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Abstract 
Computed tomography (CT) is a valuable technology to the healthcare enterprise 

as evidenced by the more than 70 million CT exams performed every year. As a result, 

CT has become the largest contributor to population doses amongst all medical imaging 

modalities that utilize man-made ionizing radiation. Acknowledging the fact that 

ionizing radiation poses a health risk, there exists the need to strike a balance between 

diagnostic benefit and radiation dose. Thus, to ensure that CT scanners are optimally 

used in the clinic, an understanding and characterization of image quality and radiation 

dose are essential. 

The state-of-the-art in both image quality characterization and radiation dose 

estimation in CT are based on phantom measurements reflective of systems and 

protocols. For image quality characterization, measurements are performed on inserts 

imbedded in static phantoms and the results are ascribed to clinical CT images. 

However, the key objective of image quality assessment should be its quantification in 

clinical images; that is the only characterization of image quality that is most clinically 

relevant as it is directly related to the actual quality of clinical images. Moreover, for 

dose estimation, phantom based dose metrics, such as CT dose index (CTDI) and size 

specific dose estimates (SSDE), are measured by the scanner and referenced as an 

indicator for radiation exposure. However, these metrics, while reflective of the 
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radiation output of the system, are not quantities of individual radiation burden. That is, 

CTDI and SSDE are surrogates for dose to the patient, rather than dose per-se. 

Currently there are several software packages that are limited to tracking the 

CTDI and SSDE associated with individual CT examinations. The sole focus on CTDI 

and SSDE is prompted by bureaucracies and governments pressuring clinics and 

hospitals to monitor the radiation exposure to individuals. The individualization of 

patient dose quantification is also driven by the personal concerns of patients who are 

curious about the health risks associated with the ionizing radiation exposure they 

receive as a result of their diagnostic procedures. It is thus most relevant to evaluate 

patient radiation burden in terms of quantities related to individual exams. 

In our approach to evaluate image quality and dose, we need to realize that 

patients come to the clinic to acquire quality images so they can receive a proper 

diagnosis, not to be exposed to ionizing radiation. Thus, while it is important to monitor 

the dose to patients undergoing CT examinations, it is equally, if not more important to 

monitor the image quality of the clinical images generated by the CT scanners 

throughout the hospital. 

The purpose of the work presented in this thesis is threefold: to develop and 

validate fully automated techniques to (1) measure spatial resolution in clinical CT 

images, (2) measure image contrast in clinical CT images, and (3) estimate radiation dose 

(not surrogates for dose) from a variety of clinical CT protocols. 
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For characterizing spatial resolution from clinical CT images, twenty-one chest 

and abdominopelvic clinical computed tomography (CT) datasets were investigated. An 

algorithm was developed to extract a CT resolution index (RI) analogous to the 

modulation transfer function (MTF) from clinical CT images by measuring the edge-

spread function (ESF) across the patient’s skin. A polygon mesh of the air-skin boundary 

was created. The faces of the mesh were then used to measure the ESF across the air-skin 

interface. The ESF was differentiated to obtain the line-spread function (LSF), and the 

LSF was Fourier transformed to obtain the RI. The algorithm’s ability to detect the radial 

dependence of the RI was investigated. RIs measured with the proposed method were 

compared with a conventional phantom-based method across two reconstruction 

algorithms (FBP and iterative) using the spatial frequency at 50% RI, f50, as the metric for 

comparison. Three reconstruction kernels were investigated for each reconstruction 

algorithm. Finally, an observer study was conducted to determine if observers could 

visually perceive the differences in the measured blurriness of images reconstructed 

with a given reconstruction method. 

For measuring image contrast in clinical CT images, an automated computer 

algorithm was developed to measured the distribution of Hounsfield units (HUs) inside 

four major organs: the lungs, liver, aorta, and bones. These organs are first segmented or 

identified using image processing and computer vision techniques. Regions of interest 

(ROIs) were placed inside these organs and histograms of the HUs inside the ROIs were 
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constructed. The mean and standard deviation of each histogram were computed for 

each dataset. The ROI for the bones is simply the segmentation mask of the bones. Since 

the histogram for bones does not follow a Gaussian distribution, the 25th and 75th 

percentile were computed instead of the mean. Comparison of the mean and standard 

deviation (or 25th and 75th percentile for the bones) of the HUs in the different organs 

provides different contrast values. The sensitivity and accuracy of the algorithm was 

investigated by comparing the automated measurements with manual measurements. 

Fifteen contrast enhanced and fifteen non-contrast enhanced chest CT clinical datasets 

were examined in the validation procedure. 

Finally, for estimation regional imparted energy and dose from clinical CT 

exams, an automated technique for retrospectively estimating the imparted energy from 

tube current modulated (TCM) CT exams across 13 protocols was developed. Monte 

Carlo simulations of various head and body TCM CT examinations across various tube 

potentials and TCM strengths were performed on 58 adult computational extended 

cardiac-torso (XCAT) phantoms to develop relationships between scanned mass and 

imparted energy normalized by dose length product (DLP). An automated algorithm for 

calculating the scanned mass was further developed using an open source mesh 

generation toolbox. The scanned mass and DLP from the exam can be used to estimate 

the imparted energy to the patient using the knowledgebase developed from the Monte 

Carlo simulations.  



 

 

viii 

Contents 

Abstract .......................................................................................................................................... iv	

List of Tables ................................................................................................................................. xi	

List of Figures .............................................................................................................................. xii	

Acknowledgements .................................................................................................................... xv	

Disclaimer ..................................................................................................................................... iv	

Publications ............................................................................................................................ iv	

Conference Presentations ..................................................................................................... iv	

Chapter 1: An automated method for measuring spatial resolution in clinical CT images1	

1.1 Summary ............................................................................................................................ 1	

1.2 Introduction ....................................................................................................................... 2	

1.3 Methods and materials .................................................................................................... 4	

1.3.1 Clinical datasets ........................................................................................................... 4	

1.3.2 Algorithm ..................................................................................................................... 5	

1.3.2.1 Image segmentation ............................................................................................ 5	

1.3.2.2 Mesh generation ................................................................................................... 6	

1.3.2.3 ESF measurement ................................................................................................. 7	

1.3.3 Validation of MTF measurements .......................................................................... 11	

1.3.3.1 Image reconstruction ......................................................................................... 11	

1.3.3.2 Comparison with phantom measurements ................................................... 11	

1.3.3.3 Observer study ................................................................................................... 13	



 

 

ix 

1.4 Results .............................................................................................................................. 13	

1.5 Discussion ........................................................................................................................ 17	

1.6 Conclusion ....................................................................................................................... 20	

Chapter 2: An automated method for measuring image contrast in clinical CT images . 21	

2.1 Summary .......................................................................................................................... 21	

2.2 Introduction ..................................................................................................................... 22	

2.3 Methods and materials .................................................................................................. 24	

2.3.1 Lung histogram measurement ................................................................................ 25	

2.3.2 Liver histogram measurement ................................................................................ 26	

2.3.3 Aorta histogram measurement ................................................................................ 28	

2.3.4 Spine histogram measurement ................................................................................ 30	

2.3.5 Validation against manual technique ..................................................................... 31	

2.4 Results .............................................................................................................................. 32	

2.5 Discussion ........................................................................................................................ 35	

2.6 Conclusion ....................................................................................................................... 37	

Chapter 3: Automated, patient-specific estimation of regional imparted energy and dose 
from TCM CT exams across 13 protocols ................................................................................ 38	

3.1 Summary .......................................................................................................................... 38	

3.2 Introduction ..................................................................................................................... 39	

3.3 Methods and materials .................................................................................................. 40	

3.3.1 Derivation of mass-imparted energy dependency ............................................... 40	

3.3.1.1 Modeling a patient population ........................................................................ 40	



 

 

x 

3.3.1.2 Modeling tube current modulation ................................................................. 41	

3.3.1.3 Modeling dose .................................................................................................... 43	

3.3.1.4 Mass-imparted energy database ...................................................................... 45	

3.3.2 Regional imparted energy estimation from clinical CT datasets ....................... 46	

3.3.2.1 Mesh generation & scanned mass estimation for clinical exams ................ 46	

3.3.2.2 Patient-specific regional imparted energy estimation .................................. 49	

3.4 Results .............................................................................................................................. 50	

3.5 Discussion ........................................................................................................................ 54	

3.6 Conclusion ....................................................................................................................... 58	

References .................................................................................................................................... 59	



 

 

xi 

List of Tables 
Table 1: Main input parameters for the Monte Carlo simulations emulating a Siemens 
Definition Flash scanner. ........................................................................................................... 43	

Table 2: Definitions of the scan regions for the 13 protocols (Li et al., 2012). .................... 46	

Table 3: Parameters for the fit lines applied to the data of normalized imparted energy 
versus scanned mass. .................................................................................................................. 52	



 

 

xii 

List of Figures 
Figure 1: Process for creating the tetrahedral mesh of the patient. The patient dataset is 
segmented using a multi-thresholding technique to isolate the patient from the 
surrounding objects, resulting in a binary volume of the patient. The binary volume is 
input into an open source mesh generation toolbox to create a mesh of the patient using 
tetrahedral elements. .................................................................................................................... 7	

Figure 2: Method for reconstructing the right tail of the ESF with the left tail. The right 
tail of the ESF is identified by finding the point where the ESF levels off at the top and 
taking all of the points to the right. This portion of the original ESF measurement is 
discarded. The left tail of the ESF is identified by finding the first point where the ESF 
initially begins to increase and taking all the points to the left. This portion of the 
original ESF measurement is rotated by 180 degrees and shifted to the point where the 
ESF levels off at the top. A Fermi fit is applied to the reconstructed ESF and the center is 
identified. The center of the ESF is then shifted to the origin. Finally, all of the ESF 
measurements that fall within the same radial bin are grouped together to create an 
oversampled ESF. .......................................................................................................................... 9	

Figure 3: Method for calculating the RI from making an oversampled ESF measurement 
across the patient's skin. The red lines are Bresenham lines (Bresenham, 1965) crossing 
the air-skin interface made in directions normal to the triangular faces. ESF 
measurements were limited to surface normal directions within ± 10 degrees from the 
horizontal to prevent contamination from adjacent slices. The ESF is constructed from 
the intensity values along the Bresenham line and the distances from the center of each 
pixel along the line to the plane defined by the triangular face. The ESFs are grouped by 
their radial distance from the image center to create an oversampled ESF. The 
oversampled ESF is binned by 10% of the in-plane spatial resolution. The binned ESF is 
then differentiated to obtain the LSF, and the LSF is Fourier transformed to acquire the 
RI. .................................................................................................................................................. 10	

Figure 4: Results from the f50 measurements made from clinical datasets. (a) SAFIRE with 
I26f, (b) SAFIRE with I31f, (c) SAFIRE with J45f, (d) FBP with B20f, (e) FBP with B31f, 
and (f) FBP with B45f. Mercury phantom is abbreviated as “MP” and patient-specific is 
abbreviated is “PS”. .................................................................................................................... 15	

Figure 5: Results from the sensitivity study of the proposed method. The f50 
measurements located in the 160-170 mm bin from patient datasets are plotted against 
the f50 measurement from the Mercury Phantom at 165 mm. .............................................. 16	



 

 

xiii 

Figure 6: Results from the observer study. Error bars are reported as plus/minus one 
standard deviation to indicate the degree of variability in the observers’ decisions. ....... 17	

Figure 7: Process for segmenting out the patient’s body from their CT dataset. Multiple 
thresholds are applied to segment the patient from the background objects in the 
dataset. .......................................................................................................................................... 25	

Figure 8: Process for determining the ideal locations to place circular ROIs inside the 
patient’s lungs. ............................................................................................................................ 26	

Figure 9: Process for determining the ideal location to position a cylindrical ROI inside 
the patient’s liver. ........................................................................................................................ 28	

Figure 10: Process for placing ROIs inside the patient’s aorta. ............................................ 30	

Figure 11: Process for segmenting the spine from the cropped dataset to measure the 
HUs of a representative sample of the patient’s bones. ........................................................ 31	

Figure 12: Example set of histograms comparing the automated measurements to the 
manual measurements. These histograms were measured from a contrast enhanced 
chest exam. The histograms were normalized so that the integral would be equal to one.
........................................................................................................................................................ 33	

Figure 13: Sensitivity plots for non-enhanced chest CT exams. These plots were 
generated from measurements of 15 clinical datasets. A linear fit was applied to the data. 
(a) Aorta, (b) liver, (c) lung, and (d)-(e) bones. ....................................................................... 34	

Figure 14: Sensitivity plots for contrast enhanced chest CT exams. These plots were 
generated from measurements of 15 clinical datasets. A linear fit was applied to the data. 
(a) Aorta, (b) liver, (c) lung, and (d)-(e) bones. ....................................................................... 34	

Figure 15: The library of 58 anthropomorphic phantoms used in this study. ................... 41	

Figure 16: Example set of TCM profiles generated for an abdominopelvic exam using a 
120 kV setting. ............................................................................................................................. 43	

Figure 17: (a) A cross section of one of the XCAT phantoms showing details of 
anatomical structures. (b) An example dose profile generated from a PENELOPE 
simulation of an abdominopelvic exam performed on the phantom in (a) using a 120 kV 
tube potential. The red lines indicate the scan region that was defined. ............................ 44	



 

 

xiv 

Figure 18: An example set of volumes reconstructed from head, chest, and 
abdominopelvic CT datasets. .................................................................................................... 48	

Figure 19: Normalized imparted energy versus scanned mass for various TCM 
strengths. The results shown are for the 120 kV setting. (a) Abdominopelvic exams and 
(b) chest exams. ........................................................................................................................... 51	

Figure 20: Percent change in normalized imparted energy with respect to fixed tube 
current for various TCM strengths. Results shown are for the 120 kV setting. (a) 
Abdominopelvic exams and (b) chest exams. ......................................................................... 51	

Figure 21: Simulation results of the normalized imparted energy as a function of scanned 
mass for (a) abdominopelvic exams and (b) chest exams. The results shown are for fixed 
tube current. ................................................................................................................................. 52	

Figure 22: (a) Scanned mass and (b) corresponding imparted energy estimates from the 
20 clinical chest and 20 clinical abdominopelvic CT exams. ................................................ 54	

Figure 23: (a) Image of a patient that was improperly positioned in the bore of the CT 
scanner. An artifact is apparent on the right side of the image. (b) Failed segmentation of 
the image due the artifact. ......................................................................................................... 57	

  



 

 

xv 

Acknowledgements 
I would like to thank the following physicists from Duke’s Clinical Imaging 

Physics Group for their assistance in various aspects of the projects presented in this 

thesis: Josh Wilson, PhD, Yakun Zhang, James Winslow, PhD, Jared Wells, PhD, Aiping 

Ding, PhD, and Francesco Ria, PhD. I would also like to thank the following researchers 

in the Carl E. Ravin Advanced Imaging Laboratories for their assistance in various 

aspects of the projects presented in this thesis: Xiaoyu Tian, Ehsan Abadi, Justin 

Solomon, PhD, Greeshma Agasthya, PhD, Wanyi Fu, and Boyu Meng. Additionally, I 

would like to thank John Boone, PhD, Paul Segars, PhD, and Lynne Hurwitz, MD for 

their contributions. Finally, I would like to thank my advisor Ehsan Samei, PhD for his 

contributions and insightful discussions. 

 



 

 

iv 

Disclaimer 
This thesis is based on content found in the following publications and presentations: 

Publications 

1. Sanders J, Hurwitz L, Samei E, “Patient-specific quantification of image quality: an 

automated method for measuring spatial resolution in clinical CT images”, Medical 

Physics, 2016 (under review) 

2. Sanders J, Abadi E, Meng B, Samei E, “Patient-specific quantification of image quality: 

an automated method for measuring image contrast in clinical CT images”, Medical 

Physics, 2016 (in preparation) 

3. Sanders J, Tian X, Segars P, Boone J, Samei E, “An automated technique for estimating 

patient-specific regional imparted energy and dose in TCM CT exams”, SPIE Medical 

Imaging, 2016 (in press) 

4. Sanders J, Tian X, Segars P, Boone J, Samei E, “Automated, patient-specific estimation 

of regional imparted energy and dose from TCM CT exams across 13 protocols”, Journal 

of Medical Imaging, 2016 (in preparation) 

Conference Presentations 

1. Sanders J, Abadi E, Meng B, Samei E, “An automated technique for measuring image 

contrast in clinical CT images”, American Association of Physicists in Medicine (AAPM) 

Annual Meeting, 2016 



 

 

v 

2. Sanders J, Ding A, Samei E, “An automated technique for measuring spatial 

resolution in clinical CT images”, American Association of Physicists in Medicine (AAPM) 

Annual Meeting, 2016 

3. Sanders J, Tian X, Segars P, Boone J, Samei E, “An automated technique for estimating 

patient-specific regional imparted energy and dose from TCM CT exams across 13 

protocols”, American Association of Physicists in Medicine (AAPM) Annual Meeting, 2016 

4. Sanders J, Tian X, Segars P, Boone J, Samei E, “An automated technique for estimating 

patient-specific regional imparted energy and dose in TCM CT exams”, SPIE Medical 

Imaging, 2016 

5. Sanders J, Samei E, “Patient-specific quantification of image quality: an automated 

technique for measuring resolution from patient CT images”, Radiological Society of North 

America (RSNA) Annual Meeting, 2015 

6. Sanders J, Tian X, Segars P, Samei E, “An automated technique for assessing patient-

specific imparted energy in tube current modulated CT exams”, Southeast Chapter of the 

American Association of Physicists in Medicine (SEAAPM) Annual Meeting, 2015 



 

1 

Chapter 1: An automated method for measuring spatial 
resolution in clinical CT images 

1.1 Summary 

Purpose: To develop and validate an automated technique for evaluating the 

spatial resolution characteristics of clinical CT images. 

Methods and materials: Twenty-one chest and abdominopelvic clinical 

computed tomography (CT) datasets were examined in this study. An algorithm was 

developed to extract a CT resolution index (RI) analogous to the modulation transfer 

function (MTF) from clinical CT images by measuring the edge-spread function (ESF) 

across the patient’s skin. A polygon mesh of the air-skin boundary was created. The 

faces of the mesh were then used to measure the ESF across the air-skin interface. The 

ESF was differentiated to obtain the line-spread function (LSF), and the LSF was Fourier 

transformed to obtain the RI. The algorithm’s ability to detect the radial dependence of 

the RI was investigated. RIs measured with the proposed method were compared with a 

conventional phantom-based method across two reconstruction algorithms (FBP and 

iterative) using the spatial frequency at 50% RI, f50, as the metric for comparison. Three 

reconstruction kernels were investigated for each reconstruction algorithm. Finally, an 

observer study was conducted to determine if observers could visually perceive the 

differences in the measured blurriness of images reconstructed with a given 

reconstruction method. 
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Results: RI measurements performed with the proposed technique exhibited the 

expected dependencies on the image reconstruction. The measured f50 values increased 

with harder kernels for both FBP and iterative reconstruction. Furthermore, the 

proposed algorithm was able to detect the radial dependence of the RI. Patient-specific 

measurements of the RI were comparable to the phantom-based technique, but the 

patient data exhibited a large spread in the measured f50, indicating that some datasets 

were blurrier than others even when the projection data was reconstructed with the 

same reconstruction algorithm and kernel. Results from the observer study 

substantiated this finding. 

Conclusions: Clinically-informed, patient-specific spatial resolution can be 

measured from clinical datasets. The method is sufficiently sensitive to reflect changes in 

spatial resolution due to different reconstruction parameters. The method can be applied 

to automatically assess the spatial resolution of patient images and quantify 

dependencies that may not be captured in phantom data. 

1.2 Introduction 

There are currently more than 70 million computed tomography (CT) scans 

performed every year (Brenner, 2010). Given the fact that patients are exposed to 

ionizing radiation during CT exams, and that exposure to ionizing radiation poses a 

health risk, it is necessary to strike a balance between diagnostic benefit and radiation 
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dose. Therefore, to ensure that CT scanners are optimally used in the clinic, an 

understanding and characterization of image quality is essential. 

The state-of-the-art in image quality characterization in CT is based on phantom 

measurements. Spatial resolution, noise, and contrast are generally characterized in 

static phantoms and ascribed to CT images. However, image quality ideally reflects the 

attributes of the actual clinical images and not those of phantoms. For characterizing 

spatial resolution specifically, the general approach is to measure the CT system’s 

modulation transfer function (MTF) from inserts embedded in uniform objects (Bischof 

and Ehrhardt, 1977, Coltman, 1954, Rathee et al., 2002, Richard et al., 2012). These 

methods are sufficient for characterizing system spatial resolution for static, uniformly 

shaped objects, but they may not be as clinically relevant, as they may not characterize 

the spatial resolution of actual clinical images. These images are subject to a number of 

variability (including patient motion) that is not reflected in phantom based 

measurements. Phantom-based measurements may not be sufficient to capture all 

relevant information related to the image spatial resolution observed clinically. A 

method to measure spatial resolution of clinical images would be most helpful to 

quantify image quality in a patient-specific manner. Such a method, in combination with 

patient-based noise estimations (Christianson et al. 2015), could be used to monitor and 

optimize clinical protocols in an effort to make image quality consistent throughout all 

scanners in the clinic. 
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The purpose of this study was to develop and validate an automated technique 

for evaluating the spatial resolution characteristics of clinical CT images in vivo. The 

method is based on automated characterization of the patient’s air-skin interface. First, 

the patient is segmented from the image using a thresholding technique. Next, a mesh of 

the patient is constructed from the segmented dataset using tetrahedral elements. The 

exterior faces of the elements define an interface between the ambient air and the 

patient’s skin. Thirdly, edge-spread function (ESF) measurements are made across the 

patient’s skin and are binned by their radial distance from the image center to construct 

oversampled ESF measurements. The oversampled ESF measurements are binned by a 

fraction of the in-plane pixel size and differentiated to obtain the line spread function 

(LSF). Finally, the Fourier transform of the LSF is calculated and normalized by the 

value at zero to obtain a CT spatial resolution index (RI) analogous to the MTF. The RIs 

measured from patient images were validated against established MTFs measured from 

an image quality phantom (Mercury v3.0, Duke University, Durham, NC) and with the 

aid of an observer study. 

1.3 Methods and materials 

1.3.1 Clinical datasets 

Twenty-one clinical multi-detector CT (MDCT) datasets were used in this study. 

The MDCT exams are a subset from a database that was generated with local IRB 

approval and HIPPA compliance. All exams were performed on a dual source 256 



 

5 

MDCT scanner (Siemens Definition Flash, Siemens Medical Systems, Forscheim 

Germany) using standard adult clinical MDCT protocols. The projection data were used 

for this study, allowing for multiple reconstructions with various reconstruction 

techniques. The database contained adult CT datasets with body mass indices ranging 

from normal to overweight. The exams consisted of chest and abdominopelvic cases 

with CTDIvol values ranging from 5.53 to 12.45 mGy. 

1.3.2 Algorithm 

The algorithm for measuring the modulation transfer function from clinical CT 

images consists of three main steps: (1) segmentation of the patient’s body from the 

image to create a binary volume, (2) generating the tetrahedral mesh of the patient, (3) 

and measuring the ESF across the air-skin interface of the patient and calculating the RI 

from the ESF measurements. All analyses were applied across the clinical CT datasets. 

1.3.2.1 Image segmentation 

The patient’s body was segmented from the image using a multi-thresholding 

technique. The table cushion patients lay on pose a problem for segmentation because it 

often times has a similar Hounsfeld unit (HU) to skin. Passing the image through 

multiple thresholds increases the likelihood of eliminating the cushion from the 

segmented volume. Seven thresholds were selected by manually finding the optimal 

thresholds from a database of CT images that were unrelated to this study. The images 

were passed through the thresholds to create a binary volume of the patient’s soft tissue. 
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A morphological hole-filling operation was then applied to fill in the lower density 

regions inside the patient. The result is a binary volume of the patient. 

1.3.2.2 Mesh generation 

A MATLAB-based open source mesh generation toolbox, iso2mesh, was used to 

reconstruct the patient’s body from their CT dataset (Fang and Boas, 2009). The “v2m” 

function in the toolbox was used for this project. It requires the binary volume of the 

patient along with user-defined constants, including the size of the mesh. The size of the 

mesh defines how large the elements are, which determines the number of ESF 

measurements that can be made. A smaller mesh results in more ESF measurements, 

however, more ESF measurements increases the time needed to run the algorithm. Mesh 

sizes of integer values between two and seven, inclusive, were investigated. A mesh size 

of three provided the best trade off between overall computation time and the total 

amount of data acquired. 

The outputs of the v2m function that were used are the coordinates of the 

verticies that makeup the finite elements and a list of the exterior faces of the mesh. Two 

additional functions, “meshcentroid” and “surfacenorm”, were used to determine the 

centroid of each face and the unit normal vector to each face, respectively. The 

procedure for constructing the finite element model of the patient from their CT dataset 

is illustrated in Fig. 1. 
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Figure 1: Process for creating the tetrahedral mesh of the patient. The patient dataset 

is segmented using a multi-thresholding technique to isolate the patient from the 
surrounding objects, resulting in a binary volume of the patient. The binary volume 
is input into an open source mesh generation toolbox to create a mesh of the patient 

using tetrahedral elements. 

1.3.2.3 ESF measurement 

One side of each face contains the ambient air, and the other side contains the 

patient. As such, the faces of the mesh define a region of high contrast that outlines an 

interface between the ambient air and the patient’s skin. The circle of maximum 

diameter that encloses each face was determined. The pixels enclosed by the circles were 

used as the starting points for the ESF measurements, which were made across the air-

skin interface in a direction normal to the face using the method from Samei, et al (1998). 

Only faces with unit normals within ±10 degrees of the x-y plane were used to make ESF 

measurements to limit the contamination from adjacent slices. The distance from the 

center of the image to the centroid of each face was stored to group the measurements 

by their radial distance from the image center. This was done to account for the radial 

dependence of the MTF. 

The ESF measurements were filtered twice to remove those that were 

contaminated. The first filter removes the ESF measurements that pass through the 
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patient’s clothing. A threshold of -925 was determined by finding the average HU of 

clothing from a database of unrelated images. Measurements that exceed the clothing 

threshold on the left (air) tail of the ESF were rejected. The second filter removed 

measurements that cross outside of the circular field of view (FOV). This step was 

included primarily for large patients that were close to or outside of the FOV. 

The right tails (inside the patient’s body) of the ESF measurements can be 

sporadic due to the irregularity of HUs inside the body. Proceeding with the original 

right tail would ultimately lead to erroneous results in the frequency domain. To 

overcome this, the right tail was replaced with a copy of the left tail that has been rotated 

by 180 degrees. The rotated tail was positioned where the ESF levels off at the top. This 

procedure is shown in Figs. 2(a)-(c). 

A Fermi fit using the Levenberg-Marquardt least squares approach was applied 

to the reconstructed ESFs to center all of the measurements about a common point (Li et 

al., 2009). Shifting all of the ESF measurements to center them about the origin and 

grouping those that are in the same radial bin results in an oversampled ESF. These two 

steps are illustrated in Fig. 2(d)-(e). The oversampled ESFs were binned by 10% of the in-

plane pixel size (Samei et al., 1998). The binned ESFs were then conditioned before 

calculating the RI (Maidment and Albert, 2003). 
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Figure 2: Method for reconstructing the right tail of the ESF with the left tail. The 

right tail of the ESF is identified by finding the point where the ESF levels off at the 
top and taking all of the points to the right. This portion of the original ESF 

measurement is discarded. The left tail of the ESF is identified by finding the first 
point where the ESF initially begins to increase and taking all the points to the left. 

This portion of the original ESF measurement is rotated by 180 degrees and shifted to 
the point where the ESF levels off at the top. A Fermi fit is applied to the 

reconstructed ESF and the center is identified. The center of the ESF is then shifted to 
the origin. Finally, all of the ESF measurements that fall within the same radial bin 

are grouped together to create an oversampled ESF. 

A common approach to calculate the MTF was used in this study. It consists of 

differentiating the ESF to get the line-spread function. The LSF was then Fourier 

transformed and normalized by the value at zero to acquire the RI. The procedure for 

determining the RI from the ESF measurements is summarized in Fig. 3. 
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Figure 3: Method for calculating the RI from making an oversampled ESF 

measurement across the patient's skin. The red lines are Bresenham lines (Bresenham, 
1965) crossing the air-skin interface made in directions normal to the triangular faces. 
ESF measurements were limited to surface normal directions within ± 10 degrees from 
the horizontal to prevent contamination from adjacent slices. The ESF is constructed 
from the intensity values along the Bresenham line and the distances from the center 
of each pixel along the line to the plane defined by the triangular face. The ESFs are 

grouped by their radial distance from the image center to create an oversampled ESF. 
The oversampled ESF is binned by 10% of the in-plane spatial resolution. The binned 

ESF is then differentiated to obtain the LSF, and the LSF is Fourier transformed to 
acquire the RI. 
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1.3.3 Validation of MTF measurements 

1.3.3.1 Image reconstruction 

As CT image spatial resolution is dependent on both the algorithm and the 

kernel used to reconstruct the projection data, each of the clinical datasets was 

reconstructed using both filtered back-projection (FBP) and sonogram affirmed iterative 

reconstruction (SAFIRE), an iterative reconstructive algorithm developed by Siemens 

Healthcare. Kernels B20f, B31f, and B45f were used with FBP, and kernels I26f, I31f, and 

J45f were used with SAFIRE. The largest section of the Mercury Phantom V3.0 (Duke 

University, Durham, NC) is 370 mm in diameter. Therefore, the projection datasets were 

reconstructed with a 400 mm field of view. A 512 by 512 matrix was used for each image 

reconstruction, yielding a pixel size of 0.78 by 0.78 mm in the x-y plane. A slice thickness 

of 0.6 mm was used. 

1.3.3.2 Comparison with phantom measurements 

A three-step validation process was performed to determine how the proposed 

method compared with the current techniques for measuring the MTF in CT. The first 

step in the validation consisted of taking RI measurements along the surface of the 

Mercury Phantom. The algorithm was used to measure the MTF from the exterior 

surface of the phantom at each of the four cylindrical sections along its length. The 

frequency associated with 50% MTF, f50, was plotted against the distance from the center 
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of the image to the surface of the phantom at each of the four sections to determine if the 

proposed algorithm could detect the radial dependence of the MTF. 

In the second step of the validation process, the MTF and, subsequently, f50 were 

measured from the air insert inside the 23 cm diameter section of the Mercury Phantom 

(Wilson et al., 2013). The value of f50 for the air inserts spans a range of distances, 

accounting for the finite diameter of the cylindrical air insert. Similarly, the values of f50 

measured from the patient surface span a range of distances accounting for the 10 mm 

width of the radial bin that the ESF measurements were placed in. A linear fit was 

applied to the data from the first step and extrapolated back to the f50 measurement of 

the air insert. As the air insert is closer to the image center than the phantom surfaces, it 

is expected to produce a larger value for f50 than the surface measurements. 

Finally, in the third step of the validation, the patient-specific RI measurements 

were compared with the Mercury Phantom measurements. The f50 measurements from 

patient images were presented in a cloud cluster form around the data from the first two 

steps of the validation procedure. Moreover, the f50 measurements from the 160-170 mm 

radial bin were plotted against Mercury Phantom f50 measurements at 165 mm from the 

image center to investigate the sensitivity of the proposed algorithm to the 

reconstruction technique. A linear fit was applied to this data and the slope and trend of 

the line were evaluated. 
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1.3.3.3 Observer study 

The spread in the f50 measurements in the 160-170 mm radial bin was quantified. 

An observer study was conducted to determine if the measured differences in spatial 

frequency for a given kernel across patients were reflective of visually discernable 

sharpness differences. Seven imaging scientists participated in the study. The observers 

were shown 72 pairs of edges that were extracted from different images that were 

reconstructed with the same reconstruction algorithm and kernel. Using a two-

alterative-forced-choice (2AFC) methodology, they were instructed to select the edge 

that they perceived to be blurrier. The readings were preceded with a training read of 64 

image pairs. 

1.4 Results 

Figure 4 shows the results of the first two steps in the validation process. Figure 4 

also shows the results of the f50 measurements from the third step of the validation. The 

cloud of data points around the linear fit line represents the patient specific f50 

measurements. Each measurement spans a range of radial distances from the center 

corresponding to the length of the radial bin that the measurements were placed in. 

Three observations can be made from the data in Fig. 4. The first is that the data exhibit a 

decreasing trend, indicating that the patient specific algorithm is capable of capturing 

the radial dependence of the MTF. The second is that the f50 measurements vary with the 

reconstruction kernel used, where the value of f50 increases with increasing kernel 



 

14 

strength. Finally, there is a spread in the f50 measurements about the linear fit lines. This 

spread indicates that the spatial resolution varies amongst different patient CT datasets. 

In other words, some images are blurrier than others. Additionally, the spread is larger 

for stronger kernels, increasing with the increase in noise experienced with harder 

kernels. 

Figure 5 is a plot of f50 measured from patient images versus f50 measured from 

the Mercury Phantom. A linear fit was applied to the data to the data to establish the 

sensitivity of the proposed technique. A slope less than one would indicate that the 

Mercury Phantom predicted a higher f50 than was measured in the patient images, equal 

to one would indicate that the measured f50 agreed with Mercury Phantom predictions, 

and greater than one would indicate that the measured f50 was greater than Mercury 

Phantom predictions. Furthermore, a positive slope would indicate that the proposed 

technique was sensitive to changes in the reconstruction kernel, and a slope of zero 

would indicate that the proposed technique was insensitive to the reconstruction kernel. 

As shown in Figs. 5(a)-(b), the slope of the fit line is positive and less than one for both 

reconstruction algorithms. 
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Figure 4: Results from the f50 measurements made from clinical datasets. (a) SAFIRE 

with I26f, (b) SAFIRE with I31f, (c) SAFIRE with J45f, (d) FBP with B20f, (e) FBP with 
B31f, and (f) FBP with B45f. Mercury phantom is abbreviated as “MP” and patient-

specific is abbreviated is “PS”. 
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Figure 5: Results from the sensitivity study of the proposed method. The f50 

measurements located in the 160-170 mm bin from patient datasets are plotted against 
the f50 measurement from the Mercury Phantom at 165 mm. 

Figure 6 shows the results from the observer study. The data presented are the 

percentage of observers selecting the blurrier edge for each of the reconstruction 

algorithms and reconstruction kernels investigated in this study. The highest percentage 

of observers selecting the blurrier edge was 84.5% corresponding to the B31f kernel used 

in FBP. Moreover, the lowest percentage of observers selecting the blurrier edge was 

71.4% corresponding to the J45f kernel used in SAFIRE. Overall the percentage of 

observers selecting the blurrier edge was higher for FBP than for SAFIRE across all 

reconstruction kernels. 
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Figure 6: Results from the observer study. Error bars are reported as plus/minus one 
standard deviation to indicate the degree of variability in the observers’ decisions. 

1.5 Discussion 

Characterizing spatial resolution is an essential step in quantifying the overall 

quality of CT images, assessing the performance of the imaging system, and optimizing 

clinical protocols. Conventional techniques based on phantom measurements are 

sufficient in characterizing the inherent spatial resolution capability of a CT system. 

However, there are limitations in applicability of such measures to the actual spatial 

resolution of clinical images. Phantom measurements are based on static, uniform 

objects inside the field of view. Clinical images are subject to blurring processes 

(including patient motion and scan variability) that are not reflected in idealized 

phantom images. This work documents this difference and demonstrates a methodology 

by which spatial resolution can be measured in actual clinical images. This technique not 

only accounts for patient motion but also the skin as an organ, sweat, and contour 

changes, which can all affect CT image quality. 
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The sensitivity study showed that there was a large spread in the measured 

spatial frequencies, even when the images were reconstructed with the same 

reconstruction algorithm and kernel. This result is contrary to what is currently 

accepted. Most researchers and clinical physicists follow the idea that spatial resolution 

in clinical images is determined by phantom measurements. That is, they ascribe the 

MTF a property reflective of the imaging system only. Our results show that the concept 

of the MTF can be repurposed as a reflection of spatial resolution in clinical images. 

Resolution indices (MTF analogues) measured from clinical images show variations 

across clinical images even when identical image reconstruction parameters are used. 

The fact that human observers could visually perceive these variations substantiates that 

spatial resolution is a clinical measureable, varying, and relevant metric of clinical image 

quality. 

One key advantage of the proposed technique is that it allows for the 

characterization of image spatial resolution on a patient-specific basis. We have shown 

that clinical images encounter varying amounts of blur, even when they are 

reconstructed with the same reconstruction algorithm and kernel. This implies that not 

all images will have the same spatial resolution that is predicted by phantom 

measurements. The proposed technique can be used to measure the degree of variability 

in image quality amongst clinical images, and use this information to optimize clinical 
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protocols in an effort to make image quality consistent throughout all scanners in the 

clinic. 

Quantifying the spatial resolution characteristics on an image-specific basis 

would allow for patient specific image quality tracking. Every patient that receives a CT 

scan in the clinic can have information about the image quality of the dataset stored in 

his or her patient record. This information can then be analyzed along with the 

acquisition settings to determine the optimal settings that balance image quality and 

dose for their next scan. In that way, one can envision a scenario that CT dose 

monitoring, currently a common place in clinical operation (Chrisitanson et al., 2012, 

Frush and Samei, 2015), can be extended to performance monitoring including image 

quality attributes of noise (Christianson et al. 2015) and now also spatial resolution. 

This method for characterizing CT spatial resolution has some limitations. Using 

harder kernels to reconstruct the dataset results in a noisier image set. The higher noise 

makes it difficult to extract clean ESFs from the air-skin interface, as the number of 

individual ESF measurements to produce the oversampled ESF is insufficient. As a 

result, the spatial resolution in images reconstructed with harder kernels currently 

cannot be characterized on a patient-specific basis using the proposed technique. 

A second limitation is that the mesh generation is dependent on the 

segmentation process. If the segmentation fails, such that when it includes the patient 

table cushion in the binary volume or fails to segment the skin, then the generated mesh 
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would be unrepresentative of the actual contour of the patient. In the event that the 

patient table cushion gets included in the segmentation, the ESFs may be made across 

the edges of the cushion rather than the patient’s skin. These refinements are expected to 

be implemented in the next rendition of this methodology. 

1.6 Conclusion 

Clinically-informed, patient-specific resolution indices can be measured from 

clinical datasets. The method is sufficiently sensitive to reflect changes in spatial 

resolution due to different image reconstruction settings, and is able to detect the radial 

dependence of the RI (MTF analog). The method can be applied to automatically assess 

the spatial resolution of clinical images and quantify dependencies that may not be 

captured in phantom data. 
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Chapter 2: An automated method for measuring image 
contrast in clinical CT images 

2.1 Summary 

Purpose: To develop and validate an automated technique for measuring image 

contrast in clinical chest CT images. 

Methods and materials: An automated computer algorithm was developed to 

measure the distribution of Hounsfield units (HUs) inside four major organs: the lungs, 

liver, aorta, and spine. These organs were first segmented or identified using image 

processing techniques. Each organ was segmented into multiple regions of interest 

(ROIs) and characterized in terms of HU values. The mean and 25th and 75th percentile of 

the ROI histograms were computed for each dataset. The sensitivity and accuracy of the 

algorithm was investigated by comparing the automated measurements with manual 

measurements in fifteen contrast enhanced and fifteen non-contrast enhanced clinical 

chest CT datasets. 

Results: The algorithm successfully measured the histograms of the four organs 

in both contrast and non-contrast enhanced chest CT exams. The automated 

measurements were in agreement with manual measurements. The algorithm had high 

sensitivity and accuracy as indicated by the near unity slope (0.931 to 1.003) of the 

relationship between automated and manual measurements with high coefficient of 

determination, R2, values ranging from 0.879 to 0.998. 
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Conclusions: Patient-specific image contrast can be measured from clinical 

datasets. The algorithm that was developed can be run on both contrast enhanced and 

non-contrast enhanced clinical datasets. The method can be applied to automatically 

assess the contrast characteristics of clinical chest CT images and quantify dependencies 

that may not be captured in phantom data. 

2.2 Introduction 

The utility of computed tomography (CT) in the clinic is well established as 

evidenced by the more than 70 million CT exams performed every year (Brenner, 2010). 

A consequence of this is that CT has become the largest contributor to population doses 

amongst all medical imaging modalities that utilize ionizing radiation. Acknowledging 

the fact that ionizing radiation poses a health risk, there exists the need to strike a 

balance between diagnostic benefit and radiation dose. While characterization of dose 

for individual patients has received widespread attention and mandate (TJC, 2015, 

IAEA, 2006), image quality tracking has not been as well recognized. However, to 

ensure that CT scanners are optimally used in the clinic, an understanding and 

characterization of both image quality and radiation dose is essential. 

Currently image quality characterization in CT is based on phantom 

measurements. Contrast, noise, and spatial resolution are the three primary metrics of 

image quality. These metrics are generally characterized in static phantoms and ascribed 

to CT systems and protocols. However, the key objective for image quality assessment 
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should be its quantification in clinical images; that is the most clinically-relevant 

characterization of image quality as it is most directly related to actual quality of the 

clinical image. Phantom measurements are relevant, but only to the extent that they 

reflect attributes of actual clinical images. For characterizing contrast specifically, the 

general approach is to imbed inserts made of different materials into a uniform phantom 

and measure the mean voxel value inside each insert (Wilson et al., 2013). This method is 

sufficient for characterizing contrast for static, uniformly shaped objects. However, 

clinical images are subject to a number of variability associated with patient size, 

heterogeneity, motion, photon flux, and contrast perfusion that are not reflected in 

phantom-based measurements. As such, phantom-based measurements are not 

sufficient to capture all relevant information related to image contrast observed 

clinically. A method to measure contrast in clinical images would be most helpful to 

quantify image quality in a patient-specific manner. Such a method, in combination with 

patient-based noise and resolution estimations (Christianson et al., 2015, Sanders et al., 

2016), could be used to monitor and optimize clinical protocols in an effort to make 

image quality consistent throughout an imaging operation. 

The purpose of this study was to develop an automated technique to measure 

image contrast in chest CT images. The algorithm was written to operate on both 

contrast enhanced and non-contrast enhanced datasets. The method is based on 

measuring the histogram of the HUs inside the lungs, liver, aorta, and spine. The organs 
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were automatically sampled in terms of histograms and associated metrics. The 

algorithm was validated against manual measurements in contrast enhanced and non-

contrast enhanced clinical chest computed tomography (CT) datasets. 

2.3 Methods and materials 

The contrast measurement algorithm is based on multiple steps. Operating on a 

clinical dataset, first the patient’s body was segmented from the dataset to isolate it from 

other objects in the field of view (FOV), such as clothing, wires, etc. The table cushion 

poses a problem for segmentation because it often times has a similar Hounsfield unit 

(HU) to skin. Passing the image through multiple thresholds increases the likelihood of 

eliminating the cushion from the segmented volume. Seven thresholds were identified 

based on a database of CT images that were unrelated to this study (Sanders et al., 2016). 

The dataset was passed through the thresholds slice by slice. 

A value of “1” was assigned to voxels classified as the patient and “0” to voxels 

classified as being something other than the patient. A morphological hole filling 

operation was then applied to fill in low-density regions inside the patient with HU 

outside of one or more of the seven thresholds. The result was a binary volume of the 

patient, splitting the CT dataset into a foreground and a background. An example of this 

process is shown in Fig. 7. All subsequent processes are applied to the foreground 

dataset. 
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Figure 7: Process for segmenting out the patient’s body from their CT dataset. 

Multiple thresholds are applied to segment the patient from the background objects 
in the dataset. 

2.3.1 Lung histogram measurement 

The lungs were segmented from the CT dataset using Otsu thresholding (Otsu, 

1979). Three thresholds were used. Applying three thresholds splits the histogram of 

each slice of the CT dataset into three sections: one for lung tissue, one for soft tissue, 

and one for bones. The voxels within the lung section of the histogram define a lung 

mask and a corresponding lung dataset. The lung dataset contained both lung tissue and 

lung vasculature. Otsu thresholding was used again so sample lung tissue independent 

from lung vasculature. A circular mask representing a region of interest (ROI) was 

convolved with each slice of the lung tissue mask. The resulting intensity map was used 

to identify the optimal locations to sample the lung tissue. Five ROIs corresponding to 

maximum values of the intensity map were found sufficient to accurately represent the 

voxel intensities within the lung tissue. The histogram of the ROIs was extracted and 

further scalarized in terms of the mean and standard deviation. A flow diagram of the 

procedure for determining the lung HU histogram is shown in Fig. 8. 
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Figure 8: Process for determining the ideal locations to place circular ROIs inside the 

patient’s lungs. 

2.3.2 Liver histogram measurement 

The lung mask and knowledge of human anatomy were used to determine the 

position of a cylindrical ROI inside the liver. Since the liver is generally directly below 

the right lung (Gray, 2009), a new mask consisting of only the right lung was used. The 

slice of the mask corresponding to the maximum cross sectional area of the right lung 

was identified. The centroid of the lung in this slice was computed to determine the (x, 

y) location for the center of the cylindrical ROI. The slice of the right lung mask 
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corresponding to the bottom of the lung was identified. This slice was used as the z-

location for the ROI. 

The center of the cylindrical ROI was positioned at the (x, y, z) location. Circular 

ROIs were placed in the two slices above and below the original z location using the 

same (x, y) coordinates. That is, circular ROIs were placed in the slices from z-2 to z+2. 

The z-location of the centroid of the ROI was optimized to ensure it only includes the 

liver. This was done by computing the skewness of the histogram of HUs in the 

cylindrical ROI, and adjusting the ROI up or down until the histogram represented a 

Gaussian distribution. The histogram of the ROI was extracted and further scalarized in 

terms of the mean and standard deviation. A flow diagram of the procedure for 

determining the liver HU histogram is shown in Fig. 9. 
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Figure 9: Process for determining the ideal location to position a cylindrical ROI 

inside the patient’s liver. 

2.3.3 Aorta histogram measurement 

A rectangular region where the descending aorta was expected to be found was 

defined by analyzing a series of CT datasets that were unrelated to this study. Otsu 

thresholding was applied to each slice of the cropped dataset to separate the high and 

low density regions of the image. 

The transverse cross section of the aorta is highly circular compared to other 

organs (Gray, 2009). Since the Hough transform is capable of detecting circles in an 

image (Atherton and Kerbyson, 1999, Yuen et al., 1990), it was used to identify the 
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location of the aorta in the binary gradient mask of the dataset. The process could 

identify both the aorta and the esophagus, which was rejected based on its average 

negative HUs. 

Since the aorta if not exactly circular, the edges of the circle identified by the 

Hough transform could potentially include tissues beyond aorta. Moreover, patients 

sometimes develop calcifications around the edges of the interior of the aorta. To avoid 

contamination from such data, the radius of the circular ROI detected by the Hough 

transform was optimized to ensure that only voxels representing the blood in the aorta 

were included in the histogram. A circular ROI with a radius equal to 30% of the initial 

detected radius was centered at the location determined by the Hough transform. The 

radius of the ROI was gradually increased by one voxel, and the standard deviation and 

absolute value of the skewness of the HUs was computed for each iteration. The 

standard deviation and/or the absolute value of the skewness of the HUs in the ROI 

would increase as the edges of the ROI began to cross into calcified regions of the aorta 

or as non-aorta tissue was included in the ROI. The optimum size of the ROI was 

determined as the radius corresponding to radius of the ROI just before the standard 

deviation began to increase. This process was performed on five of the slices where the 

aorta was detected by the Hough transform. The histogram of the ROIs was again 

extracted and further scalarized in terms of the mean and standard deviation. A flow 

diagram of the procedure for determining the aorta HU histogram is shown in Fig. 10. 
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Figure 10: Process for placing ROIs inside the patient’s aorta. 

2.3.4 Spine histogram measurement 

The same slices as those used for aorta were also used to segment the spine. Otsu 

thresholding was applied to each of the five slices to separate the low and high density 

tissue. Small objects that did not represent the spine were removed from the binary 

mask, so was the aorta based on its identified size and location. The histogram of the 

HUs were scalarized in terms of the mean and the standard deviation as well as the 25th 

and 75th percentile to accommodate the skewness of the distribution. A flow diagram of 

the procedure for determining the aorta HU histogram is shown in Fig. 11. 
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Figure 11: Process for segmenting the spine from the cropped dataset to measure the 

HUs of a representative sample of the patient’s bones. 

2.3.5 Validation against manual technique 

Using an IRB-approved protocol, the automated technique was validated against 

manual segmentation of the organs in 15 non-contrast enhanced datasets and 15 contrast 

enhanced datasets. ROIs of similar sizes and shapes that were used in the automated 

technique were manually placed in five slices of the liver, aorta, lung, and spine, and the 

corresponding histograms were constructed and scalarized. 

The sensitivity of the automated technique was investigated by comparing the 

metrics determined from the automated technique to those determined by manual 

segmentation. The mean of the HUs inside the automatically selected ROIs of the liver, 

aorta, and lung were plotted against the mean of the HUs inside the manually selected 

ROIs. Similarly, the 25th and 75th percentile values of the spine histogram determined 

from the automated technique were plotted against the 25th and 75th percentile values of 

the bone histogram determined from manual contouring. A linear fit was applied to 
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each dataset to establish the sensitivity of the proposed automated technique and the 

coefficient of determination, R2, was computed. 

2.4 Results 

Figure 12 shows example sets of histograms of the HUs for the various organs 

determined using the automated technique. The histograms shown are for a contrast 

enhanced exam. The histograms constructed from the manual technique are also 

included for comparison. The histograms of the liver, lung, and aorta exhibit the 

expected Gaussian distribution for both the automated and manual technique. The bone 

histograms taper off for higher HU values. These histograms demonstrate qualitative 

agreement between the automated and manual techniques. 
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Figure 12: Example set of histograms comparing the automated measurements to the 
manual measurements. These histograms were measured from a contrast enhanced 
chest exam. The histograms were normalized so that the integral would be equal to 

one. 

Figure 13 shows the plots of the metrics determined from the automated 

technique plotted against those determined from the manual technique for non-contrast 

enhanced exams. Similarly, Fig. 14 shows the plots of the metrics determined from the 

automated technique plotted against those determined from the manual technique for 

contrast enhanced exams. The slope of the fit line is near unity for all of the plots shown. 
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Moreover, the coefficient of determination is high for all of the fit lines, indicating a 

good fit. 

 
Figure 13: Sensitivity plots for non-enhanced chest CT exams. These plots were 

generated from measurements of 15 clinical datasets. A linear fit was applied to the 
data. (a) Aorta, (b) liver, (c) lung, and (d)-(e) bones. 

 
Figure 14: Sensitivity plots for contrast enhanced chest CT exams. These plots were 
generated from measurements of 15 clinical datasets. A linear fit was applied to the 

data. (a) Aorta, (b) liver, (c) lung, and (d)-(e) bones. 



 

35 

Overall, the algorithm successfully measured the histograms of the four organs 

in both contrast and non-contrast enhanced chest CT exams for all of the cases 

examined. The automated measurements were in agreement with manual 

measurements. The algorithm exhibits high sensitivity and accuracy as indicated by the 

near unity slope of the automated versus manual measurement plot. with high 

coefficients of determination, R2, values ranging from 0.879 to 0.998. 

2.5 Discussion 

Characterizing image contrast is an essential step in quantifying the overall 

quality of CT images, leading to a better assessment of the performance of the imaging 

system and an ability to optimize clinical protocols. The conventional techniques for 

measuring image contrast are based on phantom measurements, which are sufficient in 

characterizing the inherent contrast capability of CT systems. However, there are 

limitations in the applicability of such measures to the actual contrast of clinical images. 

Specifically, phantom-based measurements cannot fully represent the actual contrast of 

clinical images. Clinical images are acquired using a variety of different scan settings. 

Moreover, the image contrast in contrast enhanced exams is dependent on the dynamics 

of the contrast agent. This work demonstrates a methodology by which image contrast 

can be measured in actual clinical images and quantify the potential variations in image 

contrast. The algorithm was successful in quantifying the distribution of HUs inside four 
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major organs in clinical exams. The results indicated that the program was highly 

sensitive and accurate  

Currently there are several software packages that track dose metrics, such as CT 

dose index and size specific dose estimates, on a patient-specific basis. However, there 

are limited programs to monitor the quality of images on a patient-specific basis [5-6]. 

Implementing the proposed algorithm into the clinical workflow would allow for 

patient-specific image quality tracking for chest CT exams. For example, every CT case 

can be analyzed and the resulting image quality indices stored in the patient record. This 

information could then be evaluated in conjunction with the acquisition settings and 

dose to retrospectively analyze overall quality of the clinical operation and plan for 

prospective optimization of the protocols. In that way, one could envision a scenario that 

CT dose monitoring, currently a common place in the clinical enterprise (Christianson et 

al., 2012, Frush and Samei, 2015), could be extended to performance monitoring to 

include image quality attributes of noise (Christianson et al., 2015), spatial resolution 

(Sanders et al., 2016), and now image contrast. 

One major advantage of this technique is that it would allow one to investigate 

dependencies on clinical image contrast. That is, one would be able to examine how 

different scan parameters, dose levels, and patient sizes in both non-contrasted and 

contrasted CT affect image contrast. If the processes that affect image contrast could be 

determined, then that information could be used to potentially improve image quality. 
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There are several limitations to this work. Several steps in the proposed 

algorithm are dependent on successful image segmentation. If certain organs fail to be 

properly segmented, this could lead to inaccurate measurements of organ histograms 

and thus inaccurate measurements of image contrast. We did not experience this in the 

context of the limited cases tested. However, future work will test the robustness of the 

algorithm in the context of a larger database. A second limitation is that this algorithm 

was written specifically to operate on chest CT exams. Thus, the techniques used to 

segment or isolate the various organs only apply to clinical images that include the chest 

region in the scan, i.e. chest or chest-abdomen-pelvis exams. We plan to extend our 

methodology to a broader range of clinical protocols in the future. 

2.6 Conclusion 

Patient-specific image contrast can be measured from clinical datasets. The 

algorithm can be run on both contrast enhanced and non-enhanced clinical datasets. The 

method can be applied to automatically assess the contrast characteristics of clinical 

chest CT images and quantify dependencies that may not be captured in phantom data. 

The work paves the way towards extending clinical performance informatics to contrast 

monitoring across clinical patients. 
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Chapter 3: Automated, patient-specific estimation of 
regional imparted energy and dose from TCM CT exams 
across 13 protocols 

3.1 Summary 

Currently computed tomography (CT) dosimetry relies on surrogates for dose, 

such as CT dose index (CTDI) and size specific dose estimates (SSDE), rather than dose 

per-se. Organ dose is considered the gold standard for radiation dosimetry. However, 

organ dose estimation requires precise knowledge of organ locations. Regional imparted 

energy and dose can also be used to quantify radiation burden and are beneficial in that 

they do not require knowledge of organ size or location. This work investigated an 

automated technique to retrospectively estimate the imparted energy from tube current 

modulated (TCM) CT exams across 13 protocols. Monte Carlo simulations of various 

head and body TCM CT examinations across various tube potentials and TCM strengths 

were performed on 58 adult computational extended cardiac-torso (XCAT) phantoms to 

develop relationships between scanned mass and imparted energy normalized by dose 

length product (DLP). Results from the Monte Carlo simulations indicate that 

normalized imparted energy increases with increasing both scanned mass and tube 

potential, but it is relatively unaffected by the strength of the TCM. The automated 

algorithm was tested on 40 clinical datasets with a 98% success rate. 
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3.2 Introduction 

The general public has developed a widespread awareness and concern for the 

potential health risks associated with exposure to ionizing radiation. Computed 

tomography (CT) has become known to be the world’s number one contributor to 

population doses amongst all man-made sources of radiation exposure. Many patients 

undergoing CT exams are curious to know how much radiation exposure they are 

receiving, and whether or not they will be at risk for developing cancer from their exam. 

Moreover, healthcare providers are obligated to inform their patients of the potential 

health risks associated with their medical treatment. Acknowledging that exposure to 

ionizing radiation during CT exams poses a risk for developing cancer, there exists the 

need to quantify the radiation burden and risk associated with exposure to ionizing 

radiation in CT exams. 

Current methods for CT dosimetry are reliant on CT dose index (CTDI) and size 

specific dose estimates (SSDE). Organ dose is a better metric for quantifying radiation 

burden. However, organ dose estimation requires precise knowledge of the location of 

each organ. Regional imparted energy, defined as the net imparted energy to a specific 

region of the body in a CT exam, is another metric that can be used to evaluate radiation 

burden. Estimating the imparted energy instead of organ dose is beneficial because it 

does not require precise estimates of the organ size or location. 
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Modern scanners come with a variety of settings that can be adjusted in 

performing the CT exam, which ultimately determine the amount of dose the patient 

receives. Peak tube voltage (kV) and tube current modulation (TCM) are two of the main 

settings. Increasing the kV leads to higher dose to the patient. Moreover, TCM has the 

potential to both reduce organ dose (Tian et al., 2015) for some organs and influence 

image quality. The strength of the TCM impacts the level of dose reduction and image 

quality (Gies et al., 1999). The precise combination of kV and TCM strength will 

ultimately determine the amount of radiation dose the patient will receive. 

Recognizing the potential for simplification in quantifying radiation burden by 

estimating the imparted energy to patients undergoing CT exams, we developed an 

automated technique to estimate the regional imparted energy in TCM CT exams. The 

method is unique in that it is patient-specific and protocol-specific. That is, it can be used 

to estimate the imparted energy associated with every non-contrast enhanced CT exam 

performed in the hospital. 

3.3 Methods and materials 

3.3.1 Derivation of mass-imparted energy dependency 

3.3.1.1 Modeling a patient population 

A library of 58 adult anthropomorphic computational extended cardiac-torso 

(XCAT) phantoms were used in this study (Segars et al., 2013). The library consists of 35 

males and 23 females with body mass indices ranging from 19.2 to 36.1 and 18.2 to 36.7, 
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respectively. The phantoms were modeled from clinical CT exams. All the major organs 

of the body were modeled in each phantom. The tissues in the phantoms are classified as 

either lung, bone, or soft tissue with associated densities of 0.26, 1.40, and 1.03 g/cm3, 

respectively (Li et al., 2011). The library of phantoms can be seen in Fig. 15. More 

detailed information regarding the phantoms can be found in Segars, et al. (2013). 

 
Figure 15: The library of 58 anthropomorphic phantoms used in this study. 

3.3.1.2 Modeling tube current modulation 

Manufacturers of modern CT scanners use proprietary techniques to compute 

the TCM profile for a given CT exam. This makes it difficult to precisely model the TCM 

profile in our Monte Carlo simulations. However, a theoretical method has been devised 

to estimate the TCM profile based on an examination of the attenuation properties of the 
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phantom along the length of the scan at different gantry angles (Li et al., 2014). For a 

given projection, the tube current is modeled as 

 mA = βAα , (1) 

where mA is the tube current, β is a proportionality constant, A is the attenuation 

through the patient, and α is the strength of the modulation. A ray-tracing algorithm 

was used to determine the attenuation through the phantom at a given projection. The 

collection of mA values for the various projections make up the TCM profile. A detailed 

description of the algorithm is outlined by Li, et al (2014). 

Various TCM strengths were investigated in this study (α = 0.00, 0.25, 0.50, 0.75, 

and 1.00). The strength of the TCM can vary from zero, corresponding to fixed tube 

current, to one, corresponding to maximum modulation as a function of attenuation. The 

value for the TCM strength is reflective of different CT implementations and can be 

adjusted on certain scanners. Using α = 0 would result in a fixed tube current profile. As 

the TCM strength is increased, the noise properties in each projection vary. Constant 

noise across all projections can be achieved with α = 1.00 (Gies et al., 1999). An example 

set of TCM profiles generated for an abdominopelvic scan at 120 kV is shown in Fig. 16. 
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Figure 16: Example set of TCM profiles generated for an abdominopelvic exam using 

a 120 kV setting. 

3.3.1.3 Modeling dose 

A validated PENELOPE based Monte Carlo program was used in this study (Li 

et al., 2011). The inputs to the program were the computational XCAT phantoms, TCM 

profiles, X-ray spectrum, and input files defining beam collimation, phantom 

positioning in the bore of the scanner, number of photon histories, source to image 

distance, and start and stop locations for the scan. A summary of the main input 

parameters is provided in Table 1. 

Table 1: Main input parameters for the Monte Carlo simulations emulating a Siemens 
Definition Flash scanner. 

Parameter Value 
Number of photon histories 5�108 

Pitch 0.8 
Fan angle 25° 

Collimation 38.4 mm 
Effective beam width 44.4 mm 

Source to image distance 59.5 cm 
Tube potential 80, 100, 120, and 140 kV 
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The output of the PENELOPE simulation was a three-dimensional (3D) dose 

profile of the phantom. An example dose profile is shown in Fig. 17. Each voxel of the 

3D dose profile contained the dose to that voxel, defined as the imparted energy to the 

voxel divided by the mass of the voxel. This is expressed mathematically as 

 D =
ε
m

, (2) 

where D is the dose, ε is the imparted energy, and m is the mass. The mass of voxels can 

be found by multiplying the density ρ of the tissue contained in each voxel by the 

volume V of the voxel, i.e. m = ρV. Thus, one can isolate the imparted energy to the voxel 

by multiplying both sides of Eq. (2) by the mass m. 

 
Figure 17: (a) A cross section of one of the XCAT phantoms showing details of 

anatomical structures. (b) An example dose profile generated from a PENELOPE 
simulation of an abdominopelvic exam performed on the phantom in (a) using a 120 

kV tube potential. The red lines indicate the scan region that was defined. 

The net imparted energy to the phantom normalized by DLP for a given 

examination was the target of this study. Normalizing by DLP allows the results to be 

used for multiple scanners and protocols as the CTDIvol can serve as a normalizer across 
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such dependencies. The normalized net imparted energy can be computed as the sum of 

the imparted energy to all voxels within the phantom, including the voxels containing 

scattered radiation, divided by the DLP of the exam. This is expressed as 

 εnet
DLP

=

εi, j,k
i=1

l

∑
j=1

m

∑
k=1

n

∑

L ⋅CTDIvol
, 

(3) 

where εnet is the net imparted energy to the phantom, εi,j,k is the imparted energy to the 

voxel with indices i, j, k, and L is the scan length. 

3.3.1.4 Mass-imparted energy database 

The normalized imparted energy was computed for each of the 58 XCAT 

phantoms under 13 different scan protocols using four kV settings (80, 100, 120, and 140 

kV) and the five TCM strengths listed above. The 13 scan protocols are defined in Table 

2. The mass of the scanned region of the phantoms was also calculated by finding the net 

mass of tissue in-between the start and stop region of each protocol. These data were 

used to generate a database of the normalized imparted energy as a function of the 

scanned mass for each protocol and scan setting. A knowledgebase was extracted from 

the database by applying second order polynomial fits to each dataset in the database. 

These fit lines were used in the step below to estimate the imparted energy to actual 

patients based on an estimate of the scanned mass from their CT dataset. . The equation 

used for the fit lines was 
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εnet
DLP

= c1M
2 + c2M + c3 , (4) 

where c1, c2, and c3 are coefficients and M is the scanned mass. 

Table 2: Definitions of the scan regions for the 13 protocols (Li et al., 2012). 

Region Protocol Start Location Stop Location 

Body 

Abdomen 1 cm above superior 
liver 

1 cm below inferior iliac 
crest 

Abdomen-Pelvis 1 cm above superior 
liver 

1 cm below inferior 
ischium 

Adrenal 1 cm above superior 
adrenals 

1 cm below inferior 
adrenals 

Chest 1 cm above lung 
apex 1 cm below lung base 

Chest-Abdomen-Pelvis 1 cm above lung 
apex 

1 cm below inferior 
ischium 

Kidney 1 cm above superior 
kidneys 

1 cm below inferior 
kidneys 

Kidney-Bladder 1 cm above superior 
kidneys 

1 cm below inferior 
bladder 

Liver 1 cm above superior 
liver 1 cm below inferior liver 

Liver-Kidney 1 cm above superior 
liver 

1 cm below inferior 
kidneys 

Pelvis 1 cm above superior 
iliac crest 

1 cm below inferior 
ischium 

Head 

Head 1 cm above top of 
skull 1 cm below base of skull 

Head-Neck 1 cm above top of 
skull 

1 cm below inferior C7 
vertebrae 

Neck 1 cm above superior 
C1 vertebrae 

1 cm below inferior C7 
vertebrae 

3.3.2 Regional imparted energy estimation from clinical CT datasets 

3.3.2.1 Mesh generation & scanned mass estimation for clinical exams 

This point marks the transition from the work on the XCAT phantoms to the 

work on the clinical CT datasets. A program was devised to segment the patient’s body 

from their clinical dataset using a multi-threshold technique. Since the cushion patients 

lay on has a similar Hounsfield unit (HU) to skin, it often times poses a challenge for the 

segmentation. Thus, passing the dataset through multiple thresholds helps remove the 



 

47 

cushion from the segmentation mask. Seven thresholds were selected by manually 

finding the optimal thresholds from a database of CT images that were unrelated to this 

study. The dataset was passed through the thresholds to create a binary volume of the 

patient’s soft tissue. A morphological hole-filling operation was applied to fill in the 

lower density regions inside the patient. The result was a binary volume representing 

the patient’s body. 

A MATLAB-based open source mesh generation toolbox, iso2mesh, was used to 

reconstruct the contour of the scanned region of the patient from their CT dataset (Fang 

and Boas, 2009). The “v2m” function in the toolbox was used for this purpose. It requires 

the binary volume of the patient along with user-defined constants, including the size of 

the mesh. A mesh size of 4 was used in this study. The outputs of the v2m function that 

were used were the node coordinates and list of elements that make up the tetrahedral 

mesh. A few examples of reconstructed volumes from head, chest, and abdominopelvic 

exams are shown in Fig. 18. An additional function, “elemvolume”, was used to 

determine the volume of each element in the tetrahedral mesh. All of the individual 

element volumes were then summed to compute the total volume of the scanned region. 
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Figure 18: An example set of volumes reconstructed from head, chest, and 

abdominopelvic CT datasets. 

To estimate the scanned mass of the patient, the volume calculation from the 

previous step is multiplied by an effective density. The effective density is defined as a 

weighted sum of the individual densities: bone, soft tissue, lung, and air. Air in the 

patient, such as within the esophagus or gas pockets in the gastrointestinal track, were 

subtracted out as they do not contribute to the mass of the patient. An effective density 

was derived as 

 ρeff =WBρB +WSTρST +WLρL −WAρA , (5) 

where ρeff is the effective density, WB, WST, WL, and WA are the weighting factors for bone, 

soft tissue, lung tissue, and air, respectively, and ρB, ρST, ρL, and ρA are the densities of 

bone, soft tissue, lung tissue, and air, respectively. The weighting factors were 

determined by finding the ratio of the number of “true” (or 1) voxels in the binary 
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volume that represent a particular tissue to the total number of “true” voxels in the 

binary volume. For example, consider a binary volume of a patient that is segmented 

from a chest CT exam, containing 5,100,000 voxels label as “true”. Of these voxels, 

2,000,000 are identified as the lung, 2,250,000 are identified as soft tissue, 750,000 are 

identified as bone, and 100,000 are identified as air. The weighting factors for the lungs, 

soft tissue, bone, and air would be 0.392, 0.441, 0.147, and 0.020, respectively. 

The voxels representing a particular tissue in the binary volume were classified 

based on the value of their HU. Otsu thresholding (Otsu, 1979) was applied to the CT 

dataset using three thresholds. Performing this operation splits the histogram of the CT 

dataset into three sections. The three different sections represent the three major tissue 

types: lung, soft tissue, and bone. Binary masks of each tissue type were created with the 

thresholds, and the weighting factors were determined from the binary masks. The air 

pockets in the patient are segmented with the lungs. They were removed from the lung 

segmentation mask using morphological image operations. 

3.3.2.2 Patient-specific regional imparted energy estimation 

The program was tested on 20 clinical abdominopelvic and 20 clinical chest CT 

datasets. The clinical datasets were anonymously obtained from Duke Hospital’s 

database of CT exams with IRB approval, and all of the clinical datasets were acquired 

with a 120 kV setting. First, each dataset was input into the algorithm to determine the 

scanned mass. Next, the estimate of the scanned mass was plugged into the equation for 
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the normalized imparted energy corresponding to the proper protocol and kV setting. 

Finally, the result was multiplied by the DLP of the exam. The average and standard 

deviation of the imparted energy for each protocol were computed. The variation in 

normalized imparted energy was quantified by determining the percent change in 

normalized imparted energy with TCM strength with respect to fixed tube current. 

3.4 Results 

Figure 19 shows the results for the normalized imparted energy as a function of 

scanned mass for 120 kV abdominopelvic and chest simulated scans and various TCM 

strengths. The results from varying the strength of the TCM are presented in Fig. 20. 

Visual inspection of these figures reveals that the variability in normalized imparted 

energy with TCM strength is small, as the absolute maximum percent change in 

normalized imparted energy for abdominopelvic exams is 1.8%. This implies that the 

effect of TCM is negligible when considering the normalized net amount of energy 

deposited to tissue. The variation in normalized imparted energy with increasing TCM 

strength was investigated for the other protocols, and the highest percent change in 

normalized imparted energy was 2.5%, corresponding to chest exams. 



 

51 

 
Figure 19: Normalized imparted energy versus scanned mass for various TCM 

strengths. The results shown are for the 120 kV setting. (a) Abdominopelvic exams 
and (b) chest exams. 

 
Figure 20: Percent change in normalized imparted energy with respect to fixed tube 

current for various TCM strengths. Results shown are for the 120 kV setting. (a) 
Abdominopelvic exams and (b) chest exams. 

Figure 21 shows the results of the normalized imparted energy versus scanned 

mass for abdominopelvic and chest exams using various kV settings. The results shown 

are for fixed tube current conditions. The equations for the second order polynomial fit 

lines applied to the data for this protocol and all of the other protocols are summarized 
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in Table 3. The plot shown here indicates that the normalized imparted energy increases 

with increasing kV. This is the expected result since dose increases with increasing kV, 

and dose is proportional to imparted energy. The increase is greatest from 80 kV to 100 

kV and smallest from 120 kV to 140 kV. These same trends were observed for the other 

11 protocols investigated in this study. 

 
Figure 21: Simulation results of the normalized imparted energy as a function of 

scanned mass for (a) abdominopelvic exams and (b) chest exams. The results shown 
are for fixed tube current. 

Table 3: Parameters for the fit lines applied to the data of normalized imparted energy 
versus scanned mass. 

Protocol kV c1  c2  c3  R2  

Abdomen 

80 -0.0003 0.0202 0.5494 0.8960 
100 -0.0003 0.0251 0.5862 0.8953 
120 -0.0004 0.0278 0.5879 0.8944 
140 -0.0004 0.0292 0.5738 0.8938 

Abdomen-Pelvis 

80 -8�10-5 0.0113 0.5177 0.9609 
100 -9�10-5 0.0142 0.5456 0.9604 
120 -0.0001 0.0158 0.5415 0.9598 
140 -0.0001 0.0166 0.5234 0.9591 

Adrenal 
80 -0.0040 0.0680 0.5920 0.5808 
100 -0.0050 0.0865 0.6354 0.5820 
120 -0.0056 0.0968 0.6400 0.5816 
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140 -0.0059 0.1026 0.6271 0.5811 

Chest 

80 -0.0005 0.0301 0.4507 0.7263 
100 -0.0006 0.0379 0.4526 0.7274 
120 -0.0007 0.0422 0.4327 0.7284 
140 -0.0007 0.0445 0.4051 0.7290 

Chest-Abdomen-Pelvis 

80 -6�10-5 0.0102 0.4631 0.9603 
100 -7�10-5 0.0128 0.4727 0.9595 
120 -8�10-5 0.0143 0.4574 0.9587 
140 -8�10-5 0.0151 0.4328 0.9580 

Kidney 

80 -0.0010 0.0407 0.5289 0.8786 
100 -0.0013 0.0512 0.5601 0.8776 
120 -0.0014 0.0571 0.5578 0.8770 
140 -0.0015 0.0605 0.5408 0.8764 

Kidney-Bladder 

80 -0.0002 0.0182 0.4871 0.9394 
100 -0.0002 0.0229 0.5071 0.9406 
120 -0.0003 0.0255 0.4982 0.9415 
140 -0.0003 0.0269 0.4772 0.9421 

Liver 

80 -0.0006 0.0308 0.5188 0.8218 
100 -0.0007 0.0382 0.5480 0.8253 
120 -0.0008 0.0421 0.5453 0.8278 
140 -0.0008 0.0442 0.5290 0.8299 

Liver-Kidney 

80 -0.0003 0.0220 0.5614 0.9285 
100 -0.0004 0.0275 0.6001 0.9268 
120 -0.0004 0.0305 0.6022 0.9253 
140 -0.0005 0.0321 0.5880 0.9241 

Pelvis 

80 -0.0002 0.0200 0.5260 0.9585 
100 -0.0003 0.0254 0.5543 0.9603 
120 -0.0003 0.0285 0.5491 0.9611 
140 -0.0003 0.0303 0.5293 0.9614 

Head 

80 -0.0024 0.0664 0.1794 0.7480 
100 -0.0027 0.0760 0.1626 0.7818 
120 -0.0028 0.0793 0.1444 0.8010 
140 -0.0027 0.0796 0.1276 0.8146 

Head-Neck 

80 -0.0016 0.0591 0.1435 0.8795 
100 -0.0018 0.0688 0.1148 0.8958 
120 -0.0019 0.0727 0.0901 0.9050 
140 -0.0019 0.0737 0.0693 0.9117 

Neck 

80 -0.0040 0.0933 0.2480 0.9365 
100 -0.0047 0.1105 0.2313 0.9428 
120 -0.0049 0.1180 0.2099 0.9465 
140 -0.0049 0.1204 0.1887 0.9494 
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Figure 22 summarizes the results from testing the algorithm on 20 datasets of 

each protocol. The average imparted energy was 681 ± 376 mJ for abdominopelvic exams 

and 274 ± 141 mJ for chest exams. The program failed on one of the 40 datasets. This was 

due to improper placement of the patient within the bore of the CT scanner. Overall, the 

method provided patient-specific estimates of imparted energy for 98% of the cases 

tested. 

 
Figure 22: (a) Scanned mass and (b) corresponding imparted energy estimates from 

the 20 clinical chest and 20 clinical abdominopelvic CT exams. 

3.5 Discussion 

Organ dose has been accepted as the gold standard for radiation dosimetry 

purposes. However, in daily clinical practice, the use of organ dose is impractical 

because it requires precise estimates of organ location and size. Moreover, some organ 

dosimetry techniques based on Monte Carlo simulations require the patient CT data to 

be matched to a specific phantom with similar anatomy to the patient. While such 
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matching techniques are still under development, regional imparted energy can also be 

used to quantify radiation burden. Estimating the imparted energy instead of organ 

dose is beneficial because it does not require precise estimates of the organ size or 

location. The imparted energy may also be used with a conversion factor to obtain risk 

estimates (Bengtsson et al., 1978, Huda, 1984). 

Currently there is much effort by researchers to develop dose monitoring 

programs due to organizations pressuring medical facilities to report CT doses on a 

patient-by-patient basis (NEMA XR-29). However, many of these programs report 

surrogates for dose, such as CTDI or SSDE, rather than dose per-se. The work in this 

paper presents a method to estimate the net imparted energy to a patient undergoing CT 

exams in specific regions of the body based on an estimate of their scanned mass. It is 

trivial to convert the regional imparted energy estimate to a regional dose estimate by 

diving the imparted energy by the scanned mass. Doing so would provide a reportable 

dose estimate specific to the type of scan being performed. Additionally, regional 

imparted energy/dose tracking could be implemented into the clinical workflow by 

storing both the regional imparted energy and regional dose estimates in patient 

records. 

The results presented in Fig. 19(b) show that the strength of the TCM has a minor 

impact on the normalized imparted energy when compared to the fixed tube current 

condition. For this reason, we reported the results of the normalized imparted energy as 
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a function of scanned mass for the fixed tube current condition only. One could expect to 

achieve approximately the same imparted energy estimates using the knowledgebase in 

Table 3 regardless of the strength of the TCM. This is supported by results obtained from 

Tian, et al (2015). In that work, the variation of organ dose with TCM strength was 

investigated. The results showed that the dose to some organs, such as the stomach, 

decreased with increasing TCM strength, while the dose to other organs, such as the 

bladder, increased with increasing TCM strength. Since dose is proportional to imparted 

energy, it follows that some organs receive more imparted energy with increasing TCM 

strength, while other organs receive less imparted energy with increasing TCM strength. 

The net effect is that the total imparted energy to the tissue remains approximately 

constant. 

This work has several limitations. The accuracy of the imparted energy estimate 

is dependent on the quality of the image segmentation. In some instances, the program 

may fail to segment the entire patient from their CT dataset due to image artifacts or 

external objects in the FOV. Either way, this will ultimately lead to an inaccurate 

estimate of the scanned mass and thus an inaccurate estimation of the imparted energy. 

For particularly large patients, some of their body may lie outside of the field of view 

(FOV). As a result, this part of their body would not be captured in the CT dataset. Since 

the mass estimation is based on the information contained only in the CT dataset, the 

mass of the patient lying outside the FOV will not be included in the mass estimation. 
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Along the same lines, in this study, for one case, the segmentation failed because the 

patient table was included in the binary volume. An artifact on the right side of the FOV 

artificially raised the HU of some of the voxels in-between the patient and the table, 

which connected the two objects together in the segmentation as shown in Fig. 23. When 

the segmentation fails, it leads to inaccurate estimation of the scanned mass, which 

propagates into an inaccurate estimation of the imparted energy to the patient. 

 
Figure 23: (a) Image of a patient that was improperly positioned in the bore of the CT 
scanner. An artifact is apparent on the right side of the image. (b) Failed segmentation 

of the image due the artifact. 

Finally, the proprietary nature of the method in which manufactures determine 

the TCM profile for a particular patient makes it difficult to validate the accuracy of 

TCM profiles generated from the theoretical model. The qualitative nature of 

manufacturers’ TCM profile generation was determined by Keat (2005). However, since 

the results did not show a strong dependence on the TCM strength, one can conclude 
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the slight discrepancy between actual and modeled TCM would have negligible impact 

on the imparted energy. 

3.6 Conclusion 

Retrospective estimates of imparted energy to patients undergoing 

abdominopelvic and chest TCM CT exams can be automatically assessed to quantify 

radiation burden. This was done by estimating the scanned mass of the patient from 

their CT dataset, and using the scanned mass and DLP of the exam to estimate the 

imparted energy from the knowledgebase ascertained in this study. The absolute 

maximum percent change in normalized imparted energy with respect to fixed tube 

current for all TCM strengths and protocols examined was greatest (2.5%), but still 

small, for chest exams. This implies that the net imparted energy is relatively unaffected 

by the strength of the TCM. Moreover, results indicate that the imparted energy is 

dependent on the kV setting, increasing with increasing kV. The accuracy of the 

imparted energy estimate is based on the quality of the segmentation. 
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