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Abstract. Increasing interest in multimodal breast cancer diagnosis has
led to the development of methods for MRI to X-ray mammography reg-
istration. The severe breast deformation in X-ray mammography is often
tackled by biomechanical models, yet the required complexity of the de-
formation model and the simulation strategy vary strongly in literature.
We present an automated patient-specific biomechanical model based
registration method and compare different biomechanical models with
isotropic and orthotropic material, with and without estimation of the
unloaded breast state. A patient-specific optimization of simulation and
preprocessing parameters is proposed. Both the target registration error
(TRE) as well as the breast overlap of X-ray mammogram and regis-
tered MRI are assessed for four patients. Patient specific optimization
decreases the registration error by 40% to approximately 12 mm. Com-
pared to a mere isotropic material model, including the estimation of
the unloaded state or applying an orthotropic material improves both
the TRE and the overlap of X-ray mammogram and registered MRI.
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1 Introduction

Medical imaging is essential for early breast cancer diagnosis. Due to several
screening programs around the world, X-ray mammography became the cur-
rent standard method [1], while additional imaging by e.g. magnetic resonance
imaging (MRI) is frequently used in case of suspicious findings. An increasing
interest in multimodal diagnosis [2] has led to the development of image regis-
tration methods to enable intuitive spatial correlation of three-dimensional MRI
volumes and two-dimensional X-ray mammograms. Such an registration poses a
challenge as nonlinear deformations occur when the breast is subject to mammo-
graphic compression, while the MRI is taken in prone position with the breast
mostly pendulous in the MRI coil.

Several approaches including affine transformations [3], spline transforma-
tions [4] and biomechanical models [5-8] have been presented to predict the
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deformation of the breast. Biomechanical models use simplified geometries [9],
homogeneous material [5], more complex patient-specific modeling with respect
to inner structures [6,8] and advanced boundary conditions [7]. Biomechanical
models assuming isotropic material are often not able to obtain the patient-
specific shape of the breast depicted in the mammogram. To tackle this problem,
models, which assume the prone MRI as unloaded state, apply anisotropic mate-
rials [6, 9] or post-processing steps [8], while some approaches propose removing
the gravity effect from the MRI [10, 11] before applying compression [7].

There has been no conclusive comparison of these strategies yet. In this paper
we present our automated and patient-specific biomechanical model generation
method, which is an extension to [8]. It was included in a parameterizable frame-
work for comparison and optimization of breast image registrations. We propose
a patient-specific optimization of model and processing parameters and present
first registration results with in-vivo data. In particular we use a consistent pa-
tient collective to compare biomechanical models with anisotropic and isotropic
material, as well as with and without estimation of the unloaded state.

2 Methods

The aim of the registration is to bring the breast in the MRI into a configu-
ration which is comparable to the breast shape in X-ray mammography. The
deformation applied to the MRI is controlled by a deformation model, which in
our approach is based on biomechanical simulation of the mammographic breast
deformation by applying compression plates (Fig. 1).

2.1 Automated biomechanical model generation

To obtain the patient-specific breast geometry, the MR volume is segmented
into background, fatty tissue, glandular tissue and breast muscle. We first sepa-
rate the breast from the background using a two-class Fuzzy-C-means clustering
(FCM). Afterwards the MR volume is divided at the sternum into a dorsal and
ventral part. In the ventral part fatty and glandular tissue are segmented by
a two-class FCM similar to [12], while in the dorsal part, a three-class FCM
is applied. To correct for outliers due to MRI field inhomogeneities, the breast
muscle is detected slicewise by thresholding the directional gradient of the image
after applying an anisotropic diffusion filter. Ventral and dorsal segmentations
are combined and the tissue classes with maximum likelihood are used as final
segmentation. According to the segmented tissue type, voxels are assigned an
X-ray attenuation coefficient based on literature values [13].

The MRI volume is clipped in dorsal direction at the position cut, for which
the volume of the breast tissue in the MRI fits best the estimation of the imaged
tissue volume in the X-ray mammograms per our previously described method
[8]. Afterwards MRI and X-ray mammogram are initially aligned at their cen-
ters of mass. A rotation around the vendral-dorsal axis (rot,) can be applied to
compensate for uncertainties in the mammographic projection angle and manual
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Fig. 1. Overview of the processing steps and optimization loop of the registration.

positioning of the breast on the mammographic compression plates. The MRI is
additionally rotated around the cranio-caudal axis (rot,) to meet the mammog-
raphy guidelines, which suggest a tilting of the patient by approximately 5° to
the not imaged side [14].

To create the model geometry, a tetrahedral meshing algorithm [15] based
on Delaunay triangulation converts the segmented MRI volume into approxi-
mately 1000-2000 4-node elements. At tissue interfaces, the algorithm is allowed
to reduce the volume of the elements to reflect the surfaces. Though the limited
number of elements may not accurately reflect tissue interfaces, this tradeoff was
made to reduce the computational expense. A layer of membrane elements with
adjustable thickness is added on top of the breast surface elements to model skin.
Nodes at the back of the model are fixed in ventral-dorsal direction as suspen-
sion at the chest. For the compression simulation, acrylic glass plates consisting
of 8-node hexahedrons are added to the model. A small-sliding interface with
adjustable friction between plate and breast surface is defined.

Two material models are implemented: an isotropic hyperelastic neo-hookean
material (iso) [16] and an hyperelastic fung orthotropic material (ortho) [17].
While isotropic material deforms uniformly in all directions of space, an or-
thotropic material can deform non-uniformly, e.g. in one preferred direction.
The iso material is defined by two material constants Cy; and D; which are
determined by a Young’s modulus E and a Poisson ratio v; as Coi=g7%—~ and
Di=gpr2g- A constant v; of 0.495, within the range used in literature (e.g. [6]),
is applied to model nearly incompressible material. While the iso material only
depends on scalar parameters, the ortho material has three Young’s moduli Fy,
E> and E3 and six Poisson’s ratios v, with j, k € [1,2,3],j # k. E; expresses
the stiffness of the material under a load in direction j, while v;;, expresses the
contraction in k under a load in direction j. Following [18], assuming a decou-
pling of normal and shear components, Ej, v;; and the shear moduli pj, form
the elasticity tensor C as described in eq. 1.
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To obtain a stable solution vj are calculated from a single parameter v.e
[-1.%] as vji = Vo/E;E; " [18]. Accordingly, ;i is calculated from E; and v, as
11y k=" (Es+Ey)(2(141,)) " [18] resulting in four free parameters for the ortho mate-
rial. The material parameters of iso and ortho material are chosen independently
for all segmented tissue types.

The estimation of the unloaded state follows an inversion of the gravity by
applying a body load with an acceleration of g = 9.81m/s in dorsal direction due
to its computational benefit and comparable accuracy with more complex meth-
ods [19]. To simulate the mammographic compression, the compression plates
are moved to the distance d, expressing the compression thickness, which is
initially given by the mammogram’s meta data. The biomechanical simulations
are formulated with the Finite Element Method (FEM) and computed using the
dynamic FE solver for large deformations of the software package ABAQUS [20]
in a quasi-static configuration.

After the FEM simulation, the deformation is applied to the MRI volume
by linear interpolation of the deformation within the 4-node tetrahedrons and
tri-linear interpolation of intensity values. To render an image comparable to
the mammogram, a perspective ray casting is carried out. The assigned X-ray
attenuation coefficients are used to compute the log-transformed intensity at
each detector pixel.

2.2 Patient-specific optimization

To adapt the image registration to patient-specific conditions and overcome un-
certainties like the mammographic projection angle or the tissue volume estima-
tion, an image based optimization is applied. Simulated annealing optimization
[21] with a maximum number of iterations as stopping criterion is used. The
optimization criterion can be any metric to judge the image respectively shape
similarity. In this study we used the overlap of the mammogram with the pro-
jection of the deformed MRI volume, expressed by the Dice coefficient Dicepg
[22] as optimization criterion. The parameters rot., rot,, dp, cut, are optimized
simultaneously with the material parameters. In case of the iso material, these
include the Young’s modulus for fat (F¢.:) and glandular tissue (Egiana), in case
of the ortho material, Fy, Fs, E3 and v, of fat and glandular tissue.

2.3 Evaluation method

For evaluation of the registration accuracy, clinical routine examinations were
used, each consisting of T1-weighted MRI volumes and corresponding cranio-
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caudal (CC) mammograms. They were selected to include at least one lesion,
which was clearly visible in both modalities. Those lesions were used as land-
marks, which serve as ground truth for calculating the target registration error
(TRE) as the Euclidean distance between the mammogragphy marking and the
MRI marking after deformation and projection. Additionally Dicep, which also
acts as optimization criterion, is given to estimate the overlap enhancement by
the patient-specific optimization. For a proof of principle, four datasets were
included in this study.

3 Results

The registration was computed with different configurations of the deformation
model and degrees of freedom of the model parameters as summarized in Table
3. In the four datasets a total of eight lesion annotations were available. Com-
pared to an unoptimized registration, optimizing the cut, parameter already
improves the average TRE and partly Dicep. This demonstrates the need for a
sophisticated tissue estimation in both images.

A considerable improvement of the average overlap can be identified by in-
cluding an estimation of the unloaded state (unload = yes) in the iso material
model or using the ortho material model. Both strategies deliver comparable
results and are able to reduce the average TRE to approximately 12 mm while
increasing Dicep close to the ideal value of 1. A comparison of mammograms
and registered MRIs is given in Figure 2.

|Material |Optimized parameters | Unload || TRE | DICEg |

50 — no 24.1mm| 0.853
cut no 14.4 mm 0.908
Etat, Egiand, cutz, rot., roty, dp yes 12.1 mm 0.975

ortho FE1, Es, E3 and v, for fat and no 12.7mm| 0.969
glandular tissue, cut., rot., roty, dp

Table 1. Summary of registration results using different material models and opti-
mization options.

4 Discussion and Conclusion

The presented image registration framework enables new possibilities in inves-
tigating and comparing material models, registration strategies and patient-
specific optimization for registration of X-ray mammograms with MRI. We con-
siderably extended our previous biomechanical model [8] by a state of the art
segmentation algorithm, including muscle and skin, an X-ray like ray casting
projection, estimation of the unloaded state and orthotropic material. Our pre-
liminary results with a limited number of datasets show that both strategies
applied in literature (anisotropic material, estimating the unloaded state) are
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able to enhance the registration results compared to a mere isotropic model.
This potentially enables to omit post-processing deformations applied in our
previous work [8] and increase the registration accuracy. For a proof of prin-
ciple, CC view mammograms were used in this study. In future we will apply
the framework to an extend patient collective and oblique mammographic views
to investigate the influence of registration and preprocessing parameters more
deeply.

The obtained results were achieved with a fixed number of 100 iterations as
stopping condition, which was applied for all experiments. Registration with opti-
mization of a larger number of parameters simultaneously might be enhanced by
a higher number of iterations. As optimization criterion the Dice coefficient was
applied, which judges the shape similarity of X-ray mammogram and projection
of MRI independently from the presence of inner structures or abnormalities.
The computationally most expensive biomechanical simulation with ABAQUS
is the current bottleneck. Integrating dedicated GPU-accelerated FEM solvers
in future will enable a faster computation per iteration and thereby possibly
allow for the optimization with even more patient-specific parameters. Further-
more the optimization method and its parameterization have an influence on the
outcome. We are currently investigating the influence of these.

Despite these limitations, the results of the registration are promising as with
both proposed biomechanical models, the overlap of the X-ray mammogram
and the projection of the MRI can be considerably enhanced from an average
Dice coefficient of 0.91 to approximately 0.97 and 0.98 respectively. The overall
registration accuracy is in the same range as our previous method [8], however
not any longer using a post-processing step.
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Fig. 2. Comparison of X-ray mammogram (left) and projection of deformed MRI vol-
ume (middle) for one patient with three marked lesions. The right images express the
overlap of both images by subtracting the binary area of X-ray mammogram and the
projection of deformed MRI volume. a) Isotropic model without unloaded state esti-
mation and optimization, b) isotropic model without unloaded state estimation and
with optimization of cut., ¢) isotropic model with unloaded state estimation and opti-
mization of all six parameters, d) orthotropic model without unloaded state estimation
and with optimization of all 12 parameters. The red dots depict the lesion annotations
in the mammogram, the green dots the lesion annotations in the MRI volume after
deformation and projection.
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