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Abstract 

Computerized breast phantoms have been popular for low-cost alternatives to 

collecting clinical data by combing them with highly realistic simulation tools. Image 

segmentation of three-dimensional breast computed tomography (bCT) data is one 

method to create such phantoms, but requires multiple image processing steps to 

accurately classify the tissues within the breast. One key step in our segmentation 

routine is the use of a bilateral filter to smooth homogeneous regions, preserve edges 

and thin structures, and reduce the sensitivity of the voxel classification to noise 

corruption. In previous work, the well-known process of bilateral filtering was 

completed on the entire bCT volume with the primary goal of reducing the noise in the 

entire volume. In order to improve on this method, knowledge of the varying bCT noise 

in each slice was used to adaptively increase or decrease the filtering effect as a function 

of distance to the chest wall. Not only does this adaptive bilateral filter yield thinner 

structures in the segmentation result but is adaptive on a case-by-case basis, allowing for 

easy implementation with future virtual phantom generations.  
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1. Introduction 

More than one in eight women are diagnosed with breast cancer during their 

lifetime (Mahesh 2004), making breast cancer one of the most diagnosed cancers in the 

United States. Not only does this statement underscore the prevalence of breast cancer, 

but it implores the scientific community to combat this disease. Breast cancer research is 

a broad term that encompasses many specialties and disciplines, but which share the 

common goal of reducing the occurrence and decreasing the number of deaths caused 

by breast cancer. One facet of breast cancer research has to do with creating virtual 

models of breasts which can be used for a variety of applications. Some obvious 

examples of these applications include creating three-dimensional models of the breast 

for assessing radiation dose during a procedure, evaluating the image quality of 

simulated breast imaging systems, or creating training modules for medical residents 

learning to detect breast cancers. The work presented here outlines the methodology for 

creating realistic computerized breast phantoms using real patient data in vivo. First, 

current breast imaging technologies will be explained and their limitations discussed, 

giving the motivation needed for a virtual breast phantom that realistically models 

breast anatomy. Next, in order to create such a model requires the implementation of a 

segmentation algorithm that can properly classify the tissues within a breast from a 

three dimensional volume image data set while maintaining the resolution of the 

physical anatomical structures. Various techniques for improving the resolution of the 
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segmentation volume using an established segmentation algorithm will be presented 

and recommendations for improvement to the current algorithm made. Lastly, a 

discussion of the breadth of applications with these virtual phantoms will be presented 

along with future work.   

1.1 Current Situation of Breast Cancer 

With screening mammography widely being used today, detection of breast 

cancer in its early stage has been found to improve survival rates (Ernster 2000). This 

underscores the need for early detection methods to enable diagnosis and effective 

treatment of breast cancer. Screening x-ray mammography is presently the most 

effective tool for early detection of breast and has statistically shown to significantly 

reduce mortality (Hendrick 1997).  Despite the success of mammography, there is still 

substantial room for improvement, for example, in cases where the breast being imaged 

is dense and the additional glandular tissue is potentially obscuring cancerous masses or 

micro-calcifications (Jackson 1993). This shortcoming is the primary limitation to two-

dimensional projection mammography where the tissues are superimposed on one 

another, making the detection of breast cancer challenging. The ability to detect 

cancerous tissues or lesions (i.e. sensitivity) of mammography largely depends on the 

age of the patient. Kerlikowske, et al (2000) found that for a theoretical population of 

women ages 35-39, more than 10% will receive a false-positive result and additional 

workup on top of the screening mammogram while only 0.2% will actually have cancer. 
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This shows that although mammography is a valuable tool for breast screening, it still 

leaves room for other technologies and imaging modalities to address its limitations.  

1.2 Current Technology 

To tackle these limitations, several promising new x-ray based breast imaging 

technologies have emerged: digital breast tomosynthesis (DBT), contrast-enhanced 

mammography, and dedicated breast CT (bCT). A major challenge is how to evaluate 

which technique or technology is best for patient screening, diagnosis, or treatment 

planning. While general mammography remains an excellent screening tool, the low 

sensitivity and two-dimensional nature give room for new technologies to reshape 

breast patient care. For example, digital breast tomosynthesis (DBT) is a new technology 

that some argue will replace mammography in the years to come. However, before this 

replacement is possible, or any new technology becoming a new standard of care, 

clinical trials must be run, efficacy tested, and cost efficiency all need to be rigorously 

validated.   

1.2.1 Digital Breast Tomosythesis (DBT) 

Breast tomosynthesis is an image acquisition method that takes multiple small 

angled projection views of a compressed breast. With multiple projections of the breast 

at different angles, reconstruction of the combination of projection views are possible 

giving the reader a three-dimensional set of high-resolution image slices that can be 

individually inspected or sifted through dynamically (Smith 2005). The obvious 
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advantage of DBT is the ability to work around the problem of having dense 

overlapping structures, now being able to better inspect the breast for cancerous signs. 

Multiple studies have confirmed that DBT results in a 40% detection increase of invasive 

breast cancer (Skaane, et al 2013 and Friedewald, et al 2014), driving the patient’s 

demand and the physician’s desire to offer the new technology in over 30% of radiology 

practices in the United States (Hardesty, et al 2014). However, there are obvious 

tradeoffs to having this new technology introduced to the field. Not only will physicians 

need specialty training for interpreting tomosynthesis images but DBT yields multiple 

images that physicians must look through for each patient, potentially increasing the 

reading time and cost.  With recent FDA approvals of clinical tomosynthesis systems 

(2011 Hologic Selenia Dimensions and 2014 GE SenoClaire), there is still much time 

needed to collect sufficient data for this new technology. 

1.2.2 Contrast-Enhanced Mammography 

Unlike DBT, contrast-enhanced mammography is not seen as future replacement 

technology, but instead as a complement when more information is needed than can be 

determined from a full field mammogram. Two main applications of contrast-enhanced 

mammography are typically utilized: temporal subtraction of the breast images before 

and after contrast is administered, and the dual-energy technique which acquires two x-

ray images at low and high energies after the contrast is introduced (Diekmann 2007). 

With temporal subtraction, the obvious challenge is limiting patient movement during 
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the procedure, and if the acquired images are too different from one another, the study 

might need to be repeated. With dual-energy, the challenge is found in administering an 

appropriate contrast agent that can give an adequate contrast difference at the two 

acquisition energies. When used correctly, contrast-enhanced mammography is a 

valuable tool for some of the limitations of screening mammography. 

1.2.3 Dedicated Breast CT (bCT) 

Dedicated Breast Computed Tomography is a true three-dimensional acquisition 

of the breast when compared with breast tomosynthesis. Although this statement can be 

debated, the argument is that because the breast is compressed during tomosynthesis, 

true localization of a region of interest (ROI) or lesion in the uncompressed state of the 

breast is still inferred from the images. During acquisition of the breast with bCT, a 

patient is put in the prone position on a table with a single breast hanging through an 

opening. As the breast hangs pendant and uncompressed, a dedicated breast CT tube 

and detector will rotate around the breast underneath the table and acquire the 

projection data. After reconstruction, the physician is presented with a three-

dimensional volume data set of the breast. Lindfors, et al (2008) found that while breast 

CT was significantly better than mammography for visualizing masses, mammography 

outperformed bCT in detecting micro calcifications due to the inherent resolution 

limitations of bCT. It is no surprise that the patients used in the Lindfors, et al (2008) 

study claimed that bCT was significantly more comfortable than mammography. While 
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bCT might not yet be able to replace mammography as a screening tool, it does serve as 

a valuable technology for determining the invasiveness and location of a mass. Lastly, 

the relevance of true three-dimensional acquisition of breast CT allows for the type of 

virtual breast modeling presented in this work. 
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2. Computerized Phantoms 

With the increase in new technologies, the need for testing and validation is a 

requirement before use with any clinical application. Not only is it costly to test 

technologies and techniques on a wide variety of patients, but it also poses an ethical 

dilemma when dealing with radiation dose from any x-ray imaging system. 

Computerized phantoms can be a valuable tool to quantitatively compare new imaging 

systems and techniques. One way around this problem is through the creation of 

computerized (or virtual) breast phantoms. Computer phantoms offer the only practical 

solution to testing and evaluating the multitude of research techniques and imaging 

systems. Current virtual phantoms available for this purpose, however, lack appropriate 

realism in depicting the complex, yet structured, three-dimensional anatomy of the 

breast. To date, the two main approaches typically used to create these virtual phantoms 

have been the mathematical-based (or rule-based) and voxelized-based modeling. 

2.1 Mathematical Models 

Mathematical modeling, or rule-based modeling, is one common approach to 

creating virtual breast models. Using mathematical equations to describe the anatomy 

and structures within the breast make it easy to create a wide variety of different breast 

models in a short amount of computation time. There has been much research progress 

defining and bettering these mathematical models. Taylor, et al (1998) modeled the duct 

system of the breast as a three-dimensional growth problem where many branches and 
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pathways all converge and lead out to the nipple. Bakic, et al (2011) created a novel 

anthropomorphic breast phantom by using a region growing algorithm to model the 

complex framework within the breast.  Pokrajac, et al (2012) expanded upon the original 

work of Bakic, et al (2011) and developed an algorithm to perform a direct calculation of 

Cooper’s ligaments (the connective tissue in the breast) that corresponded to the 

boundaries between small regions of the breast tissues. Chen, et al (2011) also created 

virtual phantoms with stochastically generated ductal trees, masses, and micro 

calcifications, and further evaluated the breasts with phantom dose maps for evaluating 

mammographic dosimetry. Finally, Young, et al (2013) used 1,000 of these breast models 

to assess the detectability of masses within breast tomosynthesis images through a 

virtual clinical trial. While all of the models and methods listed above seek to represent 

real patient data, such as breast density and noise-power spectra, the phantom would 

never be mistaken for a real breast based on projection images or a volumetric 

representation. The mathematical models, while convenient and quantitatively accurate, 

lack the anatomical realism of a physical breast. Therefore, the clinical relevance of any 

studies based upon such phantoms may arguably also be limited. 

2.2 Voxelized Models 

Another separate approach to creating phantoms with a high degree of breast 

realism is through voxelized modeling of three-dimensional image data of actual human 

subjects. Conventionally this has been done through the use of mastectomy specimens 
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(O’Connor 2013) where there are no dose concerns during image acquisition and the 

highest amount of breast tissue information can be used. However, the libraries of 

models are limited by the number of available mastectomy specimens and by the 

structural integrity of the specimens after the surgery.  

2.3 Current Work 

The phantom creation method presented in this work is based upon Hsu née Li, 

et al (2009, 2011, 2013) and was further refined and presented in this work to create 

virtual phantoms based on real patient in vivo breast CT data. Similar to the 

segmentation method used by O’Connor, et al (2013), segmented voxels were not limited 

to being either fat or glandular tissue, but instead were allowed to represent 

intermediate classes in order to further preserve the fine structures within the breast. By 

using in vivo CT data along with adequate segmentation methods, and with the advent 

of clinically approved breast CT systems (such as the 2015 FDA approval of the Koning 

system) , the voxelized phantom case number limitation will slowly evaporate. The main 

advantage of this method is the surface fitting of these phantoms which incorporates the 

mathematical flexibility with the voxelized reality.  
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3. Methods  

The segmentation algorithm used in this work had initial framework developed 

by Li, et al (2009) but with major refinements to portions of the algorithm as described 

by Segars, et al (2014) to create a large cohort of the first generation virtual phantoms. 

The following subsections give an overview of the processes used to create the first 

generation phantoms while laying the framework for the second generation phantoms. 

Further discussion of the second generation phantoms will be presented in subsequent 

chapters.  

3.1 Image Segmentation 

Original implementation of the segmentation routine was implemented on 

reconstructed breast CT data obtained from John Boone from the University of 

California, Davis (UC Davis) using a semi-automatic method (Segars, et al 2014). The 

protocol to segment the CT data was built upon the original work of Li, et al (2009). 

Several major improvements were made to the Li, et al protocol (2009) to better correct 

regions of adipose inhomogeneity, include post-reconstruction denoising, and capture 

finer glandular details that would otherwise be misclassified (Wells, et al 2013). Figure 1 

displays an overview of the segmentation steps which can be compared with the 

segmentation steps published by Li, et al (2009). The following sections give an 
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overview of the segmentation routine. 

 

Figure 1: Flow chart and overview of major segmentation routine steps. 

3.1.1 Breast Volume Masking 

Breast volume masking is a crucial step in the segmentation process. The 

segmentation method by Li et al (2009) uses a basic pixel value threshold to separate the 

background. This methodology, while fast, requires a tuning of the threshold value for 

each breast volume data set to find the optimal threshold value and also results in a sub-

optimal skin-to-background separation. In order to automate this process and improve 

the boundary separation, a bias-corrected fuzzy C-means (BCFCM) algorithm (Ahmed, 



 

12 

et al 2002) was used for the three dimensional breast volume masking. The standard 

fuzzy C-means algorithm was modified to weight the voxel values of immediate 

neighbors to the voxel of interest (Bezdek, 1992). To accomplish the volume masking, 

three voxel intensity values were used to define three cluster averages: background, 

background/breast mean, and breast intensities. The background/breast mean class was 

used to aid in the boundary separation and exclude the boundary blurring due to breast 

motion during acquisition or from partial volume effects. Compared to the thresholding 

volume segmentation, the BCFCM-based segmentation paradigm yielded better breast 

mask volumes. Finally, and again expanding on the two-dimensional implementation by 

Li et al (2009), a three dimensional spherical structuring element was defined 

automatically based on the breast data set voxel size and applied to morphological 

operations to smooth the breast mask external boundary (Nayak, et al 2012). 

3.1.2 3-Dimensional Bilateral Filtering 

Segmentation routines attempt to classify each pixel within an image based on its 

value, and as such, are affected by any abrupt fluctuations in the image (i.e. noise). 

While some breast CT volumes used in the segmentation routine had adequate 

denoising algorithms applied before reconstructed, not all of the data sets available were 

corrected in this way. This note on the lack of denoising on reconstructed volumes is 

especially applicable to future sources of clinical breast CT data to be segmented. For 

this reason, a three-dimensional bilateral filtering technique was included in the 
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segmentation routine. The bilateral filtering is a well-known, non-linear filtering process 

that utilizes both spatial and intensity information within an image to its denoising 

parameters. It was originally proposed by Tomasi, et al (1998) as a non-iterative 

alternative to anisotropic filtering as it attempts to reduce the noise in the image while 

preserving edges. To be properly implemented both spatial and intensity information on 

the bCT volumes must be defined. Automatically determining the intensity (or range) 

parameter is accomplished through histogram analysis of the bCT volume data and 

calculating the Full Width at Half Maximum (FWHM) of the adipose distribution. For 

defining the spatial parameter, the mean voxel size of the volume was used. If the image 

is extremely noisy, these parameter values are simply multiplied by a scalar value before 

they are passed into the filter. Mentioned later in this work is the tradeoff in assignment 

of the spatial and range parameter values. For now, in order to increase the smoothing 

of an image, a scalar multiplier is applied to both parameters. 

3.1.3 Intensity Conversion 

New strategies for retrospective adipose inhomogeneity correction were 

implemented in the updated segmentation routine. Since breast shape varies from 

patient-to-patient, inhomogeneity and artifacts may also vary across the breast volume, 

and techniques which depend explicitly on breast symmetry (Altunbas, et al 2007) do 

not account for the seemingly-random regions of breast adipose tissue non-uniformity. 

The adipose inhomogeneity artifact in typical bCT data is both slowly varying, positive, 
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and affected by additive noise (Yang, et al 2007). This step in the segmentation routine 

scales the range of the data to values between 0 and 1. This is due to the following 

uniformity correction and its use of a logarithmic-based methodology. 

3.1.4 3-Dimensional Uniformity Corrections 

The regions of adipose inhomogeneity were corrected in the protocol using a 

nonparametric method initially developed for application to the slowly varying, 

positive, multiplicative bias field in MRI data with additive noise (Majon, et al 2007). The 

correction technique employs a fully-automated method for coarse-to-fine 

inhomogeneity correction using an entropy-related cost function. Because this method 

expands on the widely-used Shannon entropy homogeneity measurement (1948), we 

first converted the intensity values of the bCT data onto a zero to unity range as 

indicated in the previous section. As demonstrated by Yang et al (2012), the uniformity 

correction better prepares the bCT volume for fibroglandular segmentation by flattening 

the adipose tissue intensity profile within the volume. 

3.1.5 3-Dimensional Bias Field Corrected Fuzzy C-means 

The workhorse of the segmentation routine is the actual classification of each 

voxel within the volume.  The breast CT volume was resampled to yield isotropic 

voxels, if necessary, by using the built in MATLAB R2014a (with image processing 

toolbox) function imresize which implements a bicubic interpolation of the image data. 

Next, the BCFCM method of Ahmed et al (2002) with neighbor dependency was applied 



 

15 

a second time. While any number of classes could be defined, six segmentation classes 

were chosen. The classes were intentionally defined to account for the partial volume 

effects of the voxel resolution; yielding different percentages of fibroglandular tissue per 

voxel. The Fuzzy C-means cluster mean values were chosen based on a histogram 

analysis of the breast volume data. The adipose, glandular, and skin intensity peaks 

were found and used to decide the segmentation cluster means. The cluster mean values 

were linearly spaced ranging from purely fat to purely glandular tissue with the total 

number of desired classes; the skin was a separate additional class. For example, six 

means would be background, adipose (0% density), three linearly spaced 

adipose/glandular (roughly 25%, 50% and 75%), glandular (100%), and the additional 

skin intensity. The BCFCM method combined with the additional classes greatly 

improves fine detail segmentation.  

3.1.6 Skin Segmentation 

The final step to the segmentation algorithm was to accurately build skin 

segmentation volumes based on each case. To do this, the breast exterior boundary was 

first identified by finding the perimeter of the volume segmentation, and a surface 

normal vector used to ensure skin thickness was within realistic limits (Huang, et al 

2008). From here, any holes or discontinuities were resolved using morphological 

operations and both the internal and external skin boundary was morphologically 



 

16 

“feathered” using a three-dimensional 3x3x3 spherical element to ensure a smooth 

surface. To date, there are a total of 231 realistic patient-based virtual breast phantoms. 

3.2 Second Generation Phantoms 

While the first generation segmentation routine proved to output acceptable 

phantoms, a desire and need for a higher resolution virtual phantom came about for 

other research needs. The high resolution breast CT data used for most of the work in 

this thesis was provided by Dr. Steven Glick from the University of Massachusetts 

(recently moved to FDA). Compared to the previous breast CT data which had a range 

of non-isotropic resolutions (see Figure 2), the new higher resolution data had isotropic 

reconstructed voxels with 0.155mm resolution.  
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Figure 2: Distribution of the available segmentation voxel sizes for each generation 

respectively; out of 100 CT data sets 

The first generation voxel sizes shown in Figure 2 are from resampled voxels in 

the non-isotropic bCT data (using a bicubic interpolation method) which results in the 

phantoms having this range of isotropic voxel resolutions. Figure 2 shows a distribution 

of voxel sizes from a sample of 100 cases of the first generation segmentations against 

the isotropic voxels of the second generation bCT volumes, giving an overview of the 

resolution increase available.  

To accommodate the new generation of bCT data, the segmentation routine had 

to be further refined to work with the much larger sets of bCT data of size 1024x1024 
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compared to 512x512 (z-direction slice counts dependent on the breast size). Although 

the increased resolution breast CT segmentations had a higher voxel count, the 

increased sharpness of the structures and thin glandular connections was the ultimate 

goal of the second generation segmentations. Throughout this work, the first generation 

and second generation phantoms will be also addressed as ‘Boone’ and ‘Glick’, 

respectively because of their source collaborators. 

3.2.1 Segmentation Output 

The skin and breast segmentation outputs, along with calculated statistical 

information such as glandular density and breast volume were obtained for both 

generations, and saved as little endian 8-bit unsigned integer type. Creation of the 

second generation phantoms showed that the complete segmentation algorithm was 

strongly dependent on the size of the given breast CT data set. Runtimes of 60 minutes 

(first generation average) to 12 hours (second generation average) were observed and 

correlated with the size, resolution, and additional processing of the volume.  

Segmentations were run on a 64-bit Windows 7 operating system with 8 virtual cores 

using MATLAB R2013a.  
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4. Phantom Comparisons 

Before using the Glick CT data volumes, the current algorithm to the new data 

included management of data-type because of the volume size, compiling sections of the 

code for speed increases, and creating or adapting routine functions to be more 

compatible with the much larger matrix sizes. The new second generation data was then 

segmented and compared with the first generation. A qualitative comparison was made 

to show the differences in segmentation output and a quantitative comparison was 

made to give numerical support for attempting algorithmic corrections.  

4.1 Qualitative Comparison 

The aim of creating the second generation breast phantoms is to better preserve 

the resolution of the anatomical structures within the breast. The voxel size of the second 

generation CT data is inherently smaller, but the question remains if this translates to a 

smaller resolution in the segmentation. Figure 3 - 7,  show different patient-based 

segmentations and give a qualitative comparison of the finalized first generation 

phantoms compared with the initial segmentation results of the second generation. 

Parameters were selected to achieve a similar level of denoising; comparison breasts 

were of similar volume, density, and parenchymal distribution.  Note that all first 

generation phantoms were interpolated with a bicubic method for a more fair visual 

comparison with the second generation phantoms whose total pixel count in the coronal 

plane is roughly twice as large on average. 
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Figure 3: First generation final output segmentation (left) and second generation 

initial segmentation (right) 
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Figure 4: First generation final output segmentation (left) and second generation 

initial segmentation (right) 
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Figure 5: First generation final output segmentation (left) and second generation 

initial segmentation (right) 
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Figure 6: First generation final output segmentation (left) and second generation 

initial segmentation (right) 
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Figure 7: First generation final output segmentation (left) and second generation 

initial segmentation (right) 

Compared with previous studies that were based on relatively few cases (Li, et al 

2009), this complete cohort of first generation phantoms maintained high preservation of 

thin glandular structures. The second generation phantoms show an obvious increase in 

pixel count and a perceptible increase in thin structure resolution. The parameters used 

on the second generation initial segmentations in Figure 3, Figure 4, Figure 5, Figure 6, 

and Figure 7 were such that the overall noise level looked qualitatively similar to the 

first generation segmentations.  
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4.2 Quantitative Comparison 

Quantitative measurements were needed for validation that the new phantoms 

could provide higher resolution structures based on segmentations from true anatomy. 

While the resolution and noise of the CT data is important and quantified in this work, 

the ultimate focus is on the output segmentation volume because that is the basis of the 

final virtual breast phantom. The output segmentations are unsigned 8-bit integers and 

are discretized to have index values of 0 – 6, each representing a type of tissue. This 

means that commonly used imaging metrics such as noise-power spectrum (NPS) and 

contrast-to-noise ratio (CNR) no longer provide meaningful results on these discretized 

images. As such, a segmentation-specific resolution tool had to be made to provide fair 

comparisons between current and future versions of the phantoms. 

While the voxel size of the segmentations is known for each phantom, estimating 

the structural resolution within each discretized phantom is a nontrivial task. In order to 

do this, an algorithm was built to measure the line profiles of the thin connected 

structures within the breast. Consider a posterior-anterior orientation scheme where 

coronal breast slices range from 0% (chest wall) to 100% (nipple). Randomly selected 

profiles were taken within 50% of the breast volume (25%-75%), and progressively 

sampled slices of the breast at 2% slice increments (i.e., 25%, 27%, 29%, …, 75%) to 

normalize for breast size between generations and collect the same number of total 

measurements. To randomly select profiles, the randi MATLAB function was used to 
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create a starting location in the image and extended to the appropriate length (ex. 3mm 

in Figure 11) at a random angle. This method measured 15 structure thicknesses in each 

of the slices allowing only thicknesses less than 3mm to be captured and also ensuring 

that any given structure was connected in a single plane by at least 5mm in length. In 

order to produce unbiased results, five volumes from both generations had their thin 

structures measured. Figure 8 and Figure 9 show examples of how random line profiles 

were  measured across thin structures, while Figure 10 illustrates the middle 50% of the 

breast where the profile measurements were taken. 

 

Figure 8: Illustration of 25 randomly measured structure thicknesses in a first 

generation phantom. 
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Figure 9: Illustration of 25 randomly measured structure thickness in a second 

generation phantom. 
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Figure 8 and Figure 9 also show a visual comparison of the structures being 

measured in the first and second generation phantoms, with the aim being to give 

unbiased results.  

Figure 10: Illustration of relative slice locations used to measure structural thickness. 

Inner 50% of breast, slices located at 2% slice increments in any specific phantom. 
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Figure 11 shows a distribution of the structure thicknesses measured in the five 

phantoms shown previously for both segmentation generations using approximately 

1800 total structure samples in each of phantoms to produce the measurements.  

 

Figure 11: Boxplots and histogram distribution demonstrating the increased physical 

resolution of structure thicknesses within the second generation (left) phantoms. 

From Figure 11 it can be seen that the physical resolution of the second 

generation has a smaller median value of 1.705mm compared with the first generation 

median of 1.874mm. A Wilcoxon rank sum test was used to compare the data sets and 

yielded a p-value < 0.001, thus rejecting the null hypothesis that the samples are from 

populations having the same median value. While it is only a slight decrease in physical 

resolution, smaller physical features are statistically better represented in the second 
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generation phantoms, and this quantitative result confirms the same trend that can be 

qualitatively perceived. 

   

. 
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5. Resolution and Noise Tradeoff 

The tradeoff of resolution and noise is a well-known issue that imaging scientists 

deal with on a regular basis, and the breast segmentation routine is also subject to this 

tradeoff. The segmentation routine is a non-linear process that passes through multiple 

steps before the voxel classification is completed. Obviously, breast CT data that has 

perfect resolution and no noise would yield the ideal virtual phantom, but this is 

unrealistic. For typical real cases, Figure 12 shows the Normalized Noise Power 

Spectrum (NNPS) (acquisition explained in a later section) for both the second 

generation CT data and the first generation CT data. This figure shows that while the 

second generation has high low-frequency noise, it also has the potential for better 

resolution due to the increased Nyquist frequency. 
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Figure 12: Comparison of normalized, radial NPS from a first and second generation 

CT data set, illustrating the potential for higher resolution in the second generation 

phantoms. Frequencies are shown up to the Nyquist of the second generation. 

The following sections explore how some image processing tools might change 

the resolution and noise of the breast CT data and affect the final outcome of the virtual 

phantom. 

5.1 Reducing Noise 

Incorrectly classified (i.e. segmented) voxels that result in unconnected, small, 

three-dimensional clusters of glandular tissue are considered “noise” in the segmented 

volumes. This segmentation noise adds unnecessary clutter within the breast models 

and negatively affects the computation time for simulations used in conjunction with the 
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phantoms, such as a compression simulation or x-ray projection-imaging simulation 

(Segars, et al 2014).  Figure 13 illustrates the effect of denoising the bCT data prior to 

segmentation for a simulated mammography projection image.  

 

Figure 13: Illustration of the effect that segmentation noise has on breast transparency 

for a simulated projection image. Noisy image (left) versus more transparent image 

(right). 

There are a few methods mentioned here in reducing the noise in the segmented 

volume that have been explored in this work. One method is to use the bilateral filtering 

already discussed and adjust the parameters to accommodate the differing noise levels 
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in the second generation bCT data. A second method discussed is post-segmentation 

application of conditionals to remove small clusters (or islands) of unconnected voxels. 

5.1.1 Bilateral Filtering Adaptation  

As discussed previously, bilateral filtering is a well-known technique aimed at 

reducing image noise while maintaining edges. This is accomplished through the use of 

a combined filtering of the intensity (pixel value) information and the Euclidean space 

(pixel distance) information of the image. Both the intensity and spatial parameters must 

be defined before implementing the bilateral filter (Paris, et al). The first generation 

phantoms relied upon automated selection of those parameters, based on voxel size and 

intensity distribution of adipose tissue, to define the parameters and had an additional 

user-defined scalar value (also referred to as sigmaX in this work) with which to 

increase or decrease the overall denoising effect (Wells, 2013). A relationship between 

the scalar multiplier of the bilateral parameters and the noise amplitude was simulated 

in Figure 14. This was done by using a conically shaped, uniform breast phantom, 

obtaining projection data with the MATLAB radon function, modeling Poisson 

distributed noise, taking the simple iradon, and comparing the standard deviation of the 

noise before and after the bilateral filter was applied (Jered Wells, private 

communication).  



 

35 

 

Figure 14: Relationship of Sigma Scalar Multiplier and Image Noise 

Figure 15 shows the effect of applying the bilateral filter to the second generation 

phantoms; a sigmaX of 2.0 was found to yield a qualitatively equivalent noise level in 

the segmentation to the first generation phantoms (see Figures 3 - 7).   
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Figure 15: Breast segmentation (second generation) with increasing scalar multiplier 

(0, 1.0, 2.0) top left, top right, and bottom respectively. Note the tradeoff between 

noise and resolution. 
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5.1.2 Morphological Operations: Noise Reduction  

A post-segmentation method to denoising the volume is use morphological 

operations such as those in the MATLAB Image Processing Toolbox. Figure 16 shows 

the original noisy segmentation breast slice and the cleaned slice for comparison using a 

combination of erosion and opening functions.  

 

Figure 16: Illustration of using morphological operations on a noisy (left) image to 

remove the isolated pixels and obtain a cleaner version (right). 

While this method is computationally fast and simple to implement, the arbitrary 

nature of the steps involved result in poor connectivity of structures and require case by 

case oversight to yield an acceptable output. Because of this reason, and the strong 
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dependence on the user defined parameters, morphological operations were not 

practical for our purpose of building a library of phantoms and not further explored in 

this work. 

5.2 Maintaining Resolution 

Implementing the current bilateral filtering routine on the second generation 

data yields a higher resolution phantom than before, but the question remains if the 

segmentation is at its best for preserving the thinner glandular structures within the 

segmentation volume. 

5.2.1 No Filtering 

One obvious method to best preserving the thin glandular structures is to 

segment the volumes without the use of the denoising algorithm. Figure 15  shows the 

segmentation output if no denoising is used compared to when the bilateral filter is 

applied. Qualitatively, the structures without denoising look thinner than their 

counterpart. However, we not able to measure the thickness of the phantom structures 

with the same tool as before because of the bothersome level of noise pixels that remain 

in the volume.  

5.2.2 Additional Preprocessing: Unsharp Masking 

Another attempt to maintain the thin structures was the implementation of an 

unsharp masking technique used to process the bCT volume before segmentation. As 

shown previously, processing the volume before it is segmented results in a more 
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natural-looking virtual phantom when compared to other post-segmentation processing 

techniques (Figure 16). Figure 17 shows the flow chart for how the unsharp masking was 

applied to the bCT volume.  

 

Figure 17: Flow chart depicting the steps required for conventional unsharp masking. 
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In essence, the unsharp masking process boosts the high frequencies within an 

image through the use of a bandpass filter. By enhancing the edges of structures at the 

higher frequencies, it would allow the segmentation step to more accurately separate the 

thin glandular structures from their fatty background. The caveat to any type of non-

ideal frequency boosting is the simultaneous boost in noise. Figure 18 shows the effect 

that a simple two-dimensional unsharp masking on the bCT data has on the output 

segmentation volume.  

 

Figure 18: Output segmentations of unsharp masking filtering technique (left) and no 

filtering (right) on the bCT data. 
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While a qualitative enhancement of the structures is arguably seen, the obvious 

tradeoff is the large increase in bothersome noise within the homogeneous fatty regions. 

The unsharp masking technique also requires a user-defined smoothing kernel that can 

be chosen to amplify different bandpass regions. This enables multi-frequency 

weighting; however, the seemingly limitless number of kernel parameter is a drawback. 

With an average computation time of approximately 6 hours for segmentation of the 

Glick data without denoising (MATLAB 2013, Intel Processor, 8 virtual cores, 32 GB 

RAM, Windows 7 OS), running enough combinations through the entire algorithm to be 

confident of the appropriate weighting is impractical, and the qualitative enhancement 

is not a significant enough motivator. Unsharp masking primarily demonstrates the 

effect that pre-processing bCT data has on the segmentation output and underlines the 

point that with better starting data, better outputs are possible. 

5.2.3 Morphological Operations: Resolution Preservation 

As mentioned before, morphological operations take advantage of the digitized 

volumes, specifically the segmentations which have been heavily discretized compared 

with their input bCT data. It should also be mentioned that morphological operations 

can be used to decrease structural thicknesses, thereby artificially increasing the 

resolution of the segmentation. While this doesn’t preserve the structures in the bCT 

volume, it does provide improvement to the structures present in the segmentation 

output. Figure 19 shows the effect of a simple erosion process, using a two-dimensional 
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disk structuring element with radius of 2 pixels, on an initial segmentation which had 

bilateral filtering applied to the bCT data. 

 

Figure 19: Illustration of morphological effects on structure thickness. Erosion (left) of 

a segmentation which had bilateral filtering (right). 

However, the morphological processes are strongly user dependent, and it is 

difficult to judge when enough of the image has been erased. Because of the manual 

requirement of this process, it was not added to the segmentation routine.
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6. Second Generation Phantoms 

Different methods to maintaining noise and preserving resolution have been 

shown in the last chapter. Within the first generation phantoms, a bilateral filter was 

used to accomplish this goal. After much consideration of the possibilities described in 

the last chapter, it was decided to continue use of the bilateral filtering method but with 

implementing some adjustments. Because the bilateral filter is a non-linear, pixel-based, 

and region dependent process, additional knowledge about the bCT data can be 

incorporated to further exploit the efficacy of the bilateral filtering. 

6.1 Flat Bilateral Filtering 

The problem with the previous bilateral filtering method is that the entire 

volume is affected and all regions of the breast share an equally intense bilateral filter, 

whether or not it was actually needed. For example, it is a known phenomenon that the 

thicker and more dense an object is, the more noisy its reconstructed image due to 

attenuation and scatter. The same is true of a breast which has a larger diameter and 

different anatomical distribution of glandular tissues near the chest wall than near the 

nipple. The noise characteristics near the chest wall are very different from the noise 

near the nipple. Therefore, a flat (or constant) multiplier value (also referred to as 

‘sigmaX’ in this work) on the bilateral parameters might not be the best approach.  
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6.2 Characterizing the Noise 

The first step in adapting the denoising process is to characterize the noise within 

the bCT data. One method to do this is by taking the Normalized Noise Power Spectrum 

(NNPS) from the image data (Dobbins, et al 2006). However, taking the NNPS of the 

bCT data is unconventional (Dobbins, et al 2006) and means that the anatomy would be 

included in the noise characterization and yield wrong results. One method found to 

suppress the low frequency anatomy from the image was to subtract neighboring slices 

from each other. This was suggested because of the slowly changing anatomy on a slice-

by-slice basis. Figure 20 shows an example of the result from the subtraction of 

successive neighboring slices to show a changing variance for a bCT volume.  

 

Figure 20: Result from subtraction of neighboring slice (right) in the sagittal view of 

the bCT data from a selected slice (left). 

This subtraction method qualitatively shows that most of the anatomy is 

removed from the image. Figure 21 shows the radially averaged NNPS of a coronal view 

of a mid-breast slice before and after the neighboring slices are subtracted, quantitatively 
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demonstrating that neighboring slice subtraction is an effective way to quickly suppress 

the anatomy from the image for quantifying the noise.  

 

Figure 21: Example of NNPS of coronal cross section of a single slice in the bCT data 

before and after its neighboring slice is subtracted demonstrating the effectiveness to 

remove the low frequency anatomical information. 

One method to quantify the noise in the bCT data is on the basis of results 

published by Metheany, et al (2008) which describes a power law modeling to 

anatomical spatial frequencies between 0.07 cycles/mm and 0.45 cycles/mm. From these 

results, integrating the spatial frequencies under the NNPS curve from 0.5 cycles/mm to 

the Nyquist should exclude most frequencies that represent anatomy, but we have 
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observed many cases where anatomy is present to 1.0 cycles/mm and above. The 

neighboring slice subtraction is also an effective way to suppress these anatomical 

frequencies opening the possibility to integrate all frequencies up to the Nyquist to 

quantify the noise. However, some residual anatomic structures may persist after 

subtraction. To minimize the effect of anatomy, it was decided to combine both 

approaches and integrate from 1.0 cycles/mm on the neighboring slice subtracted NNPS 

up to the Nyquist.  

6.3 NNPS 

At the beginning of the segmentation routine, the user defines the first (near the 

chest wall) and last “good” slice (near the nipple) within the breast volume.  This is done 

by visualizing coronal slices of the bCT volume and choosing the first slice where the 

entire skin boundary is in the field of view (FOV) and the last slice is containing some 

portion of the nipple. Figure 22 shows a subtraction image of a cropped breast where a 

steady visual decrease in noise can be seen as you move from the chest wall to the 

nipple.  
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Figure 22: Subtraction slice (bottom) of user cropped bCT (top) to be passed into the 

segmentation routine. 

After neighboring slice subtraction, however, the variance needs to be measured 

as a function of distance from the chest wall. To do this, 64x64 pixel regions of interest 

(ROIs), at 20 degree arc angles (covering 360 degrees), were taken at 25%, 50% and 75% 

of the radial distance to the center point of the breast within a given slice, as shown in 

Figure 23. 
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Figure 23: ROI locations for NNPS calculations. 

These ROI’s were then normalized on a 0-1 scale to avoid errors with the 

negative values of the CT numbers, and a 2D autocovariance computed and weighted 

with a Hamming window (Dobbins, et al 2006). Next, the magnitude of the Fast Fourier 

Transform was computed to find the NPS and then divided by the large area signal to 

find NNPS. The NNPS was then averaged for all ROIs at a given radial distance for a 

slice in the breast volume. The area under each radial distance NNPS curve (from 1.0 

cycles/mm to Nyquist) was subsequently multiplied by the ROIs mean to yield the 

variance. Lastly, all of the radial distance variances within a given slice were averaged to 
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finally arrive at a single variance value for that specific slice. The process was repeated 

for each slice within the bCT volume to find the variance as a function of distance from 

the chest wall. Figure 24 shows this Posterior-Anterior (PA) variation as described above 

for the Figure 22 case using the neighboring slice subtracted volumes. This figure 

demonstrates the variability in PA noise and underlines the need for an adaptive 

spatially varying bilateral filter to accommodate the changing variance within a breast 

volume. Note that the sudden decrease in variance near the last slices correlate with the 

converging skin and ductal structures in the retroareolar region. 

 

Figure 24: PA variance of breast in Figure 22. Sudden decrease in final 75 slices is due 

to the converging skin and ductal structures in the retroareolar region. 
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6.4 Spatially Varying Bilateral Filter 

The variance of the bCT data as a function of slice distance from the chest wall 

shows the need for a spatially varying bilateral filter. From Figure 14 a relationship 

between the standard deviation of the noise in a uniform phantom and the scalar 

multiplier can be seen. However, real patient bCT data is not a uniform phantom, and 

this ideal relationship can no longer be assumed. Consequently, the relationship 

proposed for spatially varying the bilateral filter was simplified to be linear because of 

observed effects in the final segmentation output. This linear relationship was used to 

create a look up table (LUT) for the PA variance in converting to the sigma multiplier. 

Figure 25 shows the simplified linear LUT between the sigmaX 1.0 and 2.0 values.  

For example, the noisiest regions of the breast might require a 70% decrease in 

noise, calling for a sigmaX value of 2.0 to be used, while a middle portion of the breast 

needing only a 50% decrease in noise by using a sigmaX of 1.7. Respectively, the 

uniform phantom relationship would require sigmaX values of 2.0 and 1.5; a small 

difference between models. Based on segmentation noise preferences and preliminary 

results, the linear LUT assumption between 1.0 and 2.0 sigmaX values gave an adequate 

response in the segmentations and was therefore a viable simplification in lieu of the 

non-linear relationship. It is important to note that the spatial and range parameters of 

the bilateral filter are strongly connected to one another when filtering the volumes. For 

example, if the range parameter is extremely small, the spatial parameter can be as large 
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as desired but with essentially no effect on smoothing the image. On the other hand, if 

the range parameter is allowed to be extremely large (including all pixel values) the 

resulting filter is essentially a Gaussian filter characterized by only the spatial parameter 

value. For this reason, the minimum and maximum variance values in the Figure 24 

curve correspond to LUT values for sigmaX between 1.0 and 2.0 as indicated in Figure 

25, and also because this range of sigmaX was seen to have the most favorable impact on 

the segmentation. Using the method described in this work for automatically defining 

the spatial and range parameters, this normalization can be universally applied for all 

cases independent of the relative noise values in a bCT volume.  
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Figure 25: Linear relationship between the sigmaX values used for the segmentation 

routine compared with the relationship established in a uniform phantom. 

6.4.1 Linear Varying Filter 

To achieve spatially varying filtering, the PA variance values were converted 

with a linear LUT to obtain the appropriate sigmaX value. The LUT was based upon 

only the first 80% of slices so as to avoid the sudden variance fall-off due to the 

retroareolar region. Figure 26 shows this result, where the subareolar sigmaX values 

were clipped to the last value of 1.0 corresponding to the 80% slice.    
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Figure 26: SigmaX value as a function of breast slice for the bCT volume shown in 

Figure 22. 

Figure 27 compares the PA variances of the processed bCT data with and 

without filtering just before the final segmentation step. In this figure, both types of 

filtering clearly result in substantial noise reduction. It can be seen that the adaptive 

filter has slightly less of an effect on the variance near the nipple. The flat filter seems to 

produce a nearly constant variance without the use of adaptive filtering, but this is due 

to the filter being overly aggressive at all locations in the breast. As will be shown, the 

small difference in the variance patterns result in a noticeable difference in the 

segmentation outputs. 
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Figure 27: Variance patterns as a function of slice, comparing the effect of filtering 

methods on the variance pattern. 

6.5 Qualitative Validation 

Figure 28 shows an overview of the segmentation output from the breast case in 

Figure 22 at the start, middle, and end slice locations in the Posterior-Anterior direction 

for both the flat and variable filters. According to Figure 27 it is expected that the middle 

slices yield the most difference between the filtering methods. Overall, the structures 

seem to have been sharpened and more detail retained, but at the cost of a few more 

isolated pixels as was predicted. This level of remaining noise in the segmentation, while 

not ideal, is an acceptable tradeoff due to the apparent gains in structure resolution and 



 

55 

detail, and any remaining isolated pixels in the segmentation could be cleaned by 

morphological operations. Figure 29 gives a closer view of ROIs within the middle slice 

depicted in Figure 28. The ROIs comparing the segmentation filtering methods show a 

small but noticeable level of increased detail. Some ROIs even show that the flat filter 

has completely removed portions of structures. While a decrease in structure thickness is 

hard to compare qualitatively using the ROIs, this increased detail with minimal 

increased segmentation noise is positive reinforcement for using the adaptive filter. 
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Figure 28: Comparison of segmentations after flat (left) and adaptive filtering (right). 
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Figure 29: Selected ROIs from the middle slice in Figure 28 comparing flat filtered 

(left) and adaptive filtered (right) segmentations. 
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6.6 Quantitative Validation  

It is difficult and impractical to quantify the segmentation volumes with metrics 

such as Contrast-to-Noise Ratio (CNR) or Signal-to-Noise Ratio (SNR). While we could 

apply these conventional tools to the bCT data, it is the segmentation volume that we 

care most about and wish to characterize. By using the line profile algorithm, we can 

compare the effects of the filtering techniques on the segmentation output resolution. To 

do this, the thicknesses were limited to 2mm and 10 random profiles were measured in 

the flat filtered segmentation at 2% slice increments within the center 50% of the breast. 

The location of the random profiles were saved and used again in the adaptive filtered 

segmentation to measure the same structure at the same location. Figure 30 shows the 

resolution comparison between the flat filtered segmentation and the adaptive filtered 

segmentation thickness results. 
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Figure 30: Structure thickness results of segmentation after flat filter and adaptive 

filter. 

Four segmentation volumes of each filtering method were measured to give 

adequate sampling of approximately 1000 profile measurements for comparison. From 

the figure it can be seen that the adaptive filter shifts some of the thicker structure counts 

in the histogram to the left. The adaptive filter samples have a median value of 1.240mm 

compared with 1.395mm from the flat filter. These comparative measurements show 

that the adaptive filter is accomplishing its purpose of preserving thinner structures 

throughout the breast volume. With a Wilcoxon rank sum test of the data sets, the null 

hypothesis that the medians are the same is rejected with a p-value <0.001, well below 

the commonly accepted 5% requirement. Based on the segmentation quantitative 

thickness reductions combined with the minimal noise trade-off in the qualitative 

analysis, the adaptive filter has served its purpose. The adaptive filter has shown to be 
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an improvement on the current segmentation method because of its ability to filter the 

breast with less intensity while decreasing structure thicknesses and increasing structure 

detail.  
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7. Discussion and Conclusion 

Anthropomorphic virtual breast phantoms are extremely valuable to scientists 

because of their cost efficiency and their unique ability to model realistic outcomes in a 

wide variety of simulations. However, the primary shortcoming of current virtual breast 

phantoms is the lack in realistic structural resolution. There are a few ways to increase 

the object resolution within the virtual breast, such as pixel interpolation or even falsely 

adding in high resolution structures, but these methods tend to look artificial and result 

in a sub-optimal virtual phantom. The method presented in this thesis was to attempt 

and segment an inherently higher resolution breast CT data set, which provided a 

statistical increase thin structures when compared with the first generation phantoms.  

It would be straightforward to simply interpolate pixels in the first generation 

phantoms and make the total pixel count comparable to the second. However, one of the 

key motivators for using real in vivo CT data in creating voxelized phantoms is the 

ability to model the realism of the breast anatomy. Interpolating pixels or adding 

structures no longer models the real anatomy that is present and distinguishable in the 

patient bCT but results in a much more artificial looking phantom.  Inferring, 

extrapolating, or artificially adding features would be necessary with the first generation 

phantoms to bring their level of detail closer to the new data sets.  However, by 

segmenting the higher resolution CT data from Dr. Glick, segmenting smaller structures 

is rooted in classifying only tissues distinguishable in the image 
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The work in this thesis was able to further exploit the resolution increase from 

the new bCT data volumes by adaptively changing the parameters in the bilateral 

filtering step within the segmentation routine. Because of this work, adaptive filtering is 

a technique that will be used to produce the next generation of virtualized phantoms.  It 

has been shown to still effectively reduce the noise in the bCT volume while reducing 

the blurring of fine structures and increasing the level of anatomical detail in the 

phantoms. Spatially varying the bilateral filter parameters as a function of breast slice 

enables the segmentation routine to knowledgably adapt the intensity on a per-patient 

basis, and because the bCT noise is both system and patient specific, this adaptive 

filtering is a necessary tool for producing optimal segmentation results.  

When introducing an additional processing step, one concern is the effect on the 

computational time costs. While measuring the variance of the bCT volume minimally 

increased the runtime, it has been through the effort of learning the entire current 

algorithm that the total runtime has been further optimized and reduced by 

approximately 10%. In essence, because there is no computational tradeoff, 

implementing this adaptive filtering technique should be considered for all future 

phantom generations. 

Finally, it should be said that the segmentation routine presented here is only 

one method to segmenting bCT data. In fact, the primary component that makes this 

entire method unique is the inclusion of each image processing step and the order in 
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which they are arranged. There are different algorithms available to accomplish similar 

tasks at each step within the segmentation process and changing the steps in the process 

or the order of the steps would yield slightly different segmentation outputs. For 

example, anisotropic diffusion weighted filtering is a popular denoising algorithm for 

breast CT that accomplishes a similar goal to the bilateral filtering process by preserving 

edges and sharp features while blurring homogeneous regions (O’Connor, et al 2013 and 

Xi, et al 2008). Implementing different denoising algorithms into the segmentation 

routine would undoubtedly change the segmentation output. 

In conclusion, the segmentation routine and the adaptive filtering technique 

presented in this thesis have been refined, analyzed, and evolved together to improve 

the breast segmentations.  
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