
calculated. A copy of the noise image, 𝑵(𝒙, 𝒚), is overlaid onto the original for a given 
lag (𝚫𝐱, ∆𝐲). Overlapping (gray area) pixels are multiplied, and the result is summed 
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over all overlapping pixels. This sum represents one value in the autocorrelation. The 
process is repeated for all lag positions. 

In certain cases, it is desirable to estimate the autocorrelation for an arbitrarily 

shaped ROI within 𝑁(𝑥, 𝑦) (Figure 45). Let the ROI be defined by a binary mask image, 

𝑀(𝑥, 𝑦) that has a value of 1 for pixels within the ROI and 0 for pixels not within the 

ROI. The first step is to multiply 𝑁(𝑥, 𝑦) by 𝑀(𝑥, 𝑦) (pixel-wise) to get the masked image, 

𝑁′(𝑥, 𝑦). This has the effect of setting all values outside of the ROI to 0. Next, the sum 

correlation, 𝑅\þ»rô Δx, ∆y  is computed for the masked image. In this way, the pixels 

that were not within the ROI do not contribute to the sum. Next, it is necessary to 

compute the number of pixels that did contribute to the sum for each lag position, 

denoted 𝑛′(Δx, ∆y). This can be accomplished by computing the sum correlation of 

𝑀(𝑥, 𝑦) as 

 𝑛g Δx, ∆y = 𝑅ÿ»rô Δx, ∆y = 𝑀(𝑥, 𝑦) ∙]ke
�dp

]ke
�dp

𝑀(𝑥 −Δx, y − ∆y). 

(3.2.2.5.d) 

The final autocorrelation within the ROI, 𝑅\g is given by 

 𝑅\g Δx, ∆y = �öþ·÷ø ùú,∆û
�!·÷ø ùú,∆û

. (3.2.2.5.e) 

 

Note that depending on the size and shape of the ROI relative to the size of 

𝑁(𝑥, 𝑦), it is possible that 𝑛g Δx, ∆y  is zero for certain values of Δx and ∆y. This results in 

a division by zero in Equation 3.2.2.5.e and can be interpreted as not having any two 

pixels in the ROI at that given lag distance from each other. Generally this only happens 
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for large Δx and ∆y and when implementing this technique, it is necessary to crop the 

resulting autocorrelation function to the maximum lag distance at which 𝑛g Δx, ∆y  is 

non-zero. In this study, the estimated autocorrelation functions were all cropped to 

represent a maximum lag distance of ±128 pixels both the x and y directions. Also, in 

this study, an ensemble of 50 noise realizations was acquired. The autocorrelation was 

estimated for each realization and the final autocorrelation was taken as the average 

across the ensemble. 

 

Figure 45. Illustration of how the autocorrelation, 𝑹𝑵g 𝜟𝒙, ∆𝒚 , is computed for an 
arbitrarily shaped ROI, 𝑴(𝒙, 𝒚) as described in the text. Note that X denotes pixel-
wise multiplication, ÷ denotes pixel-wise division, and R denotes the sum 
autocorrelation operation (see Figure 44). 

3.2.3 Results 

The attenuation measurements for various materials are shown in Figure 46. The 

measurements ranged from approximately 20 to 95 HU overall. For a given material, the 
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HU values consistently increased as kVp increased by an average of approximately 30 

HU between 80 kVp and 140 kVp. 

 

Figure 46. Attenuation measurements of various materials used by the 3D printer for 
several kVp settings. 
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3.2.3.1 Flash scanner 

CT images and noise-only images of each phantom section are shown in Figure 

47 for each reconstruction algorithm. The noise magnitude maps and corresponding 

histograms are shown in Figure 48. For FBP images, noise was globally non-stationary 

but locally stationary in all background types. For IR images, noise was both globally 

and locally non-stationary, especially in the lung phantom images. For FBP, the noise 

magnitude histograms demonstrated unimodal (i.e., single peaked) distributions of 

noise magnitude with mean values of 18 HU, 20 HU, and 15 HU in the uniform, soft-

tissue, and lung phantom, respectively. For IR, these distributions appeared bimodal 

with low (high) peaks corresponding to noise magnitude of 7 (16) HU, 8 (15) HU, and 6 

(15) HU in the uniform, soft-tissue, and lung phantom, respectively. The noise reduction 

maps and corresponding histograms are shown in Figure 49. These images demonstrate 

the spatial dependence on noise reduction and show how, in general, noise is reduced 

less for pixels near edges compared to pixels in uniform regions. For all background 

types, the majority of pixels showed a noise reduction of 60%, as demonstrated by the 

peaks in the noise reduction histograms. However, the textured phantoms had some 

pixels that did not benefit with as much noise reduction, again corresponding to the 

pixels on the edges. 
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Figure 47. (a) CT images and (b) noise images of the uniform, soft-tissue, and lung 
phantoms for FBP and IR. The noise images represent one realization of 𝑵 𝒙  and 
were found by subtracting the mean signal (averaged over the ensemble of repeated 
acquisitions). 
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Figure 48. Noise magnitude maps and corresponding noise magnitude histograms 
from a single CT slice for each background type and reconstruction algorithm. Noise 
magnitude was defined as the standard deviation of pixel values across the ensemble 
of 50 repeated acquisitions. 
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Figure 49. Noise reduction maps and corresponding noise reduction histograms from 
a single CT slice for each background type. Noise reduction is defined as the relative 
difference of noise magnitude between FBP and IR. 

The radially averaged NPS curves are shown in Figure 50 for each background 

type and for FBP and IR images. Note that two NPS curves (denoted Lung-High and 

Lung-Low) were estimated from the lung IR images. This is because the lung IR images 

exhibited highly non-stationary noise that could be divided into two distinct ROIs 

corresponding to the two peaks of the noise magnitude histogram shown in Figure 48. A 

noise threshold of 10 HU was used to segment high-noise from low-noise pixels (see 

Figure 43). In general, the spectra from the IR images were shifted towards lower 

frequencies compared to FBP. However, the Lung-High spectrum did not appear as 

shifted as the other IR spectra. 
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Figure 50. NPS curves for all background types for FBP (solid lines) and IR (dotted 
lines). The red regions on the images represent the ROIs used to measure each NPS. 

3.2.3.2 Force scanner 

The spatial distribution of noise varied for each background type and 

reconstruction algorithm (Fig. 51). For the uniform section, the distribution was 

consistent with the known non-stationarity in CT noise. That is, the noise tended to 

slowly decrease towards the periphery of uniform phantoms. The phenomenon was 

observed for all reconstruction algorithms in the uniform background. The soft-tissue 
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background exhibited similar noise non-stationarity as the uniform phantom for all 

reconstruction algorithms. In both the uniform and soft-tissue backgrounds, while noise 

was globally non-stationary, it was visually stationary within any image region of 

comparatively small size. In comparison, the lung background exhibited highly non-

stationary noise for the ADMIRE algorithm, with noise positively correlated with edges 

in the image. This “edge effect” was consistent with the results from the Flash scanner 

and the SAFIRE algorithm. From the noise histogram analysis, all conditions had 

unimodal histograms, with the exception of the lung phantom for ADMIRE-4 and 

ADMIRE-5, which had bimodal histograms with noise peak separations of 4.6 and 6.5 

HU, respectively, and inhomogeneity indices of 43% and 55%, respectively. 
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Figure 51. (a) Histograms of the (b) noise maps showing the spatial distribution of 
noise magnitude for each background type and reconstruction algorithm. These noise 
maps were created by taking the standard deviation of pixel values across an 
ensemble of 20 repeated scans on the Force scanner. 
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3.2.3 Discussion 

We have demonstrated a technique to create anatomically informed textured 

phantoms for CT performance evaluation. By using 3D printing technology, we can 

create realistic inhomogeneous phantom volumes where the intricate details of the 

phantoms are known exactly. Further, we have demonstrated the utility of such 

phantoms by assessing the quantum noise properties of SAFIRE and ADMIRE in the 

context of uniform and textured backgrounds. To our knowledge, no such phantoms are 

currently available and the quantum noise properties (in the presence of anatomical 

texture) of IR algorithms have not been previously reported. 

IR algorithms control image noise via a regularization step that incorporates 

assumed prior object information into the reconstruction (Beister et al., 2012). Although 

the specific regularization schema varies greatly between different IR algorithms, the 

goal is always to reduce noise and preserve the fidelity of fine details. This paradigm 

necessitates a conservative approach to noise reduction for pixels near edges, and 

therefore, noise is not reduced as much near edges or structures.  The results of this 

study are consistent with this principle, as evidenced by the noise magnitude maps and 

noise reduction maps of the lung phantom for SAFIRE and ADMIRE images (see 

Figures 48 and 51). Because the lung phantom contains many structures, the IR 

algorithms are not able to reduce noise magnitude consistently across the entire image. 

The result of this is a highly non-stationary noise in the IR images. This demonstrates the 
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need to consider anatomical textured backgrounds when assessing IR algorithms. Using 

simple uniform phantoms may produce misleading results with respect to the dose 

reduction potential of an IR algorithm. 

The results of this study are also consistent with a recent report regarding the 

precision of nodule volume measurements in IR, where IR images exhibited nearly 

identical performance to that of FBP at the same dose (Chen et al., 2013a). This can be 

explained by the phenomenon characterized in this study. That is, the noise reduction of 

IR is severely reduced at edges, leaving performance (i.e., quantification of a nodule 

volume) comparable to FBP. 

The results of the NPS analysis are also consistent with previous reports (Ghetti 

et al., 2013), that is SAFIRE not only reduces noise magnitude but also affects the noise 

texture as is evidenced by the shift to lower frequencies for the IR spectra. However, a 

feature of SAFIRE that has not been previously reported is the fact that for highly 

textured images (such as the lung phantom images), the noise can have distinct regions 

of varying magnitude and texture. These distinct regions are visually perceivable in the 

noise images shown in Figure 47 and their distinctiveness can be confirmed by 

examining the Lung-High and Lung-Low NPS curves in Figure 50 (i.e., the Lung-High 

spectrum is not as shifted towards lower frequencies compared to the Lung-Low 

spectrum). Also, it is apparent from Figure 50 that the IR Lung-High NPS curve is quite 

noisy at low frequencies. The lowest frequencies in the NPS correspond to correlations 
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between pixels that are relatively far apart (i.e., for large lag distances in the noise 

autocorrelation). The shape of the ROI used to estimate the IR Lung-High 

autocorrelation function is very irregular as it corresponds mostly to edge pixels around 

the vessel structures. Because of the irregular shape of this ROI, there are far fewer pixel 

pairs within the ROI at large distances from each other. This means that when 

estimating the autocorrelation at large lag distances, there are fewer pixel pairs over 

which to average. This results in a noisy autocorrelation function at large lag distances 

and thus a noisy NPS for low spatial frequencies. 

The phantoms used in this study have approximately uniform attenuation across 

projection views as is evidenced by the relative uniformity of the noise magnitude maps 

for FBP (Figure 48). It is likely that for phantom geometries that have non-uniform 

attenuation across projection views (e.g., oval shaped), the resulting reconstructed 

images would exhibit increased noise non-uniformity (i.e., non-stationarity). Also, in 

low-dose CT, electronic noise could result in increased noise non-uniformity. In such 

cases, care should be taken when applying the NPS analysis techniques to ensure that 

the noise is sufficiently stationary within the ROI. Similar to the IR images of the lung 

phantom, it may be necessary to divide the image into multiple ROIs corresponding to 

varying noise levels within the image. Such measurements are highly facilitated by the 

ability to estimate the noise autocorrelation for an arbitrarily shaped ROI. Note that 

actual patient images have a much wider range of attenuating materials compared to 



 

172 

these phantoms. In such images, there may be even larger noise variability across the 

image making it difficult to use only two noise classifications such as was done in this 

work (i.e., low noise and high noise). The relevance of the estimated 

autocorrelation/NPS may be compromised for such non-stationary images. 

The experiment described in this section represents only one of many possible 

uses of the textured phantoms. Future work will explore other analysis techniques 

aimed toward task-based performance evaluation. For example, it may be possible to 

assess spatial resolution and distortion by registering the phantom images with the 

mesh files used to create the phantom (i.e., compare the images with the ground truth). 

Also, the results in this study are based on axial scans and 2D analysis techniques that 

exclude any noise correlations in the longitudinal direction.  As the methods described 

in this paper are all extendable to 3D, future work will include helical scan modes and 

3D analysis techniques. Finally, because the phantoms have embedded lesions, human 

or model observer studies could be designed. 

Although the phantoms designed for this study represent an improvement over 

simple uniform phantoms, there is still the possibility of making them more realistic in 

future iterations. Several factors related to current 3D printing technology were limiting 

for this study. First, as can be seen in Figure 46, the range of attenuation (~20 to 100 HU) 

that can be achieved from the available materials is not ideal as it would be desirable to 

mimic the range of attenuation seen in patient images (-1000 to 2000 HU). We are 
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currently exploring methods (such as including iodinated resins) to achieve a wider 

range of attenuations in the printed phantoms. Second, preparing files for multi-material 

printing is currently a cumbersome and time-consuming endeavor. This is a result of the 

need to create polygon meshes for each printed material. For solid multi-material objects 

such as the soft-tissue phantom, it is necessary that all the mesh volumes be perfectly 

registered without any gaps, holes, or overlaps in order to avoid errors in the printing 

process. Achieving very fine details with many materials while avoiding gaps, holes, 

and overlaps in the meshes is not a trivial problem. For the purposes of making textured 

phantoms, it would be desirable to input voxelized phantom files as opposed to mesh 

files. It is hoped that these limitations will be obviated as 3D printing becomes more 

advanced. 

3.2.4 Conclusions 

It is possible to create realistic textured phantoms using 3D printing technology. 

The quantum noise properties of SAFIRE and ADMIRE images were highly dependent 

on the background type (texture vs. uniform). Therefore, background anatomical texture 

should be considered when evaluating the performance of CT systems, especially if the 

system uses iterative reconstruction. 
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3.3 Implementation of observer models in textured phantoms 

Thus far it was demonstrated in the previous chapters that background texture 

can drastically alter the noise properties of CT images when non-linear iterative 

reconstruction is used. Specifically, there was a complex interaction between the noise 

and image “edges” for several iterative algorithms. However, in accordance with the 

task-based definition of image quality given in this dissertation, it was not yet shown 

how that noise-edge interaction may affect the detection performance of iterative 

algorithms when background texture is present. This next chapter describes a study in 

which the soft-tissue textured phantom is redesigned to focus on assessing low-contrast 

detectability using the observer model paradigm. The phantom was then used to 

estimate the dose reduction potential of SAFIRE. This study was presented at the 2016 

SPIE Medical Imaging conference under the title “Design, fabrication, and 

implementation of voxel-based 3D printed textured phantoms for task-based image 

quality assessment in CT.” The figures, tables and much of the text below are 

reproduced from that proceedings (Solomon et al., 2016). 

3.3.1 Introduction 

Image quality assessment plays a vital role in the design, optimization, and 

clinical implementation of new medical imaging technologies. In CT, the vast majority of 

objective task-based image quality studies are performed using simple uniform 

background phantoms with embedded low-contrast signals. The increasingly complex 
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and non-linear nature of modern clinical CT systems may render such studies less 

clinically relevant due to the fact that background anatomical features and textures can 

have a strong effect on image quality (Barrett et al., 2015; Gang et al., 2010). The effect of 

texture on image quality is manifest in two primary ways. First, background texture has 

important psychophysical influences on human image perception, especially if the 

anatomical textures have similar features to those of the signals to be detected (Eckstein 

et al., 2000). For example, although the conspicuity of lung nodules by themselves is 

usually very high, detection rates are typically lower than expected due to the presence 

of complex lung vasculature and parenchyma (i.e., distractors). Second, the presence of 

background texture can influence physical characteristics of the image such as noise and 

resolution, especially if iterative reconstruction algorithms are used. For example, 

sections 3.1 and 3.2 demonstrated highly non-stationary spatial distributions of noise for 

phantoms with lung-like texture when iterative reconstruction was used. Also studies 

have demonstrated a strong dependence of resolution on object contrast and noise for 

iterative reconstruction (Brunner and Kyprianou, 2013; Solomon et al., 2015b). 

Given these important effects on image quality from background texture, it is 

critical going forward that the phantoms and phantom-derived image quality metrics to 

be made more representative of real clinical images, especially as iterative reconstruction 

methods become more clinically prevalent. This work represents a continuation of 

previous work to develop textured phantoms using 3D printing technology. Previous 
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efforts were limited by the necessity to define the 3D printer input files as polygon 

meshes (i.e., stereolithography files). Although such a format is good for describing 3D 

surfaces, it is exceedingly limited in being able to model 3D volumes with detailed 

internal variability. Thus previous versions of the phantom contained somewhat 

oversimplified texture renditions of soft tissue. In this study, that limitation is overcome 

by developing a voxel-based input method. Also, previous versions of the soft-tissue 

textured phantom were not well suited for assessing low-contrast detectability using 

observer models due to too few signals being present and the lack of corresponding 

signal-absent regions of the phantom having identical background texture to those of 

signal-present regions. The new phantom designed for this study overcomes this 

limitation. 

The central hypothesis of this study was that if one estimates the dose reduction 

potential of a commercial iterative algorithm for low-contrast detection tasks, a textured 

phantom will provide different results compared to a uniform phantom. Therefore, the 

dual purpose of this study was first to design and fabricate an anatomically informed 

textured phantom suitable for task-based assessment of low-contrast detection and 

second to use the phantom to test the aforementioned hypothesis. 
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3.3.2 Materials and methods 

3.3.2.1 Phantom design and fabrication 

3.3.2.1.1 Texture feature extraction 
One guiding principle of our phantom design was that the textures used should 

be anatomically informed from real CT images. As such, a database of contrast-

enhanced abdominal CT images was used to model the textures. The database contained 

images from 23 patients, acquired on a modern multi-detector CT system (Discovery 750 

HD, GE Healthcare). The patient population consisted of adults with known or 

suspected focal livers lesions. Images were acquired at the standard of care dose level at 

a pitch of 1.375, 0.5 s rotation time, 40 mm collimation width, 120 kVp tube voltage, and 

automatic exposure control (SmartmA, GE Healthcare). The livers were segmented 

using a combination of thresholding, manual contouring, and other segmentation 

operations available in an open-source segmentation software package (Seg3D, 

University of Utah) (Figure 52). The image data from the segmented livers were then 

used to extract a series of 21 quantitative texture features, 𝑋, based on the gray-level co-

occurrence (GLC) (Tesar et al., 2008) and run-length matrices (GLRL) (Galloway, 1975). 

To improve consistency across a heterogeneous database of patient images, all image 

data were resampled to an isotropic voxel size of 0.7 mm and quantized to 50 gray levels 

before feature extraction. A GLC matrix was estimated for each of the 13 principal 

directions in a 3x3x3 voxel neighborhood and then averaged across all directions. The 

GLRL matrix was also averaged over the 13 principal directions, considering a 
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maximum run-length of 10 voxels. The extracted features based on these matrices are 

listed in Table 6. The mathematical definitions of each feature are found in the 

supplemental material of a recent paper from Vallieres et al (Vallieres et al., 2015).  

 

Figure 52. Screenshot of the user interface used to segment the liver lesion 
from the CT images. 

Table 6. List of texture features extracted from the segmented lesions. GLC = Gray 
Level Co-occurance matrix. GLRL = Gray Level Run Length Matrix. 

Feature Type 
Energy GLC 
Contrast GLC 
Correlation GLC 
Homogeneity GLC 
Variance GLC 
Sum Average GLC 
Dissimilarity GLC 
Short Run Emphasis GLRL 
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Long Run Emphasis GLRL 
Gray-Level Nonuniformity GLRL 
Run-Length Nonuniformity GLRL 
Run Percentage GLRL 
Low Gray-Level Run Emphasis GLRL 
High Gray-Level Run Emphasis GLRL 
Short Run Low Gray-Level Emphasis GLRL 
Short Run High Gray-Level Emphasis GLRL 
Long Run Low Gray-Level Emphasis GLRL 
Long Run High Gray-Level Emphasis GLRL 
Gray-Level Variance GLRL 
Run-Length Variance GLRL 

3.3.2.1.2 Texture fitting 
A 3D clustered lumpy background (CLB) image synthesis technique was used as 

the basis of the targeted phantom texture. The CLB is a mathematical construct that 

sythesizes heterogeneous images based on a vector of input parameters, 𝜃, that control 

the appearance of the final texture (Bochud et al., 1999a; Solomon and Samei, 2014b). 

Thus it was necessary to find 𝜃 that resulted in realistic texture as seen in actual CT 

images of livers. This was achieved by using a genetic optimization method (Figure 53). 

This algorithm works by first creating a random (based on a starting seed point) 

population of 𝜃 with corresponding images. Next the images are blurred (according the 

CT system MTF) and correlated noise (according to the CT system noise power 

spectrum) is added. Texture features,	𝑌, are extracted from each synthesized image in 

this population and compared to the texture features that were extracted from the real 

liver images, 𝑋, using the Mahalanobis distance, 

 𝑑$ = (	𝑌 − 𝜇%)𝑆%ke(	𝑌 − 𝑢%)Z, (3.3.2.1.2.a) 
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where 𝜇% and 𝑆% are the mean and covariance of 𝑋. Next, the 𝜃 (from the population) 

that minimized 𝑑$ is chosen as the seed point of the next generation (i.e., iteration) of the 

algorithm. This process is repeated until a predefined number of generations is achieved 

and the final fitted parameters are taken as those that minimized the distance in the last 

generation. The overall design of this texture fitting technique was first reported by 

Castella et al for the case of simulating mammogram textures (Castella et al., 2008). The 

main differences between that method and the one used in this study are that in this 

study a 3D CLB was used, fatty liver texture was targeted instead of mammographic 

texture, and imaging system physics (NPS and MTF) were incorporated into the genetic 

algorithm. The 3D NPS and MTF were measured using the Mercury phantom on the 

scanner with which the data were acquired and a technique described by Chen et al 

(Chen et al., 2014a). 

 Using this technique, three close fitting textures were identified, Texture-A, 

Texture-B, and Texture-C. The textures were selected to represent reflective samples of 

textures across the clinical dataset. 
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Figure 53. Flowchart showing how the genetic algorithm was used to find the CLB 
parameters that resulted in texture most similar to patient liver images. 

3.3.2.1.3 Phantom geometry 
With the realistic textured backgrounds defined, the phantom geometry was 

designed as a cylinder with a diameter of 165 mm and height of 30 mm, containing 20 

low-contrast spherical signals (6 mm diameter, targeted contrast of ~5, 9, 12, 15, and 20 

HU, 4 repeats per contrast). The signals were spatially distributed to allow for at least 30 

mm circular regions of interest (ROIs) centered about the signals with no more than 10% 

overlap between ROIs from adjacent signals. The phantom background textures 

consisted of two cylinders (each 15 mm thick) with copies of the same background. The 

first copy contained the spherical signals and the second copy contained only the 

background texture. This design allowed for observer model calculations and perception 

experiments, as it is possible to extract ROIs of the same exact background, with and 

without signals (Figure 54). A corresponding uniform phantom with identical geometry 



 

182 

was also defined. Thus four total phantoms were designed, Texture-A, Texture-B, 

Texture-C, and Uniform.  

 

Figure 54. (a) 2D diagram of a textured phantom showing the signals locations and 
contrasts, and (b) 3D volumetric rendering of the phantom. 

3.3.2.1.4 Phantom fabrication 
The phantoms were voxelized and input into a commercial multi-material 3D 

printer (Object Connex 3). Traditionally, 3D printers use stereolithography (i.e., mesh) 

files as inputs. For this application, where an intricate volumetric distribution of 

different radio-densities is desired, mesh files are cumbersome and practically limiting. 

However, because the printer can print with multiples materials in a single build, and 
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because the native nominal print resolution (42x84x30 µm) is much finer compared to 

normal CT resolutions (typically ~0.5x0.5x0.6 mm), it is possible to use principles of 

spatial half-toning and dithering to distribute two base materials such that the targeted 

spatial distribution of x-ray attenuation is achieved on the macroscopic scale. Using this 

technique, the printer software was modified to allow for voxelized printing. To prepare 

the phantom files, first, the phantom was voxelized with double precision intensity 

values at a resolution of 0.21x0.42x0.08 mm. Values ranged from 0 to 1, representing the 

proportion of the two base materials to be used for that voxel (e.g., 0 implying 100% 

material A, 1 implying 100% material B). Next, this image was supersampled (x5) using 

linear interpolation to the native print voxel size and then converted to a binary image 

using the classic Floyd-Steinberg dithering algorithm. An example of the dithered 

phantom image is given in Figure 55. The materials used were TangoPlus and 

VeroWhite, which are both photopolymer resins with attenuations of approximately 75 

and 115 HU at 120 kVp, respectively. 
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Figure 55. Example image of a dithered phantom demonstrating how on a macro-scale 
the phantom appears to have continuous density despite being composed of binary 
pixel values on the microscopic scale. 

3.3.2.2 Observer model experiment 

3.3.2.2.1 Image acquisition 
To demonstrate the utility of the phantom, an observer model experiment was 

used to assess the dose reduction potential of a clinically available iterative 

reconstruction algorithm for low contrast detection tasks. Both the textured and uniform 

phantoms were imaged on a SOMATOM Flash multi-detector row CT system (Siemens 

Healthcare). Images were acquired with a 128x0.6 collimation setting at 6 dose levels (10, 

7.5, 5, 3.75, 2.5, and 1.25 mGy CTDIVol), and reconstructed at 0.6 mm slice thickness with 

weighted Filtered Back Projection (FBP, B31f kernel) and Sinogram Affirmed Iterative 

Reconstruction (SAFIRE, I31f kernel, strength level 5). Each acquisition was repeated 25 

times. These dose levels were chosen to target image noise that is representative of the 
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range of noise levels in patient images for an adult abdominal protocol. The 10 mGy 

dose level was used as the referenced 100% clinical dose and all results reported with 

respect to relative doses compared to this dose level. 

3.3.2.2.2 Observer model 
For each imaging condition, observer model performance was estimated. The 

exact signal-locations were found by registering the real CT data with the voxelized 

phantom model that was input into the 3D printer using the AVIZO software package 

(FEI SAS, Hillsboro, OR). With this registration it was also possible to extract the signal-

absent locations for the corresponding signal-less part of the phantom. In this way, 

three-dimensional region-of-interest (ROI) images were extracted having identical 

background texture, with and without signal. As described by recent publications (Ba et 

al., 2015; Platisa et al., 2011), a multislice channelized Hotelling observer model (msCHO) 

with dense difference of Gaussian channel filters (DDOG) was employed (10 channel 

filters used). The msCHO observer model works by applying a conventional 2D CHO 

model template to each image slice individually, producing a vector of decision 

variables. This vector of decision variables is then further input into a Hotelling observer 

to achieve a final scalar decision variable. Note that internal noise was not included in 

the model for this study due to lack of human observer data needed for internal noise 

calibration. Three-dimensional ROIs centered about the signals (and in corresponding 

signal-less regions) were extracted from each CT series of both phantoms (size was 

64x64x7 voxels, ~25x25x4.5 mm3). A total of 100 signal-present and 100 signal-absent 
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ROIs were extracted for each condition (25 repeated scans x 4 repeated signals in the 

phantom = 100 ROIs). For each condition, this ensemble of ROIs was divided evenly into 

training and testing sets. The training sets were used to independently estimate the 

observer model templates, which were then applied to each ROI image in the testing set 

to compute ensembles of the model’s decision variable. The signal-present and signal-

absent distributions of the decision variable were then used to compute the model’s 

detectability index, 𝑑′ which was taken as the figure of merit. 𝑑′ was computed for 120 

imaging conditions (5 signal contrasts x 6 dose levels x 2 reconstruction algorithms x 2 

background types). 

3.3.2.2.3 Analysis 
Two analyses were performed. One looking at mean 𝑑′ values (averaged over all 

contrast levels) , 𝑑′, as a function of dose, 𝐷, and the other using all 𝑑′ (without 

averaging) as a 2D function of dose and contrast, 𝐶. First, for each reconstruction 

algorithm and background type, an analytical function of 𝑑′ versus dose was fit to the 

data as 

 𝑑′ = 𝛼 ∙ 𝐷&, (3.3.2.2.3.a) 

where 𝛼 and 𝛽 are constant fitting parameters. With these fitted curves, it was possible 

to compare SAFIRE with FBP using two quantities: (a) the improvement in detectability 

at a given dose level, ∆𝑑g(𝐷) = 𝑑gv't(��(𝐷) − 𝑑gt)](𝐷), and (b) the decreased dose at 

which SAFIRE had equivalent performance to FBP, ∆𝐷(𝐷t)]) = {𝐷t)] − 𝐷v't(��|𝑑gt)] =

𝑑gv't(��}. The former quantity speaks to how much detectability is improved at a given 
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dose level from using SAFIRE compared to FBP, while the latter quantity estimates the 

reduced dose at which SAFIRE could achieve similar detectability to FBP compared to a 

reference FBP dose level. Second, an analytical surface function of 𝑑′ vs dose and 

contrast was fit to the data as 

 𝑑′ = 𝛼 ∙ 𝐷 ∙ 𝐶h &, (3.3.2.2.3.b) 

where 𝛼 and 𝛽 are constant fitting parameters. The same two quantities described above 

were computed from these surface fits. All analyses were done for each textured 

phantom and the results were compared between the background types. 

3.3.3 Results 

The texture fitting algorithm resulted in a CLB textures that were objectively 

(according to the Mahalanobis distance) and visually similar to real liver texture. The 

phantoms were successfully fabricated with the 3D printer (Figure 56), which 

demonstrated the ability to spatially distribute the printing materials (and thus x-ray 

attenuation properties) in a precise and pre-defined manner.  

Results from the observer model experiment are shown in Figures 57-58. As 

anticipated, d’ increased with increasing dose and contrast level. The phantom 

background had a large effect on the results. The rank order (from highest to lowest) in 

terms of 𝑑′ was Uniform > Texture-B >Texture-A >Texture-C (see Figure 57a-b). SAFIRE 

consistently outperformed FBP with an increase in 𝑑′ of 0.07 (3%), 0.2 (5%), 0.06 (4%), 

and 0.2 (4%) for Texture-A, Texture-B, Texture-C and Uniform phantoms, respectively. 
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The relationship between dose and detectability was different in the different 

backgrounds, with the uniform background exhibiting a larger increase in 𝑑′ at a given 

dose (see Figure 57b). The analytical curves of 𝑑′ vs dose fit the data closely with R2 

greater than 0.9 in call cases and as high as 0.99. At standard clinical dose levels (i.e., 

100%), the improvement in detectability from SAFIRE,	∆𝑑g, was highest in the uniform 

phantom compared to the textured backgrounds (Figure 57c). The potential dose 

reduction from SAFIRE, ∆𝐷, was found to be greatest in the textured phantoms (Figure 

57c). However, that is influenced by the shallow nature of the 𝑑′ versus dose curves for 

the textured phantoms. The surface fits of 𝑑′ vs dose and contrast are shown in Figure 

58. Similar dependencies on improvement in 𝑑′ and dose reduction potential of SAFIRE 

were observed based on these surfaces fits as with the 1D fits described above. 
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Figure 56. Design (top), photograph (middle) and CT images (bottom) of each 
phantom. The CT images are shown for each dose level and reconstruction algorithm. 
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Figure 57. (a) Plots of 𝒅′ vs dose for each contrast level, reconstruction algorithm, and 
background type. (b) Plots of detectability averaged over all contrast levels, 𝒅′, vs 
dose for each reconstruction algorithm and background type. These fitted curves were 
the basis of computing the amount that detectability improved from SAFIRE at a 
given dose level , ∆𝒅g, shown in panel (c) for each background type. The fitted curves 
were also used to compute ∆𝑫, the reduced dose at which SAFIRE had equivalent 𝒅′ 
as FBP, shown in panel (d).  
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Figure 58. (a) Surface plots and (b) contour plots of d’ as a function of dose and 
contrast for each background texture and reconstruction algorithm. Based on these 
surfaces, the (c) improvement in d’ from SAFIRE and (d) dose reduction potential of 
SAFIRE were computed as functions of dose and contrast. These data demonstrate 
that the dose reduction potential of SAFIRE (or the improvement in d’ at a given dose) 
was highly dependent on the phantom background used for assessment.  

3.3.4 Discussion 

To our knowledge, this study represents the first example demonstrating the 

utility of voxel-based 3D printing. Also the data show that background texture is an 
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important component to consider when testing iterative reconstruction algorithms 

because the results are highly dependent on the background used. 

In conjunction with multi-material printing, voxel-based printing allows for 

essentially any volumetric distribution of radiodensities to be placed within an 

arbitrarily shaped object. Standard mesh-based printing techniques are able to print 

complex geometries but are not suited for making objects with internal heterogeneities. 

Thus the ability to print voxelized phantoms greatly improves the utility of 3D printing 

for medical imaging research and opens the door towards hyper realistic phantoms. As 

suggested by the results of this study, phantoms with realistic backgrounds are needed 

for certain image quality studies. In this work, a patient-generic soft-tissue like texture 

background was achieved but it would also be possible to generate a patient-specific 

phantom by directly importing natively-voxolized clinical CT data into the 3D printer, 

without the need for cumbersome mesh fitting/processing. 

The results of the observer model experiment demonstrated the dependency of 

detection on background texture. This phenomenon itself has already been extensively 

studied by several researchers and thus was not surprising. In the context of this study, 

the background texture had features that were similar in scale and contrast to the signals 

to be detected. Thus the textured background added a layer of additional confusion and 

variability (on top of just the quantum noise) which reduced the performance of the 

model observer. Given that this phenomenon has already been established, the key 
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novel result of this study is related to the inferences that are drawn from such phantom-

based image quality experiments when iterative reconstruction algorithms are being 

tested. Modern iterative reconstruction algorithms were designed in order to facilitate 

low-dose scanning without compromising diagnostic accuracy. Thus whenever a new 

iterative algorithm is introduced, it is critical to establish its dose reduction potential. 

Traditionally, such assessments are done using uniform phantoms and the results are 

assumed to be representative of what would happen in a real clinical setting. However, 

as demonstrated by this and previous work, there are complex interactions between 

noise, resolution, and anatomical structures when non-linear iterative algorithms are 

used. These interactions are manifest in clinical images but are not well modeled if 

simple uniform phantoms are used for assessment. Thus while results based on uniform 

phantoms can be used a reference to benchmark an aspect of the system performance, 

they might not be fully representative of clinical images. As the data from this study 

showed, the dose reduction potential of SAFIRE was estimated to be different 

depending on if a uniform or textured phantom was used. SAFIRE increased image 

quality more in the uniform phantom compared to textured phantoms at the same dose. 

And those results were texture-dependent. This finding is consistent with sections 3.1 

and 3.2 which showed that iterative algorithms tend to reduce quantum noise less when 

texture is present in the image compared to a uniform image. 
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Some limitations of this specific study and of 3D printing in general should be 

acknowledged. First, the observer model employed in this work was not calibrated 

against human observers in the context of this phantom. The disadvantage of this 

limitation is that it was not possible to include internal noise in the model because 

internal noise levels typically need such a calibration to ensure accuracy. Future work 

will include human perception experiments to further refine the observer model. 

Secondly, with respect to general 3D printing technology, more research is needed in 

order to improve the radiological properties of the printing materials. The range of x-ray 

attenuation properties in the available printing materials is limited and thus the 

maximum contrast that can be achieved in the textured phantom is also limited (~40 HU 

for the materials used in this phantom). This study was not hindered by limited contrast 

because the focus was on very low-contrast detection tasks. However, it is possible that 

building phantoms to assess other imaging tasks (i.e., high-contrast estimation) would 

be challenging with the available materials. To address this limitation, custom printing 

materials with a wider range of x-ray attenuation properties are currently being 

investigated. 

3.3.5 Conclusions 

It is possible to use voxel-based 3D printing technology to create anatomically 

informed textured phantoms for assessing low-contrast detectability in CT. The 

measured dose reduction potential of SAFIRE was found to be different in a textured 
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background phantom compared to a uniform background phantom. This discrepancy 

demonstrates the need to consider background texture when assessing non-linear 

reconstruction algorithms. 

4. Image quality assessment in clinical images 
The previous section demonstrated the shortcomings of using simple uniform 

geometric phantoms to assess image quality. Textured phantoms were designed, 

fabricated, and implemented to provide results more representative of clinical images. 

This section builds on those results and lays a framework by which task-based image 

quality metrics could be ascertained from real clinical images. The key component of this 

approach is the use of so called “hybrid” CT images which are real patient images 

containing computerized lesion models that have been “virtually” embedded. The aim 

of this section was to first develop the mathematical framework to model different lesion 

types in a realistic manner, use that framework to assess how imaging parameters of 

dose and reconstruction algorithm affect the quantitative analysis of lesions, and finally 

to perform a virtual clinical trial using the hybrid image approach to assess the dose 

reduction potential of the SAFIRE reconstruction algorithm in detecting very subtle liver 

lesions. 

4.1 A mathematical framework for 3D virtual lesion modeling 

This study presents the mathematical framework developed for creating realistic 

3D virtual lesion models. This work was published in Physics in Medicine and Biology 
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under the title “A generic framework to simulate realistic lung, liver and renal 

pathologies in CT imaging” Therefore, the figures, tables and much of the text below 

are reproduced from that publication (Solomon and Samei, 2014a). 

4.1.1 Introduction 

As stated several times in this dissertation, image quality is defined as the 

effectiveness by which an image can be used for its intended task (ICRU, 1995). As such, 

many studies attempt to predict or quantify the ability of an observer to detect a 

targeted lesion (Chen et al., 2012a; Deak et al., 2013; Mieville et al., 2012; Richard et al., 

2012; Wilson et al., 2013). For these studies to be relevant to the goal of dose 

optimization, the lesions need to be 1) representative of actual pathology, and 2) subtle, 

as detection of subtle lesions is most susceptible to dose settings. For these studies, 

obtaining sufficient clinical cases of real lesions that are also subtle is highly challenging. 

Some prior studies, thus, have attempted to create simulation alternatives to represent 

clinical lesions. Some have used direct replication of real pathology (Hoe et al., 2006; 

Karantzavelos et al., 2013; Madsen et al., 2006; Zhang et al., 2007). While this approach 

creates realistic lesion masks, it is confined to a limited set of a previously segmented set 

of lesions and is often done in only two-dimensions. Others have randomly generated 

lesions using deformed sphere-like shapes (Shin et al., 2006). This approach is promising, 

however, in that paper, only lung nodules were modeled and the nodules were not 

described by physically meaningful parameters and thus did not allow nodule 
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formations based on specific targeted radiological properties (e.g., contrast or edge 

sharpness).  Thus there is a need for lesion models that (1) capture the full three-

dimensional (3D) morphology of an actual lesion (i.e., size, shape, contrast, and contrast-

profile), (2) describe the lesion with physically meaningful parameters, and (3) are 

sufficiently adaptable to enable modeling of different lesion types. 

The purpose of this study was to develop a generic mathematical framework to 

capture the size, shape, contrast, and contrast-profile characteristics across three 

common and relevant CT pathologies: liver lesions, lung nodules, and renal stones. The 

framework includes a method to create realistic lesion models for each of the three 

investigated lesion types. Having developed this framework, we further implemented a 

method by which the lesion models could be inserted into reconstructed CT images in 

order to create hybrid CT datasets. The study concluded with an observer study to 

validate the visual quality of the lesion simulation platform. 

4.1.2 Materials and methods 

4.1.2.1 Mathematical modeling framework 

Our lesion model framework aims to describe the 3D distribution of lesion 

attenuation (in Hounsfield Units) using a finite 3D object with a morphable arbitrary 

shape and edges following a variable contrast-profile. It can be thought of as a 3D 

generalization of a previously published technique to simulate lung nodules (Li et al., 

2009). A spherical coordinate system is used such that any point, P, is described by an 
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azimuth angle, θ, an elevation angle, φ, and a radius, r, with the origin located at the 

center of the lesion (Figure 59). The 3D shape of the lesion is given by a shape function, 

𝑅$,-, which prescribes the size (i.e., radius) of the lesion in any arbitrary radial direction. 

In general, the shape function, 𝑅$,-, is not an analytical function, rather, it is initially 

described numerically in several discrete directions (i.e., for discrete θ-φ value pairs). 

These initial discrete radii values will be referred to as base vectors, or 𝑅$,-
¬ , and serve to 

frame the shape of the lesion (Figure 60). The radius of the lesion in any arbitrary 

direction (i.e.,	𝑅$,-) can then be found by interpolating 𝑅$,-
¬  in the spherical domain. To 

avoid artifacts and achieve a continuous shape, it is necessary to consider the periodicity 

of a spherical coordinate system (e.g., 𝑅$,- = 𝑅$oh�,-) when performing the 

interpolation near the edges of the spherical domain (i.e., where θ ≈ 0 or 2π and where 𝜙 

≈ -π/2 or π/2). This involves correctly replicating values of 𝑅$,-
¬  to extend beyond the 

normal range defined by the spherical coordinate system before performing an 

interpolation (Figure 61). 
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Figure 59.	An illustration of the coordinate system used in the mathematical models. 
Any point, P, is described by an azimuthal angle, θ, an elevation angle, 𝜙, and a 
radius, r. 
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Figure 60.	Example of base vectors, 𝑹𝜽,𝝓𝒃 , shown in the (a) Cartesian domain and (b) 
spherical domain. The base vectors prescribe the overall 3D shape of the lesion. 
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Figure 61.	Plots demonstrating the process of interpolating between the (a) base 
vectors, 𝑹𝜽,𝝓𝒃 , in the spherical domain. The values of 𝑹𝜽,𝝓𝒃  near the edge of the domain 
(gray square) are properly replicated beyond the limits of the domain to account for 
the periodicity of a spherical coordinate system. After replication, an interpolation (b) 
can be performed on 𝑹𝜽,𝝓𝒃  to get the full shape of the lesion, 𝑹𝜽,𝝓. 

The CT number, c, of the lesion at any point in space is given by a 3D contrast-

profile equation which describes how c changes as function of distance from the center 

of the lesion in different radial directions. In this paper, two separate contrast-profile 

equations were used to describe different lesion types. The contrast-profile equation 

used for lung nodules and renal stones was  

 
𝑐 𝜃, 𝜙, 𝑟 = 𝐶 1 − Å

�.,/

h ü

+ 𝐵 , 
(4.1.2.1.a) 
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where θ, 𝜙, r, and 	𝑅$,- are described above, C is the peak contrast of the lesion, B is the 

background CT number, and the exponent n is a positive number inversely related to 

the steepness of the contrast profile (i.e., as n increases, the edge is more feathered).  

Equation 1 is a reformulated version of the designer nodule equation proposed by Samei 

et al (Samei et al., 1997) and allows for lesions with many size, shape, contrast, and edge 

profile characteristics. Liver lesions were modeled using a new contrast-profile equation 

based on the anti-derivative of a Gaussian curve as 

 𝑐 𝜃, 𝜙, 𝑟 = 𝐶
2 1 − erf	

Åk�.,/
ü

+ 𝐵 , (4.1.2.1.b) 

where θ, 𝜙, r,	𝑅$,-, C, B, and n are the same as above. Figure 62 illustrates the one-

dimensional shape of these two contrast-profile equations. These two equations were 

assigned to the different lesion types based on previous work (Li et al., 2009; Samei et al., 

1997) and by examining measured contrast-profiles of real lesions. Examples of the 

measured contrast-profiles will be given in the results. 
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Figure 62.	One-dimensional examples of Equations 1 and 2 showing how the CT 
number, c, changes as function of distance from the center of the lesion, r, for several 
values of n. Note that as n increases, the edge is more blurred. 

As described above, the lesions are defined with an analytical equation. 

However, voxelized (i.e., discretized) versions of the lesions are necessary for 

visualization and for direct comparison with real lesions. The voxelization process can 

be described in a few steps as illustrated in Figure 63. Assuming that 𝑅$,-
¬ , C, B, and n 

are given, first, a 3D Cartesian grid of voxel locations is defined with the origin at the 

center of the lesion. Note that because the lesion is analytically defined, the voxel size is 
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an arbitrary choice and will only affect the computation time. Second, the Cartesian 

coordinate (x,y,z) of each voxel is converted to its corresponding spherical coordinate 

(θ,φ,r) and an interpolation is performed on 𝑅$,-
¬  in order to find 	𝑅$,-, the radius of the 

lesion in the direction given by a vector pointing from the origin to the voxel of interest 

(i.e., for the voxel’s θ and φ coordinates). Finally, the chosen contrast-profile equation is 

applied to calculate each voxel’s CT number. 

 

Figure 63.	Illustration of how a mathematically defined lesion is voxelized. Given (a) 
the base vectors,	𝑹𝜽,𝝓𝒃 , a (b) 3D grid of voxel locations is defined. Each voxel’s position 
is converted to spherical coordinates and an interpolation is performed in the 
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spherical coordinate domain to find the interpolated shape function, 𝑹𝜽,𝝓, according 
to each voxel’s angular coordinates. The image in (c) shows this interpolated shape 
function as a rendered surface. Finally, the contrast profile equation is evaluated to 
obtain the CT number of each voxel.  The image in (d) is a volume rendering of the 
final 3D voxelized lesion. 

4.1.2.2 Fitting 

By adjusting the parameters that define the model (C, B, n, and 𝑅$,-
¬ ), it is 

possible to create a lesion with specific size, shape, contrast, and contrast-profile 

characteristics (Figure 64). In order to create realistic lesion models, an iterative fitting 

routine was developed in which segmented CT data of a real lesion is used as input. 

This process is analogous to fitting a trend-line to measured data. For a given input 

lesion, the goal is to find the parameters 𝑅$,-
¬ , C, B, and n that best represent the input 

CT data. This fitting routine can be summarized by five steps: (1) Using a volume of 

interest (VOI) containing the lesion and a corresponding binary segmentation mask as 

input, initial estimations of the parameters 𝑅$,-
¬ , C, B, and n are made based on the shape 

of the mask and simple measurements of the contrast and background, (2) the model is 

voxelized at the same resolution as the CT data using the estimated parameter values, 

(3) an error, E, between the voxelized model and the CT data is computed, (4) the 

parameters are updated to reduce E, and (5) steps 4-6 are repeated until E is minimized. 

The error, E, being minimized by the fitting routine is defined as a weighted sum of 

square residuals between the voxelized model and the CT data as 

 𝐸 = 𝑤c ∙ 𝐼(𝑖) − 𝐼ÇcZ(𝑖)
h\

cde  , (4.1.2.2.b) 
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where N is the number of voxels in the VOI, wi is the weight of the ith voxel, I is the CT 

data, and Ifit is the voxelized model. The weights serve to emphasize errors near the 

edges of the lesion and deemphasize errors near the periphery of the VOI as 

 𝑤c = 1 − uä
uø�î

 , (4.1.2.2.b) 

where 𝑑c denotes the distance between the ith voxel and the edge of the lesion, and 𝑑ô�� 

denotes the maximum distance between a voxel in the VOI and the edge of the lesion. 

The iterative process uses a built-in MATLAB function, lsqnonlin(), which is a trust-

region reflective optimization algorithm (MATLAB R2012a, Mathworks, Natick, MA) 

(Coleman and Li, 1996). This algorithm also determines when the error is minimized 

and the iterative process should be stopped. Trust-region optimization methods form a 

class of algorithms with desirable global convergence properties and can be understood 

as an enhancement of Newton’s method. A simplified description of the lesion fitting 

routine is illustrated in Figure 65. The reader is directed to the previous references for a 

rigorous description of trust-region minimization algorithms. 
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Figure 64.	(a) A lesion model with varying n, and C values shown in 1D, 2D, and 3D 
and (b) an example of various shape functions. This demonstrates how specific lesion 
characteristics can be targeted and how a range of lesions types can be modeled with 
this framework. 
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Figure 65.	A flow chart showing how a lesion model is fit to real CT data. 𝐈(𝐢). A VOI 
representing (a) CT slices through a lesion along with a segmented mask of the lesion 
(red contour lines) is input into the (b) iterative fitting algorithm. The goal of the 
algorithm is to find the model parameters (C, B, n, and 𝐑𝛉,𝛟𝐛 ) that minimize the error 
(Eqs. 3-4) between the lesion model, 𝐈𝐟𝐢𝐭(𝐢), and 𝐈(𝐢). This error is minimized by 
iteratively updating the estimation of the model parameters according to a trust-
region reflective optimization routine as described by Coleman et al. The output of 
the algorithm is the set of best fitting parameters, which can be used to create (c) a 
voxelized version of the lesion model. 

4.1.2.3 Insertion 

To create hybrid CT images, it is necessary to insert the lesion models into 

patient images. The insertion process implemented for this work utilizes a variant of a 

previously published alpha-blending technique (Shin et al., 2006) to overlay the lesion 

model data onto the target CT data in a seamless way. This technique involves several 
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steps: (1) the lesion model, Ilesion, is voxelized (with B=0) at the same resolution as the 

target CT data, (2) an acceptable insertion VOI, ICT, is identified in the CT data, (3) a 

noise-only VOI, Inoise, is created by identifying a uniform VOI in the CT data and shifting 

its voxel values such that the mean of Ilesion, is equal to the mean of Inoise, (4) an alpha map, 

α, of values between zero and one is produced by Gaussian-blurring the shape of the 

lesion model, (5) the final hybrid image, Ihybrid is calculated as 

 𝐼1�¬Åcu = 1 − 𝛼 ∙ 𝐼¹` + 𝛼 ∙ 𝐼ü2c»é + 𝐼3é»c2ü, (4.1.2.3.a) 

and (6) the original voxel values in ICT are replaced by the calculated values of Ihybrid. This 

technique essentially removes anatomical structures in the target VOI by blending in a 

uniform region before adding the lesion. Note that if ICT is already uniform, it is possible 

to let ICT = Inoise. In this case, the above equation reduces to simply adding the lesion onto 

the existing CT data. Noise in CT is not stationary and thus the noise-only VOI should 

be as close to the target VOI as possible to ensure consistent noise characteristics in the 

hybrid image. Large major structures in the target image should be avoided when 

selecting an insertion VOI. Figure 66 visually demonstrates the lesion insertion process. 
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Figure 66.	A flow-chart demonstrating the lesion insertion process according to 
Equation 5. First, the target VOI, ICT, is alpha-blended with a uniform VOI, Inoise. Then 
the voxelized lesion model, Ilesion is added to the blended image resulting in Ihybrid. The 
alpha blending technique used implies that the only voxels that are modified in the 
target image are those for which the alpha-map is non-zero. Thus the VOI can be any 
size with the same end result as long as it is large enough to encompass the alpha-
map. Note that although only slice images are shown here, the process is performed in 
3D on all image slices. 
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4.1.2.4 Assessment 

In order to assess the lesion-modeling framework, a library of lesion models and 

corresponding hybrid CT images was created based on CT data of patients with known 

lesions. The modeling framework was evaluated in two ways: First, the goodness of fit 

between the lesion models and the real lesions was estimated to ensure that the fitting 

procedure was working as designed. Second, the visual realism of the hybrid images 

was assessed with an observer study. Details of the patient image database, the 

procedure used to create the lesion models, the goodness of fit estimation, and the 

observer study are given below. 

4.1.2.4.1 Patient database 
All patient data were taken from a previously conducted IRB approved clinical 

trial utilizing patient informed consent. This trial included patients with a) known or 

suspected focal liver lesions, b) known or suspected lung cancer staging, or c) acute 

flank pain or suspected urolithiasis (renal stones). Patients meeting at least one of these 

criteria were imaged on an FDA cleared 64-Slice Multi-Detector-Row CT scanner 

(Discovery CT750 HD, GE Healthcare, Waukesha, WI) using clinical protocols typical for 

each disease type. All images were reconstructed at 0.625 mm slice thickness to achieve 

near isotropic resolution. The images were retrospectively examined for the presence of 

liver lesions, lung nodules, and renal stones. All pathological findings were confirmed 

and deemed typical in size, shape, and anatomical location by an experienced 

radiologist. 
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4.1.2.4.2 Model creation procedure 
A binary segmentation mask of each lesion was created using an interactive 

segmentation software package (Seg3D, Center for Integrative Biomedical Computing, 

University of Utah, Salt Lake City, UT). The software allows the user to apply a variety 

of tools and algorithms to delineate the edges of the lesion. All lesions were segmented 

using the threshold, morphologic erosion/dilation, connected component, and brush 

tools. This allowed for quick creation of the binary segmentation masks, without the 

need to manually draw contours on each slice of the lesion. Each lesion mask was then 

used to create a rectangular VOI of CT data that extended five voxels beyond the edge of 

the mask in the x, y, and z directions. These VOIs, along with the binary masks, were 

taken as inputs to the fitting routine described in section II.B, resulting in a library of 

realistic liver lesion, lung nodule, and renal stone models. The average size, shape, 

contrast, and contrast-profile of the lesions were characterized. The size was 

characterized by maximum in-slice diameter, Dmax, and volume. The shape was 

characterized by the coefficient of variation of the base vectors, 𝐶𝑂𝑉(𝑅$,-
¬ ) as 

 
𝐶𝑂𝑉(𝑅$,-

¬ ) =
l

öïl∙ �ä
¸k�¸

mö
ä5l

�¸
	, 

(4.1.2.4.2.a) 

where N is the total number of base vectors, 𝑅c¬ is the ith base vector, and 𝑅¬ is the mean 

of the base vectors. A 𝐶𝑂𝑉(𝑅$,-
¬ ) of 0 indicates a perfect sphere and as 𝐶𝑂𝑉(𝑅$,-

¬ ) 

increases, the shape of the lesion is more irregular. The contrast and contrast-profile 

were characterized directly by the fitted parameters C and n, respectively. 



 

213 

4.1.2.4.3 Goodness of fit 
The goodness of fit between a fitted lesion model and the real lesion was 

evaluated using the coefficient of determination, R2, defined as 𝑅h ≡ 1 − 𝑆𝑆Åé» 𝑆𝑆Z2Z. 

Here 𝑆𝑆Åé» is the sum of square residuals between the fitted voxel values, 𝐼ÇcZ(𝑖), and the 

real voxel values, 𝐼(𝑖), computed as  

 𝑆𝑆Åé» = 𝐼(𝑖) − 𝐼ÇcZ(𝑖)
h\

cde  . (4.1.2.4.3.a) 

𝑆𝑆Z2Z is the total sum of square residuals between the real voxel values, 𝐼(𝑖), and the 

mean of the real voxel values, 𝐼. 

 𝑆𝑆Z2Z 𝐼(𝑖) − 𝐼 h\
cde  . (4.1.2.4.3.b) 

An R2 of 1 implies a perfect fit with the goodness-of-fit decreasing as R2 decreases. R2 

was calculated for each lesion model using only voxels within the lesion boundaries 

(defined using a 1% iso-contrast surface). This was done to minimize the influence that 

surrounding anatomical structures could have on the R2 value. R2 was calculated for 

each lesion and the average R2 will be reported for each lesion type and for all lesions 

combined. 

4.1.2.4.4 Observer study 
Using the insertion method described in section II.C, the lesion models were 

inserted into patient images resulting in hybrid images. Care was taken to insert lesions 

into anatomical locations typical for each lesion type. Figure 67 shows examples of an 

inserted liver lesion, a lung nodule, and a renal stone. An observer study was conducted 

to ensure that the visual appearances of the hybrid images are generally consistent with 
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those of real lesions. Constrained by the access to expert observers and the logistics of 

the study, the observer study was conducted in a signal-known-exactly (SKE) paradigm 

where no search task was involved and the observers were asked to assess visual 

appearance in two-dimensional slices that is customary of clinical practice. The hybrid 

CT images and the original CT images were used to create a database consisting of equal 

numbers of simulated and real lesion images. Each image represented a 40 X 40 mm 

region of interest (ROI) containing the central axial slice of the lesion. Three experienced 

radiologists scored each image in the database on a scale of 1 (appears simulated) to 10 

(appears real). The mean score, 𝜇, was computed for both real and simulation images of 

each lesion type. Images of liver lesions and renal stones were displayed with a soft-

tissue window (window center of 50 HU, window width of 400 HU). Images of lung 

nodules were displayed with a lung window (window center of -500 HU, window width 

of 1500 HU). All images were assessed in a clinical reading room with appropriate 

ambient lighting conditions and a diagnostic display calibrated to the DICOM standard. 

Figure 68 shows a subset of the images used for the observer study. 
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Figure 67.	Example images of an inserted (a) liver lesion, (b) lung nodule, and (c) renal 
stone. 
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Figure 68.	Example images of real and simulated (a) liver lesions, (b) lung nodules, 
and (c) renal stones used for the observer study. 

The ability of each observer to distinguish between simulated and real lesions 

was evaluated in three ways based on a previously published methodology (Li et al., 

2009). First, receiver operating characteristic (ROC) analysis was performed. The area 

under the ROC curve (AUC) was used as a metric of realism for the simulated lesions. 
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Second, a two-sample t-test at a significance level of 0.05 was performed for each 

observer to test the null hypothesis that the difference in the mean score between real 

and simulated lesions (Δ𝜇 = 𝜇Åé�3 − 𝜇»côr3�Zéu) was zero. Finally, equivalence tests were 

performed using the 95% confidence intervals (CI) of Δ𝜇 and a zone of equivalence 

defined as ± 𝜎Åé�3 , the standard deviation of real lesion scores averaged across 

observers. These evaluations were performed for each observer and lesion type 

individually, and for all lesion types and observers taken together as one dataset. 

4.1.3 Results 

A total of 11 liver lesions, 12 lung nodules, and 20 renal stones were identified in 

images from 10, 5, and 7 patients, respectively. Figure 69 gives examples of measured 

contrast-profiles for a liver lesion, lung nodule, and renal stone. Table 7 summarizes the 

size, shape, contrast, and edge profile characteristics of the lesions. Liver lesions were 

highly variable in diameter (17±6 mm) and volume (1700±1600 mm3) but exhibited 

relatively consistent edge profiles (𝑛 = 0.9±0.2). Lung nodules and renal stones were 

both highly variable in volume (417±361 mm3, 118±107 mm3), contrast (1281±719 HU, 

1042±556 HU), and edge profile (𝑛 = 0.8±0.6, 1.9±0.8). The average goodness of fit 

between the models and the real lesions (R2) was 0.66, 0.83, and 0.85 for liver lesions, 

lung nodules and renal stones, respectively, with an overall average of 0.80. 
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Figure 69.	Examples of contrast-profiles measured in a (a) liver lesion, (b) lung 
nodule, and (c) renal stone. The red crosses are from voxels of real lesions and the 
black dots are from voxels of the fitted lesion model. The form of these profiles are 
evidence that Eq. 4.1.2.1.a represents a good model for lung nodules and renal stones 
while Eq. 4.1.2.1.b is best suited for liver lesions. These profiles are typical of the data 
as whole. 

Table 7.	Means and standard deviations of characteristics of the modeled liver lesions, 
lung nodules, and renal stones. The full distributions of the data can be found as 
supplemental material to this paper. 

 Dmax (mm) Volume (mm3) 𝐶𝑂𝑉(𝑅$,-¬ ) (%) Contrast (HU) n 
 Mean STD Mean STD Mean STD Mean STD Mean STD 
Liver 
Lesions 16.8 5.6 1730 1591 23.3 6.8 -82.1 24.8 0.87 0.21 
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Lung 
Nodules 6.8 3.8 210 400 24.3 4.6 1281 719 0.75 0.58 
Renal 
Stones 6.7 2.5 130 116 31.5 7.5 1042 556 1.87 0.81 
 

The ROC curves and AUC values from the observer study are shown for each 

observer and lesion type in Figure 70. An AUC of 0.5 implies that the observer was 

unable to separate the populations of real and simulated lesions. Considering all 

observers together, the AUC (95% CI) values were 0.57 (0.42 – 0.71), 0.60 (0.46 – 0.72) and 

0.50 (0.41 – 0.62) for liver lesions, lung nodules, and renal stones respectively.  

Considering all lesion types and observers together, the overall AUC (95% CI) was 0.55 

(0.48 – 0.61). Closeness of these AUC values to the chance AUC of 0.5 implies that 

observers found the simulated lesions to have appearance similar to that of real ones. 

 

Figure 70.	Results of the receiver operator (ROC) analysis showing true positive 
fraction (TPF) plotted against false positive fraction (FPF). Real lesions were defined 
as positive cases. The area under the ROC curve (AUC) is taken as a metric 
summarizing the realism of the simulated lesions. An AUC of 0.5 implies that the 
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simulated lesions were indistinguishable from real lesions. The ROC curves and AUC 
values are given for each observer and lesion type individually, and for all lesion 
types and all observers analyzed together. 

The results of the t-test are summarized in Table 8. With one exception (observer 

1, liver lesions), the differences of mean scores between simulated and real lesions (Δ𝜇) 

were not statistically significant. Finally, the results of the equivalence test are shown in 

Figure 71. For individual observers, the 95% confidence interval of Δ𝜇 was within the 

equivalence zone in most cases. Considering all lesion types and observers together, the 

95% confidence intervals of Δ𝜇 was well within the equivalence zone. This implies that, 

overall, any perceptual difference between the appearance of real and simulated lesions 

was within the normal variation of real lesion appearances. 

 

Figure 71.	Results of the equivalence tests based on 95% confidence intervals of 𝚫𝝁 
(difference of mean scores between real and simulated lesions). The equivalence zone 
was defined as ± 𝝈𝒓𝒆𝒂𝒍 , the standard deviation of real lesion scores averaged across 
observers. 

Table 8.	Results of the t-tests comparing real and simulated lesion scores. 

 Observer Real Simulated 𝚫𝝁 Significant? p-value 
Liver 

Lesions 
1 6 ± 1 4 ± 1 2 Yes 0.00 
2 8 ± 2 8 ± 1 0 No 0.54 
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3 6 ± 2 6 ± 1 0 No 0.59 
All 7 ± 2 6 ± 2 1 No 0.23 

Lung 
Nodules 

1 6 ± 2 5 ± 2 1 No 0.14 
2 8 ± 1 8 ± 1 0 No 0.39 
3 6 ± 1 6 ± 1 0 No 0.61 

All 7 ± 2 6 ± 2 1 No 0.16 

Renal 
Stones 

1 6 ± 2 6 ± 2 0 No 0.74 
2 8 ± 2 8 ± 2 0 No 0.57 
3 6 ± 1 5 ± 1 1 No 0.10 

All 6 ± 2 6 ± 2 0 No 0.92 

All 
Lesions 

1 6 ± 2 5 ± 2 1 No 0.06 
2 8 ± 2 8 ± 1 0 No 0.61 
3 6 ± 1 6 ± 1 0 No 0.11 

All 7 ± 2 6 ± 2 1 No 0.14 
 

4.1.4 Discussion 

Assessment of image quality is highly facilitated by lesion models that can 

accurately replicate the characteristics of real lesions. Such models will be essential for 

optimization and performance evaluation of novel CT technologies. In this study, we 

have presented a generic framework for creating anthropomorphic 3D lesion models for 

CT imaging. To our knowledge, no other generic framework or methodology has been 

reported that (1) captures the full three-dimensional morphology of real lesions, (2) 

describes the lesion models with physically meaningful parameters, and (3) is 

sufficiently adaptable to enable modeling of various lesion types. The results of the 

goodness-of-fit assessment (average R2 was 0.8) and the observer study (overall AUC of 

0.55) demonstrate that this framework can be used to create realistic lesions models for 
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several types of lesions. In nearly all cases, the observer scores of real and simulated 

lesions were statistically indistinguishable. 

A few specific results merit further discussion. The R2 for liver lesions (0.66) was 

less than that of lung nodules (0.83) and renal stones (0.85). This is most likely a result of 

the low contrast-to-noise ratio generally found in liver lesions. In other words, because 

the contrast of liver lesions is relatively low compared to lung nodules and renal stones 

(Table 7), the quantum noise has a stronger influence on the ability of the fitting 

algorithm to create a close-fitting lesion model. This point is evident in Figure 69 as the 

relative amount of noise in the contrast-profile of the liver lesion is much higher 

compared to that of the lung nodule or renal stone. Next, from the observer study, the 

average overall score of real lesions was 7±2 (1=appears simulated, 10=appears real). 

This implies that the observers did not have confidence to score even real lesions as 

definitively realistic in appearance. This could be caused by several factors. First, the 

observers knew that they would be looking at some real lesions, and some simulated 

lesions. Thus they were essentially conditioned to look for simulated lesions. This 

conditioning would naturally affect their confidence, making it less likely to give a high 

score to a real lesion. Second, it is conceivable that the real lesions were peculiar and 

uncharacteristic of typical lesions (i.e., the real lesions didn’t actually look real – though 

that possibility was very small given the inclusion criteria of the study). If this were the 

case, the real lesion scores would be impacted. However, since the simulated lesions are 
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based on the real ones, one would expect a similar impact on the simulated lesion scores. 

Thus the difference between real and simulated lesion scores would likely not be affected. 

Also, as noted above, all lesions were deemed typical in size, shape, and anatomical 

location by an experienced radiologist so any affect on the scores from peculiar lesions is 

likely negligible. 

Observer 1 was able to better distinguish real and simulated liver lesions 

compared to the other observers (Figures 70 and 71). When shown the results and asked 

how he/she was able to distinguish the liver lesions, the observer expressed surprise and 

stated that he/she thought the liver lesions were actually the most difficult to 

distinguish. Thus it is possible that observer 1’s unusually high score for liver lesions 

was due to chance. If there was some underlying unrealistic feature of the simulated 

liver lesions, then that feature was not consciously apparent to observer 1. 

This study focused specifically on modeling liver lesions, lung nodules, and renal 

stones. Focal liver lesions come in a wide range of shapes and sizes and generally appear 

as hypo-attenuating features in contrast-enhanced CT imaging. They can be classified 

into many categories including simple benign cysts, abscesses, or cancer (Mortele and 

Ros, 2001). Due to their low contrast, the detection and evaluation of liver lesions is 

particularly sensitive to changes in image quality. Lung nodules are small sphere-like 

lesions and are detected incidentally in a high percentage of CT scans (MacMahon et al., 

2005; Ost et al., 2003). With the success of the National Lung Screening Trial (Aberle et 
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al., 2011), optimization of chest CT protocols will be critical from a public health 

perspective. Renal stones are small high-contrast mineral salt deposits that usually form 

in the bilary and urinary tracts and are easily detected in CT, without the need of 

contrast agent. Because size and attenuation measurements of renal stones can impact 

patient management (Cheng et al., 2012), image quality is critical for proper assessment 

of renal stones. 

The framework described in this paper represents an evolution from symmetrical 

2D lesion models to highly realistic, morphologically variable, 3D models. The paper 

from Samei et al (Samei et al., 1997) first introduced the one-dimensional form of 

Equation 1. This equation was used to create lung nodule phantoms for chest 

radiography research and was later adapted for CT research by Hoe et al (Hoe et al., 

2006). The limitations were that the lesion models were radially symmetric, and only 

defined in 2D. Li et al (Li et al., 2009) improved upon this framework by allowing the 

size of the lesion model to vary with polar angle, allowing for asymmetric lesion shapes. 

In that paper, a pseudo-3D model was constructed by considering the location of the 

lesion relative to the CT slice. The framework presented in this paper utilizes variable 

lesion sizes in both the polar and azimuthal angles. This allows for a full 3D description 

of the lesion and can accommodate many diverse shapes. In this way, the full 3D 

morphology (size, shape, contrast, and contrast-profile) of the lesion is described by 
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relatively few parameters, all of which are physically meaningful, straightforward to 

interpret, and easily adjustable. 

There are many potential applications for realistic lesion models. For example, 

observer studies could be performed at much lower cost by simulating subtle lesions 

instead of collecting clinical cases of subtle lesions. In such a scenario, hybrid CT images 

could be used in place of real CT images. Along with realistic noise addition tools that 

operate on projection data (Samei et al., 2012), it may be possible to perform robust 

observer studies for dose optimization with only a few clinical cases. Further, because 

the lesion models are described by simple yet physically meaningful mathematical 

parameters, it may be possible to precisely adjust the appearance of the lesion models to 

fit the needs of a particular study. For example, the lesion shape can be rotated, scaled, 

or deformed, and the lesion attenuation profile can be manipulated by adjusting the 

parameters of the contrast-profile equation. This could allow researchers to investigate 

aspects of image quality in a more systematic and precise manner. The models could 

also be used as the basis of task functions for model observer experiments, or they could 

be added to virtual anthropomorphic phantoms in order to include realistic pathology in 

CT simulation studies. A large library of simulated lesions could also aid in the design 

and evaluation of computer aided detection (CAD) systems. Finally, because these 

models inherently describe the x-ray attenuation properties of the lesions, it may be 
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possible to adapt the models for research in other x-ray imaging modalities such as 

mammography, tomosynthesis, or conventional radiography. 

This paper represents an incremental step towards implementing the potential 

applications listed in the previous paragraph. However, further development of this 

lesion-modeling framework is needed in order to fully realize those applications. For 

example, ideally, a lesion model provides a description of the true physical 

characteristics of a lesion with respect to size, shape, contrast, and attenuation profile. A 

description of the true lesion should be distinguished from that of an imaged lesion as 

influenced by the physics interactions of the CT system.  In this paper, we created the 

lesion models based on imaged lesions. Thus the lesion models we created are partially 

influenced by the specific imaging physics characteristics of the source CT system. 

Because we inserted the lesion models into CT images acquired under similar 

conditions, it was not necessary to account for changing imaging conditions (i.e., the 

source conditions were the same as the target conditions). In general however, it would 

be more robust to create lesion models that are independent of the source imaging 

conditions. This could be achieved by incorporating known properties of the CT system, 

such as the modulation transfer function, in an effort to minimize systematic blurring 

effects. Then, when inserting the lesion models to create hybrid images, the physical 

properties of the target CT system could be incorporated. Future work will incorporate 

the physical properties of the CT system in order to minimize the influence of the 
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imaging conditions on the lesion models. Also, the lesion insertion method described in 

this paper operates in image space. In order to use the lesion models to assess (with 

confidence) the impact of imaging parameters in non-linear imaging systems (e.g., CT 

devices with non-linear statistical reconstruction algorithms), it may be necessary to 

develop a method to insert the lesions into the projection space (i.e., sinogram space). 

Such a method presents several technical challenges such as access to raw projection 

data, and the possibility of creating artifacts and unrealistic looking lesions. Future 

studies will attempt to develop a robust method to insert the lesions into projection 

space. 

This study was limited in several ways: (1) the sample size of real lesions was 

relatively small. Ideally, a large number of lesions from a more diverse population 

would be preferred in order to obtain more generalizable results and avoid the influence 

of peculiar cases. For example, the statistics reported in Table 7 represent only the small 

sub-population of patients that participated in this study. The CT datasets were all taken 

from adult patients but were otherwise anonymized prior to analysis. As such, they 

should not be taken to be representative of any broad population. Further, because only 

adult images were considered, the statistics in Table 7 may not truthfully represent the 

appearance of lesions in pediatric populations. (2) The observer study limited the 

radiologist to evaluate only the central slice of the lesion at a fixed window and level. 

Thus, it is possible that certain unrealistic features (if they exist) of the 3D lesion models 
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were not visible to the radiologists. Our current study and additional qualitative 

assessments of the 3D appearance of the lesion models give us confidence that the 

simulated lesions, as a first order approximation, are reasonably realistic. Nevertheless, 

additional characterizations that allow the observer to scroll through all image slices of 

the lesion would be of merit. Also, assessments using different 3D display techniques 

(e.g., volume rendering or maximum intensity projections) would be of merit, 

acknowledging that there is currently no dominant clinical standard for presentation of 

3D volumetric data (Salgado et al., 2003). Future work will include 3D assessments. (3) 

The contrast-profile equations used were relatively simple. Both equations assume that 

the contrast decreases as a function of distance from the center of the lesion. This 

assumption may not be accurate for some lesions, depending on the root pathology of 

the lesion. For example, some tumors have a highly heterogeneous density distribution. 

The framework described in this paper could be extended in future work to incorporate 

more sophisticated contrast-profiles and stochastic elements to model inhomogeneous 

tumors. 

4.1.5 Conclusions 

This study presented a generic framework to describe the 3D size, shape, 

contrast, and contrast-profile characteristics of lesions as they appear in CT images. 

Under this framework, we have also presented a method to create lesion models based 

and real lesions, as well as a method to create hybrid CT images by inserting the lesion 
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models into real CT images. The overall framework was found to produce hybrid CT 

images that were visually similar to real CT images. With further development, the 

realistic lesion models created using this framework could be instrumental in 

performance evaluation and optimization of CT systems. 

4.2 Effect of dose and reconstruction algorithm on quantitative 
analysis of lesion features 

The previous section presented a mathematical framework to model the size, 

shape, attenuation, and edge profile properties of liver lesions, lung nodules, and kidney 

stones. This section demonstrates an application of the modeling framework by using it 

to assess the impact of dose and reconstruction algorithm on quantitative lesion features. 

This work was published in Radiology under the title “Quantitative Features of Liver 

Lesions, Lung Nodules, and Renal Stones at Multi–Detector Row CT Examinations: 

Dependency on Radiation Dose and Reconstruction Algorithm” Therefore, the figures, 

tables and much of the text below are reproduced from that publication. 

4.2.1 Introduction 

Recognition of the need to obtain imaging-based quantitative biomarkers has 

been expanding recently, such as that seen in the Quantitative Imaging Biomarkers 

Alliance on behalf of the Radiologic Society of North America (Armato et al., 2014; 

RSNA, 2012). In an attempt to provide referring clinicians with more robust information, 

quantitative features of lesions including size, shape, and texture have been proposed as 

potential biomarkers for analysis (Buckler et al., 2010; Eisenhauer et al., 2009; Kim et al., 
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2015; Petrick et al., 2008; Zhang et al., 2013). Nevertheless, for such features to have real 

prognostic value, confirmation that they can be measured precisely and accurately with 

imaging techniques is needed. 

Concurrent with the recent focus on quantitative imaging, iterative 

reconstruction algorithms are gaining wide-scale clinical implementation, offering 

opportunity to substantially reduce radiation dose for multi–detector row computed 

tomographic (CT) examinations in a variety of clinical contexts (Beister et al., 2012; Chen 

et al., 2014b; Pickhardt et al., 2012; Solomon et al., 2015a; Thibault et al., 2007). By virtue of 

a marked reduction in noise, iterative reconstruction algorithms are used to improve 

image quality while maintaining resolving power for visualization of fine details. 

However, they do so by creating unique image textures and properties that are different 

from those shown with traditional filtered back projection (FBP) algorithms (Schulz et 

al., 2012). Results of recent investigations have suggested that these attributes may affect 

quantitative measurements on multi–detector row CT images (Barrett et al., 2015). Of 

note, Chen et al (Chen et al., 2013a; Chen et al., 2014a; Chen et al., 2013b; Chen et al., 

2014b) showed that radiation dose and reconstruction algorithm settings may affect 

estimates of lesion volume. However, these observations have not yet, to our 

knowledge, been confirmed in clinical cases. The purpose of our study was to determine 

if radiation dose settings and reconstruction algorithms affect the computer-based 



 

231 

extraction and analysis of quantitative imaging features for liver lesions, lung nodules, 

and renal stones at multi–detector row CT. 

4.2.2 Materials and methods 

4.2.2.1 Study population and design 

Retrospective analysis was performed on the basis of data from a Health 

Insurance Portability and Accountability Act–compliant, institutional review board–

approved, multicenter prospective clinical trial (ClinicalTrials.gov, NCT01431378) 

designed to assess the effect of iterative reconstruction and radiation dose reduction at 

chest and abdominal imaging. Subject candidates included in that original clinical trial 

were men and nonpregnant women for whom an abdominal or chest multi–detector 

row CT scan had been indicated as part of their clinical work-up at one of three 

institutions (Duke University Medical Center; Duke University Health System, Durham, 

NC; Froedtert Hospital; Medical College of Wisconsin, Wauwatosa, Wis; Massachusetts 

General Hospital; Harvard Medical School, Boston, Mass). All data were acquired 

between September 2011 and April 2012. Multi–detector row CT protocols used in that 

study were (a) noncontrast abdominal or pelvic imaging or (b) contrast material–

enhanced chest, abdominal, or pelvic series performed during the portal venous phase 

of enhancement for the following clinical indications: (a) known or suspected focal liver 

lesions, (b) known or suspected lung nodules, or (c) acute flank pain or suspected renal 

stones. Pregnant women and those in unstable physical condition as identified by their 
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physician and those unwilling or unable to provide written informed consent were 

excluded. Patients with severe or uncontrolled allergy to iodinated contrast media, with 

serum creatinine levels greater than 1.7 milligrams per deciliter (150.28 µmol/L), or 

estimated glomerular filtration rate of less than 60 mg/min were excluded if their 

indication required a contrast-enhanced examination. 

During the data acquisition phase of the study, key personnel from each 

institution were responsible for reviewing the daily CT schedule and identifying 

potential patients eligible for the study. Eligible patients were then approached and 

asked to participate. During this data acquisition period, the key study personnel 

responsible for recruiting patients were not available on a full-time basis. Thus, it is 

possible that, at each institution, there were more eligible patients than those who were 

approached for participation. Also, several eligible patients at each institution declined 

to participate because they did not have time that day, did not wish to be exposed to the 

extra radiation dose, or were not willing to wait for results of a pregnancy test. 

From that original clinical trial, multi–detector row CT imaging data were 

acquired from 72 patients (46 men: mean age, 60 years; range, 30–85 years; mean body 

mass index, 27.8 kg/m2; range, 19–43 kg/m2; 26 women: mean age, 62 years; range, 32–84 

years; mean body mass index, 27.3 kg/m2; range, 16–47 kg/m2). For this retrospective 

study, the authors examined imaging data and identified 13 liver lesions, nine lung 

nodules, and 25 renal stones in 20 patients (14 men, six women; mean age, 63 years; 
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range, 38–72 years). Potential lesions, nodules, and stones were initially identified by a 

medical physicist (Justin Solomon., with 5 years of experience) and then confirmed by a 

radiologist (Rendon C. Nelson., with 30 years of experience in abdominal imaging). A 

flowchart of the overall study design is shown in Figure 72. 

 

Figure 72. Flowchart shows overall study design and data processing chain. In this 
study, we performed retrospective analysis of imaging data from a prospective 
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clinical trial. Both design of original clinical trial and current retrospective study are 
represented in this chart for completeness. MDCT = multi–detector row CT. 

4.2.2.2 Image acquisition 

All studies were performed with a 64–detector row CT scanner (Discovery CT750 

HD; GE Healthcare) by using a collimated beam width at the isocenter of 40 mm, 120 

kVp, tube current modulation (Smart mA, GE Healthcare), and a study-specific noise 

index of 28–70. For each patient, two consecutive acquisitions were performed. The first 

scan was performed with standard dose settings for the prescribed protocol (Table 9). 

The second acquisition was performed immediately after the first by using the same 

scan range and with a targeted 50% radiation dose relative to the first acquisition 

determined on the basis of the projected volume CT dose index. The noise index was 

adjusted to achieve the 50% target dose reduction. For patients who underwent the 

contrast-enhanced chest, abdominal, or pelvic acquisition, the scan with the 50% 

reduction in radiation dose was performed during the same breath hold by acquiring 

images in the opposite table direction to minimize differences in the phase of contrast 

enhancement. 

Table 9. MDCT acquisition parameters for the two scanning protocols. The CTDIvol 
values in this table were averaged across all image slices for a given patient and 
across all patients. 

MDCT Parameters 
Contrast-enhanced 

chest/abdomen/pelvis 
series 

Noncontrast 
abdomen/pelvis series 
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Detector collimation 
(mm) 

 

 
40 

 
40 

Tube voltage (kV) 120 
 

120 

Gantry revolution time 
(sec) 

.5 
 

.5 
 

Acquisition mode Helical 
 

Helical 
 

Pitch 1.375 1.375 

Full dose CTDIvol (mGy) Mean: 13.4 
Min: 4.5 

Max: 17.8 
 

Mean: 12.3 
Min: 3.5 

Max: 15.4 

50% dose CTDIvol (mGy) Mean: 5.9 
Min: 1.4 

Max: 13.1 
 

Mean: 5.9 
Min: 1.0 

Max: 13.6 

Full dose Noise Index 28 (Liver) 
32 (Lung) 

43 (Renal) 

Low dose Noise Index 51 (Liver) 
58.2 (Lung) 

70 (Renal) 

Reconstructed section 
thickness (mm) 

0.625 
 

0.625 
 

Reconstruction algorithm FBP, ASiR (50%), 
MBIR 

FBP, ASiR (50%), MBIR 

Reconstruction kernel Standard Standard 

 

All images were reconstructed with a section thickness of 0.625 mm by using 

three reconstruction algorithms: FBP, adaptive statistical iterative reconstruction (ASIR, 

at 50% strength), and model-based iterative reconstruction (MBIR). FBP is a fast 

analytical algorithm that is considered the clinical standard for reconstructing multi–

detector row CT images. ASIR is used to partially mitigate noise in the x-ray projection 
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measurements by incorporating a statistical model of the noise and assuming some local 

smoothness of the object being imaged (Hara et al., 2009). MBIR uses a more 

sophisticated statistical noise model and a detailed model of the CT system geometry 

and physics (eg, focal spot size, source-to-detector distance, photon scatter, and detector 

cross talk), resulting in reduced image noise and artifacts (Mieville et al., 2012). For each 

patient, there were a total of six multi–detector row CT image datasets (two radiation 

dose settings [100% and 50%] and three reconstruction algorithms). All imaging datasets 

were exported onto an external portable hard drive for further analysis. 

4.2.2.3 Computer-based extraction and analysis of quantitative features 

For each lesion that was identified, a series of 23 quantitative features were 

extracted from the images with each dose and reconstruction algorithm to characterize 

the size, shape, attenuation, edge sharpness, pixel-value distribution, and texture 

features of the lesions (Table 10). First, the lesions were segmented by using a series of 

semiautomated segmentation tools from an interactive segmentation software package 

(Seg3D; Center for Integrative Biomedical Computing, University of Utah, Salt Lake 

City, Utah). All segmentations were visually confirmed and manually adjusted as 

needed to ensure accuracy. On the basis of the segmented lesion masks, box-shaped 

volumes of interest that extended seven voxels beyond the segmentation edges in each 

direction were extracted (smallest volume of interest, 17 × 18 × 18 voxels; largest, 40 × 27 

× 42 voxels; and average size, 24 × 24 × 25 voxels). Next, the volumes of interest were 
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exported to custom software for extraction of quantitative features. The feature 

extraction software was built by using a scientific computing platform (MATLAB 

version R2013b; Mathworks, Natick, Mass). Figure 73 illustrates the process of extracting 

the quantitative lesion features. Descriptions of the features and their mathematical 

definitions are given below. 

 

Figure 73. Illustration shows how lesion features were extracted from CT images. 
Lesion was identified, segmented, and fit to analytical model. Finally, series of 
metrics describing lesion size, shape, attenuation, edge sharpness, and texture were 
extracted. 
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Table 10. List of all the measured features. 

  
Category Feature 

Size 

Maximum in-slice diameter (mm) 
Z-axis extent (mm) 
Volume (mm3) 
Surface area (mm2) 

Shape 
Sphericity 
Radius coefficient of variation (%) 

Attenuation and conspicuity 

Attenuation (HU) 
Contrast (HU) 
Background noise (HU) 
Contrast to noise ratio 

Edge Sharpness 
In-plane blur (mm) 
Axial blur (mm) 

Pixel value distribution 

Standard deviation (HU) 
Skewness 
Kurtosis 
Entropy 

Texture 

Texture contrast 
Correlation 
Energy 
Homogeneity 
Inverse difference moment 
Maximum probability 
Texture entropy 

 

This section gives a detailed mathematical description of all the lesion features 

that were measured in this study. Some lesion features were extracted directly from the 

pixel values of the image data. Others were extracted from an analytical lesion model 

that was fit to the image data using the method described in section 4.1. The fitted lesion 

model describes the size, shape, and edge sharpness properties of the lesion as a 

parameterized mathematical equation. Thus the fitted parameters of the lesion model 
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can be thought of as feature measurements of the lesion. Those feature measurements 

that were extracted from the fitted lesion model (as opposed to those extracted directly 

from the image pixel values) are noted below with an asterix (*). 

4.2.2.3.1 Size features 
Size — The size was estimated by using the maximum diameter of the lesion 

across all slices in which the lesion was present (“maximum in-slice diameter*’’) as well as 

the difference between slice locations of the first and last slice in which the lesion was 

visible (“z-axis extent*’’). The volume* and the surface area* of the lesion were also 

estimated to determine the size. 

4.2.2.3.2 Shape features 
The shape was determined in terms of how spherical the lesion was 

(“sphericity*’’). The latter was mathematically extracted as the ratio of the surface area of 

a sphere (with the same volume as the lesion) to the surface area of the lesion. To cite an 

example, a sphericity value of 1 implied the lesion was perfectly spherical with 

sphericity decreasing as the shape of the lesion becomes more irregular. The estimation 

of shape was also characterized by the “radius coefficient of variation*’’, referred to as how 

much the radius of the lesion varied around the surface of the lesion. This parameter 

was mathematically computed as the standard deviation of the radius divided by the 

mean of the radius. A radius coefficient of variation of 0 implied a perfect sphere with 

the value increasing as the shape of the lesion became more irregular. 
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4.2.2.3.3 Attenuation and conspicuity features 
Lesion attenuation was estimated as the mean pixel value (in Hounsfield units) 

measured using a region of interest (ROI) within the interior of the lesion. The 

conspicuity of a lesion was quantified by using the contrast-to-noise ratio computation, 

where contrast represented the difference between the lesion mean attenuation and the 

attenuation of the nearby background as measured using a nearby spherical shaped 

ROI; background noise was characterized in terms of the standard deviation of pixel 

values in the background, measured using the same spherical ROI as that used for the 

contrast. The contrast-to-noise ratio was determined as the ratio of the contrast to the 

background noise. 

4.2.2.3.4 Edge sharpness features 
The edge sharpness metrics were derived from the fitted lesion model. This 

model assumed that the imaged representation of the lesion can be mathematically 

described as the true lesion convolved with an asymmetric 3D Gaussian point spread 

function (PSF) with a given in-plane width (i.e., standard deviation of the PSF in mm) 

and axial direction width. The amount of in-plane (i.e., in-slice) edge blur (“In-plane 

blur*’’) was defined by the width of the PSF in the in-plane direction. Furthermore, the 

amount of axial blur (“axial blur*) was defined by the width of the PSF in the axial 

direction (i.e., the z-direction). 

4.2.2.3.5 Pixel value distribution features 
All extracted features based of the pixel value distribution were measured using 

an ROI within the lesion. The standard deviation of pixels values is defined as 
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 𝜎 = e
üke

𝐼à − 𝜇
hü

àde  , (4.2.2.3.5.a) 

where 𝜎 is the standard deviation, 𝑛 is the number of pixels in the ROI, 𝐼à is the jth pixel 

value, and 𝜇 is the mean pixel value. The lesions were also characterized in terms of the 

skewness, a measurement of the asymmetry of the pixel value distribution about the 

mean value. Of note, a positive skewness implies that the data were spread more 

towards higher values, whereas a negative skewness implies the data was spread more 

towards lower values. Mathematically, skewness is defined as 

 𝑆 = � (k¶ �

n�
 , (4.2.2.3.5.b) 

where 𝑆 is the skewness, and 𝐸 is the expectation operator.  

Kurtosis was calculated as a measure of the “peakedness” of the pixel value 

distribution. A high kurtosis implied the distribution had a sharp peak and a low 

kurtosis implied the distribution was more widely spread. Mathematically, kurtosis is 

defined as 

 𝐾 = � (k¶ �

n�
 , (4.2.2.3.5.c) 

where 𝐾 is the kurtosis. 

As a final step, we estimated the entropy, as a measurement of the information 

content or randomness of the pixel values. A noise-less uniform image has an entropy of 

zero with the entropy increasing with increasing image randomness. Mathematically, 

entropy is defined as 
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 𝐸 = − 𝐻àô
àde ∙ 𝑙𝑜𝑔h(𝐻à) , (4.2.2.3.5.d) 

where E is the entropy, 𝑚 is the number of bins in the histogram, and 𝐻à is the histogram 

count for the jth bin. 

4.2.2.3.6 Texture features 
Texture analysis was performed by computing statistics of the gray-level co-

occurrence matrix. The co-occurrence matrix contains the probabilities of pixels with a 

given spatial relationship having two values (i.e., gray-levels) (Tesar et al., 2008). For 

example, consider a pixel and its immediate right-neighbor for an image with 15 gray-

levels. In this case, the co-occurrence matrix, 𝑪c,à, is a 15x15 matrix where the (i,j) entry is 

the probability that the ith gray-level occurs immediately to the right of the jth gray-

level. A distinct co-occurrence matrix can be computed for each possible spatial 

relationship between two pixels. In this study, we computed 26 separate co-occurrence 

matrices corresponding to the spatial relationship between a pixel and its 26 neighbors 

(6 face neighbors, 12 edge neighbors, and 8 corner neighbors) (Figure 74). The texture 

features described below were computed for each of the 26 co-occurrence matrices and 

then averaged. Before computation of the co-occurrence matrix, the images were 

quantized to 15 gray-levels. The same ROI as was used for the pixel-value distribution 

measures was used to compute the co-occurrence matrices. Various texture features 

were estimated based on this computed co-occurrence matrix. 

Texture contrast, describing the intensity contrast between neighboring pixels, 

was computed as  
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àde

ü
cde  , (4.2.2.3.6.a) 

where 𝑛 is the number of gray-scale values in the quantized image. 

Correlation represented the degree of correlation between neighboring pixels and 

was computed as 

 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ck¶î (àk¶;)∙¹ä,<
nîn;

ü
àde

ü
cde  , (4.2.2.3.6.b) 

where 𝜇�, 𝜇�, 𝜎�, and 𝜎� are the means and standard deviations of 𝐶� and 𝐶�, the partial 

probability density functions. 

Energy, defined as the total sum of squared elements of 𝑪c,à, was computed as 

 𝐸𝑛𝑒𝑟𝑔𝑦 = 𝐶c,àhü
àde

ü
cde  . (4.2.2.3.6.c) 

Homogeneity representing a measure of the closeness of elements of 𝑪c,à to the 

diagonal, was computed as 

 𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 = ¹ä,<
eo ckà

ü
àde

ü
cde  . (4.2.2.3.6.d) 

Inverse Difference Moment represented a measure of the off diagonal elements of 

𝑪c,à and was computed as 

 𝐼𝑛𝑣𝑒𝑟𝑠𝑒	𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑚𝑒𝑛𝑡 = ¹ä,<
ckà

ü
àde,à=c

ü
cde  . (4.2.2.3.6.e) 

Maximum Probability was defined as the maximum of the co-occurrence matrix as 

 𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = max	(𝑪c,à) . (4.2.2.3.6.f) 

Finally, Texture Entropy reflected the entropy of the co-occurrence matrix and 

was computed as 
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 𝐸𝑛𝑒𝑟𝑔𝑦 = 𝐶c,à ∙ log	(𝐶c,à)ü
àde

ü
cde  . (4.2.2.3.6.g) 

 

Figure 74. Illustration showing the 26 neighboring voxels (6 face neighbors, 12 edge 
neighbors, and 8 corner neighbors) used for the calculation of the gray level co-
occurrence matrix. The gray-level co-occurrence matrix was used as the basis of 
texture feature extraction. 

4.2.2.4 Statistical analysis 

To assess the effects of radiation dose and reconstruction algorithm on the 

measured lesion features, the data from the quantitative lesion feature extraction were 

analyzed using a linear mixed effects model with the model 

 𝑦c,à,B = 𝜇 + 𝑙c + 𝑑à + 𝑟B + 𝑡c + 𝑡𝑟c,B + 𝑡𝑑c,à + 𝑑𝑟à,B + 𝜀c,à,B , (4.2.2.4.a) 

where 𝑦c,à,B is the feature measurement for the i-th lesion (i = 1,…,47) at the j-th dose (j = 

High or Low) and the k-th reconstruction (k = FBP, ASiR, or MBIR). The model explains 

the measurement in terms of a baseline mean, 𝜇, which represents the average feature 
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value of a liver lesion measured at high radiation dose using FBP reconstruction. In 

addition, we have an effect for the i-th lesion li. The main effects of interest in the model 

were the effect of low dose (dj), the effect of ASiR or MBIR reconstruction (rk), as well as 

the pairwise interactions between these terms. Finally, 𝜀c,à,B was the measurement error. 

The model was fit using restricted maximum likelihood in the R statistical platform 

(nlme package, www.r-project.org). Normality was visually assessed using a plot of the 

empirical quantiles of the standardized residuals of the fitted model against the 

theoretical quantiles of standard normal. The transformation which produced the most 

linear curve was chosen. All effects were examined with respect to the reference 

conditions of FBP at high dose. P values less than 0.05/23 (~0.002) were considered 

significant. This threshold is based on a Bonferroni correction for the 23 different 

responses that were modeled on the same dataset. The results were further analyzed to 

determine the total number of features significantly affected by radiation dose and 

reconstruction algorithm for each lesion type. 

4.2.3 Results 

An example of each lesion type is shown in Figure 75 for the six imaging 

conditions (two doses times three reconstructions). Also, a central section image of each 

lesion is shown in Figure 76. 
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Figure 75. Example images of each lesion type for varying dose and reconstruction 
conditions. 



 

247 

 

Figure 76. A collage of central slice images of all the lesions used in this study. 

4.2.3.1 Size and shape 

The maximum in-section diameter was slightly affected by radiation dose for 

liver lesions and lung nodules (< 4% difference, P < .001) and MBIR for renal stones (3% 

lower than that with FBP, P = .001). The z-axis extent was not affected by radiation dose 
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or reconstruction algorithm for any lesion type. The volume was unaffected by radiation 

dose but was affected by MBIR for lung nodules (9% lower than that with FBP, P < .001) 

and renal stones (8% lower than that with FBP, P < .001). The surface area was 

unaffected by radiation dose but was affected by MBIR for renal stones (6% lower than 

that with FBP, P < .001). The sphericity was unaffected by radiation dose but was 

affected by MBIR for lung nodules (3% lower than that with FBP, P < .001) and renal 

stones (2% lower than that with FBP, P < .001). The radius coefficient of variation was 

affected by radiation dose for renal stones (8% higher at high dose, P = .002) but was 

unaffected by the reconstruction algorithm used (Table 11). 

Table 11. Results of the multivariate analysis of variability of lesion features using a 
mixed effects model for the size and shape features. The fixed factors in the analysis 
were lesion type (liver lesions, lung nodules and renal stones), the x-ray dose (full or 
50%), the reconstruction algorithm (filtered back projection (FBP), adaptive statistical 
iterative reconstruction (ASiR) and model based iterative reconstruction (MBIR)) as 
well as their pairwise interactions. Baseline was liver lesions observed at full dose 
with FBP reconstruction. 

       

Term Maximum 
Diameter 

Z-axis extent Log(Volume) Log(Surface Area) Sphericity Log(Radius COV) 

 Effect P Effect P Effect P Effect P Effect P Effect P 

Baseline 15.46 <0.001 12.04 <0.001 6.80 <0.001 6.22 <0.001 0.899 <0.001 -1.99 <0.001 

ASiR 0.12 0.338 -0.14 0.441 0.01 0.885 0.00 0.972 0.003 0.672 -0.01 0.811 

MBIR 0.15 0.220 0.09 0.626 0.03 0.487 0.01 0.834 0.013 0.052 -0.03 0.366 

50% Dose -0.52 <0.001 0.02 0.924 -0.03 0.476 -0.01 0.752 -0.010 0.086 0.01 0.698 

Lung -9.32 <0.001 -6.55 <0.001 -2.38 <0.001 -1.65 <0.001 0.057 0.001 -0.06 0.546 

Renal -8.38 <0.001 -6.52 <0.001 -2.35 <0.001 -1.57 <0.001 0.006 0.620 0.27 0.002 

ASiR: 50% Dose 0.04 0.705 -0.07 0.683 0.03 0.543 0.01 0.732 0.007 0.242 -0.01 0.756 

MBIR: 50% Dose 0.16 0.174 -0.03 0.870 0.05 0.276 0.02 0.355 0.006 0.356 -0.01 0.797 

ASiR: Lung -0.25 0.143 0.24 0.327 -0.04 0.482 -0.02 0.573 -0.006 0.505 0.02 0.640 

MBIR: Lung -0.46 0.009 -0.45 0.062 -0.21 <0.001 -0.09 0.016 -0.044 <0.001 0.12 0.019 
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ASiR: Renal -0.17 0.214 0.07 0.721 -0.03 0.523 -0.02 0.604 -0.004 0.558 0.01 0.743 

MBIR: Renal -0.44 0.001 -0.40 0.039 -0.21 <0.001 -0.10 <0.001 -0.031 <0.001 0.09 0.020 

50% Dose: Lung 0.69 <0.001 0.41 0.039 0.07 0.172 0.04 0.228 0.007 0.327 -0.02 0.634 

50% Dose: Renal 0.31 0.007 0.17 0.264 0.04 0.287 0.01 0.589 0.014 0.021 -0.10 0.002 

4.2.3.2 Attenuation, conspicuity, and edge sharpness 

The attenuation was unaffected by radiation dose but was affected by MBIR for 

lung nodules (55% higher than that with FBP, P < .001). The contrast was slightly 

affected by radiation dose for renal stones (8% lower at high dose, P < .001) but was 

unaffected by reconstruction algorithm. The background noise was affected by radiation 

dose for liver lesions (34% lower at high dose, P < .001), by ASIR for liver lesions (32% 

lower than that with FBP, P < .001), and by MBIR for all lesion types (84%, 15%, and 

100% lower for liver lesions, lung nodules, and renal stones, respectively, than those 

with FBP, P < .001). Furthermore, the ASIR and low-dose images had similar noise to 

FBP at high dose (P = .762) while MBIR and low-dose images had less noise compared 

with FBP and high-dose images for liver lesions and renal stones (60% and 72% lower 

for liver lesions and renal stones, respectively; P < .001). Similar dependency on 

radiation dose and reconstruction were observed with contrast-to-noise ratios to those 

with background noise. The in-plane blur was affected by radiation dose for all lesion 

types (19% higher at high dose for liver lesions, 19% lower at high dose for lung 

nodules, and 20% lower at high dose for renal stones, P < .002) and by MBIR for lung 

nodules (16% lower than that with FBP, P < .001) and renal stones (11% lower than that 

with FBP, P < .001). The axial blur was not affected by radiation dose but was slightly 
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affected by MBIR for lung nodules and renal stones (23% lower and 34% lower for lung 

nodules and renal stones, respectively, than those with FBP, P < .001) (Table 12). 

Table 12. Results of the multivariate analysis of variability of lesion features using a 
mixed effects model for the attenuation and edge sharpness features. The fixed factors 
in the analysis were lesion type (liver lesions, lung nodules and renal stones), the x-
ray dose (full or 50%), the reconstruction algorithm (filtered back projection (FBP), 
adaptive statistical iterative reconstruction (ASiR) and model based iterative 
reconstruction (MBIR)) as well as their pairwise interactions. Baseline was liver 
lesions observed at full dose with FBP reconstruction.   

       

Term Log(Attenuation) Log(Contrast) Log(Bkg. Noise) Log(CNR) Log(In-Plane Blur) Log(Axial Blur) 

 Effect P Effect P Effect P Effect P Effect P Effect P 

Baseline 3.26 <0.001 3.26 <0.001 3.35 <0.001 1.08 <0.001 -0.81 <0.001 -1.06 <0.001 

ASiR 0.09 0.220 0.10 0.035 -0.32 <0.001 0.31 <0.001 0.10 0.194 0.26 0.049 

MBIR 0.14 0.049 0.09 0.060 -0.74 <0.001 0.75 <0.001 0.14 0.065 0.38 0.004 

50% Dose -0.05 0.468 -0.13 0.004 0.40 <0.001 -0.37 <0.001 -0.26 <0.001 0.03 0.811 

Lung 0.23 0.655 3.70 <0.001 0.09 0.227 2.28 <0.001 0.13 0.482 0.45 0.139 

Renal 2.99 <0.001 3.19 <0.001 0.19 0.002 1.56 <0.001 -0.11 0.448 0.36 0.141 

ASiR: 50% Dose -0.04 0.567 0.00 0.930 -0.01 0.762 -0.01 0.911 0.09 0.209 0.03 0.800 

MBIR: 50% Dose -0.09 0.180 0.04 0.440 -0.28 <0.001 0.22 <0.001 0.10 0.144 0.02 0.874 

ASiR: Lung 0.36 0.009 -0.09 0.200 0.17 0.014 -0.14 0.114 -0.14 0.180 -0.15 0.404 

MBIR: Lung 0.82 <0.001 -0.03 0.650 0.73 <0.001 -0.62 <0.001 -0.34 <0.001 -0.61 <0.001 

ASiR: Renal -0.09 0.236 -0.12 0.020 0.01 0.837 -0.02 0.768 -0.13 0.101 -0.28 0.045 

MBIR: Renal -0.04 0.560 -0.07 0.200 -0.19 <0.001 0.26 <0.001 -0.30 <0.001 -0.79 <0.001 

50% Dose: Lung 0.25 0.025 0.13 0.020 -0.07 0.236 0.07 0.324 0.26 0.002 0.03 0.833 

50% Dose: Renal 0.13 0.030 0.16 <0.001 0.06 0.167 -0.03 0.629 0.39 <0.001 -0.02 0.835 

4.2.3.4 Pixel value distribution 

The pixel standard deviation was affected by both radiation dose (up to 31% 

difference) and reconstruction (up to 60% difference) for liver lesions and renal stones (P 

< .001). Skewness was unaffected by radiation dose but was affected by MBIR for all 
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lesion types (up to 153% higher than that with FBP, P < .001). Kurtosis was unaffected by 

radiation dose or reconstruction algorithm. Entropy was unaffected by radiation dose 

but was affected by MBIR for liver lesions and renal stones (up to 11% lower than that 

with FBP, P < .001) (Table 13). 

Table 13. Results of the multivariate analysis of variability of lesion features using a 
mixed effects model for the pixel value distribution features. The fixed factors in the 
analysis were lesion type (liver lesions, lung nodules and renal stones), the x-ray dose 
(full or 50%), the reconstruction algorithm (filtered back projection (FBP), adaptive 
statistical iterative reconstruction (ASiR) and model based iterative reconstruction 
(MBIR)) as well as their pairwise interactions. Baseline was liver lesions observed at 
full dose with FBP reconstruction. 

     

Term Log(STD) Skewness Log(Kurtosis) Log(Entropy) 

 Effect P Effect P Effect P Effect P 

Baseline 3.41 <0.001 0.02 0.889 1.13 <0.001 6.60 <0.001 

ASIR -0.27 <0.001 0.07 0.434 0.03 0.627 -0.25 0.038 

MBIR -0.57 <0.001 0.42 <0.001 0.16 0.006 -0.68 <0.001 

50% Dose 0.36 <0.001 0.08 0.363 -0.01 0.886 0.26 0.017 

Lung 1.66 <0.001 -0.48 0.082 -0.11 0.442 -1.16 0.003 

Renal 1.75 <0.001 -0.05 0.822 -0.23 0.042 -0.74 0.014 

ASIR: 50% Dose -0.04 0.451 -0.02 0.834 -0.01 0.902 0.03 0.772 

MBIR: 50% Dose -0.12 0.025 -0.04 0.630 0.06 0.289 -0.02 0.893 

ASIR: Lung 0.28 <0.001 -0.23 0.078 0.05 0.543 0.16 0.342 

MBIR: Lung 0.68 <0.001 -0.76 <0.001 0.01 0.874 0.44 0.010 

ASIR: Renal 0.27 <0.001 -0.12 0.242 -0.02 0.786 0.23 0.091 

MBIR: Renal 0.70 <0.001 -0.55 <0.001 -0.14 0.026 0.52 <0.001 

50% Dose: Lung -0.18 0.006 -0.27 0.010 0.14 0.038 -0.21 0.135 

50% Dose: Renal -0.42 <0.001 -0.12 0.152 0.11 0.037 -0.30 0.006 
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4.2.3.4 Texture 

Texture contrast was unaffected by radiation dose but was significantly affected 

by MBIR for all lesion types (32% lower, 13% higher, and 12% higher for liver lesions, 

lung nodules, and renal stones, respectively, than those with FBP; P < .001). The texture 

correlation was significantly affected by radiation dose for lung nodules (22% higher at 

high dose, P = .002) and by MBIR for liver lesions and renal stones (up to 37% higher 

than those with with FBP, P < .001). Energy was unaffected by radiation dose and 

reconstruction algorithm. Homogeneity was unaffected by radiation dose but was 

significantly affected by MBIR for liver lesions (15% higher than that with FBP, P < .001) 

and renal stones (9% higher than that with FBP, P < .001). The inverse difference moment 

was unaffected by dose but was significantly affected by MBIR for lung nodules (11% 

lower than that with FBP, P < .001) and renal stones (6% lower than that with FBP, P < 

.001). The maximum probability was unaffected by dose but was affected by MBIR for 

liver lesions (44% higher than that with FBP, P < .001). Texture entropy was unaffected 

by dose and reconstruction algorithm (Table 14). 

Table 14. Results of the multivariate analysis of variability of lesion features using a 
mixed effects model for the texture features. The fixed factors in the analysis were 
lesion type (liver lesions, lung nodules and renal stones), the x-ray dose (full or 50%), 
the reconstruction algorithm (filtered back projection (FBP), adaptive statistical 
iterative reconstruction (ASiR) and model based iterative reconstruction (MBIR)) as 
well as their pairwise interactions. Baseline was liver lesions observed at full dose 
with FBP reconstruction. 

        

Term Log(Tex. 
Contrast) 

Correlation Log(Energy) Homogeneity Inv. Diff. 
Moment 

Log(Max. Prob.) Tex. Entropy 
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 Effect P Effect P Effect P Effect P Effect P Effect P Effect P 

Baseline 1.92 <0.001 0.28 <0.001 -3.83 <0.001 0.44 <0.001 0.49 <0.001 -3.09 <0.001 0.16 <0.001 

ASiR -0.15 0.036 0.08 0.005 0.08 0.534 0.02 0.026 0.01 0.093 0.09 0.309 0.00 0.578 

MBIR -0.35 <0.001 0.11 <0.001 0.35 0.007 0.07 <0.001 0.01 0.192 0.40 <0.001 -0.01 0.025 

50% Dose -0.01 0.910 0.01 0.744 0.07 0.543 0.00 0.998 -0.01 0.382 0.10 0.207 0.00 0.547 

Lung 0.61 0.018 0.10 0.157 0.97 <0.001 -0.05 0.153 -0.07 0.004 0.74 <0.001 -0.04 <0.001 

Renal 0.67 0.001 0.11 0.056 0.71 0.001 -0.06 0.018 -0.07 <0.001 0.49 <0.001 -0.03 <0.001 

ASIR: 50% Dose -0.02 0.716 0.02 0.520 -0.01 0.944 0.00 0.891 0.01 0.507 -0.02 0.799 0.00 0.944 

MBIR: 50% 
Dose 

-0.07 0.298 0.03 0.196 0.07 0.575 0.01 0.117 0.01 0.299 0.05 0.538 0.00 0.629 

ASiR: Lung 0.13 0.204 -0.05 0.216 0.04 0.825 0.00 0.778 -0.02 0.106 0.09 0.466 0.00 0.903 

MBIR: Lung 0.39 <0.001 -0.12 0.003 -0.04 0.807 -0.01 0.638 -0.06 <0.001 0.03 0.804 0.00 0.795 

ASiR: Renal 0.15 0.067 -0.07 0.027 -0.01 0.942 -0.01 0.621 -0.02 0.043 0.01 0.889 0.00 0.878 

MBIR: Renal 0.46 <0.001 -0.15 <0.001 -0.18 0.206 -0.04 <0.001 -0.04 <0.001 -0.15 0.125 0.01 0.245 

50% Dose: Lung 0.01 0.916 -0.10 0.002 -0.02 0.893 0.00 0.760 0.01 0.489 -0.04 0.689 0.00 0.838 

50% Dose: 
Renal 

-0.09 0.147 -0.04 0.093 -0.09 0.446 0.01 0.390 0.01 0.096 -0.07 0.426 0.00 0.538 

4.2.3.5 Number of affected features 

Among the 23 imaging features assessed, radiation dose had a significant effect 

on five, three, and four of the features for liver lesions, lung nodules and renal stones, 

respectively. ASIR reconstruction had a significant effect on three, one, and one of the 

features for liver lesions, lung nodules, and renal stones, respectively. MBIR 

reconstruction had a significant effect on nine, 11, and 15 of the features for liver lesions, 

lung nodules, and renal stones, respectively (Table 15). 

Table 15. Summary of the statistical analysis showing the number of features that 
were significantly affected by dose and reconstruction algorithm for each lesion type. 
Each column represents a different feature category, with the first column including 
all features. 
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  All 
Features 

Size 
and 

Shape 

Attenuation 
and 

Conspicuity 

Edge Blur Pixel 
Distribution 

Texture 

Dose Liver 5	 1	 2	 1	 1	 0	

Lung 3	 1	 0	 1	 0	 1	

Renal 4	 1	 1	 1	 1	 0	

ASiR Liver 3	 0	 2	 0	 1	 0	

Lung 1	 0	 0	 0	 1	 0	

Renal 1	 0	 0	 0	 1	 0	

MBIR Liver 9	 0	 2	 0	 3	 4	

Lung 11	 2	 3	 2	 2	 2	

Renal 15	 4	 2	 2	 3	 4	

4.2.4 Discussion 

Our data suggest that radiation dose and reconstruction algorithm can have a 

substantial effect on the attributes and analysis of quantitative features extracted from 

multi–detector row CT examinations for liver lesions, lung nodules, and renal stones. 

The reconstruction algorithm affected the analysis of lesion size, attenuation, and 

texture. In comparison, the radiation dose level affected the estimation of lesion size, 

conspicuity, and intralesion pixel value distribution features, with little effect on lesion 

texture analysis. 

Our data are in agreement with those of two phantom-based studies by Chen et 

al (Chen et al., 2013a; Chen et al., 2013b). In the first study, the authors examined the 

difference in the precision of iodine quantification with varying doses and 

reconstruction algorithms and found that ASIR and MBIR significantly improved the 

precision of such quantifications (Chen et al., 2013b). The results of the second study 
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showed that lung nodule volume quantification was significantly different among FBP, 

ASIR, and MBIR and less affected by dose reduction (Chen et al., 2013a). 

Accumulating evidence has shown that computer-based extraction of 

quantitative features of lesions can be important in capturing microstructural changes 

and biologic heterogeneity of human disease. However, a thorough understanding of 

technical factors that affect diagnostic yield cannot be overemphasized before clinical 

decisions (eg, posttreatment stratification in responder and nonresponder subjects) can 

be made consistently on the basis of such quantitative analyses. Our study results 

highlight how changing radiation doses and reconstruction algorithms at multi–detector 

row CT can affect the analysis of quantitative imaging features of lesions. Hence, this 

information should be factored into quantitative imaging interpretation of multi–

detector row CT. Radiologists should be aware that potential variations in extracted 

features that occur with time in the same lesion may not be related to actual change in 

the course of the disease if different reconstruction settings were used. Although we 

could envision further variations in scanning parameters (ie, tube voltage, type of multi–

detector row CT scanner, and detector configuration) or differences in reconstruction 

methods that may affect the calculation of quantitative imaging features of lesions, 

future investigation is warranted to ascertain the use of these data. 

Although our data are promising, some limitations must be mentioned. First, the 

data were acquired from a limited sample of patients and potential selection bias is 
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unknown. Review of large databases of patients with a variety of different lesion types 

would be beneficial to determine if the results of our study can be extended to a broader 

population. Also, the number of eligible patients who declined to participate in the 

study was not explicitly recorded and selection bias cannot be assessed because of this 

lack of information. Second, all the comparisons made were relative to a predefined 

reference condition (FBP at 100% radiation dose), and the data do not address the 

accuracy of the feature measurements. Our data address the variability of the feature 

measurements for changes in radiation doses and reconstruction methods. To assess 

accuracy, the ground truth (ie, reference standard) must be known. In future work 

researchers should characterize the accuracy of the feature measurements by using 

either phantom measurements or hybrid CT datasets with virtual embedded lesions. 

Third, we have assessed only two radiation dose settings and only iterative 

reconstruction methods from a single vendor. Further effects on quantitative imaging 

features of lesions may be found with different radiation doses and reconstruction 

settings. 

4.2.5 Conclusions 

The results of our study show that both radiation dose and reconstruction 

algorithm can significantly affect many quantitative lesion features of lesions on multi–

detector row CT images. The implementation of this information may provide new 
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insights into computer extraction and analysis of quantitative imaging features of lesions 

at multi–detector row CT. 

4.3 A virtual clinical trial using hybrid CT images 

Thus far in this section it was demonstrated how the lesion models could be used 

to investigate the variable appearance of lesions with changing dose and reconstruction 

settings. This section further demonstrates the utility of the lesion models by using them 

to perform a virtual clinical trial with “hybrid” CT images (i.e., real patient images with 

embedded virtual lesions). 

4.3.1 Introduction 

The ultimate goal of the lesion modeling described in previous sections is to use 

the models to answer clinically relevant questions that would otherwise be difficult or 

impossible to answer. As described in Section 1.2.6.2, the gold standard of image quality 

assessment is a clinical trial that directly measures the performance of radiologists in 

completing some clinically relevant task with truth known. This type of trial could be 

used to objectively compare two or more CT acquisition and/or reconstruction 

techniques/protocols. The traditional paradigm for executing such a trial is to image a 

large cohort of patients with known disease states using all the techniques of interest. 

The imaging techniques are then compared in terms of their sensitivity and specificity. 

This paradigm presents several practical challenges. First, the knowledge of the true 

disease state of a given patient is often difficult or impossible to obtain (i.e., no ground 
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truth). Procedures, such as needle biopsy or cardiac catheterization are often used as 

gold standards but can be problematic and imperfect (Rinas et al., 2005). Second, even if 

truth is available, it is difficult, expensive, time consuming, and often impossible to 

obtain a sufficient number of clinical cases. Specifically, in the case of assessing low-

contrast detectability, it is not trivial to find cases of low contrast lesions that are near the 

threshold of detectability. Hybrid datasets with inserted subtle lesions can address both 

of these challenges.  

A method to emulate realistic liver lesions was presented in section 4.1. It was 

shown that radiologists could not distinguish between real and hybrid images (Solomon 

and Samei, 2014a) and this fact lends confidence to the idea of using hybrid images as an 

aid to assess image quality. One limiting factor of that work however was that the 

lesions were inserted directly into the image data, post-reconstruction. This ignores any 

effect that the reconstruction processing will have on the lesion rendition. For example, a 

reconstruction algorithm that uses a strong apodizing filter to control noise will 

inevitably suffer from poorer spatial resolution. This results in blurred lesion edges and 

potentially a dampening of lesion contrast. Further, in nonlinear iterative processing, the 

presences of a lesion may alter the local noise and resolution properties of the image due 

to regularization (Khalsa and Fessler, 2007). Thus the lesion is rendered somewhat 

differently depending on the local noise and anatomical conditions. These effects can 

only be included by inserting the lesions into the raw CT projection data, pre-
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reconstruction (Chen et al., 2015). For this reason, a method to perform projection-based 

lesion insertions is used in this study. This is an improvement from similar previous 

studies that all relied on image-based insertion methods (Hoe et al., 2006; Li et al., 2009). 

Using this insertion method, the purpose of this study was to demonstrate the 

utility of realistic hybrid datasets for image quality assessment incorporating the 

influence of image reconstruction. A database of hybrid CT images with embedded 

realistic low-contrast liver lesions were created by inserting lesions in projection space. 

The original projection data were acquired with dual-source CT with the x-ray flux 

fractionated to enable a multiplicity of dose conditions. The data were formatted into 

commercial CT dataset format and reconstructed in a clinical CT reconstruction system. 

The data were used to estimate detectability and subsequently the dose reduction 

potential of an iterative reconstruction algorithm.s 

4.3.2 Materials and methods 

4.3.2.1 Image acquisition 

The patient image data for this study came from an ongoing IRB approved 

prospective clinical trial at Duke University Medical Center. Patients were imaged twice 

in succession using a modified version of the standard contrast-enhanced abdominal 

protocol on a Siemens SOMATOM Flash scanner. The second scan involved a lower 

total dose and a limited azimuthal coverage. This specific scanner features a dual-

source/dual-detector geometry for dual energy purposes, denoted Tube A, and Tube B 
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below. It is possible to set both tubes to equal kVp (i.e., energy) but different mAs (i.e., 

dose), allowing for simultaneous acquisition of images at different doses. By distributing 

the dose unequally between the tubes, it is possible to acquire three dose levels in a 

single scan, (A, B, and A+B). This capability is referred to as Dose Split and was used in 

this study to collect images at multiple doses of the same patient. Using the two 

successive scans (Scan 1 and Scan 2), a total of six dose levels were achieved per patient. 

In Scan 1, the dose was distributed 75% to Tube A and 25% to Tube B, with 100% being 

the dose level associated with a full dose study. In Scan 2, dose was distributed 37.5% to 

Tube A and 12.5% to Tube B. This scheme provided images corresponding to doses of 

100% (Scan 1, A+B), 75% (Scan 1, A), 50% (Scan 2, A+B), 37.5% (Scan 2, A), 25% (Scan 1, 

B), and 12.5% (Scan 2, B) relative to the standard clinical dose for an abdominal protocol. 

The raw projection data were exported from the scanner console onto an external hard 

drive. After lesion insertion into the projection data (described in the next section), 

images were reconstructed with FBP and SAFIRE-5 using an offline reconstruction 

system (ReconCT, Siemens Healthcare) (Figure 77). The scan settings for this protocol 

are given in Table 16. Scan 1 and Scan 2 were performed in rapid succession so as to 

minimize the differences in the contrast medium enhancement phase. 21 total patients 

were included in this study. 
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Figure 77. Example CT images at the six dose levels for the same patient, 
reconstructed with FBP and SAFIRE-5. 

Table 16. Scan settings for the modified abdominal protocol 

  
Scanner Model SOMATOM Flash 
Scan Mode Helical 
Detector Configuration 128 X 0.6 mm* 
Beam Width 38.4 mm 
Pitch .8 
Rotation Time 0.33 s 
Tube Current Modulation CareDose4D (Average setting) 
Quality reference effective mAs Scan 1: Tube A-150, Tube B-50 

Scan 2: Tube A-75, Tube B-25 
kVp 120 
Slice Thickness (mm) 5 mm 
Reconstruction Algorithm FBP, SAFIRE-5 
Reconstruction Kernel B31f, I31f 

*The flying focal spot was used to achieve a 128 slices configuration. The scanner has 64 
physical detector rows. 
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4.3.2.2 Lesion insertion 

Based on the methods and mathematics described in section 4.1, a 

comprehensive software tool (LesionTool, Duke University) was built allowing the user 

to model and insert lesions into CT images (Figure 78). This tool was used to generate a 

series of liver lesion models having fixed contrast (-15 HU) with variable size and shape 

(average radius was 6 ±1 mm). Five lesions were generated per patient resulting in 105 

total lesions. Suitable lesion insertion locations were identified for each lesion model by 

visually examining the images to find liver regions without major blood vessels or other 

confounding features. The lesion models were voxelized to match the targeted CT 

resolution and exported as solitary 3D image volumes. These image volumes were fed 

into a projection-based lesion insertion routine developed as a plug-in to the ReconCT 

software package (Siemens Healthcare). This routine used ReconCT’s underlying 

forward projector to create synthetic projection images of the lesions. These synthetic 

projections were added to the real patient projection data. With the known underlying 

geometry of the system by ReconCT, this method enabled realistic projections without 

artifacts. The projections were then reconstructed using the manufacturer’s standard 

reconstruction methods. Because the lesions were inserted pre-reconstruction, any 

complex (i.e., nonlinear) effects from the reconstruction algorithm were included in how 

the final lesion was rendered in the reconstructed images. Corresponding images with 

and without lesions were reconstructed with both FBP and SAFIRE-5. From these image 
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volumes, 40 mm ROIs were extracted around the lesion locations from both the signal-

present and signal-absent images.  

 

 

 

Figure 78. Screenshots of the LesionTool software package that was designed based 
on the work of this dissertation. The tool allows the user to create lesion models (top) 



 

264 

either by random generation or by fitting to segmented real lesions. The tool can also 
be used to insert the lesion models into CT data, or export the lesion models for 
projection-based lesion insertion. 

4.3.2.3 Measurement of physical image characteristics 

A series of physical measurements were made on the image ROIs, including 

noise magnitude, contrast, CNR, and detectability index. Also, resolution was visually 

assessed by examining the sharpness of the lesion margins. For the measurements 

below, sub-ROIs were defined having the shape of the inserted lesion and being 

contained within the inserted lesion. Noise magnitude was taken as the standard 

deviation of pixel values with this sub-ROI region from the signal-absent image. 

Contrast was estimated by first computing a difference image, 𝐼ucÇÇ, between the signal-

present and signal-absent images. The contrast was taken as the mean pixel value of 

𝐼ucÇÇ within the aforementioned sub-ROI region. CNR was computed as the ratio 

between the noise magnitude and the contrast. 

Detectability index for a non-prewhitening matched filter with eye filter and 

internal noise, 𝑑′\]^�c, was computed for each lesion image. As described in section 

2.3.2.2, this observer model’s performance is computed as 

 𝑑′\]^�c
h =

^(r,s) m∙``tm(r,s)∙�m(r,s)urus m

[ ^(r,s) m∙``tm r,s ∙\]v r,s ∙�� r,s o\(r,s)]urus
 . 

(4.3.2.3.a) 

Given the definition of the task function, 𝑊(𝑢, 𝑣), and the task-transfer function, 

𝑇𝑇𝐹 𝑢, 𝑣 , it can be seen that 𝑊(𝑢, 𝑣) h ∙ 𝑇𝑇𝐹h 𝑢, 𝑣 = 𝐹 𝐼ucÇÇ
h
 where 𝐹  is the 
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Fourier transform. In other words, 𝐼ucÇÇ represents how the lesion is rendered after being 

transferred through the imaging system (sans image background and noise). Thus the 

numerator of the equation above essentially describes the total signal energy of 𝐼ucÇÇ 

after being filtered by the eye-filter. Similarly, a substitution can be made in the 

denominator resulting in this expression for the detectability index as 

 
𝑑′\]^�c

h =
t (DäEE

m∙�m(r,s)urus
m

t (DäEE
m∙\]v r,s ∙�� r,s o\(r,s)]urus

 . 
(4.3.2.3.b) 

 

To compute this equation, the NPS must be known. Practically speaking it is very 

difficult to measure the NPS from patient images. Thus, a phantom based measurement 

of the NPS using the Mercury phantom was used (Chen et al., 2014a). The resulting NPS 

from each reconstruction algorithm was fit to an analytical function (Figure 79) and then 

scaled according the noise magnitude measured above, resulting in an NPS that was 

representative of the noise magnitude and texture present in the patient image that was 

being assessed. The analytical function used was 

 𝑁𝑃𝑆 𝑓 = 𝑎 ∙ 𝑓¬ ∙ 𝑒kÎ∙Ç (4.3.2.3.c) 

where 𝑓 is the radial spatial frequency (𝑓 = 𝑢h + 𝑣h), and 𝑎, 𝑏, and 𝑐, are constant 

fitting parameters. Note that 𝑎 simply scales the noise magnitude and thus is irrelevant 

since the NPS are being rescaled to match the noise magnitude in the ROI of interest. 

Thus only 𝑏 and 𝑐 values will be reported. For the eye filter, a display size of 60 mm and 
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a viewing distance of 300 mm was assumed. The internal noise was assumed to be 

proportional to the noise variance with an alpha value of 100 (see equation 2.3.2.2.h). 

 Each of the above metrics was computed as a function of dose for FBP and 

SAFIRE-5. Linear regression analysis was applied to directly compare FBP with SAFIRE 

for each metric. 

 

Figure 79. Plot of the measured NPS (circles) and fitted NPS curves (lines) for FBP and 
SAFIRE-5. These fitted curves were used as the basis of computing a detectability 
index from each of the lesion images. This fitting parameters 𝒃 and 𝒄 were found to 
be (1.9, 8.9) and (1.6, 8.4) for FBP and SAFIRE-5, respectively (see Equation 4.3.2.3.c). 

4.3.2.4 Human observer experiment 

In addition to the signal present ROIs used above, a series of 20 signal-absent 

ROIs were identified for each patient. Based on this ensemble of signal-present and 
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signal-absent ROIs, a 2AFC detection experiment was performed to assess the impact of 

dose and reconstruction algorithm on detection accuracy (Figure 80). 12 observers (10 

physicists and 2 radiologists) with varying levels of experience with this type of image 

quality assessment participated. For each dose and reconstruction condition, observers 

were shown 105 trials (i.e., image pairs) for a total of 1260 2AFC trials. Images were 

shown in randomized order. Also, to minimize any memory effect of seeing the same 

lesion as rendered in different dose/reconstruction conditions, images were flipped and 

rotated randomly before being shown the observers. 

 

Figure 80. Screenshot of the 2AFC graphical user interface showing one image with 
the lesion (left), and one without (right). 
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4.3.2.5 Statistical analysis 

The results of the 2AFC experiment were statistically analyzed in several ways. 

First, detection accuracy (i.e., percent correct) was computed for each observer and for 

each dose/reconstruction condition. An analytical model of detection accuracy versus 

dose was fit to the data for FBP and SAFIRE-5. This model was given as 

 𝐴 = e
h
1 + erf §∙�¨

h
, (4.3.2.5.a) 

where 𝐴 is detection accuracy, 𝐷 is percent clinical dose, and	𝛼, and 𝛽, are constant 

fitting parameters. Based on this fit, dose reduction potential of SAFIRE-5 was computed 

in a similar fashion as in previous sections (see section 2.2.2.6). 

 Next, a univariate McNemar’s test (Fagerland et al., 2013) was performed to 

directly compare the 2AFC outcomes between FBP and SAFIRE-5. This test was based 

on contingency table analysis and accounts for the pair-wise nature of the data with each 

observer having seen the same lesion as rendered by FBP and SAFIRE. Instead of using 

the detection accuracy scores, it uses the binary trial outcomes as its input. The result of 

this test is a p-value and confidence interval of the difference in detection accuracy 

between FBP and SAFIRE-5. Both this statistical test and the curve fitting was done on 

three sets of the data: all observers, experienced observers, and inexperienced observers. 

An experienced observer was defined as a radiologists or a physicist who had 

participated in similar AFC detection studies in the past. 
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 Lastly, the results of this experiment are compared with those from textured 

phantoms in Section 3.3. Specifically, the dose reduction potential of SAFIRE, relative to 

100% standard of care dose was compared between the human results and those from 

the four 3D printed phantoms (texture A-C and uniform). 

4.3.3 Results 

A montage of the ROI images is shown in Figure 81. Visual comparison of FBP to 

SAFIRE-5 shows that SAFIRE-5 had somewhat poorer resolution. 
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Figure 81. Montages of ROI images that were used as the basis of comparing FBP 
(left) with SAFIRE-5 (right). The top montages show the lesions within the natural 
background in the CT images and the bottom montages show 𝑰𝒅𝒊𝒇𝒇, which represents 
how the lesion appears (i.e., without the background) after being transferred through 
the imaging system. These images were taken from the 12.5% dose level scans. 

 Noise magnitude, CNR, and detectability (d’) all increased with dose. Contrast 

remained relatively constant with dose. SAFIRE reduced noise by 52%, reduced contrast 
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by 12%, increased CNR by 87% and increased detectability (d’) by 65% compared to FBP 

(Figure 82). 

 

Figure 82. Plots showing noise, contrast, CNR and d’ as a function of dose (left) and 
linear regression plots showing how those factors compare between FBP and SAFIRE-
5 images.  

 From the 2AFC experiment detection accuracy increased with increasing dose 

and generally increased with the use of SAFIRE-5, especially for experienced observers. 

Compared to the reference 100% clinical dose FBP, SAFIRE-5 had equivalent 

performance at 77% dose, implying a dose reduction potential of 23% (Figure 83). The 

McNemar’s test showed a significant difference between FBP and SAFIRE for all 
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observers, and experienced observers alonge. For inexperienced observers, no significant 

difference was observed (Table 17). 

 Figure 84 puts the textured phantoms results from section 3.3 onto the same plot 

as the human observer results from this experiment. The d’ vs dose curve from Texture 

C was closest to the curve based on the patient data (from experienced observers) in 

terms of magnitude and slope (i.e., the amount that detectability improved per unit 

dose). Also the normalized d’ plots demonstrate that the relative difference between 

SAFIRE and FBP at 100% dose was most similar in Texture-C compared to the human 

data. However, at low doses, the uniform phantom was more reflective of these relative 

differences. It is important to noted that the two studies being compared used different 

observers (humans vs models) and different degrees of conspicuity (6 mm vs 12 mm 

task), and thus the comparative illustration, while informative, is somewhat speculative 

and should be used with caution. 



 

273 

 

Figure 83. Plots of detection accuracy vs dose for all observers (top), experienced 
observers (left), and inexperienced observers (right) and for FBP (blue) and SAFIRE-5 
(red). The small open circles represent the detection accuracy of a single observer, 
averaged over the 105 different lesions for that condition. The connecting lines 
between FBP and SAFIRE illustrate the impact that SAFIRE had on detection accuracy 
for a given observer at a given dose level (an increasing slope indicated SAFIRE 
improved detection accuracy). The large solid dots represent the detection accuracy 
averaged across all observers for a particular dose level and reconstruction algorithm. 
The solid colored lines represent the fitted model of detection accuracy vs dose 
described by equation 4.3.2.3.c. Finally, the gray dashed lines and corresponding 
percentages represent the percent reduced dose at which SAFIRE had equivalent 
performance to FBP. 

Table 17. Results of the McNemar's test comparing FBP with SAFIRE 

 All observers Experienced Inexperienced 
Mean Accuracy– FBP  0.7266 0.7529 0.6675 
Mean Accuracy– SAFIRE 0.7432 0.7820 0.6560 
Difference 0.0166 0.0291 -0.0115 
Significant? Yes Yes No 
P-value 0.0086 6.9e-05 0.3614 
95% CI for diff [4.3e-03 0.0289] [0.0149 0.0433] [-0.0354 0.0124] 
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Figure 84. Plot of (a) d’ vs dose and (b) normalized d’ vs dose (at a contrast of 15 HU) 
for the 4 phantoms from section 3.3 and for the patient data (of experienced observers) 
from this section. The normalized plots show the phantom data with solid lines and 
the human data with dotted lines and were normalized to the d’ value at 100% clinical 
dose from FBP images. 
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4.3.4 Discussion 

This study represents the first example of how the lesion models can be used to 

answer clinically relevant questions about image quality using actual patient images and 

the precision afforded by knowing the exact morphology and location of the lesions. It 

also offers data on how the different reconstruction algorithms differentially render 

lesions. In particular, it was found that although SAFIRE reduced noise dramatically, it 

also decreased lesion contrast and degraded spatial resolution. Observing all of these 

effects in patient images implies complex interactions between noise, contrast, and 

resolution in iteratively reconstructed images that are not easily predicted by phantom 

studies but are nevertheless present in clinical operation. 

Overall, however, the study is consistent with previous data from this 

dissertation that demonstrated a sizeable dose reduction potential from SAFIRE. 

Specifically, it was found that dose could be reduced by about 20% compared to the 

standard of care dose and maintain equivalent performance as with FBP. Note that this 

result is specific to the imaging task in question. In this study, the task was chosen to be 

detection of very subtle liver lesions. For different imaging tasks, the dose reduction 

potential of SAFIRE would probably be different. 

An unexpected result from the observer study is that the observer experience in 

performing such 2AFC experiments seemed to have a large effect on their performance. 

It is not surprising that experienced observers performed better. However, the 
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magnitude of their improvement was somewhat surprising. The experienced observers 

correctly detected about 10% more lesions from FBP images and about 14% more lesions 

from SAFIRE images compared to inexperienced observers. Given that the effect of 

SAFIRE was on the order of 2-3%, this effect of experience was quite strong. This 

suggests that to take advantage of dose reduction potential of iterative reconstruction, 

observer training is an essential requirement. Future studies of this sort will provide 

more explicit training for unexperienced observers. 

Comparing the results of this study with those from the textured phantoms 

demonstrates that the background texture is an important component in determining 

dose reduction potential of iterative algorithms. As shown in Figure 84, the textured 

phantom was more representative of the relationship between detectability and dose 

that was found in actual patient data. This also provides further preliminary evidence 

that the detectability index measured in a phantom can be representative of human 

observers operating on patient data. However, further work is needed to refine the 

observer model parameters that are most representative of human observers operating 

on clinical data. It is clear that any such model should accommodate anatomical texture 

in order to best correlate with clinical performance.  

For example, in this study it was possible to measure a detectability index 

directly from the patient data (bottom row, Figure 82). However, this detectability index 

(for a NPWEi observer) corresponds to detecting a lesion in a uniform background 
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having quantum noise properties similar to those in the patient image. Thus anatomical 

noise is essentially ignored. As a result, the improvement in detectability from SAFIRE is 

overestimated by this model when compared to what was actually measured with 

human observers. The takeaway message from all this is that in order to to achieve the 

strongest correlation between a model’s performance (measured in a phantom) and 

human’s performance (on clinical data), one needs (a) phantoms with anthropomorphic 

textures and (b) observer models that properly account for the noise, resolution, 

contrast, and anatomical texture properties of the images. 

Some limitations should be acknowledged. First, a limited number of patients 

(21) were used. There were two reasons for this limitation. First, only a limited number 

of patients were successfully recruited for the study. Second, there is a practical limit to 

the number of images that can be shown to observers in a given reading session before 

their performance suffers. In this study, observers completed over 1000 trials in a single 

session, which is probably near the upper limit that could be used. Having more patient 

images would result in more images being shown to the observer and thus the logistics 

of the study would need to be changed to include multiple reading sessions. For 

logistical reasons, this would not have been possible. The second limitation is that only 

two radiologists participated in the study. For 2AFC tests, it is generally sufficient to 

have observers who are not necessarily expert radiologists, but who do have experience 

with medical images and detecting signals in noisy backgrounds. This is because the 
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paradigm of the 2AFC study reduces the complex process of image interpretation down 

to making a binary decision of signal present or signal absent, aiming to test the inherent 

conspicuity of the lesions in small ROIs. The expertise of a radiologist is centered in 

making a clinical diagnosis given the full image data and other information about the 

patient. This is a much broader task compared to assessing if a lesion is present in a 

small ROI image. For this reason, we believe the data from this study is still valuable 

despite only having two radiologists perform the 2AFC experiment. Further, the results 

from the radiologists were similar to those of other experienced observers. 

4.3.5 Conclusions   

This study demonstrated how the lesion modeling framework can be used to 

assess the dose reduction potential of an iterative algorithm in a robust and scientifically 

precise manner. The results suggested that SAFIRE offered a dose reduction potential of 

about 20% for detection of very subtle liver lesions. The detectability index was more 

representative of the human detection data compared to the CNR. 

5. Summary 
This dissertation has developed and assessed new phantoms, image quality 

metrics, analysis techniques, and modeling tools that are appropriate to evaluate image 

quality of modern CT systems. Broadly speaking, it was found that traditional methods 

for image quality assessment were not sufficient to properly assess iterative 

reconstruction algorithms. The new techniques proposed by this dissertation were found 
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to offer a more clinically relevant analysis of the impact of iterative reconstruction on 

image quality. This broad conclusion was arrived at through a series of more specific 

studies that were all described in detail in sections 2-4.  

It important to note that although this dissertation focuses strongly on the 

relationship between image quality and dose, the basic framework that was developed 

could be used to assess image quality in a broader clinical context. For example, clinical 

radiologists have noted that the quality of a CT examination can be highly sensitive to 

the skill of the CT technologists, patient motion, and contrast injection timing among 

other factors. In fact, it is possible that in some cases, the variability in CT examination 

quality is due more to those effects than to the effect of dose. Luckily, the definition of 

image quality that was used as the basis of this dissertation is universal in nature and 

thus many of the developed techniques could be applied to examine how these clinically 

factors impact image quality. The goal of similar research going forward should be to 

develop a broader framework to comprehensively characterize the overall benefit to risk 

ratio of CT examinations, accounting for all the factors listed above. With this 

characterization, that benefit to risk ratio can be maximized by optimizing not only 

technical aspects of CT acquisition, but also by optimizing the clinical operation as a 

whole. 

With that being said, the results of the studies from this dissertation each 

represent new information that is of value to the general scientific community in this 
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field. Also, in many cases, it was necessary to develop novel analysis methods and 

algorithms to answer the questions posed by each study. These new methods 

themselves also represent valuable contributions to the scientific community. Thus, the 

following section lists both the key findings from this dissertation as well as the new 

phantoms, analysis techniques, and modeling tools that were developed in the process. 

5.1 Key Findings 

− The Siemens Force CT systems exhibited non-linear behavior in terms of noise and 

resolution properties. Specifically, the shape of the NPS changed as a function of 

dose (Figure 9-10) for both FBP and ADMIRE reconstruction algorithms, and the 

resolution was found to be strongly dose and contrast dependent for (Figures 12-13). 

− The ADMIRE reconstruction algorithm maintains a noise texture impression similar 

to FBP (Figure 10). 

− ADMIRE demonstrated improved detectability compared to FBP for low-contrast 

detection tasks (Figure 14). 

− The dose reduction potential of ADMIRE was found to be between 4-80% depending 

on the reference FBP dose level, slice thickness, and iterative reconstruction strength. 

− The NPW and CHO families of observer models provided strong correlation with 

human observer performance and correctly characterized the differences in image 

quality between FBP and ADMIRE. NPW observers in general had smaller 

confidence intervals. 



 

281 

− The SAFIRE reconstruction algorithm reduces noise more in uniform image regions 

compared to regions with texture (Figures 35 and 49) 

− Different 3D printing materials available for the Stratsys Object printer have a range 

of attenuation properties implying they could be used to make textured phantom 

(Figure 46). 

− SAFIRE and ADMIRE images with texture can have highly non-stationary noise 

patterns (Figure 48 and 51). Noise in edge pixels had similar texture and magnitude 

as FBP images while noise in uniform regions was suppressed by SAFIRE and 

ADMIRE. 

− Image quality/dose reduction studies provide fundamentally different results when 

uniform or textured phantoms are used (Figures 57-58). Using a uniform phantom 

may overestimate the improvement in image quality from using iterative 

reconstruction. 

− Mathematically defined virtual lesion models were found to be indistinguishable 

from real lesions (Figures 70-71). 

− Radiation dose and reconstruction algorithm significantly affect the quantitative 

analysis of liver lesions, lung nodules, and renal stones (Table 15). 

− A dose reduction potential from SAFIRE of 23% was found based on hybrid clinical 

images with embedded low-contrast virtual liver lesions (Figure 83). 
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− Image quality metrics (based on advanced observer models) measured from textured 

phantoms were more representative (compared to uniform phantoms) of the 

differences in detectability between SAFIRE and FBP that were observed in actual 

patient images (Figure 84). 

5.2 Novel methods, algorithms, analysis techniques, and 
modeling tools 

− A contrast-detail phantom was designed specifically to assess low-contrast 

detectability (Figure 19). A method was developed and implemented to fabricate the 

phantom with a 3D printer. 

− A method for estimating the dose reduction potential of a new iterative algorithm 

(compared to FBP) was developed (Section 2.2.2.5). 

− A three-pronged approach to compare model observers with human observers was 

developed which considered (a) the strength of correlation, (b) how practical it was 

to estimate model performance with a limited number of images, and (c) how well 

the models properly characterized the impact of iterative reconstruction (Section 

2.3.2.4). 

− A series of texture phantoms targeting lung and soft-tissue texture were designed 

and fabricated with a 3D printer (Figures 39 and 41). 

− The CLB statistical image synthesis technique was extended to 3D (Section 3.3.3.3).  

− A method to estimate quantum noise on a pixel-by-pixel basis using repeated scans 

was developed (Section 3.2.2.4) 
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− An algorithm to estimate the NPS in non-square ROIs was developed. This allows 

for characterization of noise texture in images with potentially non-stationary noise. 

It will also aid in estimating the NPS in patient images (Section 3.2.2.4). 

− A method was developed to model anthropomorphic texture using a CLB model. 

The method fits the CLB parameters that result in texture most similar to that in 

patient images, while accounting for the system NPS and MTF. The method takes 

advantage of a genetic algorithm to optimize the CLB parameters (Figure 53). 

− A method was developed to allow for 3D printing of voxelized phantoms (Section 

3.3.2.1.4). 

− A series of soft-tissue textured phantoms were designed and fabricated specifically 

to assess low-contrast detectability in textured backgrounds (Figure 56). 

− A mathematical lesion modeling framework was developed that allows for precise 

definition of the lesion’s size, shape, edge profile, and contrast properties (Section 

4.1.2.1). Also, a method to insert virtual lesions into clinical images to create hybrid 

images was developed (Section 4.1.2.3). 

− A method to perform a clinical trial using hybrid images was developed (Section 

4.3.2). 

− A software tool was built as an implementation of the lesion modeling/insertion 

methods. The tool allows a user to model lesions with user-defined characteristics 

and also to insert the lesions into CT images (Figure 78). 
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5.2 Future work 
As would be expected with any research project, the results from this 

dissertation lead to new research topics that can be further explored. Three main areas of 

research are good candidates for such exploration. First, using this dissertation as a 

basis, it would be beneficial to design a single comprehensive testing protocol, for a CT 

system, incorporating all the analysis techniques that have been developed. Such a 

project would be aimed toward providing clinical medical physicists a recipe to assess 

the CT systems for which they are responsible. Current published standards are 

somewhat outdated and do not reflect the new technologies (i.e., tube current 

modulation and iterative reconstruction) that are prevalent on most modern CT systems. 

Second, further work should be done to create a strong correspondence between 

phantom measurements and clinical image quality to ensure that phantom-based 

studies provide representative results. Using the tools provided by this dissertation, 

such comparisons are now possible. Finally, there is an opportunity to further refine the 

lesion modeling tool to include more sophisticated lesion features such as spiculations 

and internal heterogeneity. Also, the tool could be improved to allow for modeling of 

the molecular composition of lesions (currently the models include only attenuation). 

These more advanced models could be used to help design and optimize dual energy, 

phase-contrast, coherent scatter, or photon counting CT imaging systems which are all 

on the bleeding edge of development. 
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Appendix 

List of Acronyms 

− ACR: American College of Radiology 

− ADMIRE: Advanced Modeled Iterative Reconstruction  

− ANOVA: Analysis of Variance 

− AEC: Automatic Exposure Control 

− AFC: Alternative Forced Choice 

− AUC: Area Under the Curve 

− CAD: Computer Aided Detection (also Computer Aided Diagnosis) 

− CHO: Channelized Hotelling Observer 

− CHOi: Channelized Hotelling Observer with Internal noise 

− CLB: Clustered Lumpy Background 

− CNR: Contrast-to-Noise Ratio 

− CNRA: Area-wieghted Contrast-to-Noise Ratio 

− CI: Confidence Intervals 

− CT: Computed Tomography 

− CTDI: Computed Tomography Dose Index 

− d’: Detectability index (pronounced d=prime) 

− DICOM: Digital Imaging and Communications in Medicine 

− ESF: Edge Spread Function 
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− FBP: Filtered BackProjection 

− FOV: Field of View 

− GLCM: Gray Level Co-occurrence Matrix 

− GLRLM: Gray Level Run Length Matrix 

− HU: Hounsfield Unit 

− ICRU: International Commission on Radiation Units & Measurements 

− IR: Iterative Reconstruction 

− kVp: Peak-KiloVoltage 

− LSF: Line Spread Function 

− MDCT: Multi-Detector row Computed Tomography 

− MTF: Modulation Transfer Function 

− NPS: Noise Power Spectrum 

− NPW: Non-Prewhitening Matched filter 

− NPWE: Non-Prewhitening Matched filter with Eye filter 

− NPWEi: Non-Prewhitening Matched filter with Eye filter and Internal Noise 

− NPWi: Non-Prewhitening Matched filter with Internal noise 

− ROC: Receiver Operator Characteristic 

− ROI: Region of Interest 

− SAFIRE: Sinogram Affirmed Iterative Reconstruction 

− TCM: Tube Current Modulation 
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− TTF: Task Transfer Function 

− VOI: Volume of Interest 
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