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The aim of this work is the generation of realistic synthetic mammograms, using as an input of the imaging
acquisition simulation process digital anthropomorphic phantoms, reconstructed from sets of dedicated breast
computed tomography (BCT) images from different patients. The voxel-based structure and the segmentation
into fibroglandular, adipose and skin tissues are performed through trivariate tensor-product B-spline approxi-
mation and morphological operations. The obtained phantoms can be modified by means of geometrical
transformations that replicate typical breast shape deformities, and by locally introducing virtual masses and
calcifications. After simulating biomechanical compression of the 3D breast phantoms, we generate the mam-
mograms in both craniocaudal (CC) and mediolateral oblique (MLO) views, modelling the x-ray interaction with
breast tissues with a Monte Carlo approach implemented in the in silico breast imaging pipeline VICTRE.

The methodology proposed here can contribute to the creation of synthetic mammogram databases, to be used
for in silico testing of diagnostic and therapeutic techniques, as well as for the validation of artificial intelligence
(AI) systems in diagnostic imaging and cancer screening. The great advantage is that, from a single BCT scan, it is
possible to generate multiple realistic mammograms, with different anatomical features, in terms of breast shape

and size, and type and location of lesions.

1. Introduction

Anthropomorphic digital phantoms can be a valuable tool for in silico
testing and optimization of screening, diagnostic and therapeutic tech-
niques. These enable us to investigate dosimetry implications, as well as
how the distribution of tissues and their microstructure can affect the
outcomes of different imaging modalities and disease treatments [1-5].
Examples of computational phantoms with realistic anatomical details
and high resolution have been developed to support the improvement of
diagnostics methods based on magnetic resonance imaging (MRI) [6],
ultrasound and photoacoustic imaging [7], x-ray based techniques
[8-10], and multi-modal imaging [11]. Moreover, the availability of
these tools has enabled the implementation of virtual clinical trials for
therapeutic applications, including radiotherapy [12], hyperthermia
[13], thermal ablation [14], and surgery [15,16]. To simulate
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pre-clinical tests and enlarge the spectrum of in silico assessment, animal
computational models have also been developed besides anthropomor-
phic phantoms [17], finding applications in both dosimetry and thera-
peutic technique testing [18-20].

Another important application of 3D digital anthropomorphic
phantoms is the generation of synthetic images by means of physical
computational modelling, with the scope of enriching existing medical
image datasets, which are usually strongly heterogeneous and not suf-
ficiently populated for specific subgroups. This can allow the creation of
databases, which can be used for the robust training and accurate vali-
dation of artificial intelligence (AI) systems, giving instruments also for
explainability tasks. Great efforts have been made in the field of breast
imaging, where an invaluable example is the 3D phantom generator
integrated in the in silico breast imaging simulator VICTRE (Virtual
Imaging Clinical Trials for Regulatory Evaluation), designed by Food
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and Drug Administration (FDA), to replicate the entire acquisition
pipeline of mammography and digital breast tomosynthesis [21]. The
VICTRE phantom generator enables to create breasts with different
volumes and shapes, including anatomical structures like nipple, ductal
tree structure with terminal duct lobular units, glandular compartments,
fat and glandular lobules, Cooper’s ligament network, and vasculature.
To improve realism in tissue texture, advances have been made by
deriving the digital breast phantoms from high-resolution 3D clinical
breast images, like the ones acquired with the dedicated BCT scanner
developed at UC Davis (California, USA). As a fundamental result, a
cohort of 150 computerized breast phantoms was generated, to be used
for virtual clinical trials in x-ray breast imaging and dosimetry [8].
Different strategies have also been implemented to create a large set of
realistic breast phantoms from a relatively small set of BCT data. These
include the use of statistical methods exploiting principal component
analysis (PCA) [22], or the application of mesh-based geometric trans-
formations and morphing techniques [23].

In this study, we focus on the reconstruction of breast digital phan-
toms, to be used for the generation of synthetic mammograms with an in
silico approach that leverages the VICTRE pipeline [21]. The 3D phan-
toms are derived from clinical BCT images, performing tissue segmen-
tation by means of trivariate tensor-product B-spline approximation
[24], in combination with morphological operations. The
semi-automatic segmentation and voxel-structure creation are carried
out by distinguishing fibroglandular, adipose and skin tissues. To
simulate the entire image acquisition process, the phantoms are virtually
compressed to a specified thickness, and then used as an input of the
Monte Carlo x-ray simulator implemented in VICTRE.

To further enrich the initial dataset and reflect the natural variety of
breast morphology and tissue distribution, we modify the original
phantoms by (i) applying realistic deformations and (ii) inserting arti-
ficial lesions, like masses with well-defined or spiculated margins, and
clustered and tubular type calcifications. Synthetic 2D mammograms
are then generated in both craniocaudal (CC) and mediolateral oblique
(MLO) views. A sample of images is reported, as a proof of the flexibility
of the proposed methodology in obtaining, from a low number of
reference phantoms, a range of mammograms with large variability in
terms of breast shape and size, and type and location of lesions. As a
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Histogram analysis for
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result, from a few sets of BCT images acquired on different patients we
can generate 2D mammograms with reduced correlation among each
other, and thus useful to expand available datasets for Al system testing
and evaluation.

2. Methods

In the following, we describe the entire pipeline for the generation of
synthetic mammograms, from 3D breast phantom reconstruction and
their geometric transformation up to the x-ray absorption simulation.
The implemented methodology, whose steps are depicted in the sche-
matic of Fig. 1, enables us to create a 3D reference phantom from a set of
images from one patient undergoing dedicated BCT, after the image
conversion into a trivariate B-spline solid. This means that N reference
phantoms can be obtained from N sets of BCT images acquired on N
patients. The N reference phantoms can be transformed by: (i) applying
different types of realistic deformations; (ii) inserting lesions (masses or
calcifications) at voxel level. Then, through this procedure we can
produce several phantoms differing in shape, volume, tissue composi-
tion, and lesion type, position, size and morphology.

2.1. Reference phantom generation

As an input for the generation of 3D reference phantoms, we use
dedicated BCT images obtained from a single scan and with a spatial
resolution of 273 pm along the three directions. The images were ac-
quired at the Radboud University Medical Center, with a dedicated BCT
system from Koning Corporation (West Henrietta, NY, USA), setting the
x-ray tube with tungsten target and aluminum filter to a voltage of 49
kV; the first half value layer is 1.39 mm Al, and the nominal focal spot is
0.3 mm [25].

Tissue segmentation is performed on the entire breast volume, which
is obtained by combining the BCT slices on the coronal view (yz-plane)
from muscle to nipple direction (x-axis) (Fig. 2a). The voxelization and
the identification of the main tissues (fibroglandular, adipose and skin
tissues) are carried out after applying an imaging operator based on
trivariate tensor product B-splines [24], which enable us to visualize the
complex texture of breast, and to determine interactively the grey-level
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Fig. 1. Schematic of the implemented methodology, including the conversion of one set of dedicated BCT images acquired on one patient into a trivariate B-spline
solid, the assignment of tissue properties after greyscale histogram analysis, the phantom transformation via deformation and lesion inclusion at voxel level, its
biomechanical compression, and the generation of the synthetic mammogram, from the simulation of the interaction between x-ray and breast tissues.
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Fig. 2. (a) Schematics of the breast transversal (xy), sagittal (xz) and coronal (yz) planes, with the corresponding BCT slices and the main breast dimensions (i.e. the
distance d from the torso to the nipple, the width w from the centre towards the sternum, and the upper part height h). (b) Schematic examples of the effects of the
considered deformations when applied to the right breast, for different sets of transformation parameters. In some cases, the considered values are outside the
realistic intervals suggested in Table 1, to provide a pictorial idea of the specific role of the parameters on the shape deformation.

thresholds for semi-automatic tissue segmentation. In detail, the dis-
cretization in voxels is carried out by introducing a 3D grid with reso-
lution higher than that of the BCT images, described by three knot
vectors U = {uo, U, ..., Un,4p,41 1> V= {V0, V1, s Va,ip,11 ; and W = {wq,
w1, ...,an+pw+]} along the u, v and w directions. Then, we consider a
trivariate B-spline solid of degree (p,, py, pw), which is a tensor product
volume defined as

Vvw) =3 3 N, (WNjp, ()N, (w) Py )

i—0 j=0 k=0

InEq. (1), P (i=0,1,..,m,j=0,1,..,m,k=0,1, ..., n) are the
control points, and Njp, (u), Njp,(v) and Nip, (w) are the univariate B-
spline basis functions, constructed on the knot vectors U, V and W, and
with degree py, p, and p,,, respectively. In our model, we assume that the
u, v and w directions are parallel to the Cartesian axes previously
introduced, and p, = p, = py = 2 (i.e., triquadratic B-splines are
considered).

After the generation of the trivariate B-spline solid and of the

corresponding discretized volume with cubic voxels of 109 pm size, the
graphic visualization of the associated B-spline surfaces is exploited for
adipose tissue segmentation, in combination with histogram analysis.
The aim is to identify the grey-level threshold below which we assign the
corresponding voxels to fat. Then, we extract the skin layer by means of
aradial-geometry edge detection scheme applied to each coronal section
with thickness equal to voxel size, deriving a mean breast skin thickness
around 1.5 mm [26]. With this segmentation procedure, we prevent the
inclusion of regions adjacent to the inner skin boundary with similar
grey levels, like blood vessels. After the application of a morphological
erosion operation to the skin layer, we assign the remaining voxels to
fibroglandular tissue, including vasculature and possible muscle region.
Then, we re-add the skin, varying the maximum number of voxels
adjoined along radial directions, in order to obtain phantoms with
different skin thickness.

The pectoralis muscle is usually not included in dedicated BCT im-
ages and CC view mammograms, while a significant portion of it typi-
cally appears in MLO view mammograms. This requires modifying the
obtained breast phantoms specifically for the MLO projection, by



M. Oria et al.

properly incorporating the pectoralis muscle from the armpit down to
the posterior nipple line. To this aim, a paraboloid with an ellipsoidal
cross-section and axis parallel to the projection direction is super-
imposed onto the posterior region of the phantom. In the overlapping
area, the original tissue is replaced with muscle tissue. To soften the
transition at tissue interface, the muscle surface is slightly eroded,
blurring the edges created by the Boolean operation. Additionally, the
phantom is extended towards the sternum to accommodate the
compression of a larger portion of the breast, including the muscle. This
extension remains outside the compression paddles and does not appear
in the image, serving solely to provide the necessary thickness for
realistic breast compression.

2.2. Global deformation application

Geometric transformations are applied to the reference phantom,
replicating realistic deformities that can be observed in breast shape.
The geometrical structure is altered by shifting voxels from their original
positions to new positions without modifying the tissue assignment. The
data are then interpolated on the input regular grid, with the nearest-
neighbour approach.

Following Ref. [27] we consider: (i) turn deformation, occurring
when the breast points towards the external flank; (ii) flatten-side
deformation, describing the flattening of the breast towards the ster-
num; (iii) ptosis, which models sagging effects; (iv) top-shape defor-
mation, which simulates variations in concavity of the breast top half;
(v) turn-top deformation, occurring when the breast top half turns to-
wards the shoulder. The transformations are expressed as a function of
the main breast dimensions shown in Fig. 2a, i.e. the distance from the
torso to the nipple for the x-axis direction (d), the width from the centre
towards the sternum for the y-axis direction (w), and the upper part
height or maximum length from the centre towards the clavicle for the
z-axis direction (h). To obtain realistic deformations of the breast shape,
the relevant parameters of each transformation should be approximately
varied within the ranges listed in Table 1, where we have also indicated
the interested plane and the views on which the specific transformation
produces a visible effect.

Turn deformation, which is responsible for the breast bending to-
wards the body lateral part, can be described by scaling the lateral po-
sition (y) of a point versus its distance (x) from the torso, as:

X =x
y=y-vfa ) ra )]
7=z

The turn towards the external flank can be modelled by assigning pos-

Table 1
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itive values to parameters ap and a; in the case of the right breast, while
negative values have to be considered for the left breast. Realistic de-
formations can be obtained by varying the absolute values of ay and a;
within the ranges 0—0.3 and 0—0.5, respectively, as reported in Table 1.

Flatten-side deformation produces a compression of the internal part
of the breast, transforming only the points with y > 0 for the right breast,
and with y < O for the left breast. This can be described by modulating
the x-coordinate of a point versus its lateral position y, as:

- _ AN \? y
X = Xf(y) = X|:b3 <w> + bz (w) + bl (;}) + b0:|

;L . 3)
y=y
7=z
Parameters b; (i = 0—3) can be derived by imposing the following con-
straints on function f(y):

£(0) =1, fw) =fo
FO) =0, f(w) =fi" “)

where fy and f; control the flattening in correspondence of the sternum
and breast middle part, respectively. It results: b3 =f; +2— 2fp, by = —
fi— 3+ 3fo, by =0, by = 1. Realistic deformations can be obtained by
varying fy and f; within the ranges 1.5—5 and 0—f3, respectively
(Table 1); no deformations are introduced when fy = 1 and f; = 0.

Ptosis deformation, which causes breast drooping, can be simulated
by modifying the vertical position (z) of a point as a function of its
distance (x) from the torso, according to:

’

y =Yy ) 5)
e tfuf3) e )]

Realistic deformations can be simulated by changing parameters co and
¢ within the ranges 0—0.6 and 0—0.3, respectively (Table 1).

Top-shape deformation, which produces a modification of the cur-
vature of the upper part of the breast, can be described by scaling the z-
coordinate of a point (if z > 0) versus its x position, as:

y=y e
Z = zg(x) :Z{es(g)s +e4(§)4 +eg<§)3 +e2(§)2 +e%+e0]

Parameters e; (i = 0—5) can be derived by imposing the following con-
straints on function g(x):

List of breast geometrical transformations with the indication of the interested plane, the affected views and the interval of variations of the parameters leading to

realistic deformations.

Geometrical transformation Interested plane

Affected views Parameter ranges

Right breast Left breast
Turn deformation xy CC 0<a <03 -0.3<a <0
0<a <05 -05<a, <0

Flatten-side deformation xy ¥ > 0 (right) CC 15<fp <5 15<fp <5
¥ <0 (left) 0<fi<f? 0<f <fy?

Ptosis deformation Xz MLO 0<¢c<0.6 0<¢y<0.6
0<¢ <03 0<¢ <03

Top-shape deformation xz (z > 0) MLO 0<s0<0.5 0<s9<0.5
—2<s5< -1 —2<s< -1

0<ty<20 0<ty<20

2< <15 2<t <15

Turn-top deformation yz (z>0) CC, MLO 0<1<03 -03<[p<0
0<L <05 -05<L <0
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g0)=1, g(d) =1
g’(o) = So, g,(d) =8 , (7)
g(0)=ty, g'(d) =1t

where sp and s; are the slope parameters at the torso and nipple,
respectively, while ty and t; are the relative curvature parameters. It
results:

es = —lto — 350 — 351 +1t1, ey = §t0 +8$0 + 75 — ti,
2 2 2
3 1 1 ®

e3 = —Eto — 650 — 451 +§t17 ey = Et(), €1 = Sp, €y = 1

Realistic deformations can be obtained by varying parameters sy, s1, to

and t; within the ranges reported in Table 1.

Turn-top deformation, which modifies only the upper part of the
breast (z > 0) producing again a lateral bending as turn deformation, can
be simulated by varying the y-coordinate of a point versus its vertical
position z, as:

’

X =x
or-fu)+n )]
7=z

To model realistic deformations, the absolute values of parameters [
and [ should be varied within the intervals 0—0.3 and 0—0.5, respec-
tively (Table 1). Positive values have to be assigned in the case of the
right breast, while negative values have to be considered for the left
breast.

To give a pictorial description of the effects of the considered de-
formations, Fig. 2b reports a list of images showing the modifications of
a schematized section of the right breast in the plane involved in the
transformation, for different selections of the parameter set. Values
outside the realistic intervals suggested in Table 1 are also considered, to
better highlight the geometric transformation effects.

2.3. Synthetic image generation

For generating the synthetic mammograms from the 3D breast
phantoms, we first compress the phantoms, after having added a few
slices of muscle to the more internal coronal slice, by means of the finite
element biomechanics solver FEBio integrated in VICTRE [28]. This
enables us to model the compression phase, once specified the target
thickness, which is defined on the basis of the percentage of fibro-
glandular tissue. To fix the breast compression thickness, we refer to the
volumetric breast density grade scores proposed by Volpara® and
correlated to the visual BI-RADS® 5th edition density categories [29,
30]. For the derivation of the mammograms in CC view, the compression
is simulated by positioning the breast between two horizontal rigid
plates parallel to the xy-plane, while for the MLO view the two parallel
plates are rotated 45°.

The compressed phantoms are then used as an input to the Monte
Carlo x-ray solver integrated in VICTRE, which enables us to obtain both
the “for processing” and “for presentation” images, reproducing the
image processing of the Siemens Mammomat Inspiration system. Ac-
cording to Ref. [21], the x-ray energy spectrum is sampled from a
pre-computed probability distribution function corresponding to a 28
kVp tungsten anode source with a 50 pm rhodium filter and a 1 mm
beryllium window [31]. A 200 pm thick amorphous selenium
direct-conversion detector, with 85 pm resolution, is simulated,
including a 1 mm thick protective cover and a focused anti-scatter grid
with parallel strips. The distance between the x-ray source and the de-
tector is fixed to 65 cm. The calculation of the x-ray projection is per-
formed by setting the mass density of fat, fibroglandular tissue, added
muscle and skin plus nipple at 0.92, 1.035, 1.05 and 1.09 g/cm?,
respectively; for masses we fix the density to 1.2 g/cm® and for
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calcifications to 1.8 g/cm3 [32,33].

It is important to point out that despite the produced mammograms
contain 85 pm pixels, these are acquired on phantoms with 109 pm sized
voxels, derived from BCT images with 273 pm resolution. This means
that the synthetic images inherit the low resolution of the source data,
with the limitation that fine-scale features cannot be well depicted.

3. Results and discussion

In the following, the methodology described in Section 2 is applied to
generate a sample of synthetic mammograms, with different breast
shape, size, tissue composition, and type of lesion. To this aim, we
consider four sets of dedicated BCT images acquired on four patients,
which enable us to produce four reference phantoms, independent from
each other in terms of tissue composition.

3.1. Reference phantom generation and synthetic mammogram
acquisition

The reference phantom construction is depicted in Fig. 3, for a stack
of dedicated BCT images acquired on a specific patient, here named
patient #1. By combining the BCT slices on the coronal view, we obtain
a 3D grid of 624 x 592 x 243 pixels, with size of 273 pm. A trivariate
triquadratic B-spline solid is then built using the 3D grid to produce a
digital phantom, composed of 109 pm cubic voxels with associated grey
levels. The tissue classification is performed by analysing the histogram
of the overall grey levels obtained after B-spline approximation. This is
shown in Fig. 3a, together with the Gaussian fit, the residual histogram,
derived by subtracting the Gaussian fitting curve, and the Gaussian fit of
the residual. From the comparison of the two peaks amplitude and
width, it is possible to determine the tissue composition, considering
that the interval in Hounsfield units for fat typically ranges from —200 to
—50 HU [34,35]. For the specific breast here examined, the peak with
the largest amplitude and width, corresponding to fat, is located at —173
HU, and we define a threshold of —135 HU to separate it from fibro-
glandular tissue; then, we identify the skin layer. The tissue distribution
calculated slice-by-slice along the x-direction, from the thorax muscle to
the nipple, is reported in Fig. 3b. Globally, when the full skin layer is
considered, the phantom volume is composed of 85 % fat, 11 % fibro-
glandular tissue and 4 % skin (including the nipple region). Within the
category of fibroglandular tissue we also include vasculature and mus-
cle, having similar mass density and thus comparable x-ray attenuation
for synthetic mammogram generation. The top, side and front views of
the obtained right breast phantom, used as a reference for the trans-
formations reported in Sub-sections 3.2 and 3.3, are depicted in Fig. 3c,
together with a sagittal section representing the tissue internal distri-
bution, corresponding to a heterogeneously dense breast (Fig. 3d). The
main phantom dimensions, as defined in Sub-section 2.2, result to be d
=9.5cm,w=>5.3cmandh=5.6 cm.

According to the volumetric breast density grade scores proposed by
Volpara® and considering the specific percentage in volume of fibro-
glandular tissue (11 %) found in the constructed phantom, we opt for a
breast compression thickness of 6 cm for the calculation of the x-ray
projections [36,37]. The synthetic mammograms, generated in the “for
presentation” form, are reported in Fig. 4a for the CC view and in Fig. 4b
for the MLO view. In order to simulate skin loss, which can occur in real
digital mammograms, due to image saturation above a specific x-ray
exposure [38], the images are derived for different skin thicknesses,
from less (0.109 mm) to more (1.090 mm) realistic values.

It is important to note that, in addition to the projection related to the
different tissue attenuation coefficients, the derivation of “for presen-
tation” images in VICTRE pipeline requires the calculation of the pro-
jection of a homogeneous phantom, with the same shape and voxel
decomposition of the original 3D breast phantom but entirely made of
adipose tissue. In such a way, it is possible to obtain a map that allows us
to identify the regions of the breast with reduced thickness along the
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Reference phantom from patient #1
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Fig. 3. (a) Histogram of the overall grey levels obtained after B-spline approximation of the set of dedicated BCT images from patient #1, used for the choice of the
threshold for the classification of fat and fibroglandular tissues. The graph also contains the relative Gaussian fit, the residual histogram, derived by subtracting the
Gaussian fit curve, and the Gaussian fit of the residual. (b) Percentages of fat, fibroglandular and skin tissues per each coronal slice from muscle to nipple. (c)
Transversal (left), sagittal (centre) and coronal (right) views of the obtained reference breast phantom. (d) Phantom section on median sagittal plane (xz), with the

spatial distribution of the different considered tissues.

compression direction, like the skin. Then, the “for presentation” image
is calculated by multiplying the grey level at each pixel in the original
projection by the inverse of the greyscale value of the corresponding
pixel in the homogeneous phantom projection. This process enables us
to clearly visualize the total skin edge, which appears as a thick light
grey line that follows the entire breast boundary, when the input skin
thickness is within the normal range, i.e. 0.7—2.3 mm [39]. To obtain
mammograms more similar to the real ones, where the skin is not so
evident and resolution artefacts are present at the breast boundary, we
opt for a decrease in the skin thickness down to 0.545 mm, reducing the
number of skin voxel layers to 5. This value is selected for the following
modelling analysis.

To demonstrate the application of the methodology in different
cases, Fig. 5 shows the results obtained on other three sets of BCT images
acquired on three different patients, illustrating, on the left, the original
BCT images compacted in 3D objects, in the centre, the percentages of
main tissues per each coronal slice from muscle to nipple, extracted from
trivariate B-spline solids, together with the reconstructed reference
phantoms, and, on the right, the calculated mammograms in CC view.
The derived phantoms differ in size, being about 11.4 x 12.7 x 15.1 cm®
for patient #2, 8 x 9.2 x 11.5 cm? for patient #3, and 10 x 12 x 14.8
cm? for patient #4. These have a variable percentage of fibroglandular
tissue, whose segmentation is performed after fixing the thresholds
below which we assume to have fat. After histogram analysis, the
selected values are —115 HU, —45 HU and —115 HU, for the phantoms
of patients #2, #3 and #4, respectively. Following this choice, phan-
toms from patients #2 and #3 contain a percentage of fibroglandular
tissue of 17 % and 21 %, respectively, thus according to Volpara®
volumetric density grade scores they belong to the class of extremely
dense breasts; for them, we opt for a compression of 5 cm. Phantom from
patient #4 is composed of 15 % fibroglandular tissue and can be

associated with the class of heterogeneously dense breasts; this is com-
pressed to 5.5 cm. The generated mammograms reflect the variability in
tissue composition, with the ones acquired on phantoms #2 and #3
characterized by high density areas distributed throughout the breast
shape, and the fourth one interested by a more compacted fibro-
glandular region.

3.2. Application of geometrical transformations

Starting from the reference phantoms previously reconstructed (see
Figs. 3 and 5), we can generate multiple synthetic mammograms in both
CC and MLO views, by simply applying the geometrical transformations
described in Sub-section 2.2. To obtain realistic deformations of the
breast shape, the relevant parameters of each transformation should be
approximately varied within the ranges listed in Table 1. It is clear that
by properly setting the transformation parameters, it is possible to
obtain a large number of digital phantoms and thus synthetic mammo-
grams. Some examples are shown in Fig. 6 for the reference breast
phantom #1, distinguishing between the transformations that produce
shape variations mainly visible in a specific view (CC or MLO) and in
both. The shape modifications can be appreciated by comparing the
deformed phantoms depicted on the top of Fig. 6 to the transversal,
sagittal and coronal views of phantom #1 in Fig. 3c.

Focusing on the transformations responsible for breast shape modi-
fications in the transversal planes and thus observable in CC view, the
images shown in Fig. 6a are obtained for turn deformation by setting
parameters ag and a; at 0.001 and 0.47, and for flatten-side deformation
by fixing fy = 2.5 and f; = 4.5. By comparing these mammograms to the
ones in Fig. 4a, it is well evident how the turn deformation is responsible
for a more pronounced breast curvature at the external side, which can
be incremented by increasing parameter ag. On the contrary, the flatten-
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0.545 mm 1.090 mm

' (b)

Fig. 4. Visualization of the biomechanical compression of the reference breast phantom from patient #1 and synthetic mammograms generated with skin thickness
variable from 0.109 to 1.090 mm, for (a) craniocaudal (CC) and (b) mediolateral oblique (MLO) views.

side causes a compression of the internal part, which can be amplified
for higher values of f.

Considering the transformations that lead to sagittal plane variations
and thus detectable in MLO view, the images in Fig. 6b are derived by
setting co = 0.6 and ¢; = 0.15 for ptosis, and sy = 0.1, s; = —2, ty = 20
and t; = 3 for top-shape deformation. In the first case, a strong modi-
fication of the breast profile is produced with respect to the images
shown in Fig. 4b, with a noticeable hanging down effect, which can be
further raised by increasing c;. In the second case a compression of the
top part is obtained, with a curvature variation, which can be made
more pronounced for higher values of t;.

Finally, the effects of turn-top deformation, which contributes to
modifications in the coronal planes, are depicted in Fig. 6¢, for both CC
and MLO images, obtained with [y = 0.175 and [; = 0.2. Even if this
deformation produces a significant deflection of the top-half of the
breast towards the external side, the obtained mammograms result to be
very similar to the reference phantom ones, due to the negligible profile
variations on the projection planes, for both CC and MLO views.

Additional phantoms and relative synthetic mammograms can be
obtained by properly combining in sequence the above geometrical
transformations and carefully tuning their parameters.

3.3. Insertion of lesions

Another way to expand the range of images is the artificial insertion
of lesions within the reference digital phantoms, by means of a
replacement of tissue at voxel level. In Fig. 7, we have reported the CC
view images calculated after the inclusion of realistic lesions, which can
be observed in mammograms with anomalies. As an example, Fig. 7a
illustrates how the image of the reference phantom #1 appears after the
introduction, in the lower-outer quadrant, of a mass with well-defined

margins. This mass, which has a volume of 220 mm? and an average
diameter of 7.2 mm, can be representative of a cyst, a lump, or in general
a benign lesion. The case of a malignant lesion is illustrated in Fig. 7b,
with the appearance of a spiculated region characterized by sharp lines
radiating from its margin. This is created by inserting again in the lower-
outer quadrant a 4 mm sized mass with spicules with length varying
from 1 to 6 mm. Another example of anomaly is represented by calci-
fication clusters, like the one simulated in Fig. 7c, where a group of small
white spots clearly emerge in the image, due to the very high density of
these localized regions with respect to the surrounding tissues. In
particular, four lobular calcifications are inserted in the upper-outer
quadrant, with volume varying from 1.7 to 3.4 mm®>.

The digital model of the different types of lesions can be generated by
exploiting the VICTRE pipeline, which includes both a breast mass
generation software [40] and a calcification cluster generation algo-
rithm. This approach has been followed for the creation of the lesions
shown in Fig. 7a, b and 7c. Alternatively, it is possible to use the MaX-
IMA Breast Lesions Models Database, which provides lesion models with
realistic shape, obtained from segmentation of CT and tomosynthesis
images as well as from mathematical algorithms [41,42]. By varying
size, shape and position of the lesions, several images can be generated,
contributing to the population of datasets with different pathology
subtypes.

Tubular calcifications appearing as linear or rod-like calcium de-
posits [43] can also be added to the phantom after a proper segmenta-
tion of its blood vessels and ducts. To facilitate the segmentation
process, we apply the multiscale vessel enhancement filter, developed
by Frangi et al. [44], to the trivariate B-spline solid introduced in
Sub-section 2.1, analysing its multiscale second-order local structure
(Hessian matrix). Using the Vascular Modelling Toolkit (VMTK) soft-
ware [45,46], a tool widely adopted for the geometric analysis and
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Fig. 5. Visualization of the results obtained from BCT images acquired on patients #2, #3 and #4. On the left: original BCT images compacted in 3D objects. In the
centre: percentages of main tissues per each coronal slice from muscle to nipple, and reconstructed reference phantoms in coronal view. On the right: synthetic

mammograms calculated in CC view.

reconstruction of tubular structures in medical images and in silico
testing [47], we define a vesselness 3D function at different scales s,
positive outside the vessel-like structure and negative inside it, namely:

o)) -oo( -5

In (10) Ry, Ry and S are three measures, which are introduced to
distinguish between plate- and line-like structures (R;), to discriminate
blob-like structures (Rz), and to quantify grey-level contrast (S), for
differentiating the background from the relevant structures. Parameters
o, B and yx are thresholds that control the sensitivity of the filter to the
measures Ry, Ry and S, respectively; here, we select « = 0.5, § = 0.5 and
¥ = 7. We also define the minimum (spn) and maximum (spax) scales of
the structures of interest, which can be chosen so that they cover the
entire range of vessel and duct widths; here, we fix syn to 0.7 and sy« to
2. Then, we integrate the vesselness measure provided by the filter
response at different scales between sy, and spax to obtain a probability-
like estimate of vesselness.

To introduce tubular calcifications in a specific breast region, we
assign to all the phantom voxels belonging to this region and with

(10)

vesselness value within a specified interval the material properties of
calcification. As an example, Fig. 7d shows a mammogram where
vascular calcifications are inserted in the upper-outer and lower-outer
quadrants, in proximity to the skin, considering a range of vesselness
from —0.4 to —0.1. With this choice, the introduced calcifications do not
replace the entire vessel volume, guaranteeing the presence of a lumen
inside. By tuning the extension of the vesselness interval, we can vary
the calcification status.

3.4. Quality assessment of the synthesized mammograms at texture level

The quality of the synthesized mammograms is evaluated in com-
parison to real ones by calculating a series of metrics, which can provide
a quantitative measure of texture similarity. The analysis is performed
on regions of interest (ROIs) with 300 x 300 px size, mainly containing a
specific type of tissue (adipose or fibroglandular). The real ROIs are
extracted from mammograms acquired with Siemens scanners,
belonging to the Vietnamese dataset of digital mammography (VinDr-
Mammo) [48-50].

We estimate the self-similarity of texture at different scales by means
of the fractal dimension (FD), derived from both box-counting method
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Fig. 6. Examples of breast phantom deformations (top) with associated synthetic mammograms (bottom): (a) turn and flatten-side deformations with relative CC
images; (b) ptosis and top-shape deformations with relative MLO images; (c) turn-top deformation with relative CC and MLO images. The geometric transformations

are applied to the reference breast phantom from patient #1.

Well-defined mass

Spiculated mass

Lesion insertion in
reference phantom #1

Calcification cluster Vascular calcifications

(d)

Fig. 7. Examples of synthetic mammograms in CC view generated from the reference phantom from patient #1 by including artificial lesions of different type: (a)
round mass with well-defined margins; (b) spiculated mass; (c) cluster of calcifications; (d) vascular calcifications.

and FFT-based power spectrum analysis, for the latter FD = (8 — f) /2,
where f is the average log-log slope [51-54]. In parallel, we evaluate the
entropy within the extracted ROIs, to measure the texture complexity by
quantifying its degree of disorder/uniformity [55]. For the above met-
rics, greater texture similarity between synthetic and real ROIs is indi-
cated by closer values. Moreover, the synthetic ROIs are directly
compared with those extracted from real mammograms by calculating
the Feature Similarity (FSIM) index, which enables us to measure sim-
ilarity by means of phase congruency and gradient magnitude feature
maps [56]. It ranges from O to 1, where 1 indicates perfect similarity. To
provide a quantitative comparison with well-established in silico ap-
proaches, the analysis is also performed on ROIs extracted from mam-
mograms generated by using the entire VICTRE pipeline, including
phantom creation with a voxel resolution of 50 pm, thus compatible
with the resolution of mammography.

All the metric values are reported in Table 2, considering two sets of
ROIs with a prevalence of fibroglandular or adipose tissue. For both the
two compared methods for generating synthetic images (i.e. our pro-
posed approach using patient-based phantoms and the one exploiting
the entire VICTRE pipeline), the greatest similarity to the real ROI is
achieved for the fibroglandular tissue ROIs. For the case of adipose tis-
sue, better scores are obtained for the ROI generated with the

patient-based phantom approach, with a higher value of FSIM, and
values of FDs and entropy closer to the ones evaluated for the real ROI.

Finally, a short visual grading analysis (VGA) is performed by the
two co-authors from the Dutch Expert Centre for Screening (LRCB) in the
Netherlands, both experts in radiology with a focus on mammography.
The image quality criteria adopted for the assessment of the realism of
the synthesized mammograms, and the relative scores, are summarized
in Table 3, distinguishing among anatomical structures and tissues. They
point out that the spatial distribution of fibroglandular and adipose
tissues throughout all the breast shape is sufficiently realistic, the
greyscale of fibroglandular tissue and soft tissue lesions are well
reproduced, and the skin line and the nipple are adequately constructed.
However, the obtained images are easily distinguishable as synthetic,
due to the low resolution inherited from the BCT images. As a conse-
quence, the Cooper’s ligaments are not clearly visible, the vessels
contain gaps and cannot be seen in dense areas, and the ducts are not
sharply depicted. Also the representation of soft tissue lesion margins
and calcifications suffers from the low resolution of the images, needing
to be improved.
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Quality assessment of the synthesized mammograms at texture level, performed by calculating different metrics on ROIs extracted from clinical images and from the
images generated with our patient-based phantom approach and the entire VICTRE pipeline.

Tissue ROI Box-counting FD FFT-based FD Entropy FSIM
Real 1.92 + 0.44 2.66 6.39 /
:k »
Patient-based phantom o . | 2.07 +£ 0.40 2.68 6.62 0.71
PR
. ‘
Fibroglandular -
e W
VICTRE-based phantom 2.09 + 0.46 2.83 5.95 0.71
Real 1.93 + 0.41 2.85 5.38 /
Patient-based phantom 2.16 + 0.34 2.94 6.13 0.69
Adipose
VICTRE-based phantom 2.16 £+ 0.32 3.10 6.33 0.61

3.5. Advancements, limitations and future directions

The proposed methodology has been demonstrated to be suitable for
the generation of multiple synthetic mammograms, reproducing
anatomical structures and textures with an adequate level of realism.
The possibility of including different types of lesions directly in the
phantoms enables us to easily perform data augmentation, in view of Al
application for anomaly detection, providing an instrument that can
support training, validation, generalisability and explainability tasks.
Moreover, the applied geometrical transformations mimic the common
deformities that can be observed in breast shape, representing a step
forward with respect to the use of conventional data augmentation
techniques, based on translation, rotation, scaling, flipping or resizing
[571.

Another important achievement is the possibility of generating
mammograms not only in CC view, but also in MLO view, with the
introduction of the pectoralis muscle forming a V shape, typically well
evident when the image is acquired after positioning and compressing
the breast at 45°. Moreover, thanks to the use of a multiscale vessel
enhancement filter, it becomes possible to easily include in tubular
structures, like vessels and ducts, distributed calcifications. An addi-
tional advantage is that the synthetic mammogram dataset can be
further expanded by using Neural Style Transfer methods, which can
allow us to replicate the style from various mammography scanner
vendors, strongly differing in terms of sharpness, contrast, texture
appearance and overall grey level distribution [58-60].

In comparison to other in silico approaches, like the one exploiting
the entire VICTRE pipeline [21], ours has the limitation that the phan-
toms are originated from medical images, thus inherit possible artefacts,
noise, low contrast, and low resolution of the source data. In the specific
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case of phantoms obtained from BCT images, large-scale features are
well reproduced, but fine details associated with the linear structures (i.
e. ductal network, blood vessels and Cooper’s ligaments) are not accu-
rately depicted, as can be done with VICTRE. Anyway, with our
approach, and, in general, with patient-based phantom reconstruction,
it is possible to obtain more realistic representations of the parenchyma,
and of the boundaries between fibroglandular and adipose tissues [61].
As pointed out by the VGA in Table 3, the generated phantoms lead to
synthetic mammograms where the spatial distribution of fibroglandular
and adipose regions is appropriately depicted throughout all the breast
shape. In particular, there is an increase in density of tissue pattern from
the pectoral side to the nipple, difficult to reproduce with the phantoms
created with VICTRE, which leads to more random distributions of
fibroglandular regions. Nevertheless, patient-based approaches are
more computationally expensive and have the drawback that the num-
ber of independent phantoms that can be produced depends on the
clinical data available, differently from the approaches using mathe-
matical methodologies [21,62,63].

Another limitation of the developed methodology is that the ob-
tained images have a resolution comparable to the lowest one of real
digital mammograms, which have a pixel size typically ranging between
50 and 100 pm [64]. The reason is that the phantom has been derived
from BCT images with a lower spatial resolution (around 270 pm); thus,
the anatomical detail content in the generated synthetic mammograms
results to be smaller than the one detectable in current mammography.

A possible solution for improving the final resolution of the calcu-
lated x-ray projections is to use, as an input of the phantom generation
process, images acquired with the most recent cone-beam BCT scanners,
with a spatial resolution of up to 100 pm per pixel in all the three di-
mensions, and thus comparable to the resolution of digital
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Quality assessment of the synthesized mammograms, performed by means of visual grading analysis (VGA).

Anatomical structure/
Tissue

Image quality criteria

Rating scale

Adipose/fibroglandular ~ Appropriate construction of spatial distribution of adipose

and fibroglandular tissues throughout the breast shape

Good: the spatial distribution of adipose and fibroglandular tissues is appropriately
depicted throughout all the breast shape, with a realistic increase in density of tissue
pattern from the pectoral side to the nipple.

Adipose/fibroglandular ~ Appropriate depiction of adipose and fibroglandular tissue

texture

Fair: it is possible to perceive differences in breast tissue due to texture variation.
However, the synthetic images have much lower resolution than the real ones leading to
correlation between pixel values. Moreover, due to the noise texture, the adipose tissue is

not sufficiently black.

Fibroglandular Appropriate depiction of fibroglandular tissue greyscale

Good: the greyscale of fibroglandular tissue is sufficiently realistic.

Connective tissue,
vessels and ducts
Pectoralis muscle

Sharp depiction of Cooper’s ligaments, vessels and ducts

Appropriate depiction of the pectoralis muscle, when
present

Skin Appropriate depiction of skin line with respect to
background and breast shape
Nipple Visibility of nipple

Soft tissue lesions Visualization of soft tissue lesions with a different density
with respect to the surrounding tissue
Soft tissue lesions Visibility of soft tissue lesion morphology

Soft tissue lesions Sharp depiction of soft tissue lesion margins

Calcifications Visualization of calcifications with a different density with
respect to the surrounding tissue
Calcifications Visibility of calcification morphology

Fair: the Cooper’s ligaments are not clearly visible, the vessels are constructed with gaps
and cannot be seen in dense areas, and the ducts are not sharply depicted.
Medium: in MLO view the muscle is depicted with a correct angle and greyscale level, but
is somewhat artificial from an anatomical point of view.

Good: The skin line shows some white band artefacts, reproducing skin line artefacts that
can be seen in real mammography images.

Good: The nipple is visible in most cases. In some cases the nipple is not visible, but this
can also occur incidentally in real mammography.

Good: the greyscale level of the soft tissue lesions seems realistic.

Fair: the soft tissue lesion morphology is difficult to appreciate due to the low resolution
of the images.

Fair: due to the low resolution, soft tissue lesion margins are difficult to interpret.
Medium: The density of vascular calcifications with respect to the surrounding tissue
seems appropriate. The calcifications clusters seems too bright, making their depiction not
sufficiently realistic.

Fair: The visibility of calcifications suffers from the low resolution of the images, making
their depiction not sufficiently realistic.

mammography [65]. Another approach is to leverage machine-learning
models to generate super-resolution breast phantoms, but this requires
the availability of high-resolution breast specimen images, like the ones
obtained with synchrotron CT systems, for the proper training of the
algorithms [66]. As an alternative solution, super-resolution techniques
based on convolutional neural networks can be directly applied to the
low-resolution synthetic mammograms, making them appear sharper
and more detailed, while preserving their content and anatomical fea-
tures [67].

4. Conclusion

In this work, we have proposed a methodology that, starting from
sets of dedicated BCT images acquired on different patients, enables us
to create highly realistic digital phantoms, to be used for generating
synthetic mammograms. Exploiting trivariate tensor product B-splines
and morphological operations, we perform tissue segmentation, dis-
tinguishing among fibroglandular, fat and skin tissues, and obtain voxel-
based structures having spatial resolution nearly compatible with digital
mammography. The generated phantoms are then used as input for the
biomechanical compression and x-ray imaging simulation process
implemented in the VICTRE pipeline, which allows us to obtain syn-
thetic mammograms in “for presentation” form.

Data augmentation is carried out introducing shape modifications to
the reconstructed phantoms, through the application of geometric
transformations that replicate common anatomical deformities. To
better reflect the variability observed in real-world clinical cases, we
also introduce different types of lesions, including round or spiculated
masses, tubular calcifications or clusters of microcalcifications. This
approach offers a significant advantage, as it enables the generation,
from a single BCT scan, of multiple sufficiently realistic synthetic
mammograms, differing in breast profile and lesion features. The
number of cases can be indeed increased if the available BCT scans cover
the different types of breast composition, from almost fatty to extremely
dense. Such flexibility can be leveraged to produce synthetic databases,
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which can be effectively used to train and benchmark Al models, thereby
enhancing their robustness and generalisability in breast diagnostic
imaging.
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