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Abstract

The accuracy of patient-specific biomechanical models of the breast is a
major concern for applications such as surgical simulation, surgical guidance or
cancer diagnosis. Being able to predict the localization of a lesion depends on
the realism of the chosen model. However, the elastic parameters that define the
biomechanical behavior of the breast tissues are highly variable among patients
and their estimation becomes a very difficult task. This behavior is usually
simulated with hyperelastic biomechanical models of the breast tissues. This
paper presents an iterative search algorithm based on genetic heuristics which
is able to estimate the elastic constants of a biomechanical model proposed to
characterize the behavior of the breast tissues. Moreover, this methodology does
not depend on the chosen biomechanical model. The algorithm was validated
using breast software phantoms, compressed to mimic MRI-guided biopsies. The
biomechanical model chosen to characterize the breast tissues was an anisotropic
neo-Hookean hyperelastic model. Results from this analysis showed that the
methodology is able to find the elastic constants of the constitutive equations
of the proposed biomechanical model with a mean relative error of about 10%.
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1. Introduction

The simulation of the mechanical behavior of the breast has become very
relevant in the last years since it plays a main role in an important number
of biomedical applications related to surgical simulations [1, 2, 3, 4], surgery
guidance [5, 6] or cancer diagnosis [7, 8, 9]. These applications involve large
deformations of the breast tissues such as mammographic compression or grav-
ity loading deformation, which are usually modeled using the Finite Element
Method (FEM).

One of the main challenges when modeling the biomechanical behavior of
organs like the breast is to create patient-specific models that improve the re-
alism and accuracy in a reasonable computation time. This is due to the high
variability of the behavior of the breast tissues between patients and throughout
the breast. However, the estimation of the biomechanical properties of the living
tissues is not straightforward. The measurement of these properties is usually
a complex task since the behavior of the tissues is highly variable between indi-
viduals. In the case of the breast, there are mainly three tissues whose behavior
must be modeled, namely: skin, fat and glandular tissue. Each one of them has
different biomechanical properties that must be estimated for each patient in
order to build an accurate model of the whole breast.

Elastography is a common method for the in-vivo estimation of the elasticity
of the breast [10, 11, 12, 13, 14]. This technique measures the dynamic stiffness
of a tissue by cyclically applying a load. However, classic elastography is only
useful to estimate the behavior of the tissues when they are considered isotropic
and linearly elastic. Despite this limitation, use of elastography in the measuring
of the viscoelasticity and hyperelasticity of the different breast tissues have been
reported [15, 16].

In contrast, computational methods based on parameter optimization are

being applied to characterize the biomechanical behavior of the in-vivo tissues.
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Specifically, evolutionary computation has been used in this field to identify the
elastic constants of a hyperelastic model proposed to characterize the biome-
chanical behavior of the heart [17, 18] and also of the arterial wall [19]. In [20]
our group presented a study of several evolutionary algorithms applied to in-vivo
characterize the biomechanical behavior of the liver. The conclusion was that
genetic heuristics performed better than other algorithms to estimate the elastic
constants of an arbitrary biomechanical model proposed to simulate the liver
behavior. The main advantages of this approach was the use of medical images
that avoided the invasive measure of the mechanical response of the organ.

In the case of the breast, the work presented in [21] characterized the biome-
chanical behavior of the internal tissues of the breast in-vivo by means of an
optimization algorithm which, using a compressed breast and measuring iter-
atively the similarity to a simulation of that deformation, provided the elastic
constants of the proposed model. This is the first work in which the search
was driven by a combination of a simulated annealing algorithm and a gradi-
ent descent algorithm in order to characterize the breast tissues. The authors
used the Normalized Mutual Information (NMI) as a cost function to measure
the similarity during the iterative search [22]. However, using this image-based
comparison may result in inaccurate results since NMI does not consider the
spatial distribution of the tissues but only the gray value entropy of both 3D
images. In order to evaluate the accuracy of the given model, the cost function
must consider the whole volume including the internal tissue distribution.

This work presents a methodology for estimating the in-vivo elastic con-
stants specific to individual patients, of any biomechanical model proposed for
characterizing the mechanical behavior of the breast internal tissues. A param-
eter optimization algorithm based on genetic heuristics and using volumetric
comparison for evaluating the similarity was used to obtain a virtual deformed
MRI of the breast as close as possible to a real deformed MRI. The methodology
was validated using the software breast phantom proposed in [23] in order to
speed up the calculations and mimic as much as possible the real breast tissue

distribution. This methodology is easily applicable to real breast images and
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presents a novelty for the in-vivo characterization of the breast tissue mechanical

behavior.

2. Materials and Methods

The methodology proposed in this paper is based on the acquisition by an
MRI-guided biopsy device of two 3D images of the breast in different states of
deformation. This device takes an MRI of the uncompressed breast in prone
position as well as an MRI of the same breast under compression. The compres-
sion is performed by two rigid plates which hold the breast in a fixed position
during the biopsy. The applied compression force must be known in order to
perform the simulation of that compression. This force is provided by means of
a force detector placed on the plates as described in [24]. From the MRI of the
uncompressed breast, the simulation of the compression produced by the plates
is performed using a biomechanical model proposed to emulate the behavior
of the breast tissues. Then, an iterative search process is applied in order to
find the elastic constants of the constitutive equations of the proposed model
which provide the best fit between the simulated compressed MRI and the real
compressed MRI.

In order to prove this methodology, breast software phantoms were used for
creating synthetic cases similar to real ones while controlling all the constraints
as well as reducing the amount of unknown boundary conditions. Since the
biomechanical model needs the distribution of the different tissues of the breast,

it is assumed that this segmentation has been already performed as in [4].

2.1. Software phantom generation

The breast phantoms used in this work were formed by three materials:
fat tissue, glandular tissue and skin. The effect of the Cooper’s ligaments was
modeled by the anisotropy of the proposed biomechanical model [21]. The gen-
eration of the phantoms was carried out by recusrive partitioning using octrees
and implemented on GPUs in order to speed up the process [25]. The breast

phantoms consisted of a 3D raw volume simulating the distribution of fat and



89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

Figure 1: Left: coronal section of a raw phantom. Right: mediolateral section of the corre-
sponding phantom. Each gray level denotes each tissue type: white pixels correspond to the
glandular tissue, light gray pixels correspond to the fat tissue, dark gray lines correspond to
the Cooper’s ligaments and mid-dark gray pixels sourrounding the phantom correspond to
the skin.

dense compartments in the breast volume separated by the Cooper’s ligaments

and wrapped by the skin. An example of a phantom is shown in Figure 1 [23].

2.2. Biomechanical modeling

Although most biomechanical models of the breast do not include the ani-
sotropy of the Cooper’s ligaments due to the difficulty of knowing their local-
ization, some sensitivity studies considered that their influence is significant
[26, 7, 27]. Furthermore, it must be considered that the breast is subjected
to gravity loading in every acquisition technique due to the patient is in prone
position. How to obtain the non-reference state of the breast, without loads,
is something that is still under investigation [28]. Therefore, in order to model
those influences in the behavior, the anisotropic hyperelastic model proposed
in [21] was used in this work. The model proposed in [21] considers that the
anisotropy due to the presence of Cooper’s ligaments as well as the effect of the
gravity force, can be modeled considering the breast as a fiber-reinforced mate-
rial. They defined the orientation of the fibers in the chestwall-nipple direction

which means that the breast is more likely to deform in the fiber direction. This



s fiber reinforcement allows to simulate the initial deformation of the breast due
ws  to the gravity force as well as considers the internal interactions of the Cooper’s

1

=)

7 ligaments. The strain energy function for materials with fibers aligned in a spe-
s cific direction can be defined as Eq. (1) shows, where the isotropic component

w0 and the fiber anisotropy are decomposed.

W = Wiso(I1, I2,I3) + Wip(1s) (1)

110 Following the indications in [21], a neo-Hookean hyperelastic model was
m chosen in order to reduce the number of variables of the model to be predicted.

2 Eq. (2) shows the final energy function of the model used in this work.

1
Wiso(I1, Iz, I3) = g(Il -3)+ a(J - 1)
Wyin(Ia) = 3 (Ia = 1)’ 2
13 where p stands for the initial shear modulus of the material, d stands for

ns  the incompressibility parameter of the material and 7 stands for a parameter

s controlling the strength of the fibers.

1

jr

Both p and d parameters can be determined from other two elastic param-

eters, the Young’s modulus E and the Poisson’s ratio v shown in Eq. (3).

B E
TSR
2
d= -+ 3
- 3)
E
k=——-—
3(1—-2v)
116 The skin was considered isotropic with only one parameter to estimate,

17 Fgpin. Assuming that all the tissues are incompressible (v = 0.49), (Eyq,
us  Nfaty Eglandulars Nglandulars Eskin) 18 the set of parameters to be estimated by

ne the search algorithm.
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Figure 2: Simulation of the mammographic compression of a breast phantom.

2.8. Boundary conditions and contact

The mesh of the breast phantom was placed between two rigid plates, thus
simulating the breast compression in an MRI biopsy device (Figure 2). Ad-
ditionally, the corresponding nodes belonging to the chest wall were restricted
in the chestwall-nipple direction (Z) and some nodes already in contact with
the plates were also restricted in the vertical direction (X) to avoid rigid body
displacement during the simulation. A force was applied to the moving plate
in the Y direction while the other plate was completely fixed. To reduce the
variability of the experiment and the number of variables affecting the whole
simulation, the contact between the plates and the breast surface was modeled

as a non-friction contact.

2.4. Finite element mesh

The finite element method was chosen to simulate the biomechanical behav-
ior of the breast tissues under compression due to its ability to model complex

geometries and boundary conditions. Usually, the finite element meshes that
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draw the boundary of the different tissues that forms an organ present conver-
gence problems in the simulation of large deformations like the mammographic
compression. This is mainly due to the bad quality of the generated elements.

In order to avoid this problem, the approach presented by our group in [29]
was adopted to generate the FE meshes. In this approach, the meshes were
generated with elements of similar size and shape, thus creating a more stable
mesh which performs better under large deformations. The meshing algorithm
is blind to the internal tissue distribution and generates a regular mesh with
only one material. After the homogeneous mesh creation, each tetrahedron is
assigned to the corresponding tissue: fat, glandular or skin. For that, gray values
of the phantom at the tetrahedron vertices and at the centroid coordinates are
extracted. Finally, each tetrahedron is assigned to the most common material

from these 5 points.

2.5. Volumetric similarity

In order to evaluate the similarity of each virtual deformed breast with the
real one accurately, the Geometric Similarity Function (GSF) [20, 30] was used
in this work. This function is a combination of the Jaccard Coefficient [31] and
the Modified Hausdorff Distance [32].

Jaccard Coefficient JC' measures the overlap between two volumes as Eq.
(4) shows, where V7 and V5 stand for the volumes to be compared. JC provides

values between 0 and 1, where 0 means no overlap and 1 means a total overlap.

Vinv,
4
iuv, )

Modified Hausdorff Distance M HD is defined in Eq. (5), M HD measures

JC =

the average distance between the voxel ¢ of a volume V; and the closest voxel

of the other volume V5.

MHD = max(dy, (1), dv, (7)) (5)

GSF is defined by the combination of JC and M HD as it is shown in Eq.
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Figure 3: Flowchart of the optimization process using genetic algorithm.
o (6). The lower the GSF values, the better similarity between volumes.
GSF =log((1 — JC)MHD) (6)
w1 2.60. Estimation of the Biomechanical Model
162 A diagram of the iterative search algorithm is shown in Figure 3. First, the

13 breast compression is simulated using the target set of parameters X;. This
1« simulation is used as a ground truth to evaluate the similarity of each candidate
15 simulation during the iterative search.

166 Iterative search algorithms are often used to optimize a fit function f(X),
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changing the input parameters X and using the output of the function to min-

imize or maximize its value.

X =argmin f(X) where X = {x1,22, - , 2} (7)

However, in many applications, f(X) usually has local minima that makes
the simplest algorithms to get stuck, thus not being able to discover the global
minimum of the function. For these cases, more complex algorithms like simu-
lated annealing, scatter search or genetic algorithms must be implemented.

In [20], the capability of several evolutionary algorithms to estimate the elas-
tic constants of the biomechanical models proposed for the liver was compared.
As commented previously, the conclusion was that an iterative search based
on genetic heuristics performed better for the estimation of these parameters.
Therefore, in order to estimate the parameters of the considered breast tissues,
a genetic algorithm was implemented in this work.

The outline of the implemented methodology is the following;:

1. Initialize: a random population of samples X is created. It is common to set
an interval for each parameter to be found in order to help the algorithm to

search in the area where the global minimum of the function may be located.

2. New population generation: iteratively, the algorithm creates a new candidate

set of parameters X;;1 by means of the following steps:

a) The algorithm computes f(z) for each individual in the current set X;.
b) Those individuals with the best score are selected as parents.

c¢) Parents with the best score are tagged as elite and pass directly to the
next population.

d) Non-elite parents are used to generate new children both by mutation
(randomly changing a parent) and by crossover (combination of several
parents).

e) The next candidate population X;4; is created by joining elite and chil-

dren.

10
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3. Termination: step 2 is repeated until a stop condition is reached. This
can be a specific number of generations, a timer, or when the function does
not change within a tolerance range. Finally, the set of parameters that

minimized the function is designated as X

In each generation i of the algorithm, the candidate sets of parameters X;
are applied to the model to simulate the breast compression. Both the target
deformation and the candidate simulation are used to deform the 3D software
phantom, thus having a target phantom and a candidate phantom. The creation
of the deformed software phantoms was carried out on the GPU, considering
the undeformed phantom as a 3D texture and using a linear interpolation of
the gray levels over each deformed element of the mesh. The comparison was
carried out only using the glandular tissue compartments with the GSF as fit
function. The larger size of fat tissue with regard to glandular tissue could
cause the average values of GSF to be less significant. Additionally, the main
differences were located in the neighborhood of glandular tissue compartments.
Therefore the focus was made on those areas.

Finally, the stop condition is evaluated. In the case of not achieving a low
enough value of GSF, the genetic algorithm takes over the task of generating
a new set of parameters X;;; and the iterative process starts again until an
optimum value of the GSF is obtained.

The iterative search was developed in a MATLAB script using the genetic
algorithm implemented in this software and accessible using the function ga
[33]. Taking advantage of the independent simulations of the genetic algorithm
within the same generation, the process was parallelized in the different cores

of the computer thus accelerating the search.

3. Results

Ten phantoms with glandular density between 7% and 35%, with a volume
of 450ml and identical shape were generated. For all of them, the size of the

uncompressed phantoms was 17cm in vertical direction, 10cm in lateral direction

11
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and 5cm in chestwall-nipple direction. Resolution of the phantom voxel was set
to be 200um, which was small enough to detect the slightest differences between
candidate and target deformations.

A uniformly distributed force of 100N was applied on the movable plate.
This value was chosen as the average value of the forces applied to perform
mammographic compression to real patients during X-ray mammography [4].

The experiment considered three different sets of target parameters. For
a first validation of the methodology, in the two first experiments, X} and
X2, the skin tissue was not considered and was treated as fat tissue. These two
experiments allowed to simplify the model. A third experiment was then carried
out, this time taking into account the skin, thus having a complete model of the
breast X3.

Target and predicted parameters for each one of the phantoms are shown in
Tables 1, 2 and 3. It is important to notice that although GSF is very useful to
discriminate good and bad volume similarity, there is no natural interpretation
of its values. Therefore, the tables show the values of both JC and M HD for
interpretation purposes.

Considering the variability of the biomechanical behavior of glandular and
fat tissues estimated by [21], the search space of the iterative algorithm was

defined by the following initial intervals:

Efar € [5000 — 20000] Pa

Nfat €  [50000 — 200000]
Eglanduiar € [5000 — 80000] Pa
Nglandutar € [50000 — 200000]

Eskin, € [200000 — 3000000] Pa

The genetic algorithm configuration was set up as follows: the population
size for each iteration was set to 84 in order to paralellize the process among the

12 cores of the computer. The crossover fraction was set to 0.8, this meant that

12
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Table 1: Parameters for the target deformation X% and estimated parameters for the model
without skin.

Efat Eglandular MHD
(Pa) Nfat (Pa) Nglandular JC (Vox)
X} 10 000 100 000| 40 000 150 000| 1 0

X% Phantom 1| 9746 107 720 | 49 812 119 410 |0.947 0.689
X% Phantom 2| 10 036 104 840 | 40 049 126 520 |0.988 0.20
X% Phantom 3| 9766 119 430 | 47 541 114 900 |0.944 0.788
X% Phantom 4| 10 086 113 560 | 37 552 110 840 |0.978 0.422
X% Phantom 5| 10 303 91 353 40 256 60 956 |0.913 0.90

Avg. X} 9987 107 381 | 43042 106 525 | - -
Std. Dev. 234 10569 | 5314 26130 | - -
Error | 1.83% 10.84% | 10.05%  28.98% | - -

the 80% of the children were generated by mutation and the 20% by crossover;
the elite count was set to 2, these are default values in MATLAB. Finally,
the number of generations was set to 15, ensuring enough exploration of the
search space in a reasonable computation time. This configuration provided
good results previously [20]. These parameters can be tuned for each problem
and the results may improve, a specific study for each patient could be performed
in order to know the best configuration for the genetic algorithm.

The commercial FE package ANSYS® was used to simulate the target de-
formation as well as each candidate simulation. The glandular compartments
of the candidate compressed phantoms were compared with the same compart-
ments of the target compressed phantom using GSF' in a parallelized MATLAB
script. The number of simulations needed to achieve the final values varied be-
tween phantoms and was about 1000 simulations in 48h of computation time.
The used computer was an Intel Xeon X5650 @2.66 GHz (12 cores) with 64GB
of RAM.

Figure 4 shows one section of the same phantom deformed using the target
parameters (left) and the estimated parameters (middle). Additionally, the right

image shows their absolute differences, white pixels denote the non matching

13



Table 2: Parameters for the target deformation th and estimated parameters for the model

without skin.

Efat Eglandular MHD
(Pa) nfat (Pa) nglandular JC (VOX)
Xz | 7500 75 000| 30 000 112500 | 1 0
XZ Phantom 6 | 7538 73112 | 29826 121 820 [0.991 0.226
X?Z Phantom 7 | 6785 96 682 | 31488 154 810 |0.926 0.667
X2 Phantom 8 | 7523 95324 | 28292 74674 |0.953 0.652
X2 Phantom 9 | 6520 75593 | 34445 180 770 |0.923 0.850
X2 Phantom 10| 7532 71527 | 29717 99 797 |0.988 0.258
Avg. X2 7180 82448 | 30754 126374 | - -
Std. Dev. 490 12468 | 2353 42330 | - -
Error |4.77% 12.79% | 5.40%  30.30% | - -

Table 3: Parameters for the target deformation X? and estimated parameters for the model

considering the skin.

Efat Eglandular Eskin MHD

(Pa) Nfat (Pa) Nglandular (Pa) JC (VOX)
X3 |10 000 100 000| 40 000 150 000 |1 600 000 | 1 0
X3 Ph. 1| 10086 101290 | 37390 160 110 | 1577 800 |0.933 0.72
X3 Ph. 2| 10116 102534 | 69040 159300 | 1492338 | 0.91 2.29
X3 Ph. 3| 9886 84556 | 40958 87594 | 1637200 [0.961 1.71
X3 Ph. 4| 11372 87682 | 30150 165830 | 1502500 [0.949 1.18
X3 Ph. 5| 11452 77835 | 40307 191230 | 1499500 | 0.90 1.29
Avg. X3 | 10369 92845 | 37817 155159 | 1572020 | - -
Std. Dev.| 1029 14076 | 4503 39549 | 69 689 - -
Error  [7.95% 1282% | 7.00% 2008 % | 456 % | - -

14



Figure 4: Left: Coronal section of the deformed phantom using the target parameters th
Middle: Coronal section of the deformed phantom with the estimated parameters. Right:
Difference between target and estimated deformed phantoms. In the right image, white pixels
correspond to mismatching voxels.
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pixels between the target and estimated deformed phantom.

4. Discussion

The first two experiments achieved a mean relative error of 1.83% and 4.77%
for Eqe, 10.05% and 5.40% for Egianduier and 10.84% and 12.79% for nsq:.
These errors are relatively low and the estimation of these parameters with the
presented methodology can be considered successful. Regarding the parameter
controlling the fiber strength for the glandular tissue, 7giandular, its estimation
was not so accurate.

To analyze this result, a sensibility analysis was performed in order to know
the influence of this parameter in the model. To perform this, all the parameters
except Nglandular Were fixed to their target values. Then, ngiandutar Was iterated
separately over the search interval [50000 — 200000] and the deformed phantom
obtained with this set of parameters was compared to the target phantom.
Figure 5 shows a graph with the tendency of JC' and M HD when varying
Nglandular OVEr the initial search interval. Values of JC > 0.93 and MHD < 1
voxels in the whole range proved the low influence of this parameter in the
model.

The n parameters take into account two effects: gravity force and influence
of Cooper’s ligaments. On one hand, the breast is subjected to initial strains-
stresses due to the gravity force in both states, compressed and uncompressed.
Ideally, the deformation caused by the gravity force must be considered sepa-
rately of the tissue deformation model. Unfortunately, knowing the non-strain
state of the breast is something that is still being investigated [28]. On the other
hand, the influence of the Cooper’s ligaments was modeled only in one direction
as stated in [6]. Since they have an unknown effect on the model the effect
of these ligaments could be modeled in the three directions of the space. This
would involve that new parameters should be added to the model. Nevertheless,
they could also be estimated with the proposed methodology.

Regarding the anisotropic parameter for the fat tissue, 14, its estimation

was more accurate with an error lower than 13%. This discrepancy with the
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estimation of Ngianduiar can be explained due to the higher presence of fat tissue
in the breast as well as the higher influence of the Cooper’s ligaments in this
region. This results in a higher effect of 1y, on the model compared to the
effect of Ngrandutar-

It is important to highlight the importance of JC and M H D which indicate
how much accurate the estimation was. The best estimated set of parameters
were for Phantoms #2 and #6, which JC' values were about 0.99 and M HD
was 0.2 voxels (1 vox = 200 ym). These are good indicators of the accuracy
of the parameter estimation which, especially in these cases, were estimated
very close to the target parameters with errors lower than 1% for E and lower
than 5% for .. Other phantoms with worse values of these coefficients were
estimated less accurately. However, modifying the initial setup of the genetic
algorithm could improve those values.

As for the estimation of the whole model of the breast, including the skin, the
accuracy of the elastic parameters showed errors lower than 8%. The addition
of the skin to the model did not decrease the performance of the methodology.
In this case, the estimated elasticity for the skin was achieved with a 4.56%
of relative mean error which indicates a high influence in the breast model as
reported in [4]. In contrast, the estimation of the 7 parameters showed an
accuracy in consonance with the first two experiments, where 7g;qnduiar did not
induce much variability within the search range.

The number of elements of the biomechanical model also influenced the
search algorithm. Increasing the element density would impact highly the time
needed to solve the contact problem but would also increase the accuracy of the
search. Furthermore, reducing the search intervals would cause the algorithm
to converge faster by reducing the search space. In this paper, those intervals
were set particularly wide in order to prove the suitability of the methodology
in case of barely knowing the elastic parameters of the different tissues. In-
creasing the complexity of the problem by using a biomechanical model with
more parameters would cause the algorithm to converge slower. Nevertheless,

the methodology could still be applied since genetic heuristics are very efficient
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when having a problem with many variables to optimize [20].

The application of the methodology to real breasts is straightforward. De-
spite the higher complexity of the internal distribution of the breast tissues, the
MRI can be segmented and the comparison between the real compressed MRI

and each candidate biomechanical model can follow the same procedure.

5. Conclusion

The methodology described in this paper allows to in-vivo estimate the
patient-specific biomechanical properties of the breast tissues. The different
tissues of the breast were this way characterized, providing the elastic constants
of an anisotropic hyperelastic model for the fat and glandular tissues and for an
isotropic elastic model in the case of the skin. The genetic algorithm was able
to find a set of elastic parameters almost identical to the target ones without
knowing anything about the original behavior and in a wide search space. The
performance of the methodology was proved with breast phantoms achieving an
estimation error of less than 10%. This methodology can be easily applied to
characterize the biomechanical model for real breasts.

Our ongoing research is the application of the proposed methodology to real
breasts. Future works will include the characterization of a complete model for
the breast able to simulate the deformation that the breast undergoes during
X-ray mammography and the tuning of the initial setup of the genetic algorithm

for each patient.
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