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Abstract

Patient based breast phantoms that are segmented from real human images have
inherently high realism. However, they are limited by low resolution and low frequency
components. In this study, patient-based phantoms were enhanced by combining with rule
based breast structures, so that the hybrid phantoms have both high realism and high

resolution.

Starting from the original phantoms segmented from a new cohort of 31 clinical breast
CT images, 3D radially symmetric power-law noise (PLN) with =3 was added at the boundary
between adipose and glandular tissue to connect broken tissue and create a high frequency
contour of the glandular tissue. Then, selected high-frequency features from the FDA rule-based
computational phantom (Cooper’s ligaments, ductal network, and blood vessels) were fused

into the phantom.

The effects of each step of phantom enhancement were demonstrated by 2D
mammography projections and digital breast tomosynthesis (DBT) reconstruction volumes. The
addition of PLN and rule-based models leads to a continuous decrease in power exponent B. The
final enhanced B is 2.80+0.14 for simulated mammograms, and 1.84+0.15 for DBT
reconstructions. The Laplacian fraction entropy (LFE) curve calculated from mammograms of

final enhanced phantom has maximum value around 120% and decays as frequency increases.
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Both results from power spectrum analysis and LFE analysis agree with previous studies of real

patients’ images.

In this study, we demonstrated a new approach for creating hybrid computational
breast phantoms that combine the inherent realism of patient-based anatomy as well as high

resolution and quantitative control of mathematical textures and rule-based structures.
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1. Introduction

Early detection of breast cancer can avoid aggressive treatment such as mastectomy,
and improve cure rates of breast cancer. Therefore, better diagnostic imaging techniques for
breasts are in high demand. Currently, mammography is practiced as a primary method for
screening, [1][2] however it is being gradually replaced by digital breast tomosythesis (DBT), as
DBT can provide 3D breast volumes with the same dose and screening time as mammography.
[3]-[7] Besides, many other technologies have been approved for clinical practice recently, such
as contrast enhanced mammography, [8][9] contrast enhanced DBT and breast CT. [10]-[14]
During the development of breast imaging techniques, computational breast phantoms have
been widely used as a substitute for real patient breasts in testing newly developed imaging
methods, for both practical reasons (i.e., large variety and low cost) and ethical reasons (i.e., no
radiation risk). By providing the “known truth”, computational breast phantoms can be used to
evaluate image quality quantitatively. In addition, computational lesion models can be inserted
into the virtual breast phantoms to evaluate lesion detectability and task-based optimization of

imaging system parameters.

Currently, two types of computational breast phantoms have been developed. One is a
rule-based phantom, which characterize all breast features through mathematical models. In
2002, Bakic et al. simulated breast phantoms with a distribution of large and medium scale
tissue structures such as adipose compartments and ducts for the purpose of generating
synthetic mammograms. [15]-[17] Lau et al. replaced the adipose compartments in Bakic’s

phantoms by binarized power-law noise to enhance realism. [18] Graff et al. reported on digital



breast phantoms with detailed structures such as a ductal tree, Cooper’s ligaments, veins and
arteries. [19] Others have also investigated rule-based phantoms for breast imaging. [20]—-[26]
The other approach is patient-based phantoms, which segment breast structures from real
patient images. The initial patient based phantoms were generated by segmentation from
breast CT of mastectomy specimens. [27], [28] Built upon the original work of Li et al., [29] and
improvements made by Segars et al., [30] our lab previously developed a new set of breast

phantoms based on in vivo patient CT data to represent a larger number of intact breasts. [31]

Although rule-based breast phantoms are more flexible and time-saving, patient-based
phantoms have inherently higher realism. However, during the process of image acquisition,
reconstruction, denoising, and segmentation, some of the finest details of breasts are lost in
patient-based breast phantoms. In this study, patient-based breast phantoms that were
segmented from in vivo breast CT images were combined with rule-based breast structures,
such as high frequency glandular contour, Cooper’s ligament, ductal system and vessel network.
The goal of these new ‘hybrid’ phantoms is to retain the realism from breast CT images, while

adding high frequency details from mathematical breast models.



2. Methods

2.1 Phantom development methods
2.1.1 Overview

The flowchart of the phantom enhancement of this study is shown in Figure 1. These
steps are summarized briefly here, then elaborated upon in the following sections. Starting from
the original phantoms that were segmented from breast CT (bCT) images, the phantoms were
then finite element compressed into 4 atlas templates for skin boundaries corresponding to
different thicknesses. [32][33] After that, binarized power-law noise was added at the boundary
between adipose and glandular tissue to restore the high frequency contour of glandular tissue.
Finally, computational breast structures from Graff et al., [19] including Cooper’s ligaments,
ductal trees and vessel networks, were fused into the phantoms to further restore high

frequency anatomical structures that are broken or lost after the segmentation process.

Original Add binarized Add
. computational
patient-based Compress power-law breast
phantom noise
structures

Figure 1: A flowchart for phantom generation.



2.1.2 Original phantoms

Previous studies from our group were all based on a first cohort of bCT cases with a
voxel pitch of approximately 350 x 350 x 350 um, which inherently limited the resolution of the
resulting phantoms. [10], [31], [34], [35] For this study, 30 patient-based phantoms were
generated from a new cohort of breast CT images. Theses phantoms were based on a new
cohort of 140 patients acquired at the University of Massachusetts on a clinical breast CT system
(Koning Corporation, West Henrietta, NY). These cases were reconstructed with filtered back
projection (FBP) resulting in an isotropic voxel size of 155 x 155 x 155 um. These clinical volumes
were converted into voxelized phantoms through a process of denoising and segmentation
similar to the previous cohort of cases. [28] For each phantom, six successive integers (1 to 6)
were assigned according to bCT intensity, i.e., 1 represents pure adipose, 6 stands for skin mask,

and 2 to 5 are for glandular tissue of increasing densities.

Finally, a previously published finite element technique [29,30] was used to compress
the phantoms. This atlas-based compression scheme reduces computational cost and also
provides consistent breast shape and size for numerical analysis. The phantoms were
interpolated to have 77.5 x 77.5 x 77.5 um voxel size during the compression process to avoid
further loss of resolution, with the goal of producing a final voxel pitch comparable to that of

clinical mammography or DBT systems.

Depending on their original mean thickness, the phantoms were compressed into one of

four atlas templates from typical cases representing different thicknesses of the compressed



breast including 5, 6, 7, and 8 cm. Figure 2 shows some examples of the original compressed

phantoms used in this study.

Figure 2: Coronal slices of original compressed patient-based breast phantoms, with
thickness = 5cm, 6cm, 7cm, 8cm from left column to right column. These phantoms preserve
the high realism and large diversity of human anatomy, but lack the high frequency
anatomical details.

2.1.3 Power Law Noise

Three-dimensional, radially symmetric power law noise (PLN) with exponent =3 was
generated according to the observed power spectrum behavior of real mammogram images .
[36] Unlike previous work that added PLN throughout all adipose regions, [18] PLN was added
only within a boundary mask region between adipose and glandular tissue in order to connect
broken glandular tissue and increase spatial high-frequency detail at the glandular contour.
Specifically, this mask operated upon the boundary between the adipose tissue (class 1) and the

lowest level of glandular tissue (class 2), where the faintest or smallest portions of glandular



tissue were most likely to be degraded during the phantom creation process. Figure 3 shows

three ROIs from axial slices of the phantom before and after adding PLN.

Different parameters of PLN addition, including binarization threshold, boundary radius
and minimum glandular volume, can be adjusted to reach different effects of phantom
enhancement. As shown in figure 4(a), the binarization threshold is the percentage of maximum
value of PLN. Values exceeding the threshold were set to the same value as the lowest level of
glandular tissue (value=2), while values below the threshold were set to the value of adipose
tissue (value=1). The boundary mask was defined by convolving the edge of the glandular tissue
with a disk whose radius that can be changed, i.e., boundary radius. Thus, the boundary radius
determines the width of the boundary region where PLN was added (figure 4(b)). Finally, the
minimum glandular volume defines the minimum volume of glandular structures that would be
considered for enhancement with PLN. Any glandular structure smaller than the minimum
volume was considered either noise or artifact and excluded from the high frequency
enhancement. In this study, a specific combination of the 3 parameters corresponding to a
binarization threshold 85%, a boundary radius 5 voxel, and a minimum glandular volume of

50x50x50 voxel® were selected for further quantitative analysis.



Figure 3: The effects of adding PLN. The first column shows ROIs from axial slices of
the original compressed phantoms. The second column are the same ROIs with the addition of

=3 PLN at the boundary of glandular tissue. The last column zooms in the region delineated
by the yellow rectangles in the middle column.
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(a) (b)

Figure 4: Control of different power-law noise (PLN) parameters. (a) The upper-left
figure shows the unbinarized PLN, followed by binarized PLN with increasing binarization
threshold: 50%, 70%, and 90%. (b) Simplified diagram with white showing a round shape pure

adipose, and dark representing the adipose region. PLN was added in the boundary mask with
boundary radius equal to 20 voxels.

2.1.4 Cooper’s Ligament, Ductal Network, and Blood Vessels
Computational structures were adopted from the rule-based phantom of Graff et al.
[19] providing high-frequency details that were degraded or lost during the creation of the

patient-based phantoms.

Cooper’s ligaments are connective tissue in breast that originate from the chest wall,
branch out through and around the breast tissue and terminate at the surface of the skin,
supporting the breast’s position and shape. [37] The ligaments were generated from Perlin-
noise perturbed spheroids that enclose volumes on the order of 1 ml in adipose and glandular

regions and were set to have 250-300 um thickness around the boundary of the spheroids



according to breast anatomy. [38] Ductal networks that transport milk from glandular tissue to
the nipple were simulated by a recursive random tree algorithm until the branches reached a
minimum radius of 100 um. A similar algorithm was applied to generate the vascular system
growing from the chest wall with changes in parameters that control the length and curvature of
the branches. 3D rendering of Cooper’s ligaments, ductal networks and vascular systems as
displayed in Figure 5. The high resolution rule-based structures were matched randomly with

the compressed phantoms after their independent generation.

CRL AT i chest muscle
nipple Il artery

[ vein
ductal tree with TDLU

(a) (b)

Figure 5: Projection and 3D rendering of brest structures. (a) projection image of a
ductal network. (b) Vascular system originating form chest muscle layer (bottom). [19]

2.2 Quantitative Evaluation
Quantitative analysis was performed on the three phantom variants: the original
phantoms, phantoms with PLN, and phantoms after complete enhancement (addition of PLN

and rule-based details including Cooper’s ligaments, ductal network, and blood vessels). For all
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three phantom variants, simulated images were generated for both mammography and DBT
using a previously reported projection and FBP reconstruction algorithm. [39] The resulting
images were analyzed for anatomical realism using two techniques, power law slope and

Laplacian fractional entropy.

2.2.1 Power spectrum analysis

Power spectra were calculated for simulated mammograms and DBT reconstructed
volumes of ROIs of 46.5 x 46.5 mm? overlapping by 50% in both x and y directions were taken
from mammograms and the middle slice of DBT volumes. The Hanning window was applied
prior to the Fourier transformation to reduce the spectral leakage. Log-log plots of radially
averaged power spectra versus frequency within the range of 0.2-1.0 mm™! for mammograms,
and 0.1-0.7 mm™? for DBT slices were fitted linearly in order to calculate power exponent

B.[40][41]

2.2.2 Laplacian fractional entropy (LFE) analysis

Laplacian fractional entropy analysis was implemented to characterize non-
Gaussian statistical properties for simulated mammograms. [42] Firstly, the region of
analysis was defined by an eroded skin mask that is 1 cm inside the original skin mask.
Then Gabor filter with 1.4-octave bandwidth and 6 angles incremented by 1/6 pi was

applied to the selected region. The outputs are similar to receptive fields in the early

10



visual cortex, which is particularly relevant to visually perceived structure in images.
Subsequently, the histogram of all Gabor filter responses was fitted by Gaussian curve
and Laplacian curve respectively through the maximum likelihood estimation function in

MATLAB (Mathworks Inc., Natick MA). The relative entropy was calculated from the two

fittings.
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3. Results

3.1 Visual demonstration

Figure 6 shows simulated mammograms and reconstructed middle slices of DBT
for one phantom case at each step of the enhancement, including the original phantom,
with addition of power-law noise (PLN), and with both PLN and rule-based structures.
These images visually demonstrate the addition of high frequency details and

maintenance of high anatomical realism during the enhancement process.
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(i) 1a. original 1b. +PLN 1c. +Cooper 1d. +ducts/vessels

(ii) 2a=1b-1a(PLN) 2b=1c-1b(Cooper)  2c=1d-1c(ducts/vessels)

Figure 6-a: Simulated CC mammogram of each step of phantom enhancement. (Row
i) From left to the right are original phantom (1a), followed by addition of PLN (1b), Cooper’s
ligaments (1c), and ducts and vessels (1d). (Row ii), Difference image corresponding to each
of two steps shown in (i).
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(i) 1a. original 1b. +PLN 1c. +Cooper 1d. +ducts/vessels

(i) 2a=1b-1a(PLN)  2b=1c-1b(Cooper) 2c=1d-1c(ducts/vessels)

Figure 6-b: Middle slice of DBT reconstructed images at each step of the enhancement.
(Row i) From left to right, DBT reconstruction of the original phantom (1a), phantom with PLN
(1b), phantom with PLN, Cooper’s ligaments (1c), ducts, and vessels (1d). (ii) The difference of
DBT reconstructions between each step shown in (i).
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3.2 Effects of power-law noise (PLN) parameters

Figure 7 and figure 8 demonstrate the effects of increasing PLN boundary radius
and PLN binarization threshold respectively. Each row shows the same 39x39 mm?®
(500x500 pixel?) ROIs taken from simulated mammograms. In Figure 7, the amount of
PLN increased as boundary radius increased from 0 voxel to infinity, i.e., PLN was added
throughout all adipose regions without being limited to the boundary region between
adipose and glandular tissue. In Figure 8, the amount of binarized PLN being added
decreased as binarization threshold increased from 0% to 100%, which affects the

frequency and texture of the additional PLN.
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Figure 7: Effects of boundary radius using 9 ROIs from one phantom. Each row
shows the same ROI of X-ray projections with increasing PLN boundary radius (R) in the unit
of voxels. Radius=0 means no PLN was added, i.e., the original phantom, while radius=Inf
means PLN was not limited by the boundary, but was added everywhere within the adipose
region. The amount of PLN added increased from left to right.
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Figure 8: Effects of binarization threshold. Each row shows the same
mammographic ROl with increasing PLN binarization threshold (T). T=0% means all
values of PLN were set to 1, i.e., all adipose voxels in the boundary region were
changed to glandular, while T=100 means all values of PLN were set to 0, i.e., no PLN
was added. The amount of PLN added decreases from left to right.

LFE for phantom with PLN

0.9

original
radius=3
0.8 N radius=5 | |
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Figure 9: Laplacian fractional entropy (LFE) calculated from simulated mammograms of
a phantom with different PLN boundary radius. At each frequency, the value of LFE curve
decreased with increasing radius, due to the fact that pure PLN has all zero LFE values.

As the boundary radius increased from 0, 3, 5, up to 10 voxels, the power exponent

beta follows a decreasing trend with beta = 3.29, 3.29, 3.27, 3.24 respectively, but did not
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have a noticeable change (only 1.2% decrease between original phantom and the one
with radius of 10 voxels), whereas LFE changed substantially, which agrees with the visual
appearance of ROIls, showing the significance of non-Gaussian statistical properties of

breast images.
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3.3. Quantitative evaluation

3.3.1 Power spectrum analysis
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Figure 10: Examples of radially averaged noise power spectrum (NPS) for simulated
mammograms and DBT reconstructions of representative dense (left) and fatty (right) breasts.
(a) NPS for mammograms at each step of the phantom enhancement including original patient-
based phantom (blue line), phantom with PLN (red line), and phantom with both PLN and rule-
based anatomical structures (yellow line). (b) NPS for middle slice of DBT reconstructions at
each step of the phantom development, displayed in the same way as NPS for mammograms.
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Figure 10 plots the radially averaged noise power spectrum (NPS) calculated from
simulated mammograms and middle slice of DBT reconstructions through each step of the
phantom enhancement, starting from the original patient-based phantom, followed by
phantom with power law noise (PLN), and phantom with both PLN and rule-based breast
anatomical structures, such as Coopers’ ligaments, ductal trees and vessel network. With
the addition of these high-frequency details, both the dense and fatty breast showed the
same trend of decreasing slope (higher line fit), but the differences were more
pronounced for the fatty breast, in which there is a greater volume available for adding

structures.

Calculated from mammograms, the average power exponent B of the original
phantom is 4.04140.11, which decreased significantly to 3.51+0.18 for the phantom with
PLN (t-test, p<0.0001), and again decreased significantly to 2.80+0.14 for the phantom
with PLN, Cooper’s ligaments, ductal trees and vessels (t-test, p<0.0001). The average B
values calculated from DBT reconstruction share the same trend, with f=2.914+0.33 for
the original phantoms, 2.55 +0.27 (t-test, p<0.0001) for phantoms with PLN, and
1.84+0.15 (t-test, p<0.0001) for phantoms with PLN and rule-based structures. The
continuous decrease in B verifies that high frequency components have been added to

the original phantom during each step.
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3.3.2 Laplacian fractional entropy (LFE) analysis

LFE for a dense and a fatty breast phantom are shown in Figure 11. In Figure 12,
the averaged LFE calculated from all 31 cases are plotted. The LFE curves follow a
decreasing trend as PLN, and rule-based breast structures were added to the original
phantom. The range and shape of the LFE curve for the completely enhanced phantoms
agrees with the curve for real patients’ mammograms, indicating the realism of non-

Gaussian statistical properties of the enhanced phantoms.

LFE (Mammo UM028) LFE (Mammo UM042)

2f original 1 2t
originai+PLN
+PLN+LOV

original
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+PLN+LDV
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frequency (cyc/mm) frequency (cyc/mm)

(a) dense (b) fatty
Figure 11: LFE for a dense and a fatty breast.
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Figure 12: Laplacian fractional entropy (LFE) for each step of phantom enhancement.
LFE is plotted as a function of spatial frequency for the original patient-based phantoms,
phantoms with power law noise (PLN), and phantom with both PLN and rule-based breast
structures. (Error bar shows 1 std.)

3.3.3 Effects of breast density

To assess the effect of breast density, the power exponent beta calculated from
simulated mammograms and middle coronal slice of DBT reconstructions are plotted
against original breast density in Figure 12 (a) and (b), with red representing the original
phantoms, blue showing the phantoms with PLN, and green showing the phantoms with
PLN and high frequency breast structures. Each phantom enhancement step constantly
decreased the beta for phantoms of all densities. Dense breast phantoms have a slightly

higher beta, and the decrease in beta caused by adding PLN is more obvious for fatty
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breast phantoms, due to the fact that PLN was added in the adipose region. Therefore,
the more adipose tissue a breast phantom contains, the larger decrease in beta it will have
after adding PLN. The same trends are shared by both the beta calculated from

mammograms and DBT reconstructions.

Beta vs Breast Denstiy (DBT)
Beta vs Breast Denstiy (Mammo) v
T v e original: slope=-0.85367
o+pin: sope=-1.413
osplnsstructures: sope=-1.1472

original: sope=-0.58607
—— o4pin: siope=-0.88272
o+ pinsstructures: siope=-0.48093

a5

power spectrum exponent
power spectrum exponent
©

0 0.05 0.1 0.15 0.2 025 0.3 035 0 0.05 0.1 0.15 0.2 025 03 035
density without skin density without skin

(a) (b)

Figure 13: Power exponent beta against breast density calculated from (a) simulated
mammograms and (b) DBT reconstructions.
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4. Discussion and Conclusion

Previous development of computational breast phantoms was either through
generating pure mathematical models or segmenting real patient images. The former,
rule-based approach is flexible, quick and high in resolution, however the result can often
lack realism. The patient-based approach, on the other hand, has inherently higher
realism, which is essential in breast imaging studies and lesion model studies,
nevertheless it has low resolution due to limitations of acquiring and processing human
subject data. Therefore, the purpose of this research is to combine the advantages of the
two approaches together to create hybrid breast phantoms with inherit realism from

patient data that are enhanced in resolution by mathematical models.

The major procedures of phantom enhancement in this research are first to
acquire compressed patient-based phantoms that are segmented from breast CT images,
then add power-law noise (PLN) at the boundary between glandular and adipose tissue
to create high frequency contour of the glandular tissue, and finally fuse high resolution
mathematical models of breast structures that are lost during the imaging process,
including Cooper’s ligaments, ductal trees, and vascular network. Simulated 2D
mammograms and 3D DBT volumes visually demonstrated the effects of each procedure
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of phantom enhancement. The ability to generate different levels of PLN was
demonstrated by controlling parameters such as boundary radius and binarization
threshold.

Assessing the realism of phantoms is a very challenging task. In this study, we
evaluated two different quantitative metrics that have been reported in the literature. In
power spectrum analysis, the decreasing exponent or beta support the hypothesis that
high frequency details of breast were added to the patient-based phantoms during each
procedure of enhancement. The final enhanced phantoms have averaged beta equals to
2.8010.14 for simulated mammogram, which falls in the range of beta calculated from

real patients’ mammogram (2.8340.35).

While power spectrum evaluates the frequency components of the data, Laplacian
fraction entropy (LFE) captures the structural content of the data for a given spatial
frequency. Based on the analysis of 26 patients, Abbey et al. found that the
mammographic images have highest LFE values (70%-90%) at the lowest frequency (0.125
cyc/mm), which then decay as frequency increases. Similar peak value and decay trend

was observed in our simulated mammograms of enhanced phantoms.

The power spectrum exponent 3 of PLN was set to be 3 intentionally to match with
the mean B of real mammograms found in literature, which unsurprisingly shift B closer

to 3. In the future work, the effects of adding PLN with different B can be explored.
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Furthermore, negative PLN that degrades the highest class of glandular can be included
in the phantom so as to add high frequencies to the densest glandular and balance the
density increase caused by positive PLN. The addition of negative PLN may also improve

lesion detectability, since it breaks down the uniform high density glandular.

The rule-based Cooper’s ligaments, ductal network, and vascular system were
generated separately from the original phantoms. In the future, parameters of these
breast structures should be determined by original breast density, and glandular
distribution.

The above mentioned improvements may not be fully evaluated by power spectrum
analysis or LFE analysis. Therefore, observer study may be required for evaluating realism

along the further steps of phantom enhancement.

In conclusion, this first generation of hybrid phantoms were successfully enhanced
in high frequency contents by addition of rule-based structures, while inherited realism
from patient-based anatomy. The effects of adding PLN as high-frequency contour of
glandular, and adding organized structures such as Cooper’s ligament, ductal network and
vascular system were visually demonstrated by simulated mammograms and DBT
reconstructions at every stage, and the difference images between each two stages.
Effects of PLN changing parameters were also displayed and compared as mammogram

ROls. Finally, power spectrum analysis and LFE analysis quantitatively validated that both
28



frequency contents and structure contents of our simulated images were consistent with

those calculated from real patients’ images.
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