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ABSTRACT

Recent advances in high-resolution 3D breast imaging, namely, digital breast tomosynthesis and dedicated breast CT,
have enabled detailed analysis of the shape and distribution of anatomical structures in the breast. Such analysis is
critically important, since the projections of breast anatomical structures make up the parenchymal pattern in clinical
images which can mask the existing abnormalities or introduce false alarms; the parenchymal pattern is also correlated
with the risk of cancer. As a first step towards the shape analysis of anatomical structures in the breast, we have
analyzed an anthropomorphic software breast phantom. The phantom generation is based upon the recursive splitting of
the phantom volume using octrees, which produces irregularly shaped tissue compartments, qualitatively mimicking the
breast anatomy. The shape analysis was performed by fitting ellipsoids to the simulated tissue compartments. The
ellipsoidal semi-axes were calculated by matching the moments of inertia of each individual compartment and of an
ellipsoid. The distribution of Dice coefficients, measuring volumetric overlap between the compartment and the
corresponding ellipsoid, as well as the distribution of aspect ratios, measuring relative orientations of the ellipsoids, were
used to characterize various classes of phantoms with qualitatively distinctive appearance. A comparison between input
parameters for phantom generation and the properties of fitted ellipsoids indicated the high level of user control in the
design of software breast phantoms. The proposed shape analysis could be extended to clinical breast images, and used
to inform the selection of simulation parameters for improved realism.
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1. INTRODUCTION

One hundred and seventy years ago, Sir Astley Cooper published the first qualitative analysis of the distribution and
shape of adipose tissue compartments in the breast.' These compartments are formed by fibrous tissue septa,
eponymously named Cooper’s ligaments, which provide structural stability to the breast. Projections of Cooper’s
ligaments make up part of the parenchymal pattern in clinical breast images, which can influence cancer detection by
masking the existing abnormalities or introducing false alarms. The parenchymal pattern is characterized using texture
analysis of clinical images, and has been correlated with the risk of breast cancer.’ A direct quantification of the
underlying breast anatomical structures was not possible until the recent advent of high resolution 3D clinical imaging
modalities, namely, digital breast tomosynthesis® and dedicated breast computed tomography.*

We have proposed a new method for shape analysis of breast anatomy by fitting ellipsoids to adipose tissue
compartments. The ellipsoidal semi-axes were calculated by matching the moments of inertia of each individual
compartment and of an ellipsoid.” In this paper, the method is demonstrated on the analysis of simulated tissue
compartments of an anthropomorphic software breast phantom. The software phantom of the breast was recently
developed at the University of Pennsylvania for use in pre-clinical validation of breast imaging systems.® A competitive
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interaction of simulated compartments results in their irregular shape, qualitatively mimicking real breast anatomy. The
properties of the fitted ellipsoids are used for characterization of various classes of anthropomorphic software phantoms
with qualitatively distinctive appearance. Based upon these properties, we assessed the relationship between the input
parameters of the simulation and the final appearance of the breast phantoms. In the long term, the proposed method
could be extended to include shape analysis of real breast tissue (from clinical breast images or histological specimen).
Such analyses would allow an informed selection of simulation parameters, aimed at improving the realism of anatomy
simulation.

2. METHODS

2.1. Software breast phantoms

The X-ray Physics Lab at the Univ. of Pennsylvania has over 15 years of experience in developing breast
anthropomorphic software phantoms.”'* The anthropomorphic software breast phantom® used in this study is based
upon recursive partitioning of the simulated breast volume using octrees.'”"” The octree-based simulation allows for fast
generation of phantoms with very small voxel size.

Control of the phantom is provided through selection of input parameters which specify the simulated breast size,
glandularity, thickness of the skin and Cooper’s ligaments, and the number, distribution, and size and shape of adipose
compartments. The proposed shape analysis is used here to investigate the relationship between the properties of
simulated tissue compartments and the corresponding input parameters, thus reflecting the level of user control over the
phantom appearance. In this study, we have specifically focused on the effect of 2 parameters related to the relative size
(rs) and the relative orientation, (i.e., aspect ratios, rp) of simulated tissue compartments.

The simulated compartments are specified by shape functions fi(x), i=1,..., K, consistent with the quadratic decision
boundaries described by a maximum a posteriori (MAP) classifier:'®

fl(x) = %(X -8, )TZ;I (X -, )— logqi—% log det(Zl."l), €))

where K is the number of compartments, x is the 3D coordinate within the phantom volume, s; (sy, Sy, S.) are
compartment seed vectors, Zl._l are positive definite matrices, and ¢; , (0< ¢g; <1) are parameters corresponding to

distribution priors in MAP.

We define the relative size and orientation of a simulated compartment using the matrix Zl._l , with eigenvalues 1/k,7,
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2.2. Ellipsoid fitting

Each phantom analyzed in this work has been generated as a labeled 3D volume with each compartment assigned a
unique intensity value. Using these intensity values, we created lists of voxels corresponding to individual
compartments. For each compartment, the moment of inertia tensor, /- ,was calculated and compared with the moment
of inertia tensor of an ellipsoid, I (Eq. 5). (m denotes the total number of voxels in the fitted ellipsoid.) Thediagonal
elements of the tensor (/,,, /,,, I..) were used to calculate the semiaxes (a, b, c) of an ellipsoid fitted to the compartment.
Please note that we assumed the moments of inertia were calculated relative to the center of mass of each compartment.
In that case, the tensor of inertia becomes diagonal. Fig. 1 illustrates the cross-sections of a phantom and the
corresponding fitted ellipsoids.
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Figure 1: Vertical cross-sections through a sample breast phantom analyzed in this study (left)
and the corresponding fitted ellipsoids (right).

2.3. Characterization of the fitted ellipsoids

To evaluate the appropriateness of fitting ellipsoids to inherently non-ellipsoidal compartments, we calculated the
volumetric overlap between a compartment (C) and the corresponding ellipsoid (E) using the Dice coefficient, s:'"
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We also calculated the aspect ratios of fitted ellipsoids (a,/a,) and (a;/a;), where a; denotes the principal axis. The Dice
coefficients and aspect ratios were evaluated as a function of compartment volume. We analyzed the correlation
between the ellipsoidal aspect ratios and the input relative orientations, r, of the corresponding compartments, to assess
the level of control for compartment orientations.

The shape analysis was performed on 16 phantoms from four classes with simulated compartments which have a distinct
appearance. The classes were defined by different distribution of rg and r, parameters (Table 1). Each class contained
four phantoms. Each phantom simulated a 450 ml breast, with 500um voxel size, and 333 compartments.

Table 1: Values of the input parameter defining relative compartment orientation, o, and the relative compartment size, r,
used for the generation of the four analyzed classes of phantoms.

rsg
ro 1 [0.01, 100]
1 Class 1 Class 2
[0.25, 4] Class 3 Class 4

Cross-sections through sample phantoms from the four analyzed classes of phantoms (Fig 2) illustrate differences in the
shapes and orientations of simulated compartment shapes between the different classes. For example, compartments in a
phantom from Class 1 have comparable sizes and planar border surfaces, resulting from the constant values of the rgand
ro parameters used for simulation.

Class 3 Class 4

Figure 2: Coronal cross-sections through sample phantoms from the four analyzed classes.
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3. RESULTS AND DISCUSSION
3.1 Fitted ellipsoids

The proposed use of ellipsoidal fitting for the shape analysis of simulated breast tissue compartments was evaluated
using several qualitative and quantitative measures. Fig. 3 illustrates the result of fitting ellipsoids to sample phantoms
from the four analyzed classes. A qualitative comparison of phantom cross-sections (Fig. 2) and the corresponding
cross-sections of the fitted ellipsoids (Fig. 3) demonstrates that the ellipsoids appear in the correct position, with
orientation and size similar to underlying compartments.

Class 1 Class 2

Class 3 Class 4

Figure 3: Coronal cross-sections of the fitted ellipsoids corresponding to sample phantoms from Fig. 2.

Fig. 3 also demonstrates the relationship between phantom appearance and varying input parameters. In Class 1, a
desired spherical shape of the compartments (rp, = 1) with desired uniform size (g = 1), resulted in phantom
compartments with varying, but relatively homogenous size, as evident by the fitted ellipsoids. The fitted ellipsoids
showed a range of orientations, which is due to the competitive interaction of a relatively large number of compartments
(333) within the limited phantom volume.

Comparing the results from Class 1 and Class 2, a larger variation in sizes of fitted ellipsoids was observed, consistent
with the wider range of the input parameter controlling the relative compartment size (s € [0.01,100]). For the selected
range of input parameters (four orders of magnitude wide), a much larger variations in ellipsoid sizes might be expected.
We observed somewhat limited variations, which might be also due to the large number of compartments within the
limited phantom volume.

Comparison of the results from Class 1 and Class 3 demonstrates the effects of varying the input relative orientations.
The fitted ellipsoids for Class 3 demonstrate a wide range of orientations, which is consistent with the 16-fold difference
between the minimum and maximum value of the r, parameter. The compartments from Class 3 also have various sizes,
as compared to those from Class 1. The observed variation in compartment sizes for Class 3 is still smaller compared to
Class 4 which was generated using a wide range of both r( and ry parameters.
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3.2 Volumetric overlap between phantom compartments and fitted ellipsoids

The mean values and the standard deviations of the Dice coefficients calculated for compartments from the four phantom
classes are given in Table 2. We observed an average overlap of greater than 82% between the volume of phantom
compartments and fitted ellipsoids. The mean values of Dice coefficient for each phantom class are within one standard
deviation around the mean coefficients of other classes, thus suggesting that no significant difference exists between the
mean coefficient values. Fig. 4 shows the histogram of the Dice coefficients for different classes of phantoms. For all
classes the Dice Score values were high, supporting the use of ellipsoidal fitting as a surrogate for compartment shape
and orientation.

Fig. 5 shows examples of fitted ellipsoids corresponding to different values of the Dice coefficient. (The graph axes are
labeled with the voxel positions inside the phantom; the lengths of the axes vary due to the isotropic voxel size.) The
examples of ellipsoidal fitting with high values of the Dice coefficient correspond to compartments more closely
resembling an ellipsoidal shape. Fig. 6 shows the relationship between the Dice coefficients and the compartment
volumes. (Compartment volumes are expressed as the number of [500um]’ voxels). Smaller compartments showed
slightly better fit for most of the analyzed phantoms. The low R’ values for the linear regression calculated for the
graphs in Fig. 6 suggest that the Dice coefficient does not strongly depend on the compartment volume.

Table 2: The mean values and the standard deviations of the Dice coefficients for the four analyzed classes of phantoms.

s 1 [0.01, 100]
Yo
| 0.82+ 0.03 0.87 = 0.08
(Class 1) (Class 2)
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[0.25, 4] (Class 3) (Class 4)

Class 1
350 M Class 2
300 H Class 3

% Class 4

N
(%4
o

[any
(%
o

Number of Compartments
N
o
)

100
50 é
0 B mn W k k o B

0.5 0.6 0.7 0.8 0.9 1

Dice Coefficeint

Figure 4: Histograms of the Dice coefficients for the four analyzed classes of phantoms.
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Figure 5: Examples of simulated compartments (dark red) and the overlapped fitted ellipsoids (bright green),
corresponding to the Dice coefficients of (a) 0.9, (b) 0.27, (c) 0.94, and (d) 0.42.
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Figure 6: Scatter graphs of the Dice coefficients and the corresponding compartment volumes, calculated for different classes of
phantoms. (Volumes are expressed in the number of [500pum]® voxels). Shown also are the linear regression lines with R? values.

Proc. of SPIE Vol. 8313 83134J-7

Downloaded From: http://spiedigitallibrary.org/ on 07/15/2016 Terms of Use: http://spiedigitallibrary.or g/ss/TermsOfUse.aspx



3.3 Comparison between input axis ratios used for phantom generation and axis ratios of fitted ellipsoids

The mean values and the standard deviations of the aspect ratios (a;/a,) and (a,/a;) estimated from fitted ellipsoids for
the four analyzed phantom classes are given in Table 3. Fig. 7 shows the histograms of the aspect ratios (a;/a,) from the
fitted ellipsoids (left column) and the relationship between the (a,/a,) and (a,/a;) aspect ratios (central column). We
observed comparable values of the aspect ratios (a,/a,) and (a,/a;) estimated from fitted ellipsoids. There is a notable
difference in the range of values for aspect ratios estimated from fitted ellipsoids from different classes of phantoms.
For the phantoms from Classes 1 or 2 the observed aspect ratios have values smaller than five. The aspect ratios in
phantoms from Classes 3 or 4 demonstrated a wider range of values. The difference in the range of aspect ratios is
consistent with the qualitative observed difference in orientations of fitted ellipsoids, as seen in Fig. 3.

We have also compared the input parameters related to the desired compartment orientation as represented by the aspect
ratios (a;/a,), shown in Fig. 7 (right column), and the corresponding ratios estimated form the fitted ellipsoids, Fig. 7
(left column). As seen in Fig. 7, phantoms with desired spherical compartments (7, = 1), corresponding to Classes 1 and
2, yielded aspect ratios close to one. Conversely, a wider range of the input parameter controlling the compartment
orientation used to generate phantoms from Classes 3 and 4 resulted in more ellipsoidal compartments. These
observations are consistent with the qualitative appearance of sections through fitted ellipsoids corresponding to
phantoms from different classes, as shown in Fig. 3.

The observed relationship between the desired and achieved compartment size and orientations indicates high level of
user control over the phantom design. While the preliminary data presented in this paper has yielded valuable insight
into the effect of varying input parameters r, and rg, a wider range and finer quantization of the input parameters should
be studied to gain a better understanding of the relationship between these parameters and the final shape of simulated
compartments.

Fig. 8 shows the dependence of the Dice coefficients on the aspect ratios estimated from the fitted ellipsoids. Excluding
the noticeable outliers, the Dice coefficients demonstrated high values for various values of aspect ratios. Similar to the
results from Fig. 6, the low R” values for the linear regression in Fig. 8 suggest that the Dice coefficient does not depend
on the compartment orientation. This observation further supports the use fitted ellipsoids for characterizing simulated
tissue compartment.

Table 3: The mean values and the standard deviations of the aspect ratios (a;/a;) and (a;/a;) of the fitted ellipsoids,
calculated from the four analyzed classes of phantoms.

(ay/ay) (ay/as)
Class 1 1.38+0.27 1.99 +0.60
Class 2 1.26+0.25 1.76 + 0.54
Class 3 2.04+0.96 4.04+2.53
Class 4 2.08+0.95 422 +2.57
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Figure 7: Comparison between the input and fitted aspect ratios.
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corresponding ratios from fitted ellipsoids (right). Scatter plots include the linear regression lines, with the R values.
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Figure 8: Scatter plots of the Dice coefficients vs. the corresponding (a;/a;,) aspect ratios for the four analyzed classes of phantoms.
Shown are the linear regression lines, with the goodness-of-fit (R?) values.

Extension of the proposed shape analysis to clinical 3D breast images, (i.e., digital breast tomosynthesis or breast CT,)
will allow the estimation of the shape and orientation of tissue compartments in real breasts. Shape properties estimated
from clinical images can inform the selection of input parameters to improve phantom realism. Ultimately, the shape
analysis methods could be used for direct validation of software breast phantoms, in which the simulated anatomy is
compared with anatomical specimens. There have been only few examples of direct validation, e.g., a study of breast
ductal branching pattern.”’ Direct validation of phantom realism is challenging, largely due to the fact that detailed
visualization of whole breast histology sections is relatively rare.*"?” The seminal work by Sir Astley Cooper' still
represents one of the most detailed treatises of breast anatomy.

Analysis of the shape and orientation of breast tissue compartments may also elucidate the correlation between the
properties of anatomical structures and the corresponding parenchymal texture. Conventionally used texture descriptors
are often hard to interpret in terms of the corresponding histologic properties. On the other hand, there are reports on the
structural properties of the breast tissue, as visualized in clinical images.”® These reports have motivated the
development of methods for structural analysis of 2D mammographic parenchymal patterns, e.g., based upon the
morphological size analysis'' or a multi-scale fitting of spherical blobs®. The ellipsoidal fitting can be used for
quantifying 3D structural properties of breast anatomy, and to facilitate comparison between the 2D and 3D parenchymal
properties.

4. CONCLUSIONS

A new method has been proposed for shape analysis of breast anatomy, based upon the fitting of ellipsoids to the adipose
tissue compartments. The method has been used for assessing the user control in the design of software breast
phantoms. The proposed approach could be extended to the analysis of clinical breast images in order to inform the
selection of phantom parameters for improved realism.
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