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Abstract  

X-ray computed tomography (CT) is a non-invasive medical imaging technique 

that generates cross-sectional images by acquiring attenuation-based projection 

measurements at multiple angles. Since its first introduction in the 1970s, substantial 

technical improvements have led to the expanding use of CT in clinical examinations. 

CT has become an indispensable imaging modality for the diagnosis of a wide array of 

diseases in both pediatric and adult populations [1, 2]. Currently, approximately 272 

million CT examinations are performed annually worldwide, with nearly 85 million of 

these in the United States alone [3]. Although this trend has decelerated in recent years, 

CT usage is still expected to increase mainly due to advanced technologies such as 

multi-energy [4], photon counting [5], and cone-beam CT [6]. 

Despite the significant clinical benefits, concerns have been raised regarding the 

population-based radiation dose associated with CT examinations [7]. From 1980 to 

2006, the effective dose from medical diagnostic procedures rose six-fold, with CT 

contributing to almost half of the total dose from medical exposure [8]. For each patient, 

the risk associated with a single CT examination is likely to be minimal. However, the 

relatively large population-based radiation level has led to enormous efforts among the 

community to manage and optimize the CT dose. 
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As promoted by the international campaigns Image Gently and Image Wisely, 

exposure to CT radiation should be appropriate and safe [9, 10]. It is thus a 

responsibility to optimize the amount of radiation dose for CT examinations. The key for 

dose optimization is to determine the minimum amount of radiation dose that achieves 

the targeted image quality [11]. Based on such principle, dose optimization would 

significantly benefit from effective metrics to characterize radiation dose and image 

quality for a CT exam. Moreover, if accurate predictions of the radiation dose and image 

quality were possible before the initiation of the exam, it would be feasible to 

personalize it by adjusting the scanning parameters to achieve a desired level of image 

quality. The purpose of this thesis is to design and validate models to quantify patient-

specific radiation dose prospectively and task-based image quality. The dual aim of the 

study is to implement the theoretical models into clinical practice by developing an 

organ-based dose monitoring system and an image-based noise addition software for 

protocol optimization.  

More specifically, Chapter 3 aims to develop an organ dose-prediction method 

for CT examinations of the body under constant tube current condition. The study 

effectively modeled the anatomical diversity and complexity using a large number of 

patient models with representative age, size, and gender distribution. The dependence 

of organ dose coefficients on patient size and scanner models was further evaluated. 
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Distinct from prior work, these studies use the largest number of patient models to date 

with representative age, weight percentile, and body mass index (BMI) range. 

With effective quantification of organ dose under constant tube current 

condition, Chapter 4 aims to extend the organ dose prediction system to tube current 

modulated (TCM) CT examinations. The prediction, applied to chest and 

abdominopelvic exams, was achieved by combining a convolution-based estimation 

technique that quantifies the radiation field, a TCM scheme that emulates modulation 

profiles from major CT vendors, and a library of computational phantoms with 

representative sizes, ages, and genders. The prospective quantification model is 

validated by comparing the predicted organ dose with the dose estimated based on 

Monte Carlo simulations with TCM function explicitly modeled.  

Chapter 5 aims to implement the organ dose-estimation framework in clinical 

practice to develop an organ dose-monitoring program based on a commercial software 

(Dose Watch, GE Healthcare, Waukesha, WI). In the first phase of the study we focused 

on body CT examinations, and so the patient’s major body landmark information was 

extracted from the patient scout image in order to match clinical patients against a 

computational phantom in the library. The organ dose coefficients were estimated based 

on CT protocol and patient size as reported in Chapter 3. The exam CTDIvol, DLP, and 
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TCM profiles were extracted and used to quantify the radiation field using the 

convolution technique proposed in Chapter 4.  

With effective methods to predict and monitor organ dose, Chapters 6 aims to 

develop and validate improved measurement techniques for image quality assessment. 

Chapter 6 outlines the method that was developed to assess and predict quantum noise 

in clinical body CT images. Compared with previous phantom-based studies, this study 

accurately assessed the quantum noise in clinical images and further validated the 

correspondence between phantom-based measurements and the expected clinical image 

quality as a function of patient size and scanner attributes.  

Chapter 7 aims to develop a practical strategy to generate hybrid CT images and 

assess the impact of dose reduction on diagnostic confidence for the diagnosis of acute 

pancreatitis. The general strategy is (1) to simulate synthetic CT images at multiple 

reduced-dose levels from clinical datasets using an image-based noise addition 

technique; (2) to develop quantitative and observer-based methods to validate the 

realism of simulated low-dose images; (3) to perform multi-reader observer studies on 

the low-dose image series to assess the impact of dose reduction on the diagnostic 

confidence for multiple diagnostic tasks; and (4) to determine the dose operating point 

for clinical CT examinations based on the minimum diagnostic performance to achieve 

protocol optimization.  
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Chapter 8 concludes the thesis with a summary of accomplished work and a 

discussion about future research.  
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Chapter 1 

 

Introduction  

 The discovery of X-ray by the German physicist W. C. Roentgen in 1895 has led 

to a new era in medical imaging. The first X-ray imaging of his wife’s hand can be 

regarded as a form of radiography. Until today, radiography is still recognized as a basic 

medical imaging method, and X-ray computed tomography (CT) was developed using 

the same physical principles. However, unlike radiography, which acquires only a two-

dimensional project-based image, CT uses an external X-ray source rotating around the 

patient to measure x-ray attenuation at multiple projection angles. The projection data 

were further reconstructed to generate slice-based three-dimensional images.  

Due to its fast scanning time, sub-millimeter resolution, and flexible anatomic 

convergence, CT has been used for the diagnosis of a wide spectrum of diseases [8]. 

Inevitably, the increasing number of CT examinations has led to a dramatic rise of CT 

radiation dose levels [7]. For each patient, the risk associated with a single CT 

examination is likely to be minimal, but the relatively large population-based radiation 

dose level has led to enormous efforts by the community to manage and optimize the CT 

dose [12, 13]. 
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To achieve dose optimization, two crucial components related to CT clinical 

application should be effectively assessed: radiation dose and image quality.  This thesis 

provides a detailed evaluation and assessment of both topics, and the next section offers 

an outline of the thesis structure. 

1.1 Organization  

In Chapter 2, we first review the basic physics and mechanism of CT systems. 

The principles of x-ray physics, CT source, detector, reconstruction algorithms, radiation 

dose assessment, and image quality evaluation are reviewed. However, the main 

contribution of this thesis lies in Chapters 3-8. Chapter 3 develops a prospective 

quantification model for organ dose under constant tube current condition for body CT 

examinations. To model the anatomical diversity, the study uses a large patient library 

with representative age, size, and gender. The dependence of organ dose coefficients on 

patient size and scanner models is further evaluated. Using such organ dose coefficients 

under the constant tube current as the estimation basis, Chapter 4 demonstrates the 

quantification of organ dose under TCM with a convolution-based technique that 

accurately models the radiation field. Chapter 5 aims to implement the organ dose-

estimation workflow into clinical practice by developing an advanced organ dose-

monitoring program based on a commercial software (Dose Watch, GE Healthcare, 

Waukesha, WI). The exam CTDIvol, DLP, and TCM profiles, scanning parameters, and 

outline of patient contour image are extracted to estimate organ dose.  
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With effective estimation models to predict organ dose, Chapters 6-7 focus on the 

image quality assessment and evaluation with improved measurement techniques and 

advanced optimization techniques. Chapter 6 develops and validates an attenuation-

based approach to assess and predict the noise property in clinical images. The 

predicted noise shows a linear relationship with the measured noise across dose levels 

and reconstruction algorithms. Chapter 7 illustrates a strategy to generate synthetic CT 

images at multiple reduced-dose levels from real clinical datasets using a noise addition 

technique. A multi-reader observer studies on the low-dose image series to assess the 

effects of radiation dose on diagnostic confidence. Finally, Chapter 8 concludes the 

thesis with a summary of the research and a discussion of future studies.  
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Chapter 2 

 

Review of X-ray CT Imaging  

This chapter provides necessary background information about the basics of CT. 

In Section 2.1, a general overview of the CT system is presented, and in Section 2.2 x-ray 

physics are reviewed, including the x-ray generation, x-ray interaction, and x-ray 

detection. In Section 2.3, we review the currently available techniques of assessing CT 

radiation dose. Finally, in Section 2.4, a review of metrics and methods to evaluate CT 

image quality is provided. 

2.1 X-ray Computed Tomography 

X-ray CT is a noninvasive imaging modality that acquires a series of projection 

data at multiple angles and produces cross-sectional imaging of the body (Figure 2-1). 

The projection data measure the integrated attenuation at each projection angle, and are 

further reconstructed to yield cross-sectional images of the patient. Figure 2-2 illustrates 

scanner geometry and the most recent SOMATOM Force scanner developed by Siemens 

Healthcare (Siemens Healthcare, Forchheim, Germany).  
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Figure 2-1: (a) Sinogram and (b) one slice of the reconstructed CT image. 

 

Figure 2-2: (a) Fan beam geometry of the fourth generation CT scanner. (b) 

Photograph of the SOMATOM Force scanner (Siemens Healthcare, Forchheim, 

Germany).  

2.2 X-ray Physics 

X-rays are a form of electromagnetic waves with wavelength in the order of 

Angstrom (10-10 m) and energy in the range of 100 eV to 100 keV. The x-ray energy for 

the CT system generally ranges from 30 keV to 140 keV.  

(a) (b)
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2.2.1 Production of X-rays 

The x-ray tube is one of the most important components of the CT system, and 

consists of a cathode and an anode (Figure 2-3). The cathode supplies electrons through 

thermal excitation, while such electrons are accelerated and hit the target within the 

anode. The acceleration voltage generally ranges from 80 kV to 140 kV, depending on 

the scanning protocol. Thus, the maximum energy of the generated x-ray varies from 80 

kV to 140 kV (referred to as the kVp of x-ray); the resulting tube current is in the order of 

100 mA. The types of interactions of the electron with the anode can be summarized in 

the following three ways (Figure 2-4):  

(1) The electron can collide with an outer shell electron and transfer its energy to 

this secondary electron. The energy is finally dissipated into heat. For a typical x-ray 

tube, 99% of the energy is converted to heat. 

(2) The electron can interact with the atom and suffer a loss of radiation. The 

high-speed electron travels around the nucleus and releases its energy (partially or fully) 

through the interaction with the positive nucleus. The energy of the produced x-ray 

(Bremsstrahlung x-ray) generally ranges from 0 to the energy of the electron energy 

(type (a) and type (c) in Figure 2-4).  

(3) The electron can collide with the inner shell electron and eject it. The blank 

hole is refilled by the electron in the outer shell with a higher energy level. A photon is 

emitted during this process with energy equal to the energy difference between the two 
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electrons. The radiation produced in this way is usually named as the characteristic x-

ray (type (b) in Figure 2-4). 

               

Figure 2-3: Schematic overview of an x-ray tube and its components. Source: 

http://www.arpansa.gov.au/radiationprotection/basics/xrays.cfm 

    
Figure 2-4: Illustration of electron interaction with targeted atom and the 

corresponding composition of the x-ray spectrum. Source: 

https://books.google.com/books?id=JX__lLLXFHkC&sitesec=buy&source=gbs_vpt_rea

d 



 

 8

2.2.2 X-ray interaction with matter 

With the wavelengths of x-ray comparable to the sizes of the atoms, the x-ray can 

strongly interact with an atom. For x-ray energy that ranges from 50 eV to 1 Gev, the 

major interaction types are photoelectric effect, Compton scattering, Rayleigh scattering, 

and electron-positron pair production.  

 (1) Photoelectric effect: if the energy of the x-ray is larger than the binding 

energy Ui of the i-th shell in the target atom, then the x-ray photon may be absorbed and 

an electron is ejected with kinetic energy of E-Ui. The hole is further refilled by the 

electron from a higher-energy-state outer shell, generating a characteristic x-ray with 

energy equal to the difference between the two energy states. The probability of a 

photoelectric effect per unit mass is proportional to Z3/E3, where Z is the atomic number 

of the material and E is the energy of the incident photon.  

(2) Compton scatter: Compton scatter occurs when the photon interacts with the 

outer shell electron, which absorbs the photon and re-emits a secondary photon with 

energy E’. The energy of the secondary photon is dependent on the energy of the initial 

photon and the angle of deflection as 

                                             

E ' = E

1+ E

mec
2

(1− cosθ )

,                                                 2-1 

where θ  is the deflection angle of the ejected photon, me
 is the rest mass of the electron, 

and E is the energy of the initial injected photon. 
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(3) Rayleigh scattering: Rayleigh scattering is a form of x-ray interaction with 

matter by which an x-ray photon interacts with the electrons without excitation of the 

target atom. The scattered photon has the same energy as the incident photon.  

(4) Pair production: pair production is the process by which the x-ray interacts 

with the nucleus and creates an electron-positron pair. It should be noted that Pair 

production can only occur if the incident photon energy is at least 1.022 MeV. Thus this 

type of interaction does not apply to CT x-ray photons.  

Figure 2-5 illustrates the percent of energy transferred in water as a function of x-

ray photon energy for different processes. It can be noted that for the 0 to 50 keV photon 

energy range, photoelectric absorption dominates the interaction. For the 50 keV to 90 

keV range, the photoelectric and Compton scattering are equally important. Finally, for 

the 90 keV to 150 keV range, the Compton scattering interaction clearly dominates.  

                        

Figure 2-5: Percentage of energy transfer of different interactions in water. 

Source:https://books.google.com/books?id=JX__lLLXFHkC&sitesec=buy&source=gbs_

vpt_read. 
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2.2.3 X-ray detectors 

The x-ray detector captures the x-ray photon after its interaction with the 

scanned material and converts it into an electric signal. Two types of detectors have been 

used in the CT scanner, namely, xenon detectors and solid-state detectors. 

The xenon detectors are constructed with tungsten plates located within the 

high-pressure xenon chamber. Each pair of tungsten plates is connected with a high-

voltage DC supply (500V). The x-ray photon will cause the ionization of the xenon gas in 

a photoelectric interaction. The amount of ionization is linearly proportional to the total 

energy of the absorbed x-ray photons.  

However, the xenon detector suffers from low quantum detection efficiency. The 

solid-state detector is composed of solid-state scintillators and a photodiode. The 

incident x-ray photon undergoes a photoelectric interaction with the scintillator and 

excites electrons. When the excited electrons return to their ground states, characteristic 

radiation is emitted in the visible or UV light spectrum. The UV signals are further 

converted into digital signals at the photodiode.   

2.3 Radiation Dose  

In sections 2.1 and 2.2, we have provided a brief review of the basic x-ray 

physical principles and major elements of the CT system, including the x-ray tube, x-ray 

detectors, and the physical principle of x-ray interaction with matter. When the x-ray 

photon penetrates the scanning object, part of its energy is transferred to the object. For 
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human beings, such transferred energy can cause radiation damage to the tissue. Given 

the large number of CT examinations performed worldwide, it is not surprising that the 

impact of CT radiation dose on public health has received significant attention. Thus, the 

estimation of CT radiation dose has become an important research topic. 

Currently, CT radiation dose is usually quantified using standardized metrics 

such as CTDIvol and DLP. However, these metrics are based on uniform, fixed-size 

phantoms and are therefore largely patient generic [14]. Figure 2-6 demonstrates the 

dose distribution of two patients (one newborn and one adolescent) for abdominopelvic 

examinations. The CTDIvol values for the patients were identical (12.19 mGy for a 16-cm 

diameter CTDI phantom), yet the average radiation dose received by the newborn 

patient was approximately twice that of the adolescent patient. Other dose metrics, such 

as size-specific dose estimates (SSDE) [15], make the patient equivalent to a uniform 

phantom with varying size and estimate the average dose distributed in the cross-

section of the phantom. However, the dose distribution can vary significantly within the 

patient’s body. For the above-mentioned adolescent patient, if we use SSDE as a 

surrogate of organ dose within the scan range, the maximum error is approximately 66% 

(testes) and 54% (prostate). Optimization based on these dose metrics, therefore, is 

questionable. It may severely underestimate the radiation burden to pediatric patients, 

who are naturally more sensitive to radiation. Further, it may overestimate or 
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underestimate the dose to some small but radiosensitive organs (e.g., thyroid for chest 

examination and testes for abdominopelvic examination).  

                                    

Figure 2-6: Coronal dose distribution in one pediatric and one adolescent 

patient receiving abdominopelvic CT examinations.  

 

Organ dose, in contrast to CTDIvol and SSDE, is regarded as the most appropriate 

metric to quantify radiation burden to individual patients [16]. With precise modeling of 

the patient anatomical characteristics (body shape, organ location and orientation, and 

tissue composition), organ dose effectively reflects the complex and heterogeneous dose 

distribution within the patient’s body. In a recent summary of a National Institute of 

Biomedical Imaging and Bioengineering sponsored Radiation Dose Summit [17], it was 

noted that “the entity we should be trying to estimate, record, and use as the basis for 

risk estimates is the radiation dose to individual radiosensitive organs…. Much work 

must be done here to develop meaningful, robust metrics of patient dose (e.g., organ 
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dose) that account for these [e.g., scanner variation] many factors and attendant 

complexities.” 

     Individual organ dose cannot be directly measured. The reference standard 

for organ dose estimation is to use computational anthropomorphic phantoms combined 

with Monte Carlo computations that simulate the x-ray photon transport through the 

body during the CT acquisition process. The estimation accuracy then crucially depends 

on how well the simulation models 1) the patient anatomy and 2) the irradiation 

condition of the CT system.  

2.4 Image quality  

Section 2.3 provided a brief review of methods to quantify CT radiation dose. In 

this chapter, we review the current methods of image quality evaluation in CT.  

The current standard of practice for image quality evaluation is based on 

observer studies (such as receiver operating characteristic (ROC) or alternative forced 

choice (AFC) test) [18]. Such measures can be regarded as the “gold standard” of image 

quality assessment in the sense that they directly reflect the radiologist’s performance of 

a specific task. However, observer-based studies are laborious and time consuming in 

clinical practice. Let’s take one specific example. A recent study aimed to assess the 

dose-saving potential of an iterative reconstruction algorithm (ADIR 3D, Toshiba 

Medical System), and involved five radiologists reviewing 249 image cases to generate 

statistically meaningful results [19]. Considering the large parameter space for CT 
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protocols with multiple selections of tube voltage, dose, reconstruction algorithms, and 

kernels, such observer-based metrics are highly impractical to be used for the purpose of 

dose optimization.  

Alternatively, the CT image quality can be quantified using first-order system-

based physical metrics such as the contrast, noise magnitude, and contrast-to-noise ratio 

(CNR). However, these properties only reflect the limited physical attributes and are 

largely task generic [20]. Figure 2-7 demonstrates three CT images with identical noise 

value (13 HU) and CNR level (~2.5). Due to the effect of noise texture and image 

resolution, the image appearance is significantly different, which results in various 

diagnostic performances. Furthermore, these first-order metrics cannot effectively 

account for the complicated image appearance introduced by iterative reconstructions 

(IR), which are non-linear and have dramatically changed the image quality evaluation 

techniques as detailed in several recent studies [21-24].   

   
             Figure 2-7: Three images of a circular object with identical CNR and 

noise level. The image appearance is significantly different due to resolution and 

noise texture.  
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In overcoming the limitation of the aforementioned metrics, in recent years 

model observers have been proposed as a surrogate of the task-based image quality [18, 

20, 24]. Such metrics mathematically model three key elements for a diagnostic 

procedure: a task of interest, an appropriate observer, and physical qualities of the 

imaging systems (e.g., resolution, contrast, and noise). Task-based model observers 

provide a comprehensive model of the various attributes of a diagnostic task; further, it 

can be estimated rapidly with effective measurement techniques.  

To best reflect the diagnostic performance of the radiologists, the major transition 

for image quality assessment is from “phantom-based” to “clinical-image-based.” Such 

transition may further include two specific levels: (1) measurement of the physical 

properties from clinical images as opposed to simplified phantoms, and (2) development 

of a model observer that can accurately predict the diagnostic performance of a clinical 

diagnostic task based on actual images.   
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Chapter 3 

 

Estimation of Organ Dose in Pediatric and 

Adult Body CT  

Quantifying patient-specific radiation dose is an essential step for protocol 

optimization and radiation dose management. The organ dose estimation system should 

effectively model the anatomical diversity and complexity in clinical patient population. 

This chapter aims to develop a library patient-specific organ dose conversion coefficients 

(organ dose normalized by CTDIvol, h factor) database, taking into account patient 

anatomical diversity and scan coverage. The database allows organ dose under constant 

tube current to be rapidly estimated for a given clinical patient. The fixed tube current 

dose coefficients can further be used as the estimation basis of organ dose under tube 

current modulation. 

The work described in this chapter has been published in Radiology [25] and 

Physics in Medicine and Biology [26].  
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3.1 Introduction 

From 1993 to 2006, the number of computed tomography (CT) examinations 

performed in the United States increased at an annual rate of over 10% [27]. With the 

expanded use comes concern about elevated population risk of cancer incidences from 

CT radiation exposure [8]. A particular concern has been the use of CT in pediatric 

population [12], as children are not only more sensitive to radiation exposure than 

adults [28], but also have a longer life span during which the long-term effects of 

radiation may be manifested [29]. To develop strategies to optimize radiation dose of CT 

scans and minimize the potential risk, it is valuable to obtain accurate patient dose 

estimates. Such data may enable improved dose recording and monitoring by including 

information pertaining the specific patient, provide additional quantitative data for risk 

estimation, and aid in the optimization of CT protocols and practice performance. 

A major issue with patient dose is that it cannot be characterized by a single 

metric. This is due to the fact that the deposition of energy in the body is heterogeneous 

and encompasses different organs of varying radiosensitivity. Dose distributed in each 

radiosensitive organ is generally regarded as one of the best metrics to characterize 

individual radiation burden. It is further used as the basis of radiation risk estimation 

[30, 31]. However, organ dose cannot be directly measured. As an alternative, patient 

dose is often indexed in terms of dose indicators such as the volume CT dose index 

(CTDIvol) and size-specific dose estimate (SSDE). CTDIvol is highly limited as it only 
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reflects the dose to uniform phantoms and is further naïve to patient size [15]. The 

recently proposed metric of SSDE addresses the latter limitation by incorporating the 

effects of patient size [15]. SSDE thus represents a significant improvement towards 

patient-specific dose estimation. However, it still relies on homogeneous phantoms, and 

does not take into account the effects of tissue component and patient anatomy. 

Furthermore, in contrast to organ dose which is a patient-specific biological quantity, it 

pertains only to a specific imaging modality, i.e. body CT. 

Considering the significance of organ dose, it is important to devise a method to 

estimate it accurately. Since the individual patient organ dose cannot be directly 

measured, the reference standard for organ dose estimation is Monte Carlo computation 

which simulates the x-ray photon transport through the body during the CT acquisition 

process. However, to be precise, the Monte Carlo simulation requires detailed modeling 

of 1) the CT scanner and 2) the patient anatomy [32-34]. While challenged due to 

proprietary concerns and the complexity of the scanners, some prior studies have 

addressed the former difficulty [35-37]. However, modeling the patient anatomy has 

remained a particular challenge. Most prior studies have been limited by the small 

number of computational phantoms used, which do not reflect the possible influence of 

anatomical variability across patients.  

The purpose of this study was to explore a patient-specific organ dose estimation 

technique for pediatric chest and abdominopelvic CT scans. The CTDIvol-normalized-
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organ dose coefficients were determined from Monte Carlo simulation using 

representative pediatric patient models of varying ages and weight percentiles. These 

coefficients provide quantitative data so that organ doses may be estimated with the 

knowledge of patient size and the CTDIvol value. The work was performed based on 

common image acquisition protocols to devise a framework that can be applied to other 

protocols.   

3.2 Methods  

3.2.1 Patient-specific computed models 

The study included 42 pediatric patients (age range, 0 to 16 y.o.; mean age, 5±4 

y.o [standard deviation]; weight range, 2-80 kg, mean weight, 20±14 kg; trunk diameter 

range, 10-25 cm). There were 24 male patients (age range, 0-12 y.o.; weigh range, 2-80 kg) 

and 18 female patients (age range, 0-16 y.o.; weigh range, 2-41 kg). Each patient 

underwent a chest, abdominopelvic, or chest-abdominal-pelvis scan at our institution 

for clinical purposes from 2005 to 2006. The cases were reviewed by an experience 

radiologist to ensure that these images were normal or contained findings that would 

not affect organ geometry, morphology, or other factors. As such, the distribution of the 

patient anatomy was representative of a healthy population. Images that contained lung 

parenchymal abnormalities, mediastinal abnormalities, and chest wall abnormalities 

were excluded. Using the CT dataset of each patient as a basis, a full-body patient-

specific model was created using methods described previously [38, 39]. In brief, an 
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initial phantom was first created by segmenting large organs and structures within the 

CT image volume. Three-dimensional triangulated polygon models were defined by 

applying the marching cubes algorithm for each organ mask. A 3D non-uniform rational 

B-spline (NURBS) surface was then fitted to polygon models using NURBS modeling 

software (Rhinceros, McNeel North America, Seattle, WA). Other organs and structures 

were defined by morphing structures from the Visible Human male or female full-body 

adult models [40, 41]. The volumes of the morphed organs/structures were checked and 

scaled, if necessary, to match age-interpolated organ volume and anthropometry data in 

the International Commission on Radiological Protection (ICRP) Publication 89 [42]. The 

frontal 3D views of the patient models are shown in Figure 3-1. 

Figure 3-1: 3D frontal views of the series of patient models used in this study 

The full-body pediatric models consisted of 43 and 44 organs for male and female 

patients, respectively, including most of the radiosensitive organs defined by ICRP 
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publication 103 [43]. All models were developed with 0.5- or 1-mm isotropic resolution 

for input into a Monte Carlo simulation.         

3.2.2 CT examination simulations 

In our previous study, we reported the development and validation of a Monte 

Carlo program for simulating dose in a 64-slice CT system (LightSpeed VCT, GE 

Healthcare, Waukesha, WI) [38, 44]. The program was based on a benchmarked Monte 

Carlo subroutine package for photon, electron, and positron transport (PENELOPE, 

version 2006, Universitat de Barcelona, Spain) [45, 46]. The accuracy of the simulated 

dose was previously validated in cylindrical and anthropomorphic phantoms for both 

axial and helical scanning modes [38].  

In this study, the program was extended to simulate dose in a 128-slice CT 

system (SOMATOM Definition Flash, Siemens Healthcare, Forchheim, Germany). The 

information about the scanner geometry, spectrum of the x-ray source, materials and 

geometry of the bowtie filters was provided by the manufacturer. The modeling of the 

128-slice CT system was validated using a custom-designed cylindrical phantom. 

Simulation results were compared with measured values. The agreements were within -

12% to +5%.  

The simulations were performed using the same kVp, the manufacturer-

respective bowtie filters used for pediatric body scans, consistent collimation settings 

and pitch values (Table 3-1). The over-ranging distances were determined either from 
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scanner console parameters [38] or measured using a ready-pack x-ray film (PPL, 

Eastman Kodak Co., Rochester, NY).  

Table 3-1: Summary of CT protocols 

 

 

3.2.3 Organ dose estimation 

Monte Carlo simulations of helical scans were performed for patient phantoms 

for chest and abdominopelvic scans. The scan length was determined as the total image 

coverage plus the over-ranging distance. For a chest scan, the image coverage was 

defined from 1 cm above the lung apex to 1 cm below the lung base. For an 

abdominopelvic scan, the image coverage was defined from 1 cm above the liver 

anterior to 1 cm below the ischium. 

Energy deposited in each key radiosensitive organ was tallied to calculate the 

organ dose. For the organs that were not explicitly modeled (salivary glands, oral 

mucosa, and extrathoracic region [ET]), the dose values were approximated by using 

dose values to neighboring organs (pharynx and larynx). The organs were categorized 

into three groups with respect to their locations within the image coverage: organs 
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within the image coverage, organs on the periphery of or outside the image coverage, 

and distributed organs (in this study, bone surface, red bone marrow, and skin).  

CTDIvol-normalized-organ dose coefficients were determined for each organ, 

denoted as , where O refers to organ, S to scanner, P to patient model. CTDIvol 

values were simulated in Monte Carlo program, with CTDI ion chamber (100 mm long, 

3 cm3 active volume, model 10x5-3CT/9015, Radcal Corporation, Monrovia, CA) and the 

PMMA phantom explicitly modeled. The 16-cm-diameter CTDI phantom was used for 

all protocols.                                                                                               

The relationships between CTDIvol-normalized-organ dose coefficients and 

average patient diameter were determined using nonlinear regression analysis. For chest 

CT scans, average chest diameter was calculated for each patient model as   

                                                                                3-1                                                                                                                    

where V is the chest region volume, and H is the chest region height. A similar 

method was used to calculate average abdominopelvic diameter for abdominopelvic CT.  

The differences in CTDIvol-normalized-organ dose coefficients between scanner 

models were analyzed in terms of the average and minimum/maximum percentage 

differences among patient models. Considering the fact that large percentage differences 

might be less relevant if the absolute value of the organ dose is low, a difference ratio 

, ,O S Ph

2 ,
V

d
Hπ

=
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was further reported as the organ dose coefficient differences across scanner models 

divided by the total patient dose.  

With an anticipated general similarity in CTDIvol-normalized-organ dose 

coefficients between the two scanner models, exponential regressions were further fitted 

to the scanner-averaged coefficient for each organ as  

                                             3-2
   

and
                                                         

 

                                                      3-3
 
                                                              

where  denotes scanner-independent CTDIvol-normalized-organ dose 

coefficients, and Ns denotes the number of scanner models. The quantitative justification 

for the scanner-averaged fits was based on results provided in the following section.   

3.3 Results  

The CTDIvol-normalized-organ dose coefficients showed an exponential 

relationship with average patient diameter. The relationship was dependent on the 

location and size of the organ. For large organs within the image coverage, the 

exponential relationships were strong (R2 > 0.9 for esophagus, lungs, and heart for chest 

scans; R2 > 0.9 for stomach, liver, and colon for abdominopelvic scans). Figures 3-2 and 3-

, , ,

1
exp( ),O P O S P O chest OS

h h d
Ns

α β= = +∑

, , ,

1
exp( ),O P O S P O abd OS

h h d
Ns

α β= = +∑

,O Ph
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3 show CTDIvol-normalized-organ dose coefficients for twelve selected organs as a 

function of the average chest or abdominopelvic diameter.  
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Figure 3-2: Example CTDIvol-normalized-organ dose coefficients for chest scans 

plotted against the average chest diameter. (a, b) Large organs within the chest image 

coverage. (c) Small organ within the chest image coverage. (d, e) Organs on the 

periphery of or outside the chest image coverage. (f) Distributed organ.  
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Figure 3-3: Example CTDIvol-normalized-organ dose coefficients for 

abdominopelvic scans plotted against average abdominopelvic diameter. (a, b, c) 

Large organs within the abdominopelvic image coverage. (d) Small organ within the 

abdominopelvic image coverage. (e) Organ outside the abdominopelvic image 

coverage. (f) Distributed organ. 
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Comparing the CTDIvol-normalized-organ dose coefficients across two scanner 

models, the average and maximum/minimum differences across patients are reported in 

Table 3-2 and 3-3 for chest and abdominopelvic scans, respectively. For organs within 

the image coverage, the differences between scanner models were generally very small 

(average within 4% for chest scans and 10% for abdominopelvic scans) except for breasts 

(average 24% for chest scans). For distributed organs and organs on the periphery of or 

outside the image coverage, the differences were generally larger (average 3-32%), 

possibly due to the effect of the over-ranging distance. For chest and abdominopelvic 

scans, the difference ratios for all organs were within 1%. 

Table 3-4 and 3-5 provide fitting parameters , , and correlation 

coefficients R2 for the exponential regression fits to CTDIvol-normalized-organ dose 

coefficients for each scanner. For organs within the image coverage, the differences in 

dose coefficients for the two scanners are small (average < 10%), less than the achievable 

accuracy in the state-of-art dose estimation method (average < 11%). Since organs within 

the image coverage receive the majority of the patient dose, we applied exponential fits 

to scanner-averaged organ dose coefficients. The resultant scanner-averaged fitting 

parameters , , correlation coefficients R2, and root-mean-square of residuals for 

each organ are also reported in Tables 3-4 and 3-5 for chest and abdominopelvic scans, 

respectively.  

  

,O Sα ,O Sβ

Oα Oβ
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Table 3-2: Differences in CTDIvol-normalized-organ dose coefficients 

between two scanner modelsa for chest scans. Range of differences refers to the 

maximum and minimum of organ dose differences across scanners. 
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Table 3-3: Differences in CTDIvol-normalized-organ dose coefficients between 

two scanner models for abdominopelvic scans. Range of differences refers to the 

maximum and minimum of organ dose differences across scanners. 

 

(a) Organs within the abdominopelvic image coverage 

Organ Average difference
b
 

 (%) 
Range of differences

b
 

 (%) 
Difference ratio

c 
 

(%) 

Adrenals 3.8 -8.7, +7.3 -0.16 

Bladder 3.1 -9.0, +8.6 -0.01 

Gall bladder 9.9 -24.9, +18.8 -0.13 

Kidneys 3.3 -8.6, +5.1 -0.17 

Large intestine 2.9 -7.0, +7.1 -0.05 

Liver 2.6 -4.7, +8.3 0.01 

Pancreas 2.9 -10.6, +5.6 -0.10 

Small intestine 2.6 -6.6, +6.9 -0.04 

Spleen 5.4 -18.8, +15.9 0.04 

Stomach 3.5 -13.2, +10.9 -0.04 

Uterus 4.0 -10.8, +6.0 0.00 

Vagina 3.1 -8.4, +11.8 0.00 

Ovaries 5.8 -13.9, +7.6 0.00 

Prostate 4.9 -8.7, +17.7 0.00 

Testes 9.1 -5.2, +28.3 0.01 

 
(b) Organs on the periphery of or outside the abdominopelvic image coverage 

Organ Average difference
b
 

 (%) 

Range of differences
b
 

 (%) 

Difference ratio
c
  

(%) 

Brain 5.0 -12.6, +17.1 0.00 

Breasts 30.9 -11.5, +73.6 0.92 

Esophagus 20.1   +7.5,  +39.2 0.51 

Eyes 13.4 -48.4, +24.3 0.00 

Heart 18.3 +12.5, +30.9 0.89 

Larynx-pharynx 12.0 -11.6, +28.7 0.04 

Lungs 19.4 +12.7, +33.0 0.82 

Thymus 31.7 +9.9, +54.9 0.56 

Thyroid 17.4 +0.4, +40.6 0.12 

Trach-bronchi 25.1 +6.3, +47.4 0.35 

 

(c) Distributed organs 

Organ Average difference
b
 

 (%) 
Range of differences

b
 

 (%) 
Difference ratio

c
 

(%) 

Bone surface 7.5 -1.7, +19.6 0.29 

Red bone marrow 4.2 -7.4, +13.9 0.01 

Skin 6.3 +0.1, +13.9 0.11 
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Table 3-4: Fitting parameters, correlation coefficients, and root-mean-square of residuals for CTDIvol-normalized-organ 

dose coefficients for chest scans. Both scanner-specific (column 2-7) and scanner-averaged (column 8-11) data were reported. 

Equation for CTDIvol-normalized-organ dose coefficients for each scanner model is  Equation for 

scanner-averaged CTDIvol-normalized-organ dose coefficients is  The organ dose coefficients and 

are unit less values (mGy-100 mAs per rotation/mGy-100 mAs). Normalization was performed using 16-cm-diameter CTDI 

phantom. 

                    

, , , ,exp( ).O S P O S chest O Sh dα β= +

, exp( ).O P O chest Oh dα β= +
,O Ph , ,O S Ph

(a)  Organs within the chest image coverage 

  GE LightSpeed VCT  Siemens Definition Flash  Scanner-averaged parameters 

 Organ  α(O,S)    β(O,S)    Correlation 
coefficient 

(R
2
)    

 α(O,S)    β(O,S)    Correlation 
coefficient  

(R
2
)    

 αO βO Correlation 
coefficient 

(R
2
) 

Root-mean-
square of 

residuals
a
 

Esophagus  -0.044 0.67 0.93  -0.039 0.53 0.89  -0.042 0.60 0.91 0.042 

Heart  -0.042 0.77 0.94  -0.032 0.58 0.90  -0.037 0.67 0.93 0.039 

Lungs  -0.049 0.86 0.98  -0.040 0.67 0.96  -0.044 0.76 0.98 0.025 

Breasts  -0.061 0.80 0.44  -0.039 0.43 0.39  -0.048 0.59 0.51 0.129 

 
(b)  Organs on the periphery of or outside the chest image coverage 

  GE LightSpeed VCT  Siemens Definition Flash  Scanner-averaged parameters 

 Organ  α(O,S) β(O,S) Correlation 
coefficient 

(R
2
) 

 α(O,S) β(O,S) Correlation 
coefficient  

(R
2
) 

 αO βO Correlation 
coefficient 

(R
2
) 

Root-mean-
square of 

residuals
a
 

Bladder  -0.216  -0.91 0.71  -0.205  -1.24  0.70   -0.202 -1.20 0.73 0.006 

Brain  -0.117  -1.45 0.80  -0.096  -1.99  0.76   -0.104 -1.75 0.80 0.006 

Eyes  -0.118  -1.97 0.68  -0.089  -2.67  0.57   -0.102 -2.33 0.63 0.006 

Gall bladder  -0.110  1.16 0.45  -0.099  0.53  0.38   -0.107 0.93 0.46 0.167 

Kidneys  -0.079  0.46 0.48  -0.064  -0.15  0.32   -0.073 0.21 0.43 0.117 

Large intestine  -0.198  1.22 0.66  -0.158  0.13  0.63   -0.175 0.68 0.66 0.056 

Larynx-pharynx  -0.086  0.75 0.58  -0.089  0.49  0.51   -0.089 0.66 0.57 0.105 

Liver  -0.059  0.76 0.82  -0.053  0.50  0.66   -0.056 0.65 0.79 0.074 

Pancreas  -0.102  0.97 0.40  -0.084  0.27  0.29   -0.089 0.59 0.35 0.175 

Small intestine  -0.178  1.00 0.68  -0.137  -0.09  0.62   -0.155 0.45 0.67 0.056 

Spleen  -0.061  0.75 0.80  -0.049  0.41  0.43   -0.056 0.60 0.69 0.092 

Stomach  -0.053  0.65 0.50  -0.033  0.09  0.15   -0.044 0.40 0.35 0.140 

Thymus  -0.041  0.73 0.90  -0.033  0.57  0.85   -0.038 0.65 0.90 0.049 
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Thyroid  -0.014  0.15 0.10  -0.012  -0.03  0.06   -0.013 0.06 0.08 0.127 

Trach-bronchi  -0.038  0.59 0.81  -0.034  0.47  0.78   -0.036 0.54 0.80 0.061 

Uterus  -0.211  -0.99 0.60  -0.195  -1.38  0.64   -0.203 -1.17 0.63 0.004 

Vagina  -0.246  -0.77 0.63  -0.213  -1.37  0.69   -0.229  -1.07 0.67 0.003 

Ovaries  -0.215  -0.80 0.60  -0.189  -1.36  0.54   -0.203 -1.05 0.58 0.006 

Prostate  -0.255  -0.32 0.79  -0.238  -0.76  0.83   -0.245 -0.56 0.82 0.006 

Testes  -0.307  -0.09 0.88  -0.285  -0.62  0.81   -0.295 -0.36 0.86 0.003 

 
  (c)  Distributed organs 

   GE LightSpeed VCT  Siemens Definition Flash  Scanner-averaged parameters 

Organ  α(O,S) β(O,S) Correlation 

coefficient  
(R

2
) 

 α(O,S) β(O,S) Correlation 

coefficient  
(R

2
) 

 αO βO Correlation 

coefficient 
(R

2
) 

Root-mean-

square of 
residuals

a
 

Bone surface  -0.073  0.55 0.88  -0.056  0.10  0.82   -0.063 0.31 0.88 0.042 

Red bone 
marrow 

 -0.046  -0.61 0.77  -0.033  -0.89  0.61   -0.040 -0.74 0.72 0.023 

       Skin  -0.071  -0.64 0.59  -0.060  -0.95  0.50   -0.064 -0.82 0.54 0.035 

a 
For each patient model, root-mean-square of residual was calculated as

2

, ,( )

2

O P O P

n

h h

n

∧
−

−

∑ , where h
∧

 was the 

estimated organ dose coefficients based on the exponential relationship using fitting parameters αO and βO.  
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Table 3-5: Fitting parameters, correlation coefficients, and root-mean-square of residuals for CTDIvol-normalized-organ 

dose coefficients for abdominopelvic scans. Both scanner-specific (column 2-7) and scanner-averaged (column 8-11) data were 

reported. Equation for CTDIvol-normalized-organ dose coefficients for each scanner model is Equation 

for scanner-averaged CTDIvol-normalized-organ dose coefficients is  The organ dose coefficients and 

are unit less values (mGy-100 mAs per rotation/mGy-100 mAs). Normalization was performed using 16-cm-diameter CTDI 

phantom. 

                      

, , , ,exp( ).O S P O S abd O Sh dα β= +

, exp( ).O P O abd Oh dα β= +
,O Ph

, ,O S Ph

(a) Organs within the abdominopelvic image coverage 

   GE LightSpeed VCT  Siemens Definition Flash  Scanner-averaged parameters 

Organ  α(O,S) β(O,S) Correlation 
coefficient 

(R
2
) 

 α(O,S) β(O,S) Correlation 
coefficient 

 (R
2
) 

 αO βO Correlation 
coefficient 

(R
2
) 

Root-mean-
square of 

residuals
a
 

Adrenals  -0.055  0.76  0.98   -0.047  0.67  0.97   -0.051 0.71  0.98 0.023 

Bladder  -0.056  0.81  0.86   -0.049  0.69  0.85   -0.051 0.73  0.87 0.065 

Gall bladder  -0.056  0.89  0.85   -0.036  0.57  0.82   -0.047 0.74  0.90 0.052 

Kidneys  -0.048  0.68  0.97   -0.041  0.59  0.96   -0.045 0.63  0.96 0.028 

Large intestine  -0.048  0.76  0.95   -0.041  0.64  0.94   -0.043 0.68  0.97 0.027 

Liver  -0.049  0.72  0.94   -0.041  0.58  0.95   -0.045 0.65  0.94 0.035 

Pancreas  -0.044  0.68  0.94   -0.037  0.57  0.93   -0.041 0.63  0.94 0.034 

Small intestine  -0.047  0.80  0.94   -0.038  0.66  0.94   -0.041 0.71  0.96 0.030 

Spleen  -0.050  0.67  0.89   -0.040  0.49  0.86   -0.044 0.57  0.91 0.045 

Stomach  -0.047  0.71  0.91   -0.041  0.61  0.89   -0.044 0.65  0.91 0.046 

Uterus  -0.062  0.88  0.88   -0.051  0.70  0.87   -0.056 0.79  0.88 0.027 

Vagina  -0.061  0.86  0.92   -0.052  0.69  0.89   -0.057 0.77  0.92 0.018 

Ovaries  -0.060  0.86  0.86   -0.048  0.70  0.85   -0.054 0.78  0.85 0.036 

Prostate  -0.058  0.80  0.96   -0.049  0.64  0.92   -0.053 0.72  0.96 0.029 

Testes  -0.049  0.85  0.55   -0.057  0.90  0.56   -0.052 0.87  0.58 0.098 

 

(b) Organs on the periphery of or outside the abdominopelvic image coverage 

   GE LightSpeed VCT  Siemens Definition Flash  Scanner-averaged parameters 

Organ  α(O,S) β(O,S) Correlation 
coefficient 

(R
2
) 

 α(O,S) β(O,S) Correlation 
coefficient  

(R
2
) 

 αO βO Correlation 
coefficient 

(R
2
) 

Root-mean-
square of 

residuals
a
 

Brain  -0.198  -2.07  0.75   -0.183  -2.36  0.74   -0.183 -2.31 0.75 0.003 

Breasts  -0.133  1.43  0.40   -0.155  1.40  0.36   -0.133 1.30 0.39 0.187 
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Esophagus  -0.096  0.64  0.63   -0.085  0.21  0.47   -0.086 0.37 0.56 0.092 

Eyes  -0.153  -3.37  0.63   -0.136  -3.71  0.58   -0.140 -3.60 0.60 0.001 

Heart  -0.070  0.87  0.81   -0.067  0.61  0.71   -0.067 0.72 0.77 0.076 

Larynx-pharynx  -0.169  -0.61  0.62   -0.151  -1.04  0.59   -0.156 -0.87 0.60 0.019 

Lungs  -0.085  0.95  0.83   -0.073  0.54  0.74   -0.077 0.72 0.80 0.081 

Thymus  -0.143  0.84  0.60   -0.098  0.32  0.50   -0.121 0.30 0.56 0.089 

Thyroid  -0.121  -0.50  0.48   -0.095  -1.14  0.40   -0.100 -0.92 0.44 0.037 

Trach-bronchi  -0.137  0.41  0.49   -0.104  -0.46  0.43   -0.118 -0.05 0.45 0.084 

 

(c) Distributed organs 

   GE LightSpeed VCT  Siemens Definition Flash  Scanner-averaged parameters 

Organ  α(O,S) β(O,S) Correlation 
coefficient 

(R
2
) 

 α(O,S) β(O,S) Correlation 
coefficient  

(R
2
) 

 αO βO Correlation  
coefficient 

 (R
2
) 

Root-mean-
square of 

residuals
a
 

Bone surface  -0.051  0.32  0.79   -0.035  -0.03  0.65   -0.041 0.13 0.75 0.050 

Red bone 

marrow 

 -0.022  -0.75  0.56   -0.008  -1.01  0.14   -0.016 -0.87 0.37 0.024 

Skin  -0.073  -0.13  0.59   -0.064  -0.35  0.53   -0.066 -0.28 0.55 0.059 

a 
For each patient model, root-mean-square of residual was calculated as

2

, ,
( )

2

O P O P

n

h h

n

∧
−

−

∑ , where h
∧

 was the 

estimated organ dose coefficients based on the exponential relationship using fitting parameters αO and βO.  
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3.4 Discussion  

In this study, we explored a patient-specific organ dose estimation technique for 

pediatric chest and abdominopelvic CT scans using 42 patient models across two CT scanner 

models. The large number of models used in this study begins to address potential variations in 

anatomic diversity. This investigation of organ doses supports widely recognized needs. For 

example, in a recent summary of an National Institute of Biomedical Imaging and 

Bioengineering (NIBIB) sponsored Radiation Dose Summit [17], it was noted that, “the entity 

we should be trying to estimate, record, and use as the basis for risk estimates is the radiation 

dose to individual radiosensitive organs…. Much work must be done here to develop 

meaningful, robust metrics of patient dose (e.g., organ dose) that account for these [e.g., scanner 

variation] many factors and attendant complexities.” During the 2011 Beebe symposium [47], it 

was emphasized that “…if organ doses could be estimated reasonably accurately and robustly, 

then they would provide an extremely useful basis for estimating and tracking patient dose. 

According to Huda ([47], pp 32), “doses to specific organs could be tracked over time and could 

be combined (added or by other math operation) in a much more meaningful way than we are 

currently able to do (e.g., combining radiation dose indices such as CTDIvol and/or administered 

activity).” In this study, CTDIvol is not used as a metric of patient dose or organ dose; rather, it is 

used as an index of scanner radiation output. The normalized coefficients allow organ doses to 

be derived with the knowledge of patient size and CTDIvol for a given CT exam of a given 

patient. 
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For chest scans, the CTDIvol-normalized-organ dose coefficients reported in this study 

are in general agreement with results by Li et al., Figure 3-4(a) [37]. For lungs, esophagus, and 

heart, differences in organ dose coefficients between the two studies were less than 10%. For 

abdominopelvic scans, we compared our results with those from Turner et al [36]. Since 

abdominal and abdominopelvic scans are designed to cover different body regions, the start 

and end locations for the two protocols are defined based on different body landmarks. To 

avoid the differences of coefficients caused by that effect, comparisons were performed only for 

organs that are fully irradiated in both studies (liver, stomach, adrenals, kidney, pancreas, 

spleen, and gall bladder). In the Turner et al [36], organ dose values were normalized based on 

CTDIvol measured using the 32 cm CTDI phantom. Adjusting for the size of the CTDI phantom, 

our results again show excellent agreement with Turner results (<10% difference), Figure 3-4(b). 

The exponential regression models are generally found to be sufficient to describe the 

relationship between organ dose and patient size [36, 37]. This can be explained by the physical 

principle that dose contributed by the primary beam is exponentially related with the patient 

attenuation. Theoretically, the organ dose contributed from the primary beam can be modeled 

as an exponential function of the tissue attenuation property and the path length the photon 

transverses. We explicitly modeled the energy-dependent linear attenuation coefficients and the 

transmission of every photon, integrated across multiplicity of photons and pathways. Further, 

since patient attenuation is generally proportional to patient size for a specific region (chest or 
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abdominopelvic); we used the physically justified exponential model to provide a simplified 

way to assess organ dose based on patient size.  

  

Figure 3-4: (a) Comparison of CTDIvol-normalized lung dose coefficients for chest 

scans. Green curve: CTDIvol-normalized lung dose coefficients estimated by Li et al (14). 

Protocol used: chest scan, GE LightSpeed VCT, 120 kVp, 1.375 pitch, 40 mm collimation, 

small bowtie filter. (b) Comparison of CTDIvol-normalized stomach dose coefficients for 

abdominopelvic scans. Green curve: CTDIvol-normalized stomach dose coefficients estimated 

by Turner et al.  Protocol used: abdominal scan, four 64-slice MDCT scanners, 120 kVp, 1 

pitch, widest collimation setting available for each scanner, bowtie filters for adult body.     

Beyond exploring the relationships between CTDIvol-normalized-organ dose coefficients 

and patient size, this study further explored the feasibility of deriving scanner-independent 

organ dose coefficients. It was previously reported by Turner et al. [35] that the differences in 

CTDIvol-normalized-organ dose values across scanner models are very small (within 8.5%). 

However, those simulations were based on a pitch of 1.0 and a whole-body CT scan protocol. In 

our study, larger differences were found between scanner models. One possible reason for the 

larger differences is that when only part of the body is directly irradiated, organ dose can vary 

depending on how much of the organ volume is under the direct radiation beam. The two 
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scanner models differed in over-ranging distances, resulting in a difference in the total scan 

length for the same patient. This further leads to larger differences of CTDIvol-normalized-organ 

dose coefficients particularly for distributed organs and organs on the periphery of or outside 

the image coverage. This effect can be larger for pediatric patients, for whom over-ranging 

distance accounts for a larger percentage of the total scan length. Secondly, the pitch values 

modeled in our study were larger than 1.0. With pitch values larger than unity, the beam 

separations between different rotations of the helical scan could lead to a non-uniform dose 

distribution in the Z direction. This effect is more prominent for small organs (breasts for chest 

scans), as the size of the organ would be relatively small compared to the beam separations 

between two helical rotations.  

Many factors contribute to patient dose, including (a) the scanner output radiation; (b) 

patient characteristics; and (c) the relative locations of the regions of interest and the x-ray beam. 

A comprehensive dose estimation method should precisely model all three factors. As 

discussed earlier, CTDIvol is a widely used index to quantify scanner radiation output but 

cannot adequately measure the other two factors. The SSDE aims to address the second factor 

by taking one important patient attribute (patient size) into account. However, SSDE is still 

naïve to tissue components and patient internal anatomy. Thus, it can be regarded as a 

straightforward but anatomy-generic method to estimate average dose distributed within the 

cross sectional volume of the patient. As for the third factor, since SSDE is estimated in the 
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center of the scanned region, it can only be applied to regions that are fully irradiated during 

the CT exam.  

An example of the accuracies of CTDIvol and SSDE in approximating organ dose is 

provided in Table 3-6. The abdominopelvic CT exam was performed for a 12 year-old male 

patient. The CTDIvol for the examination (based on a 16-cm-diameter CTDI phantom) was 4.26 

mGy. Given that child’s average abdominopelvic diameter of 21 cm, the SSDE associated with 

this scan was 3.53 mGy. As shown, for organs within the image coverage, CTDIvol overestimated 

organ doses with discrepancies ranging from 7% to 44%. SSDE provided more accurate dose 

estimations with discrepancies ranging from -11% to 20%. As discussed earlier, such 

discrepancies are primarily introduced by patient internal anatomy and organ distributions. 

To quantify the third factor that determines patient dose, we estimated the contribution 

of partially irradiated organ doses to whole body dose. In the example above, the sum of doses 

of partially irradiated organs contributed 25% to the whole body dose. Heart dose and lung 

dose were 2.69 and 1.75 mGy, respectively. Such magnitudes are comparable to dose received 

by fully irradiated organs. Considering such non-negligible amounts of dose, close attention 

should be paid when applying SSDE as a surrogate of organ dose.  
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Table 3-6. Comparison between volume-weighted CT dose index (CTDIvol), size-

specific dose estimate (SSDE), and patient-specific organ dose for an abdominopelvic CT 

scan.  

 

              

Our study has several limitations. First, it was based on CT scanners from two 

manufacturers only, albeit they represent devices with wide clinical penetration (> 60% of 

worldwide market share in 2010) [48]. Additionally, the good agreement between our results 

and those from others (based on different scanner models) further strengthen the 

generalizability of our findings. Second, due to the extensive effort required to develop 

computational phantoms, the number of patient models from age 12-18 was limited. 

Nevertheless, to the best of our knowledge, this study still represents the largest database for 

pediatric organ dose estimates. Thirdly, our study did not specifically address nuances 

associated with tube current modulation [49], bismuth shielding [50], or organ based dose 
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modulation [51], topics that we aim to adddress in future studies. Fourthly, in a direct 

application of our coefficients to assess the organ doses for a real patient receiving a CT scan, 

certain sources of errors included: organ sizes and distributions mismatch between the 

phantoms and the patient, variation in patient positioning, and uncertainty in the start and end 

position of the scan region. These potential errors may only be addressed with phantom models 

that are specific to each individual patient.  Finally, our scanner-averaged coefficients, while 

generalizable for organs within the image coverage, may not be as applicable to distributed 

organs and organs on the periphery of or outside of the image coverage. Developing scanner-

specific conversion coefficients might be necessary for these organs. 

3.5 Conclusion  

In conclusion, it is feasible to estimate patient-specific organ dose from patient size and 

the CTDIvol value for pediatric chest and abdominopelvic CT examinations. Such information 

may aid in improved dose recording and monitoring, in dose estimation for multiplicity of CT 

examination protocols across different CT scanners, in CT protocol optimization, and in the 

evaluation of dose profiles within a practice. 

  



 

 42

Chapter 4 

 

Estimation of Organ Dose for Tube Current 

Modulated CT Examinations  

Chapter 3 provided a systematic approach to estimate organ dose for CT examinations 

under constant tube current. However, most clinical CT examinations nowadays are performed 

with TCM technique. Organ dose estimation under TCM is particularly challenge mainly due to 

the heterogeneous radiation field created by the changing tube current across patient body. The 

purpose of this work is to develop an effective technique to quantify radiation field distribution 

under TCM using a convolution-based technique. The organ dose is further predicted 

combining the radiation dose distribution with a patient matching technique and a database of 

organ dose coefficients estimated using a library of computational phantoms (Chapter 3). The 

accuracy of the proposed organ dose estimation method was validated.    

The work described in this chapter has been published in Journal of Medical Physics [52] 

and Physics in Medicine and Biology [53].  

 



 

 43

4.1 Introduction  

Substantial technical improvements have led to the expanding use of computed 

tomography (CT) in clinical practice [13, 54]. Although CT use is usually well justified by its 

significant medical benefits, concerns have been raised regarding CT radiation exposure at the 

population level [7]. Thus, within the CT community, it is well agreed that radiation dose 

should be closely managed and optimized [55, 56]. As a fundamental step in achieving dose 

management, it is crucial to accurately quantify patient dose. Such quantification can aid in 

improved dose recording and monitoring programs by including information pertaining to the 

specific patient, in individualized patient imaging management decisions, and in the 

assessment and improvement of CT protocols. 

Organ dose is generally regarded as one of the most appropriate quantities for 

characterizing patient radiation burden [57]. Precise estimation of organ dose requires effective 

modeling of the patient anatomy. Over the decades, various research groups have made efforts 

to develop anthropomorphic phantoms to effectively model patient anatomy for organ dose 

estimation. The first attempt could be dated back to dose estimation software based on 

mathematical phantoms in the 1980s (CT Imaging1, ImPact2, CT-Expo3). Recent work includes 

the organ dose simulation on voxelized or hybrid computation phantoms. Several recent studies 

have demonstrated the feasibility of using a large library of computational phantoms and 

                                                      
1 http://ct-imaging.de/en/ct-software-e/impactdose-e.html 2 www.impactscan.org/  
3  www.mh-hannover.de/1604.html 
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quantifying patient anatomical factors with a database of protocol-, patient-, and organ-specific 

CTDIvol-normalized-organ dose coefficients [25, 36, 37, 58, 59]. 

Beyond effective modeling of the patient anatomy, organ dose estimation further 

requires accurate modeling of the irradiation conditions of the CT system. This is particularly 

challenging for CT examinations performed with TCM. The central challenge is to quantify the 

dose field under TCM and model its impact on organ dose. The traditional way of quantifying 

irradiation field using CTDIvol for the TCM examination is highly limited since it is estimated 

using the average tube current of the whole exam and cannot reflect the local dose field for each 

organ. Several studies have used the concept of “CTDIvol per slice” proposed by the 

International Electrotechnical Commission, which is defined as the CTDIvol value proportional 

to the tube current at each slice. However, as illustrated by Dixon and Boone [60], such “CTDIvol 

per slice” provides little information about the local dose field as it cannot account for the long 

reach of scatter tail from adjacent slices, which has a large impact on the local dose distribution.  

The limitations associated with the scanner-reported and slice-based CTDIvol have a 

large impact on organ dose estimation for TCM examinations. Currently, organ dose under 

TCM is assessed with the following typical process: (1) organ dose under constant tube current 

is simulated and normalized by the examination CTDIvol to obtain organ dose coefficients; (2) a 

CTDIvol

TCM

 value is derived to quantify the TCM dose field; (3) the CTDIvol

TCM

 is multiplied with 

organ dose coefficients to estimate TCM organ dose. Due to the aforementioned limitations of 
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these two quantities (scanner-reported and slice-based CTDIvol), the accuracy of such dose 

estimation strategies is largely limited.  

In this study, we address this limitation by modeling the dose profile associated with a 

TCM scan using a convolution-based technique. The dose profile information was combined 

with a validated Monte Carlo simulation and a library of computational phantoms to establish a 

framework for organ dose estimation under TCM. The accuracy of the proposed organ dose 

estimation method was validated.    

4.2 Methods  

Organ dose is primarily determined by two factors, namely, the patient anatomy and the 

dose field. In this study, a systematic method was developed to model both factors (Figure 4-1). 

The patient anatomy modeling must reflect the anatomical diversity and complexity of 

the patient population. To achieve this diversity, we developed a library of computational 

phantoms with representative ages, sizes, and genders. The computational phantoms were 

further combined with a validated Monte Carlo (MC) simulation program to estimate organ 

dose under constant tube current conditions. Such organ dose values were normalized by 

CTDIvol and modeled as a function of patient size to derive the so-called , which can be 

regarded as a factor that relates the organ dose values to patient anatomy under a unified dose 

field (constant tube current condition). It is thus used as the basis to estimate organ dose under 

an arbitrary dose field depending on the detailed TCM profile.  

organh
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The dose field modeling needs to effectively quantify the heterogeneous dose 

distribution created by dynamic tube current changes. The dose spread function of a thin beam 

(38.4-mm full-width) was generated by Monte Carlo simulation, depicting the dose distribution 

for an infinitely long CTDI phantom. The dose spread function was convolved with the TCM 

and constant tube current profiles to generate the three dimensional accumulated dose 

distributions for TCM and constant tube current examinations. The difference between the 

accumulated dose distributions under TCM and constant tube current conditions was 

determined and overlaid with the patient organ distribution. Based on this information, a 

regional CTDIvol value was calculated for each organ to account for the local dose field. 

 

Figure 4-1. Schematic diagram of the proposed organ dose estimation method for 

TCM scans. 
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4.2.1 Patient-specific computational models and matching technique 

60 adult patients (age range, 18 to 78 y.o.; weight range, 57-180 kg) were included in this 

study. With the institutional review broad approval, they were retrospectively selected from 

our clinical database and covered a wide distribution of ages/body mass index (BMI) values.  

Each patient received a chest, abdominopelvic, or chest-abdominal-pelvic scan at our 

institution for clinical purposes. Based on the clinical CT images, whole-body computational 

models were created using methods described previously [39, 41]. In summary, large organs 

within the CT image volume were segmented into three-dimensional triangulated polygon 

models. The segmented datasets were further imported into a three-dimensional fitting 

program (Rhinoceros, www.rhino3d.com) to build 3D non-uniform rational B-spline (NURBS) 

surfaces. Other organs and structures that were not covered within the image volume were 

defined by mapping the organs/structures from existing male and female template XCAT 

models to the segmented patient framework using the multichannel large deformation 

diffeomorphic metric mapping (MC-LDDMM) technique. The PeopleSize program was used to 

ensure the size of the organs/structures was properly adjusted 

(http://www.openerg.com/psz/index.html). The full-body patient models consisted of 43 and 44 

organs for male and female patients, respectively, including most of the radiosensitive organs 

defined by ICRP publication 103 [43]. For the radiosensitive organs that were not explicitly 

modeled in the phantom (extrathoracic region [ET], salivary glands, and oral mucosa), we used 

the neighboring organs (pharynx and larynx) to approximate the organ dose values. All models 
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were voxelized into a 3.45 mm resolution for input into the Monte Carlo simulation program 

(PENELOPE, version 2006, Universitat de Barcelona, Spain).  

       

Figure 4-2. 3D frontal views of the series of patient models used in this study. All the 

arms were raised for simulation of body scans. 

With an atlas of computational phantoms that covers a broad range of human anatomy, 
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a new clinical patient can be matched to a corresponding model that closely resembles the 

patient in terms of major organ locations. In this study, such strategy was performed for all the 

patients in the library. The patient trunk height was measured from the topogram image of the 

patient and matched against XCAT phantoms in the library [61].  The trunk height is defined as 

the distance between the top of clavicle to the end of pelvic region. Figure 4-3 shows two pairs 

of matched models (male and female patients at 50% height and weight). It should be noted that 

the purpose of patient matching is to obtain information about the patient’s z dimensional 

organ distribution prior to the CT examination. Such information will be used to quantify 

regional irradiation field corresponding to the specific organ as illustrated in section 4.2.3. Since 

only the trunk height was used as the matching indicator, matched computational phantom 

may not have a similar body shape and size with regards to the target patient. The impact of 

patient size is be reflected by the CTDIvol-normalized-organ dose coefficients as illustrated in 

section 4.2.2..  

     

Figure 4-3. Example patient-model matching pairs as determined by trunk height. (a) 

50th percentile male, (b) 50th percentile male. 



 

 50

4.2.2 CTDIvol –normalized-organ dose coefficients  

Organ dose coefficients under constant tube current condition were estimated using 

Monte Carlo simulation program as the estimation basis. The simulation program was 

developed based on a benchmarked Monte Carlo subroutine package for photon transport 

(PENELOPE, version 2006, Universitat de Barcelona, Spain). The study modeled the scanning 

system of a commercial CT scanner (SOMATOM Definition Flash, Siemens Healthcare, 

Forcheim, Germany). The accuracy of the Monte Carlo simulation was validated against 

physical measurements as reported previously [25].   

A clinical chest and abdominopelvic scan was simulated for each patient model. For 

chest exam, the image coverage was defined from 1 cm superior the top of the lung to 1 cm 

anterior the bottom of the lung. For abdominopelvic exam, the image coverage was defined 

from 1 cm above the top of the liver to 1 cm below the lowest aspect of the ischium. The scan 

was performed at tube voltage of 120 kVp, pitch of 0.8, 38.4 mm collimation, standard bowtie 

filter, and constant tube current condition. Organ dose was estimated by tallying the energy 

deposited in each organ. Each simulation was performed with 8x107 photon histories so that 

relative errors of less than 1% were achieved for organs inside the field-of-view. 

The organ dose was further normalized by the CTDIvol value to obtain the so-called 

dose coefficient. The 32-cm-dimeter CTDI phantom was used in the study. Further, 

exponential regression models between and patient body diameter were established as 

organh

organh
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horgan(chest ) = exp(αodchest + βo )

                                        4-1 

and                             

                                                         
horgan(abdo) = exp(αodabdo + βo ),

                                         4-2  

 where  and  denote the average chest and abdominopelvic diameter, 

respectively. The average chest diameter was calculated for each model as 

                                                                    
d = 2

V

π H
,
                                                            4-3 

where H is the chest region height and V is the chest region volume. A similar method 

was used to calculate average abdominopelvic diameter for abdominopelvic CT.  

These organ dose coefficients model the organ dose as a function of patient size under a 

simple radiation condition (constant tube current). It serves the basis for the organ dose 

estimation under an arbitrary dose field. 

4.2.3 Estimation of organ-specific CTDIvol under TCM 

This section illustrates a four-step process to generate organ-specific CTDIvol to account 

for the heterogeneous distribution of the dose field under TCM schemes.  

First, the tube current profiles were determined for each computational phantom [62]. In 

clinical CT systems, the exact TCM principles employed by the manufacturers are generally 

proprietary. However, a previous study provided information about the general TCM 

dchest dabdo
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principles across various CT manufacturers. The tube current modulation for some scanners 

aims to achieve constant noise levels across patient sizes and body regions (generally GE 

scanners). Thus, the tube current values are exponentially related to patient attenuation for 

these scanners. The tube current modulation for other scanners allows for higher noise in high-

attenuating body regions and larger patients (generally Siemens scanners). Further, the 

modulation strength can be adjusted to three levels (weak, average, and strong) to control the 

tube current depending on patient attenuation. To resemble clinical TCM profiles, a computer 

program was written to calculate patient attenuation at each projection (Matlab, R2010A; 

Mathworks, Natick, MA). The program takes into account the geometry of the CT system, the 

poly-energetic x-ray energy spectrum, and the attenuation through both the bowtie filter and 

the patient. The logarithm of tube current is modeled as a function of patient attenuation as  

                                                         ln(mA) = a*(µd) + ln(mAo ),                                            4-4 

where denotes the phantom attenuation,  denotes the modulation strength, and 

 corresponds to the constant tube current, non-modulation DC level. The TCM profiles with 

 = 1 results in consistent noise level in all measured CT projections, while the TCM profiles 

with  ranging from 0 to 1 represents TCM profiles with different strength levels (Figure 4-4). 

The minimum and maximum tube current was set to 10 and 700 mAs to model the tube current 

range of clinical scanners. It should be noted that this study does not require the simulated mAs 

profiles to precisely model the actual mAs profiles, which are usually proprietary and vary 

ud a

omA

a

a
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across vendors. Rather, the purpose is to generate generalized and reasonable tube current 

profiles based on the principle of TCM.  

 

Figure 4-4. Examples of tube current modulation profiles at four modulation strengths 

(0.25, 0.5, 0.75, and 1). The x axis represents the z dimensional location (in the unit of mm). 

The y axis represents the tube current value (in the unit of mAs).  

Second, a dose spread function that represents the dose distribution of a thin beam (38.4 

mm full width) across an infinitely long CTDI phantom was generated by Monte Carlo 

simulation (Figure 4-5[a]).  

Third, the dose spread function was convolved with the x-y-z TCM profile to generate 

the three-dimensional accumulated dose distribution ( ) of the entire CT exam across 

an infinitely long CTDI phantom. The accumulated dose distribution of the same exam under 

constant tube current ( ) was also generated by convolving the dose spread function 

,CTDI TCMD

,CTDI FixedD
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with the constant tube current function. The irradiation fields under both conditions were 

modeled to be sufficiently long to account for the scattered dose distributed by slices outside the 

scan coverage.  

Fourth, the accumulated dose profile under TCM ( ) was divided by the 

accumulated dose profile under constant tube current conditions ( ), deriving a 

function denoted as dose ratio  

                                                

Dose ratio =
DCTDI , TCM

DCTDI , Fixed

.

                                                             4-5 

This dose ratio function describes the difference in the dose field between TCM and 

constant tube current scans. Since is derived under constant current condition, the dose 

ratio essentially describes how the specific TCM dose field is different from the dose field from 

which is derived. Then, the dose ratio function is overlaid with the patient organ 

distribution to derive the organ-specific CTDIvol value.    

,CTDI TCMD

,CTDI FixedD

organh

organh
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Figure 4-5. (a) Dose spread function over an infinitely long CTDI phantom for a thin 

beam (38.4 mm full width) generated by Monte Carlo simulation. (b) Example tube current 

profiles of TCM and constant tube current scans. (c) Accumulated dose profile for TCM and 

constant tube current scan derived by convolving the dose spread function with tube current 

profiles. (d) Dose ratio derived by dividing the accumulated dose profile of TCM scan by 

constant tube current scan. 

The organ-specific CTDIvol factor was computed as  

                                                 
(CTDIvol )organ, convolution = RorganCTDIvol ,                                      4-6 

                                                    

Rorgan =
Dose ratioz * N z

z∈{organ}

∑

N z

z∈{organ}

∑
,

                                           4-7                                                                    
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where CTDIvol refers to the CTDIvol reported on the CT scanner console, which is derived using 

the average mAs of the CT exam. Rorgan represents the dose field difference between the specific 

TCM exam and the constant mAs condition. Dose ratioz is the dose ratio value at location z, and 

N is the number of organ voxels in the axial slice at location z. Such organ-specific CTDIvol can 

be regarded as a regional CTDIvol that reflects the difference of the strength of dose field 

between TCM and constant mAs for a specific organ. It is used as an adjustment factor to 

account for the regional dose field.  

4.2.4 Organ dose estimation and validation 

Using the regional CTDIvol factor to account for local dose field, the organ dose under 

TCM, denoted as , can be estimated as 

                                           
HTCM = horgan *(CTDIvol )organ, convolution .

                                             4-8 

To illustrate the advantages of the proposed convolution-based technique for organ dose 

estimation, we used two alternative metrics to quantify the irradiation field. The first metric 

approximated the irradiation field using the scanner-reported CTDIvol, which was estimated 

using the average tube current value of the TCM examination. The organ dose under TCM was 

further estimated as 

                                                   
HTCM = horgan *CTDIvol ,                                                            4-9                                                                                        

where is the  value displayed on the CT scanner console for a TCM scan, which 

is determined based on the average tube current value of the entire exam.  

organH

volCTDI volCTDI



 

 57

The second metric used the concept of “CTDIvol-per-slice” proposed by IEC to 

approximate the local dose field for a specific organ. The organ dose under TCM was estimated 

as 

                                              
HTCM = horgan *(CTDIvol )organ, weighted ,

                                         4-10 

where is the  computed from the weighted average mAs 

values of all the axial slices containing the organ, i.e., where  is the tube current value at 

location z and  is the organ volume in the axial slice at location . This method approximates 

the local dose field using the weighted average mAs value at the location of the organ. 

Furthermore, it took the organ shape into consideration by weighing the tube current value 

according to the volume of the organ at each slice. However, it assumed the z dimensional dose 

field can be well represented using the tube current of the slice and neglected the effect of 

scatter radiation. As demonstrated in prior work, due to portion of scattered radiation from 

nearby slices, such approximation may result in over or underestimation of the actual dose field 

[60].   

The accuracy of the three proposed estimation methods are evaluated using the 

following process: tube current modulation was incorporated into the Monte Carlo program 

and organ dose was estimated across the 60 patient models as the gold standard. As noted 

earlier, each patient case was matched to an XCAT model based on trunk height. The organ 

dose was then estimated using the proposed patient matching and convolution method under 

five modulation strengths. The estimated doses were compared to the simulated gold standard. 

,( )vol organ weightedCTDI
volCTDI

zmA

zV z



 

 58

4.3 Results  

Figures 4-6 and 4-7 illustrate the CTDIvol-normalized-organ dose at five modulation 

strengths based on Monte Carlo simulation across 60 computational models for abdominopelvic 

and chest exams. Among the five curves, the organ dose coefficients estimated under constant 

tube current condition were used as the estimation basis. The other four curves, which were 

estimated by incorporating the detailed TCM profile into the Monte Carlo simulation, were 

used as the gold standard dose value for each patient.  

Comparing the results of Eq. 4-6 and full Monte Carlo simulation, Figures 4-8 and 4-9 

illustrate the estimation accuracy of organ dose at five modulation strengths using the 

convolution technique. The histograms of estimation errors for six organs were plotted for 

abdominopelvic and chest exams. The errors were further normalized by CTDIvol so that the 

accuracy of a given CT exam can be estimated. As tabulated in Tables 4-2 and 4-3, the average 

percentage error of organ dose estimation was generally within 10% across all organs and 

modulation profiles, except for organs located in the pelvic and shoulder regions.  

Figures 4-10 and 4-11 illustrate the accuracy of the three organ dose estimation strategies 

for the 60 patients across different modulation strengths. The organ dose estimated by TCM 

Monte Carlo simulation was used as the gold standard. In general, the approximation method 

using CTDIvol based on the average mAs of entire exam is a poor estimation of organ dose, 

with the maximum error above 50%. In comparison, the approximation method using 
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significantly improves the accuracy of dose estimation. However, the error 

is still relatively large for the full modulation case. In general, the estimation method based on 

provided the most accurate estimation across patient models and 

modulation strengths since it accurately modeled the exact dose distribution at the organ 

location.  

       

Figure 4-6. Example CTDIvol-normalized-organ dose coefficients for abdominopelvic 

scans plotted against the average abdominopelvic diameter at five modulation strengths. 

Among the five curves, the CTDIvol-normalized-organ dose at constant tube current condition 

( = 0) was used as the prediction basis. The other four curves were used as the gold standard 

for the prediction. 

  

,( )vol organ weightedCTDI

,( )vol organ convolutionCTDI
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Figure 4-7. Example CTDIvol-normalized-organ dose coefficients for chest scans 

plotted against the average abdominopelvic diameter at five modulation strengths. Among 

the five curves, the CTDIvol-normalized-organ dose at constant tube current condition ( = 0) 

was used as the prediction basis. The other four curves were used as the gold standard for 

the prediction.  

a
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Figure 4-8. Histogram of error in predicting organ dose for the abdominopelvic scans. 

The x axis is the difference between the estimated and actual organ doses normalized by the 

CTDIvol of the exam.  
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Figure 4-9. Histogram of error in predicting organ dose for the chest scans. The x axis 

is determined as the difference between the estimated and actual organ doses normalized by 

the CTDIvol of the exam.  
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Figure 4-10. Average percentage error (normalized by CTDIvol) of the three estimation 

strategies across four modulation strengths for abdominopelvic scans. Convolution-based 

method refers to the method using to model the local dose field. 

Weighted current-based method refers to the method using  to model the 

dose field. Average current-based method refers to the method using the CTDIvol of entire 

exam to model the local dose field.  

,( )vol organ convolutionCTDI

,( )vol organ weightedCTDI
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Figure 4-11. Average percentage error (normalized by CTDIvol) of the three estimation 

strategies across four modulation strengths for chest scans. Convolution-based method refers 

to the method using to model the local dose field. Weighted current-

based method refers to the method using  to model the dose field. 

Average current-based method refers to the method using the CTDIvol of entire exam to 

model the local dose field.  

,( )vol organ convolutionCTDI

,( )vol organ weightedCTDI
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4.4 Discussion  

Considering the urgent demand for managing and optimizing CT radiation dose, there 

has been a growing need to assess the level of radiation dose for individual patients in clinical 

practice. Although previous studies have demonstrated the feasibility of estimating organ dose 

through either Monte Carlo simulation or physical measurement, there exists a gap when 

implementing such techniques in clinical practice. The main challenges rely on two facts: (1) 

organ dose is strongly dependent on patient anatomy, specifically the organ position in the 

body and the organ position with respect to the radiation source, and (2) organ dose is further 

strongly dependent on the dose field created by the scanner output. For CT exams performed 

with the TCM technique, the heterogeneous dose field may not be accurately represented using 

CTDIvol or other proposed tube current-based quantities. In this study, we demonstrated a 

framework for estimating organ dose under TCM for clinical CT exams. The patient anatomy 

was modeled using a library of computational phantoms with anatomical variety and an atlas-

based patient-matching technique. The dose field was quantified using a convolution technique 

that effectively models the primary and scatter radiation dose.  

Figure 4-12 illustrates the quantification of the dose distribution over an infinitely long 

CTDI phantom using the three methods proposed in this study ( (CTDIvol )average,

(CTDIvol )organ,weighted , (CTDIvol )organ,convolution ). Two specific CT examinations were considered, with 

one using the TCM profile of a chest CT exam and one using the TCM profile of an 

abdominopelvic CT exam. The green curve depicts the dose distribution quantified using 
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(CTDIvol )organ,convolution . In this method, the primary and scatter radiation were explicitly modeled 

with the convolution-based technique. The effect of organ geometrical distribution is further 

modeled using a weighted function during organ dose estimation process. The red curve 

depicts the dose distribution approximated using (CTDIvol )average , which is derived using the 

average tube current of the CT exam. In particular, this method neglects the variation of dose 

distribution across different body regions and thus leads to large discrepancies for organ dose 

estimation. The blue curve illustrates the dose field approximated using . 

The weighted method assumes that the dose distribution is linearly proportional to the tube 

current at each slice and the dose field was scaled based on the tube current value at each 

location. Although this method accounts for the variation in the dose distribution across body 

regions, it has two drawbacks. First, it assumes the dose field is identical to the constant tube 

current condition for the non-irradiated regions, However, if the tube current varies 

significantly in the start or end location of the exam (shoulder region for the chest CT 

examination), the scattered dose distribution may significantly differ from the constant tube 

current case. Second, for irradiated regions, it only accounts for the primary radiation by scaling 

the dose distribution according to the tube current value. The effect of scattered radiation from 

adjacent slices is not properly considered.  

There are three sources of errors in our estimation. The first source is the patient 

mismatch error, which refers to the location difference of an organ in the patient compared to 

the corresponding matched computational model. The second is organ dose coefficients error, 

,( )vol organ weightedCTDI
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which refers to the error of using the fitted exponential model and patient size to estimate organ 

dose coefficients instead of using the actual patient organ dose coefficients. The third source of 

error is TCM approximation error, which refers to using the convolution technique to 

approximate organ dose under TCM. The three sources of errors were quantified across the 60 

patients. It was found that the second error (organ dose coefficients error) was the dominant 

factor (on average 8.7% across all organs and patients). While the patient matching error and 

TCM approximation errors were generally small (on average 2.3% and 1.4%). 

Our technique to estimate TCM organ dose using organ dose coefficients and the 

convolution technique relies on CTDIvol as an intermediary factor. In theory, our method is 

consistent with a recent publication by Li et.al  that estimates equilibrium radiation dose for an 

anthropomorphic phantom, with the distinction that we extend the approach to organ dose and 

patient-specific models [63].  

Our study has several limitations. Firstly, this study was performed with simulated tube 

current modulation profiles; further studies should include realistic TCM profiles from 

manufacturers. Secondly, the patient matching technique used in this study manually measured 

the trunk height on CT topogram image. Further studies should investigate an automated 

technique for landmark extraction and patient matching so that the technique can be readily 

applied to clinical CT examinations. Thirdly, the prediction error, while small for the majority of 

the organs, was relatively large for a few organs (thyroid for chest scans; bladder, testes, 

prostate, ovaries, uterus for abdominopelvic scans). One major resource of such error is patient 
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mismatching. These organs were located in the shoulder and pelvic regions where the tube 

current changes dramatically within a short distance. A minor organ mismatch between the 

patient and phantom may result in organ dose estimation with large discrepancy. However, by 

matching clinical patients to a relatively large phantom library, our technique has significantly 

improved the traditional patient-generic dose estimation method. Future study should improve 

the estimation accuracy for these organs with the incorporation of a larger database of patient-

specific computational phantoms.  

                    
Figure 4-12. The accumulated dose profile derived using the three methods for chest and 

abdominopelvic exams.   
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4.5 Conclusion  

In this study, we developed a convolution-based method to model the heterogeneous 

dose field for TCM exams. This technique was further combined with an atlas-based method to 

estimate the organ dose for clinical chest and abdominopelvic exams under tube current 

modulation. The estimated organ dose agrees well with the Monte Carlo simulated TCM dose 

for both chest and abdominopelvic exams. Organ dose estimation enables improved dose 

monitoring and recording programs by including the dose information pertaining to specific 

patient characteristics. Moreover, organ dose estimation may further aid in the optimization 

and design of individualized protocols in relationship with image quality studies.  
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Chapter 5 

 

An Organ-Based Dose Monitoring System for 

Body CT Examinations  

   Motivated by the urgent demand to manage CT radiation levels and to reduce 

the number of overexposure accidents, substantial efforts have been made to monitor 

and record patient dose worldwide. Institutions such as the American College of 

Radiology (ACR) [64] and Food and Drug Administration (FDA) [65] have initiated 

efforts to record and report dose levels. In California, the recording of a patient’s dose 

level is regulated by a recent state law requirement. However, the currently available 

dose-monitoring program generally tracks only CTDIvol and DLP, which provide very 

little information about the radiation dose the patient receives [14]. This chapter aims to 

implement the organ dose-estimation technique into an advanced dose-monitoring 

program. As the first phase of the software, we will focus on CT examinations of the 

body for two commercialized GE scanners (750 HD and Revolution scanner, GE 

Healthcare, Milwaukee, WI). 

The work described in this chapter is being prepared to be submitted to the 

Journal of Medical Physics.  
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5.1 Introduction  

The number of CT examinations performed in the United States has increased 

dramatically during the past few decades [8]. Although such a trend has decelerated in 

recent years, CT usage is still expected to increase, mainly due to advanced technologies 

that are emerging and new clinical applications. Despite the significant clinical benefit, 

concerns have been raised regarding the radiation dose associated with CT examinations 

[7]. In that regard, optimizing and managing radiation dose to the lowest achievable 

level has become a regulatory requirement and has received significant attention from 

the media and public [13]. 

A programmatic dose-monitoring system has emerged as an effective tool to 

record, track, and manage radiation dose. Dose monitoring can significantly benefit dose 

management by 1) benchmarking an institution’s relative exposure level to the national 

standards; 2) analyzing the trend across system, examination type, and time; and 3) 

identifying under- and over-exposure outliers to improve system consistency and 

patient safety [66]. Currently, several efforts have been made to develop radiation dose 

monitoring systems. Christianson et al. have developed an automated size-specific dose-

monitoring program to track the CTDIvol and DLP values for clinical CT examinations 

[67]. Cook et al. have reported dose analytics software that extracted and recorded the 
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dose-related parameters from the DICOM header [68]. Such radiation dose monitoring 

systems, although automatically extracting the dose-related information for clinical CT 

examinations, generally use only patient-generic dose metrics and cannot accurately 

reflect the radiation dose pertaining to an individual patient. Several recent programs 

have incorporated the organ dose estimates into dose monitoring processes [69]. 

However, these programs are generally developed using a relatively small library of 

computational phantoms, which cannot effectively reflect the patient’s anatomical 

diversity. Further, the program generally focused only on constant tube current CT 

examinations and it cannot model the tube current modulation (TCM) technique, which 

has been widely used in clinical practice.  

In this study, we aim to extend a dose-monitoring program (Dose watch 2.0, GE 

Healthcare, Milwaukee, WI) to incorporate organ dose estimates. The program was 

developed using a large library of phantoms with representative anatomical distribution 

to reflect the diversity of the actual patient population. The TCM technique was 

effectively modeled using a convolution-based technique that was previously reported. 

As the first phase of the study, we selected 30 clinical patients undergoing six major 

body CT protocols.  
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5.2 Methods  

Figure 5-1 illustrates the flowchart of organ dose estimation and monitoring for 

clinical body CT examinations. The estimation can be summarized as a three-step 

process: (1) Patient effective diameter was estimated from a localizer using an algorithm 

provided by the Dose Watch software. The organ dose coefficients were further 

determined based on CT examination protocol and the patient effective diameter. (2) To 

quantify the regional irradiation field under TCM, a dose-spread function was simulated 

using a standard CTDI phantom (32 cm in diameter). The dose-spread function was 

further convolved with the TCM profile to derive the accumulated dose distribution. (3) 

An automatic algorithm (developed within Dose Watch software) is used to extract 

major body landmarks on a patient’s tomogram image. The extracted anatomical 

information was used as indicators to optimally match clinical patients against 

computational phantoms. Such anatomical distribution of the computational phantom 

was further integrated with the accumulated dose distribution derived from step (2) to 

generate an organ-specific CTDIvol value that quantifies the regional irradiation field. 

Patient organ dose was estimated by multiplying the regional CTDIvol values with organ 

dose coefficients that were derived in step (1). The organ dose was calculated using the 

following equation: 
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                    5-1 

•  is the absorbed dose (in the unit of mGy) for the 

organ of interest. It is modeled as a function of organ, protocols, scanning 

parameters (including factors of scan range, kVp, collimation, mAs, bowtie filter, 

etc.), patient size, and the exam TCM function.   

•  is the organ dose coefficient that was estimated 

under the constant tube current. Organ dose coefficients were estimated by 

normalizing the organ dose (estimated under the constant tube current) to the 

CTDIvol of the reference CT scanner used for the Monte Carlo simulation of a 

large library of phantoms. Organ dose coefficients were modeled as a function of 

organ, scanning protocols, and patient size (estimated in step (1)). 

•  is the regional CTDIvol value estimated 

for the organ of interest under the specific TCM function (estimated in step (2) 

and (3)).  

5.2.1 Clinical patients and exam protocol  

A library of 30 patients (11 male and 19 female patients with an age range of 21 

to 88 years old) was used in this study. They were retrospectively selected from our 

D (organ, size, protocol, scan parameters, TCM )

= horgan (organ, protocol size)*CTDIregion (organ, scan parameters, TCM )

D (organ, protocol, size,TCM )

horgan (organ, protocol,size)

CTDIregion (organ, scan parameters, TCM )
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clinical database with the institutional review board’s approval. The localizer images of 

the 30 patients are illustrated in Figure 5-2.  

Each clinical patient underwent a clinical CT examination at our institution. The 

30 examinations can be grouped into six clinical protocols based on the scan coverage, 

including chest-abdomen-pelvis, chest, abdomen-pelvis, abdomen, pelvis, and kidney-

to-bladder. The examinations were performed using two commercial CT scanners 

(LightSpeed VCT and Discovery HD 750, GE Healthcare, Waukesha, WI). The detailed 

scanning protocols and parameters are tabulated in Table 5-1.  

Table 5-1. Scanning protocols and parameters for this study.  

 

 

 

Examination category Scan range kVp Collimation  

(mm) 

CTDIvol 

(mGy) 

DLP 

(mGy*cm) Start (1 cm above) End (1 cm below) 

Chest-abdomen-pelvis Lung apex Inferior ischium 120 38.4 6.5-18.2 411-1431 

Chest Lung apex Lung base 120 38.4 2.6-13.9 103-531 

Abdomen-pelvis Superior liver Inferior ischium 120,140 38.4 9.1-30.7 507-1701 

Abdomen Superior liver Superior iliac crest 120 38.4 4.3-18.9 123-534 

Pelvis Superior iliac crest Inferior ischium 120 38.4 15.5-18.6 423-673 

Kidneys-to-bladder Superior kidney Inferior bladder 120, 140 38.4 8.7-33.2 403-1559 
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Figure 5-1. Flowchart for organ dose-monitoring program in this study.  
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Figure 5-2. Tomogram images for the 30 clinical patients. The CT examinations 

were categorized into six groups including chest-abdomen-pelvis, chest, abdomen-

pelvis, abdomen, pelvis, and kidney-to-bladder. 

As shown in equation 5-1, organ dose estimation requires two elements: organ 

dose coefficients and regional CTDIvol. Organ dose coefficients are defined as the organ 

dose (estimated under the constant tube current) normalized by CTDIvol values. Such 

organ dose coefficients are independent of scanner type and scanning parameters. Thus, 
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they are frequently used as a “DC” component for organ dose estimation under both 

constant and modulated tube current cases. In this study, we utilized the organ dose 

coefficients published in our previous study for body CT protocols [58].  

More specifically, organ dose (under constant tube current) was first estimated 

using a phantom library containing 60 adult 4D Extended Cardiac-Torso (XCAT) 

phantoms with representative sizes, ages, and genders. The computational phantoms 

were created based on the actual clinical images using methods described in previous 

publications [39-41]. Table 5-2 tabulates the range, 10th, 50th, and 90th percentiles of 

phantom height, weight, and BMI values.  

Table 5-2: Distribution of phantom ages, heights/weights, and BMI values.  

 

All computational phantoms were voxelized into a resolution of 3.45 mm for 

input into a validated Monte Carlo simulation program (PENELOPE, version 2006, 

Universitat de Barcelona, Spain) [45, 46]. A commercial 64-slice CT scanner model 
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(LightSpeed VCT, GE Healthcare, Waukesha, WI) was modeled. The organ dose was 

simulated under all six protocol groups with different types of scan coverage, including 

chest-abdomen-pelvis, chest, abdomen-pelvis, abdomen, pelvis, and kidney-to-bladder. 

Since organ dose coefficients were independent of scanning parameters, we used one set 

of scanning parameters (tube voltage of 120 kVp, pitch of 1.375, beam collimation of 40 

mm, large bowtie filter, and constant tube current) across all protocol groups [58]. A 

total history of 108 particles was used in the Monte Carlo simulation to ensure that the 

statistical uncertainty was less than 2% for major organs within the beam coverage. The 

simulated organ dose was further normalized by the CTDIvol to derive organ dose 

coefficients. 

Organ dose coefficients were modeled as an exponential function of patient size 

by using the following equation: 

                                                                                               5-2 

Where  is the effective diameter of the patient’s body cross section with the scan 

coverage,  and  are the fitting parameters, and  quantifies the organ dose 

under a unified radiation condition (constant tube current); it is normalized by the 

CTDIvol value and is thus independent of the scanning parameters. Modeled as an organ- 

horgan = exp(αdavg + β ),

davg

α β horgan
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and protocol-specific factor, it is used as the estimation basis for organ dose under a 

given irradiation condition. 

5.2.2 Accumulated radiation distribution across CTDI phantom 

As illustrated in equation 5-1, the estimation of organ dose further requires a 

regional CTDIvol factor that quantifies the irradiation field. For CT examinations 

performed with constant tube current, the irradiation field can just be quantified using 

the CTDIvol value reported in the Radiation Dose Structured Report. 

For CT examinations performed with TCM, the quantification of the radiation 

field was achieved using a convolution-based technique as detailed in our previous 

publication [53]. This technique used CTDI phantom as an intermediary material to 

quantify dose distribution under a given TCM profile. The process can be summarized 

as a four-step process:  

(a) A dose rated profile is generated by Monte Carlo simulation, depicting the 

spatial dose distribution (dose intensity as a function of z-dimensional distance) across a 

CTDI phantom under a thin beam (38.4 mm full width).  

(b) The x-ray TCM function is extracted from the CT DICOM header and 

modeled as a function of the z-dimensional distance. 
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(c) The simulated dose rate profile is convolved with the x-ray TCM function to 

derive the accumulated dose distribution ( ) for the CTDI phantom. A 

hypothetical accumulated dose distribution under constant tube current case ( ) 

is also derived by convolving the dose rate profile with a fixed-tube current profile with 

the same scan length.  

(d) The accumulated dose profile under TCM ( ) is divided by the 

accumulated dose profile under constant tube current condition as 

                                                                                                 5-3

 

This function is denoted as the dose radio and represented the discrepancy of the dose 

field between TCM and constant tube current cases. It is overlaid with the patient organ 

distribution to derive organ-specific CTDI values to quantify the regional dose field. 

5.2.3 Patient matching and regional CTDI 

As mentioned in section 5.2, a regional CTDIvol value is estimated to represent the 

local radiation field under a specific TCM function. The regional CTDIvol is estimated by 

overlaying the dose ratio function with the patient organ distribution.  

The patient organ distribution is obtained by matching the clinical patient with a 

computational phantom in the library. The patient major body landmarks, including the 

DTCM ,CTDI

DFixed ,CTDI

DTCM ,CTDI

Dose ratio =
DCTDI , TCM

DCTDI , Fixed

.
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top and bottom of the chest, abdomen, and pelvic regions were extracted from the Dose 

Watch software. The corresponding information for the computational phantom was 

estimated and used as the matching criteria.   

The regional CTDIvol factor was further computed as  

                           
(CTDIvol )organ, convolution = RorganCTDIvol ,                                            5-4 

                              

Rorgan =
Dose ratioz * N z

z∈{organ}

∑

N z

z∈{organ}

∑
,

                                                  5-5

 

where CTDIvol refers to the CTDIvol reported on the CT scanner console, which is derived 

using the average mAs of the CT exam. Rorgan represents the dose field difference 

between the specific TCM exam and the constant tube current condition. Dose ratioz is 

the dose ratio value at location z, and N is the number of organ voxels in the axial slice 

at location z. Such organ-specific CTDIvol can be regarded as a regional CTDIvol that 

reflects the difference of the strength of the dose field between TCM and constant tube 

current for a specific organ. It is used as an adjustment factor to account for the regional 

dose field.  

Using the regional CTDIvol factor to account for the local dose field, the organ 

dose under TCM, denoted as  , can be estimated as 

                               
HTCM = horgan *(CTDIvol )organ, convolution .

                                            5-6 

Horgan
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5.3 Results  

Figure 5-3 illustrates the patient matching and accumulated radiation field 

quantification process for two example clinical CT examinations (an abdomen scan and 

a chest scan). Figure 5-4 illustrates the estimated organ dose values for six example 

clinical patients.  

               

Figure 5-3. (a) (b) Localizer images for the clinical patients. (c) (d) Localizer 

image of the corresponding matched computational phantoms. (e) (f) Accumulated 

dose distribution function estimated for the two examinations.  
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Figure 5-4. Estimated organ dose for six example patients. 
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5.4 Discussion  

Quantifying and monitoring the computed tomography (CT) radiation dose for 

an individual patient has become an unavoidable requirement in the practice of medical 

imaging. Among various dose metrics, the organ dose is generally regarded as one of 

the best metrics for characterizing patient radiation burden [16]. In this study, we 

extended a dose-monitoring program to include organ dose for individual patients. This 

tool enables an improved patient exposure record by including organ-specific dose 

information. It further facilitates quality assurance and the standardization of CT 

protocols.  

With increased awareness and emphasis on the CT radiation dose, more and 

more hospitals and healthcare providers have initialed or implemented dose-monitoring 

systems. The key for the successful management of patient doses, however, relies on 

how to use the data collected with the dose-monitoring program. Several studies and 

reports have outlined the potential use of the dose data [66], including (1) defining 

protocol and patient-specific dose reference level. The establishment of reference 

radiation dose level requires one to combine the image quality and radiation dose 

information for individual patient and clinical task. Combining a model to monitor the 

CT image quality, dose-monitoring data can potentially be used to define patient-size, 

task-specific diagnostic reference level. (2) Identifying and investigating outliner over- 
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or under-exposure clinical cases. A threshold dose level could be set as a function of 

clinical CT protocol and patient size. The over- or under-exposure cases could further be 

identified as the outliers of the dose data. (3) Standardizing output radiation dose level 

for CT systems. With the increased variability of CT scanner models used in clinical 

practice, the standardization of radiation output levels has become a crucial issue. The 

organ dose monitoring system could provide valuable data to improve system 

consistency. Besides, such dose data could also be used for tracking the relative 

radiation dose levels over time against the national average level; it can further be 

incorporated into patient-specific radiation dose report.  

In this study, we have reported the organ dose for 30 clinical patients. One other 

component is the uncertainty associated with such estimation. The sources of 

uncertainty could originate from organ mismatch induced by patient matching, error in 

organ dose coefficients estimated by patient size, and approximation of the TCM 

radiation field using convolution technique. Future work should assess the uncertainty 

associated with organ dose estimation and report the confidence level for dose 

estimation. Other limitation of this study includes that it only include CT scanner from 

one manufacturer. Future work should extend to CT scanners from various 

manufacturers and models. Besides, this study used a manual technique to match the 

clinical CT protocol to a library of organ dose coefficients. This strategy is feasible for a 
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small cohort of clinical patients. However, to implement it in actual clinical practice, a 

more robust strategy is needed to match the clinical protocol name reported in the 

DICOM header to the organ dose coefficients estimated under the same scan range.  

5.5 Conclusion  

In conclusion, in this study, we have extended an organ dose monitoring system 

to incorporated organ dose estimates. The organ dose estimation was achieved using a 

patient matching strategy; a convolution-based technique to quantify TCM radiation 

field; and organ dose coefficients estimated using a library of computational phantoms. 

The organ dose data may be incorporated into patient-specific dose report; provide 

valuable data to improve system consistency, and track the relative radiation dose levels 

over time against the national average level.  

 

 

 

  



 

88 

 

Chapter 6 

 

Accurate Assessment and Prediction of Noise in 

Clinical CT Images 

6.1 Introduction  

Substantial technical improvements have led to the expanding use of computed 

tomography (CT) in clinical body examinations [70]. CT has become an indispensable 

imaging modality for the diagnosis of a wide array of diseases in both pediatric and 

adult populations [1, 71]. However, given the perceived risk associated with its 

utilization, there is a need to balance its benefit (achieving accurate diagnoses) against 

radiation dose [72, 73]. For that objective, it is crucial to have accurate and relevant 

metrics of image quality. Moreover, if one would be able to accurately predict the image 

quality of an exam before the exam is initiated, it would be feasible to personalize the 

exam by adjusting the scanning parameters to achieve a desired level of image quality 

[74]. 

The key objective for image quality assessment should be its quantification in 

clinical images; that is the only characterization of image quality that clinically matters as 
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it is most directly related to actual quality of the clinical image. In actual practice, 

however, complex and variable anatomical structures complicate the quantitative 

assessment of image quality in CT images. As a result, in our current quality metrology, 

the image quality of clinical CT images is not measured. Rather generally uniform and 

structurally simple phantoms are used to characterize only the expected image quality of 

a CT system [75]. The current phantom-based and system-based methods serve a 

beneficial function in ascertaining the minimum amount of radiation exposure necessary 

to achieve a reference level of quality. But a reference quality and the actual quality in 

clinical images may differ. However, if one would be able to accurately estimate the 

image quality in clinical images, it would be possible to draw validated correspondence 

between phantom-based measurements and expected clinical image quality as a 

function of patient size and scanner attributes; it would be possible to measure the 

image quality from a phantom and apply the results to accurately predict the image 

quality level in clinical images.       

In the present study, we propose a method to measure image quality of clinical 

CT images. As a first step in our long-term goal, the focus of this work was stochastic 

noise. An image-based method was developed to measure noise in clinical CT images. 

The accuracy of method was ascertained using repeated scans. With a validated estimate 

of stochastic noise in clinical images, a methodology was then developed to draw 
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correspondence between clinical and phantom-based measurements. The accuracy of the 

methodology was validated in terms of the agreement between the measured and 

predicted noise values in a database of clinical chest and abdominal exams. 

6.2 Methods  

6.2.1 Clinical cases 

The study used 83 de-identified clinical cases consisting of ~35000 image slices 

including 20 chest image sets, 52 abdomen image sets, and 11 chest-abdomen-pelvic 

image sets. All images were retrospectively selected from a previously conduced IRB 

approved clinical trial. The images were acquired using a commercial CT scanner 

(Discovery CT 750 HD; GE Healthcare, Waukesha, WI) at two radiation dose levels: a 

clinical dose level and a 50% reduced dose level (Figure 6-1). Two reconstruction 

algorithms, filtered back projection (FBP) and adaptive statistical iterative reconstruction 

(ASiR), were employed. The detailed scanning parameters are listed in Table 6-1. 

The 83 datasets were divided into two groups. 17 datasets were randomly 

selected to validate the noise measurement technique, while the remaining 66 datasets 

were used to validate the noise prediction method.  
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Figure 6-1: Example CT clinical images: Images acquired at standard radiation 

dose level reconstructed with FBP (a) and ASiR (c). Images acquired at 50% reduced 

dose level reconstructed with FBP (b) and ASiR (d).  

6.2.2 Measurement of quantum noise in clinical images  

An experimental methodology was developed to measure stochastic noise in 

clinical images (Figure 6-2). The main focus of this measurement technique was to 

separate the quantum noise from the anatomical signals. First, adjacent image slices 
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were subtracted from one another to remove the majority of the anatomy that tended to 

be correlated between slices. An edge enhancement filter (sobel filter) was then applied 

to the subtracted images to identify the remaining anatomical features (Matlab, The 

Mathworks, Inc., Natick, MA). The default threshold level (twice of the average gradient 

across the image) for the edge filter in the Matlab program was used.  

 

Figure 6-2: The process to measure quantum noise in clinical images. (a) 

Example of a clinical chest image. (b) Noise image obtained by subtracting two 

adjacent image slices. (c) The remaining anatomical region on the noise image 

identified by the edge filter.  

 

A noise measurement program was developed to loop through the image and 

extract all the available ROIs (the ones that do not contain edge pixels). On average, 

30,000 ROIs (30 x 30 pixels) were extracted from each image slice. The ROI size was 

selected to be large enough for sufficient pixel sampling, but small enough to minimize 

the effects of non-uniformities in CT numbers (e.g. beam hardening effect). The pixel 

standard deviations within the ROIs were divided by to account for the added noise 2
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due to subtraction. The mode number of these noise values was calculated to yield a 

single noise for each image slice. 

The accuracy of the proposed measurement technique was validated using three 

methods. The first method used a large frozen turkey as a biologically representative 

phantom (Figure 6-3). The scanning protocols were tabulated in Table 1. We performed 

each scan twice and subtracted the repeated images to obtain a true noise map. The true 

noise values were compared with those obtained by the subtraction–filtering technique, 

and the discrepancies between the two were regarded as the error in the noise 

measurement technique.  
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Figure 6-3: Example CT slice of the turkey phantom acquired at 4.3 mGy 

CTDIvol reconstructed using FBP (a) and ASiR (b) reconstruction. The reference noise 

map obtained by subtracting the repeated image sets for FBP (c) and ASiR (d).  
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Table 6-1. Scan parameters used in this study. 

 

The measured noise values were secondly validated against the expected 

physical relationship between the quantum noise and photon fluence in clinical images. 

For quantum noise limited systems (e.g. CT systems operated at typical dose levels), the 

quantum noise is expected to be inversely proportional to the square root of mAs. Our 

clinical images included imaging of the same patient at two dose levels. Since the dose 

ratio between two sets was known, a certain noise ratio between image sets would be 

expected. The discrepancy between the derived and measured noise ratio can be 

 
Scanning parameters 

 
Clinical images 

 
Turkey phantom 

 
Mercury phantom 

 

kVp 

 

120 

 

120 

 

120 

 
CTDIvol (mGy) 

 
3.5-20.3 

 
1.4, 4.3, 8.6 

 
12, 15, 18, 21  

 

Pitch 

 

1.375 

 

1.0 

 

1.375 
 

Collimation (mm) 

 

40 (64x0.625) 

 

40 (64x0.625) 

 

40 (64x0.625) 
 

Slice thickness (mm) 

 

0.625 

 

5 

 

0.625 

 
Reconstruction 

algorithm 

 
FBP1, ASiR2 50% 

 
FBP, ASiR 50% 

 
FBP, ASiR 50% 

 
Convolution kernel 

 
Standard 

 
Standard 

 
Standard 

 

Tube current 
modulation 

 

On 

 

Off 

 

Off 

 

Noise index (if 
applicable) 

 

9.9-21.5 

 

None  

 

None 

    

1 
Filtered back projection 

2 
Adaptive statistical iterative reconstruction 
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regarded as an indicator of error in the noise measurement technique. To quantify noise 

measurement accuracy based on such principle, we applied the noise measurement 

technique to 17 clinical sets containing 7000 image slices randomly chosen from the 83 

sets, including 5 chest image sets, 6 abdomen image sets, and 6 chest-abdomen-pelvic 

image sets. With images acquired at two radiation dose levels, the noise of the standard 

dose images was extrapolated from the noise in the low dose images based on the noise-

dose relationship. The percentage differences between the measured and extrapolated 

noise in the standard dose images were quantified as the error in the noise measurement. 

As a third validation of the noise metric, we designed an observer study to assess 

the correlation between the noise metric and image noise level perceived by the 

observers. The aforementioned 17 clinical sets were included in the observer study with 

average sizes ranging from 24 to 32 cm. Ten image slices were selected from each clinical 

case. Four observers participated in the observer study. Each observer was instructed to 

place four ROIs in the uniform area of the image. The noise level for a given image slice 

was determined as the average value of the standard deviation of the four ROIs. Such 

noise values were compared with the noise magnitude measured using the subtraction-

filtering method. The Pearson correlation coefficient between the two datasets was 

determined. The average differences were further assessed.  
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6.2.3 Noise prediction 

With a validated method to measure quantum noise in clinical images, a 

phantom-based approach was developed to predict the noise based on patient 

attenuation. First, recognizing that noise has a strong dependence on patient size, noise 

measurements were performed using a custom-designed phantom (Mercury phantom 

2.0, Duke University, Durham, NC [Figure 6-4]) [76]. 

 

Figure 6-4. Schematic diagram (a), photograph (b), and scout image (c) of the 

phantom (Mercury 2.0) used in this study. 

The phantom was composed of four cylindrical sections with varying sizes (16, 

23, 30, and 37 cm in diameter), with interconnecting cone-shaped sections. The phantom 

sizes represented the size distribution of clinical patients 8. The phantom was scanned 

on GE Discovery 750 HD scanner at four dose levels (12, 15, 18, and 21 mGy) and 

reconstructed with ASiR 50% and FBP algorithms. The noise was measured in terms of 

average pixel standard deviation within multiple ROIs in each diameter section.  
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To establish the relationship between quantum noise and attenuation, a water-

equivalent diameter, denoted as Dw, was estimated for each image slice [77, 78]. A 

water-equivalent area of the scanned object was first estimated as ( / 1000 1)HU a+∑ , in 

which HU denotes the CT number for each pixel and α  denotes the pixel area. The 

calculation was summarized across all the pixels within the image field of view. Dw was 

then estimated as the diameter of the water-equivalent area. For the patients that exceed 

the scan FOV, the water equivalent diameter cannot be accurately quantified from the 

CT image. The alternative method is to quantify water equivalent diameter from 

topogram images.  

A regression analysis was then established (R, version 2.14.1) between noise and 

phantom water-equivalent diameter as                                           

                                                     σ = B exp(uDw)                                                     6-1 

 

where denotes the water equivalent diameter of the object estimated for each 

image slice. denotes the attenuation coefficient of water at the effective energy level of 

the CT spectrum, and B is a CT protocol-dependent parameter affected by scanner 

model, bowtie filter, kVp, dose levels, pitch, reconstruction algorithm, and 

reconstruction kernel. 

 
D

w

µ
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6.2.4 Validation of noise prediction model 

The noise prediction model was validated using the 66 clinical patient images. 

The validation was performed across patient sizes and anatomical regions. To predict 

noise, the patient water-equivalent diameter was first estimated from CT images using 

the method described above. Since the clinical images were acquired using tube current 

modulation (TCM), each slice had a different mAs value. The noise was further 

predicted by subscribing the tube current levels and water equivalent diameter into 

equation 1 to derive the corresponding noise magnitude level. As a reference standard, 

the noise in clinical images was further measured using our validated subtraction-

filtering technique described previously. The accuracy was characterized in terms of the 

discrepancy between the predicted and the measured noise values. 

6.3 Results  

6.3.1 Validation of noise measurement technique 

6.3.1.1 Turkey phantom images 

The average absolute error in noise measurement technique when applied to 

images of the turkey phantom was 1.44 HU (6.5%), 1.12 HU (7.4%), and 1.51 HU (9.3%) 

for FBP reconstructions at three dose levels. For ASiR, the corresponding average errors 

were 1.37 HU (7.1%), 1.26 HU (8.6%), and 1.47 HU (9.8%), respectively. The maximum 
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error ranges from 10.3% to 17.4% across different reconstruction algorithms, dose levels, 

and anatomical regions.  

6.3.1.2 Clinical patient images 

Figures 6-5 and Figure 6-6 illustrate the accuracy of noise measurement 

technique in clinical image sets reconstructed with FBP. Figure 5 shows the histogram of 

percentage and absolute error of the noise measurement. The error exhibited a largely 

Gaussian distribution with an average error of 1.63 HU, 5.4% for the 5000 images. Figure 

6 shows one example of a chest-abdomen-pelvic case with the extrapolated noise (red 

points) agreeing closely with measured ones (blue points).       

         

Figure 6-5. Accuracy of noise measurement technique for 7000 images 

including five chest exams, six abdominopelvic exams, and six chest-abdominal-

pelvis exams. (a) Absolute and (b) percentage discrepancies between noise measured 

in the standard dose image series and noise of the same case extrapolated from the 

low dose image series.  
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             Figure 6-6. An example of accuracy of noise measurement technique used in 

this study. Blue curve: noise measured in the standard dose level image series. Red 

curve: noise extrapolated from the low dose image series. 

 

6.3.1.3 Validation against observer studies 

Figure 6-7 illustrates the relationship between automated and observer-based 

noise measurements for 17 clinical image datasets. The average difference between the 
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automated and observer-based noise measurements was 0.95 HU (4.3%), which was less 

than the intraobserver variability of 1.7 HU (5.3%). A better agreement was found in the 

abdominal images than in the thoracic images (0.89 HU [3.9%] and 1.4 HU [4.7%] for the 

abdominal and thoracic images, respectively). The average Pearson correlation 

coefficient between the two datasets was 0.998. 

 

Figure 6-7. Accuracy of noise measurement technique for 17 clinical image 

cases for (a) chest and (b) abdominopelvic CT examinations. Each point represents the 

automated and observer-based noise measurement for a given image, and error bars 

correspond to standard deviation across observer measurements.  

 

6.3.2 Noise prediction technique 

Figures 6-8 and 6-9 illustrate prediction accuracy for 66 clinical images. Figure 6-

8 shows six examples of noise predictions. The predicted noise generally agreed well 

with measured noise across reconstruction algorithms and patient anatomies (chest, 
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abdominal, and pelvic regions). Figure 6-9 summarizes prediction accuracy for all 

clinical sets, with each data point representing the average noise value of one patient. 

The predicted noise showed a linear relationship with the measured noise, with unity 

slopes and R2 of 0.98 and 0.97 for the FBP and ASiR 50% reconstructions, respectively. 

The corresponding average differences between the predicted and measured noise in 66 

clinical sets were 6.6% and 6.9%. The average maximum error across 66 clinical patient 

datasets was 14.3% and 14.1% for FBP and ASiR 50% reconstructions. 
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  Figure 6-8. Examples of accuracy of noise prediction model. Six examples 

were included with the first three for FBP reconstruction and the others for ASiR 50% 

reconstruction. Blue-dash points: noise measured in clinical images. Red-light curve: 

predicted noise.  
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Figure 6-9. Accuracy of noise prediction model for 66 clinical image cases for 

the FBP (a) and ASiR 50% (b) reconstructed images. 

6.4 Discussion  

Characterizing CT image quality is essential to the optimization and design of CT 

protocols, the evaluation of CT algorithms and systems, and improved diagnostic 

accuracy. However, current approaches for image quality measurements are largely 

based on uniform phantoms and simple tasks. As an initial step to move image quality 

evaluations towards more clinically meaningful measurements relevant to actual clinical 

images, this study proposed a practical method to measure quantum noise in clinical 

images and use that to design a validated model for predicting image noise for 

individual patients.  
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The noise measurement technique of this program alone can provide crucial 

information in a clinical operation. Similar to the current dose monitoring program, this 

technique can essentially enable monitoring noise in clinical images. One may improve 

the system performance by identifying and investigating cases with noise levels over or 

below a desired range, enforcing protocol-specific reference noise level, and establishing 

consistent system performance across scanners. Such a noise management strategy was 

implemented by Larson et al. to achieve the targeted noise range based on phantom 

measurements [74]. Our approach offers the added advantage of being based on the 

actual measured attributes of clinical images.  

Having a strong affirmation that we can measure noise in clinical images, this 

study further established a validated correspondence between phantom-based 

meausrements and clinical image noise level, which can be used for protocol 

optimization. As an example, consider an adult male patient who undergoes an 

abdominopelvic CT examination. Assuming a targeted noise level of 15 HU and an 

average 26 cm water equivalent diameter, the imaging protocol can be prospectively 

defined for the GE 750 HD scanner as 120 kVp tube voltage, 361 mAs, 1.375 pitch, 0.625 

mm slice thickness, 40 mm collimation, and FBP reconstruction to yield the desired 

noise. One may further develop an optimized TCM profile to provide a consistent level 

of noise in the images.  
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It should be noted that that the measured noise remains relatively constant for 

different threshold levels of the edge filter (difference less than 3.4% across 5000 image 

slices). This is due to the fact that the mode number of multiple measurements was 

calculated as the final noise result. With the increasing of threshold level, there may be 

more inaccurate noise measurement due to the existence of anatomy. However, the 

mode number of the multiple ensembles remains the same.   

Prediction accuracy was found to be generally higher in the abdominal regions 

than in the lung regions of our cases. We suspect that this might be due to two factors: 

first, the lung region contains an air cavity surrounded by soft tissue. The prediction 

model equates the attenuation to a centrally located circular area, neglecting the effect of 

the bowtie filter on noise. Bowtie filters preferentially attenuate the X-ray on the 

periphery. As a result, at a peripheral location in the lung with water-equivalent 

diameter Dw, the noise is higher than that measured from the center of a water phantom 

with the same Dw. Further, the noise measurement in the lung region is more 

challenging since the uniform areas that can be used for noise measurement are 

relatively small.  

The introduction of iterative reconstruction algorithms has posed a challenge to 

CT image quality methodology. More specifically, measurements based on simple 

phantoms may not represent corresponding image quality in clinical images due to the 
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non-linear and shift-variant properties of some iterative reconstruction algorithms. Our 

approach for noise measurements for ASiR provides good assessment and prediction 

results for quantum noise. For other reconstruction algorithms, where noise property 

may be dependent on anatomy and background, further efforts should be devoted to 

ensuring that the phantom-based measurements can accurately predict the noise 

observed in actual clinical images.  

In this study, we assumed no statistical correlation between the subsequent CT 

slices; the noise map was determined by subtracting the two adjacent slices and dividing 

by a factor of 2  to account for error propagation. However, the two subsequent CT 

image slices may be correlated. To estimate the potential error induced by such 

correlation, a validation study was performed using an anthropomorphic phantom 

(ATOM, Adult Male, models 701, Computerized Imaging Reference Systems) scanned 

under a clinical abdominopelvic protocol (120 kVp, 1.375 pitch, 12 mGy CTDIvol, 0.625 

mm slice thickness, FBP reconstruction, standard kernel). The phantom was first 

scanned twice and the two datasets were subtracted from each other to obtain “gold-

standard” measurements of the noise magnitude. We further used one image dataset 

and subtracted the adjacent slices to obtain the noise magnitude measurements that may 

contain errors induced by slice correlation. The average discrepancy between the two 
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noise measurements is less than 1% across the dataset. Therefore, the effect of potential 

correlation on noise measurement is generally negligible.  

This study was based on a CT system from one manufacturer and a small 

number of scanning parameters. Future work would include CT scanners from other 

manufactures and a broader range of protocols and reconstruction algorithms. Besides, 

in this study, noise is modeled as a function of multiple variables including the scanner 

model, bowtie filter, kVp, dose levels, pitch, reconstruction algorithm, and 

reconstruction kernel. In future study, we aim to reduce the number of dependent 

variables in the noise model. Furthermore, this study mainly focused on the prediction 

of quantum noise and assumed the effect of electronic noise is negligible. Electronic 

noise generally has a minor effect for CT images acquired under standard dose levels. 

However, it becomes more significant for low-dose protocols since the level of quantum 

noise may become comparable to the electronic noise magnitude [79].  Future study 

should include a measurement and prediction model for electronic noise, especially for 

CT images acquired with low-dose protocols (such as lung cancer screening). 

6.5 Conclusion  

In this study, we proposed a practical technique to measure quantum noise in 

clinical images. The image-based measurement technique enables one to effectively track 

and monitor clinical image performance. Furthermore, this study involved the 
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development of a phantom-based model to predict the level of quantum noise in clinical 

images. Such a model allows one to have the knowledge of the typical noise level in a 

CT image before it is acquired. Such knowledge can be used to individualize the CT 

protocol by adaptively adjusting the scanning parameter in advance of a CT exam to 

achieve a target image quality while minimizing the radiation dose. 
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Chapter 7 

 

Assessing Diagnostic Confidence for Acute 

Pancreatitis using a Generic Noise Addition Tool 

 

The key for dose optimization is to determine the minimum amount of radiation 

dose that achieves the targeted image quality. To achieve that, it would be desirable to 

generate hybrid CT images at multiple radiation dose levels and assess the 

corresponding diagnostic performance. The purpose of this chapter was to develop a 

generic noise addition tool and assess the diagnostic confidence at multiple reduced 

dose levels for the diagnosis of acute pancreatitis. The noise addition tool was validated 

through phantom and clinical patient images. The diagnostic confidence for ten clinical 

tasks was assessed through a designed observer study.  

The work described in this chapter is being prepared to be submitted to 

American Journal of Radiology [80].  
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7.1 Introduction 

Technical advancements in CT have significantly expanded its application in 

clinical medicine [70]. Currently, CT is frequently used in head, chest, and abdominal 

imaging with wide application including tumor detection, cardiac imaging, trauma 

diagnosis, and early-stage cancer screening [4, 71]. The use of CT has increased 

dramatically in recent years, with approximately 272 million CT examinations 

performed annually worldwide. However, despite its significant clinical benefits, 

concerns have been raised regarding the potential risk associated with CT radiation [7]. 

Given the large number of examinations performed worldwide, it is not surprising that 

optimizing and managing CT radiation dose have become crucial and urgent 

responsibilities.  

Optimizing CT protocol requires one to determine the lowest possible radiation 

dose that can achieve the target diagnosis. One effective approach is to gradually 

decrease the scanner output radiation dose and assess the lowest acceptable image 

quality level. However, this approach generally requires CT scans at multiple radiation 

dose levels and may expose the patients to unnecessary radiation dose. One more 

reasonable approach is to simulate a series of hybrid CT images at reduced radiation 

dose levels. The diagnostic confidence can further be assessed within the same patient 

cohort to derive the most appropriate scanning parameters.  
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Several studies have reported the development of noise addition software for 

protocol optimization. Li et al. used a noise addition tool provided by the manufacturer 

(GE Noise Addition Tool, version 1.1; GE Healthcare) and assessed the influence of 

reduced dose level on the detection of small lung nodules [81]. Chapman et al. similarly 

used a noise addition software (VCT Noise Insertion Tool, version 3.0; GE Healthcare) to 

generate artificial CT images and assess the detection of pulmonary nodules at three 

radiation dose levels [82]. Yu el al. developed a project-based noise insertion tool that 

accurately modeled the quantum and electronic noise properties [83]. A noise tool can 

further take into account important physical components including x-ray beam bowtie 

filter and automatic exposure control. Although these tools have been validated to be 

able to generate realistic low dose CT image, one of their major limitation is that they 

either requires the raw CT data or can only be used for CT images generated by one 

specific scanner model. Given the proprietary nature of the CT raw data and the 

diversity of scanner models in clinical practice, their applications are rather limited.  

In this study, we developed a scanner-generic noise addition tool to simulate low 

dose clinical images. The accuracy of the simulated images was validated using 

quantitative measurements against phantom images and qualitative comparison against 

clinical images. With a validated noise addition tool, the diagnostic confidence of the 

acute pancreatitis was assessed using 60 clinical image datasets. Each clinical case was 
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used to generate hybrid images at four reduced levels; the diagnostic confidence for nine 

clinical tasks was assessed using a designed observer study.   

7.2 Methods 

7.2.1 Noise addition tool 

Figure 7-1 illustrates the framework of the development and validation of the 

noise addition software. The three properties of CT image noise (magnitude, 

distribution, and texture) were simulated based on physical properties for the hybrid 

images at reduced levels. The noise addition software was validated by quantitative 

comparison against actual low dose images of a phantom and ROC-based qualitative 

assessment for 40 clinical images using an observer study.  
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Figure 7-1: The flowchart for the design and validation of the noise addition 

tool.  

To simulate reduced-dose image, a noise map that closely resembled the noise 

distribution and noise power spectrum (NPS) shape of the CT image was generated. 

Figure 7-2 illustrates CT images for one patient at two radiation dose levels and their 

corresponding noise magnitude distribution. As shown, noise distribution is only 

dependent on the inherent attenuation of the scan object. The two CT images at different 

radiation dose levels yield similar noise distribution.  

 

Figure 7-2: (a) (b) CT image acquired at 375 mAs and the corresponding image 

noise distribution. (c) (d) CT image of the same patient acquired at 206 mAs and the 

corresponding noise distribution.  
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Based on this principle, in our methodology, the noise magnitude is first 

measured in the original clinical image using the principle component analysis 

technique. The noise distribution for the hybrid image is further determined based on 

such measured noise distribution.  

The texture of the noise map is determined using a mathematical model that 

effectively accounts for the angular and radial distribution of the NPS shape. As 

illustrated in Figure 7-3, the noise texture (characterized by the NPS shape) is spatially 

dependent. Thus, spatial-dependent NPS is characterized by modeling the NPS as a 

function of radial and angular distribution.  

 

(a) (b) (c) 

(d) (e) (f) 



 

117 

 

Figure 7-3: (a) (b) (c) CT image and the corresponding NPS shape at the center 

of the image. (d) (e) (f) CT image and the corresponding NPS shape at the periphery 

of the image.  

 

With the information about the noise distribution and noise texture, the noise 

map was generated and added in image space to the original image. The noise map was 

properly scaled to simulate the desired noise level for a specific dose level.  

7.2.2 Validation of noise addition  

To validate the realism of the noise addition technique, the noise addition tool 

was tested through phantom and clinical patient images. For the phantom-based 

validation, a custom-designed phantom (Mercury 2.0, Duke University) was used [76]. 

Three sets of CT images at two dose levels were acquired using a commercial CT 

scanner (Discovery CT 750 HD, GE Healthcare, Waukesha, WI). The scan was performed 

at 120 kVp, 1.375 pitch, 0.625 mm slice thickness, standard kernel, at the radiation dose 

of 6, 12, and 22 mGy, following a common clinical protocol. A hybrid CT image 

(targeting for 6 and 12 mGy) was further generated using the 22 mGy CT image. The 

noise distribution of the actual and simulated low dose CT image was quantitatively 

compared.  

An observer study was further designed to validate the realism of the simulated 

CT images. The study included 40 clinical body image cases (~16000 image slices, 

including 20 chest image cases and 20 abdomen image cases). Each image case was 
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acquired at two dose levels (one at regular-dose level and one at 50%-reduced-dose 

level) and two reconstruction algorithms (FBP and ASiR) using an IRB approved 

protocol. Based on the CT images at a high radiation dose, we simulated the low dose 

images using the noise addition tool and compared them with the actual low dose CT 

image. The simulated and actual low dose images were randomized and presented to 

three radiologists, who rated the realism of the simulated and actual image on a scale of 

0 to 100. A statistical t test and ROC study were used to assess the realism of the hybrid 

CT image by comparing the scores of actual and simulated CT images.  

7.2.3 Assessing diagnostic confidence at reduced dose level 

With a validated noise addition tool, we designed a study to assess the 

diagnostic confidence at reduced radiation dose level for the diagnosis of acute 

pancreatitis. Sixty image cases of patients with acute pancreatitis were retrospectively 

selected from the Duke Hospital database with IRB approval. The image cases were 

acquired based on CT protocols tabulated in Table 7-1.  

Table 7-1. Scan parameters of acute pancreatitis image cases. 

 

Scanner 

 

kVp 

 

Pitch 

 

Slice thickness 

(mm) 

 

Recon 

 

 

Kernel 

 

GE HD 750 

 

120 

 

1.375 

 

5 

 

ASiR 40% 

 

Standard 

 

Siemens Flash 

 

 

120 

 

1.4 

 

5 

 

SAFIRE 

 

I31F 
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The original CT datasets generally pertain a noise level of 11 HU. We selected 

four targeted noise levels (24, 34, 42, and 54 HU) and generated hybrid CT images to 

assess the corresponding diagnostic confidence. The simulated image and the original 

image cases were randomized. Three radiologists reviewed the cases and rated ten 

specific diagnostic tasks, including the confidence for the assessment of the pancreatic 

gland, superior mesenteric artery (SMA), super mesenteric vein (SMV), glandular 

necrosis, presence of air within the necrotic gland, presence of pseudocyst, splenic vein 

thrombosis, pseudoaneurysm, percutaneous intervention, and the overall image quality. 

The relationship between mean image noise and diagnostic score was studied through 

statistical analysis.  

The impact of dose reduction on diagnostic confidence was assessed using two 

types of statistical analysis. We first performed an unpaired statistical t-test by 

comparing the mean score of the original dataset and the simulated datasets. The 

simulated datasets was sorted based on the noise level; the threshold noise levels that 

ensure the scores of simulated datasets to not significantly differ from the original 

dataset was recorded. The corresponding dose reduction percentage was calculated 

based on the noise-dose relationship for ASiR and SAFIRE algorithm.  

The second statistical test was performed based on the threshold score 

determined by the radiologists. A threshold score of 70 was selected to be the lowest 
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acceptable image quality level. The corresponding threshold noise level was calculated 

based on the relationship between noise and diagnostic score. Similarly, the 

corresponding dose reduction percentage was also determined.  

7.3 Results 

7.3.1 Validation of Noise Addition  

Figure 7-4 illustrates the phantom-based validation result for the noise addition 

software; (a) and (b) are the noise distribution of the actual and simulated CT image at 

12 mGy; (c) is the difference between the two noise maps; (d) and (e) are the noise 

distribution of the actual and simulated CT image at 6 mGy; and (f) is the difference 

between the two noise maps. The noise magnitude difference was less than 2 HU (5%) in 

both cases.  
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Figure 7-4: (a) (b) Noise distribution of actual and simulated CT images at 12 

mGy; (c) difference of noise maps; (d) (e) noise distribution of actual and simulated 

CT images at 6 mGy; (c) (f) difference of noise maps.  

Figure 7-5 illustrates the t-test results for the image-based validation result of the 

noise addition software. The average scores of the real and simulated clinical images 

were 51.3 and 49.2, respectively. The scores for the simulated and actual images were 

not significantly different based on statistical t-test (p = 0.63).  

 

Figure 7-5: Distribution of scores for simulated and actual CT images.  

Figure 7-6 demonstrates the ROC curve of three radiologists for the simulated 

and actual CT images. The AUC values were 0.58, 0.42, and 0.52, respectively. The 

results indicate that the radiologists could barely distinguish the simulated images from 

the actual ones.  

Average Observer Scores  

Liver 

Real 51.3 ± 19.2 

Simulated 49.2 ± 18.6 

Difference 2.1 

Significant? No 

p-value 0.63 
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Figure 7-6: ROC curve for the simulated and actual CT images.  

7.3.2 Assessing diagnostic confidence at reduced dose level 

Figure 7-7 illustrates the simulated pancreatitis images at four noise levels. The 

radiologists were asked to provide their diagnostic confidence for 300 randomized 

hybrid CT images.  
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Figure 7-7: Simulated CT images at reduced dose levels.  

 

Figure 7-8 illustrates the diagnostic confidence for ten specific clinical tasks as a 

function of noise level. The diagnostic confidence generally shows a linear relationship 

to noise level. The linear regression coefficients and R2 for ten imaging tasks are 

tabulated in Table 7-2. The linear correlation coefficients are generally in the range of 0.6, 

with an average slope of -0.4 HU-noise/score and an average constant value of 53 HU.  

 

 

(a) (b) 

(c) (d) 
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Table 7-2. Fitting parameters and R2 values for linear correlation between noise and 

image quality score for ten diagnostic tasks. The linear correlation relationship 

between noise and image quality score is Noise= α *Score + β . 

 

Imaging task 

 

α  
 

β  

 

R2 

 

Imaging task 

 

α  
 

β  

 

R2 

Pancreatic 

gland 

 

-0.414 

F

53.6 

 

0.62 

Presence of 

Pseudocyst 

 

-0.386 

 

54.06 

 

0.57 

 

SMA 

 

-0.399 

5

52.5 

 

0.63 

 

Splenic vein 

thrombosis 

 

-0.383 

 

51.47 

 

0.61 

 

SMV 

 

-0.396 

 

52.2 

 

0.62 

 

Pseudoaneurvsm 

 

-0.387 

 

49.77 

 

0.62 

 

 

Glandular 

necrosis 

 

 

-0.39 

 

 

50.8 

 

 

0.60 

 

Percutaneous 

intervention 

 

 

-0.39 

 

 

52.76 

 

 

0.58 

 

Presence of 

Air 

 

 

-0.38 

 

 

51.9 

 

 

0.59 

 

Overall image 

quality 

 

 

-0.39 

 

 

52.4 

 

 

0.62 

 

Statistical analysis was performed to assess the impact of noise level on 

diagnostic confidence. Table 7-3 illustrates the threshold noise levels that ensure the 

simulated images would not be significantly different from the original images obtained 

in the t-test. The threshold noise levels ranged from 25.4 to 29.5 HU, with a mean value 

of 26.7 HU and a standard deviation of 0.67 HU. Table 7-4 tabulates the threshold noise 

levels based on a target image-quality score of 70. The threshold noise levels ranged 

from 23.0 to 27.0, with a mean of 25.1 and a standard deviation of 0.98 HU. 
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Table 7-3. Accepted noise levels and p values for the unpaired t test of ten imaging 

tasks.  

 

Imaging task 

Accepted 

noise level 

(HU) 

 

p value 

 

Imaging task 

Accepted 

noise level 

(HU) 

 

p value 

Pancreatic 

gland 

 

25.4 

 

0.0297 

Presence of 

Pseudocyst 

 

27.9 

 

0.0189 

 

SMA 

 

26.3 

 

0.0349 

Splenic vein 

thrombosis 

 

26.2 

 

0.0260 

 

SMV 

 

26.8 

 

0.0329 

 

Pseudoaneurvsm 

 

25.9 

 

0.0510 

 

Glandular 

necrosis 

 

 

27.5 

 

 

0.0257 

 

Percutaneous 

intervention 

 

  

 26.7 

 

 

0.0491 

 

Presence of 

Air 

 

 

27.1 

 

 

0.0195 

 

Overall image 

quality 

 

 

26.9 

 

 

0.0271 

 

 

Table 7-4. Accepted noise levels for the ten imaging tasks based on a targeted score of 

70.  

 

Imaging task 

Accepted 

noise level 

(HU) 

 

Imaging task 

Accepted 

noise level 

(HU) 

Pancreatic 

gland 

 

24.6 

Presence of 

Pseudocyst 

 

27.0 

 

SMA 

 

24.5 

 

Splenic vein 

thrombosis 

 

 

24.6 

 

SMV 

 

24.5 

 

Pseudoaneurvsm 

 

25.9 

 

Glandular 

necrosis 

 

 

23.9 

 

Percutaneous 

intervention 

 

 

26.4 

 

Presence of 

Air 

 

 

25.1 

 

Overall image 

quality 

 

 

24.9 

 

 



 

126 

 

 
 

(a) Pancreatic gland (b) SMA

(c) SMV (d) Glandular necrosis

(e) Air within necrotic gland (f) Presence of pseudocyst
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Figure 7-8: Diagnostic performance as a function of noise for ten imaging tasks.   

 
7.4 Discussion 

In this study, we have developed a vender-generic noise addition tool that 

simulated lower-dose CT images using clinical CT images at standard radiation dose 

level. With hybrid CT images at multiple reduced dose levels, the radiologists can 

further determine the minimum required level of radiation dose without compromising 

the diagnostic performance. Several previous studies have investigated using noise 

(a) Splenic vein thrombosis (b) Pseudo aneurysm

(c) Percutaneous intervention (d) Overall image quality
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addition tool to optimize CT protocol for examination types including chest CT [81], 

pediatric abdominal CT [84], pediatric head and body [85], adult abdomen, and brain 

perfusion. However, the noise addition software in these studies either require the raw 

projection data or is provided by the manufacturer and thus can only be used for CT 

images generated by one specific scanner model. This study provided a practical and 

vender-generic approach for noise addition, with quantitative validation using 

phantom-based images and qualitative validation using observer studies. We have 

demonstrated its application in the diagnosis and treatment of acute pancreatitis, which 

generally requires repeated CT scans to document their response to the therapy during 

the whole process. The noise addition tool can further be used in multiple other 

protocols and applications.  

The result in this study further revealed the influence of dose reduction on the 

diagnostic confidence for ten clinical tasks. On one hand, the effect of dose was 

measureable, since the diagnostic confidence decrease with the descending dose levels 

for all nine clinical tasks. On the other hand, a radiation dose reduction of 84% could still 

result in accurate diagnostic confidence with the radiologist’s score above the threshold 

value of 70. The potential of such large dose reduction space is not surprising. One 

previous study has demonstrated that a 75% dose reduction only results in 0.3 decrease 

of the AUC value for the detection of subtle lung nodules [81]. Another study has 



 

129 

 

illustrated that the radiation dose could be reduced to 30% without degrading the 

diagnostic accuracy of pulmonary nodules [82]. Distinguished from previous studies, in 

this work, we chose to use diagnostic confidence as the optimization metric. The 

optimization metrics is crucial for the protocol optimization as it determines the entire 

optimization strategy. We choose diagnostic confidence instead of diagnostic accuracy 

in order to take into account other factors including the detection time, efficiency, and 

the radiologist’s comfort level.  

Our study has several limitations. First, one major difficulty of generating lower-

dose CT images is photon-starvation artifact. This artifact occurs when too few photons 

reach detector elements so that the intensity of the detected signal is comparable to 

electronic noise. The phonon starvation artifact occurs frequently in pelvis or shoulder 

regions. Our noise addition software can not accurately simulate the photon-starvation 

artifact due to the image-based noise addition approach. Second, this study used only 

diagnostic confidence as the optimization metric. Although that is a general good 

reflection of the overall image quality as perceived by the radiologist, it might be too 

subjective to the radiologist’s preference. Future work could assess the diagnostic 

accuracy and combine it with the confidence to design the best optimization strategy.  
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Chapter 8 

 

General Conclusions and Future Directions 

8.1 Summary of major contributions 

In this dissertation, we have developed improved dose and image quality 

metrics and more efficient optimization strategies to improve CT clinical performance. 

Our research focused on both the development of theoretical models and their 

integration into clinical workflow.  

The key requirement to optimize CT radiation doses is accurate metrics to 

quantify patient radiation dose. In the first part of this work, we developed a strategy to 

estimate patient-specific dose, taking into account the anatomical diversity of patients, 

the CT scanner system’s geometry, and scan protocols and parameters. We tackled the 

problem separately for the constant and tube current modulated conditions. 

For constant tube current CT examinations, a library of patient- and protocol-

specific organ dose coefficients was estimated (defined as organ dose normalized by 

CTDIvol). In order to model patient anatomical complexity, a large number of 

computational phantoms were used to represent the size, age, and gender distribution of 

clinical patients. The organ dose coefficients were found to be generally consistent across 
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CT systems and scanning parameters, with discrepancies within 10%. The studies 

modeled organ dose coefficients as exponential functions in relation to patient size so 

that organ dose can be robustly estimated, given patient information and the CTDIvol of 

the exam. The study was further extended to risk estimation for both pediatric and adult 

patients. 

For tube current modulated examinations, one of the major challenges is to 

precisely model the heterogeneous radiation field under dynamically changing tube 

current. We implemented a convolution-based technique to robustly quantify the 

irradiation field given a TCM function. The convolution-based technique was 

incorporated with a patient-matching strategy and a database of organ dose coefficients 

(estimated in Chapter 3) so that organ dose could be estimated prospectively and 

retrospectively for a given patient and CT exam. The accuracy of the organ dose 

estimates was assessed by comparing dose estimates with full Monte Carlo simulation. 

The average discrepancies were generally within 10% across modulation strengths and 

protocols.  

In the last phase of organ dose estimation, we implemented the theoretical 

models in clinical practice by developing an advanced dose-monitoring program. The 

study was based on a commercial dose-monitoring program (Dose Watch, GE 
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Healthcare, Waukesha, WI). The study demonstrated organ dose estimation procedures 

for 30 clinical patients under six unique clinical protocols.  

With an effective technique to estimate organ dose, the second part of this thesis 

focuses on image quality assessment and protocol optimization. We first developed a 

technique to automatically measure image quality attributes from clinical images. The 

study focused on quantum noise, as it strongly impacts diagnostic performance. An 

edge-based measurement technique was developed and further validated using 

multiple methods. The measurement error was found to be within 5% across 

reconstruction algorithms and anatomical regions.  

Precise quantification of radiation doses and image quality is essential for the 

development of effective optimization strategies. In the last part of this thesis work, we 

developed a dose optimization workflow for the diagnostic of acute pancreatitis using 

synthetic CT images. The synthetic CT images were generated at multiple reduced dose 

levels with validated noise-addition software. The diagnostic confidence of ten tasks 

was assessed based on ROC studies. The potential dose reduction was further 

determined using t-tests and noise threshold levels. The dose optimization workflow 

can be extended to other imaging tasks and patient populations.  
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8.2 Suggestions for future work 

In general, although this thesis focused on both image quality and radiation dose 

for a given patient and CT examination, it generally studied these two topics separately. 

One important direction for future research is the comprehensive estimation and 

integration of patient-specific radiation dose and task-based image quality. A combined 

“risk (radiation dose) –- benefit (image quality)” metric can guide the design of 

individualized protocols; it can further be used to develop improved TCM modulation 

strategies and may also be used as the optimization function in iterative reconstruction 

algorithms.  

More specifically, the following approaches can be of value for future studies. 

1) The clinical application of organ doses reported by dose-monitoring software 

should be explored. Future work may focus on automatic detection of outlier cases and 

strategies to improve performance consistency. 

2) The image-based quality metrics could be extended to other attributes, such as 

contrast, resolution, and noise texture. They could be further extended to automatic 

determination of the detectability index for a given clinical image.  

             3) The noise-addition software could be extended by modeling the noise 

property as a function of image texture so that it can be used for iterative reconstruction 

algorithms.  
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