Automatic Multimodal 2D/3D Breast Image
Registration using Biomechanical FEM Models and
Intensity-Based Optimization

T. Hopp™*, M. Dietzel”, P. A. Baltzer®, P. Kreisel?, W. A. Kaiser¢,
H. Gemmeke?®, N. V. Ruiter®

*Karlsruhe Institute of Technology, Institute for Data Processing and Electronics'

b University of Erlangen-Niirnberg, Department of Neuroradiology?
¢Medical University Vienna, Department of Radiology®
4 University Hospital Jena, Department of Radiology*

Abstract

Due to their different physical origin, X-ray mammography and Magnetic
Resonance Imaging (MRI) provide complementary diagnostic information.
However, the correlation of their images is challenging due to differences in
dimensionality, patient positioning and compression state of the breast. Our
automated registration takes over part of the correlation task. The regis-
tration method is based on a biomechanical Finite Element Model, which is
used to simulate mammographic compression. The deformed MRI volume
can be compared directly with the corresponding mammogram. The regis-

tration accuracy is determined by a number of patient-specific parameters.
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We optimize these parameters — e.g. breast rotation — using image similarity
measures. The method was evaluated on 79 datasets from clinical routine.
The mean target registration error was 13.2 mm in a fully automated setting.
On basis of our results, we conclude that a completely automated registration
of volume images with 2D mammograms is feasible. The registration accu-
racy is within the clinically relevant range and thus beneficial for multimodal
diagnosis.

Keywords: Multimodal Registration, Breast Imaging, Finite Element
Method, Biomechanical Models, Magnetic Resonance Imaging, X-ray
Mammography

1. Introduction

It is widely known that breast cancer is the most common cancer among
women in both the developed and developing world (Fischer et al., 2007).
Approximately 230,400 new cases of invasive breast cancer and additional
57,600 cases of in situ breast cancer were diagnosed in the US in 2011. In the
US alone, almost 40,000 women are expected to die from breast cancer every
year. Only lung cancer causes more cancer deaths in women (American
Cancer Society, 2011). Mortality depends on the presence of metastases.
Detection of breast cancer in an early state, i.e. at smaller size, is essential
for an effective treatment since the likelihood of metastases is correlated to
the size of the tumor (Sivaramakrishna and Gordon, 1997).

Medical imaging is fundamental for early diagnosis. Currently, X-ray
mammography is the established screening method (Schulz-Wendtland et al.,

2009). It provides a high resolution projection image of the breast, is af-



fordable and broadly available. Today full-field digital mammography has
become the standard technique. Overall it shows a sensitivity of 45% to
90% respectively a specificity of 85% to 99% depending on the conducted
study and is able to visualize microcalcifications. However, X-ray frequently
provides poor contrast for tumors located within glandular tissue due to su-
perimposition of different tissue. This causes a problem to women with dense
breasts and the sensitivity of X-ray mammography in such cases is limited
(Pisano et al., 2008).

Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) plays
an increasing role in breast imaging. It offers high contrast for soft tissue and
high diagnostic accuracy (DeMartini and Lehman, 2008). Contrast agents are
used to visualize lesion vasculature that is typically increased in malignant
neoplasms. The evaluation of the contrast kinetics at specific time points
before and after injection allows semi-quantitative tissue characterization.
The information can be used to assist radiologists in their diagnosis (Kaiser
and Zeitler, 1989; Baltzer et al., 2009). In contrast to X-ray mammography,
the patient is not exposed to radiation. DCE-MRI has the highest sensi-
tivity for detection of breast cancer (Houssami et al., 2008; Warner et al.,
2008). Yet, the specificity is discussed controversially. Furthermore MRI is
more expensive and not as widespread as X-ray mammography (Kaiser et al.,
2000).

Due to their different physical origin, X-ray mammography and DCE-
MRI are likely to provide complementary diagnostic information. Thus, both
modalities are often read in combination for definite diagnosis. However, the

combined reading of X-ray mammograms and DCE-MRI requires a lot of ex-



perience for a number of reasons. Images differ in dimensionality, patient po-
sitioning and compression state of the breast. While the mammograms show
only a two-dimensional projection of the compressed breast, MRI provides
three-dimensional images by acquiring multiple slice images of the breast
freely hanging in prone position. As a result of the different physical origin,
tissue is imaged differently in both modalities. Image registration may help
to localize structures in the alternative modality and hence assist radiologists
in multimodal diagnosis.

The registration of X-ray mammograms and MRI volumes is a complex
task. Only few approaches have been published: Behrenbruch et al. (2003)
used the breast boundary and internal landmarks for the deformation of X-
ray mammograms to register them with projection images of MRI volumes.
Similar to this work, Marti et al. (2004) used internal landmarks to register
X-ray mammograms and MRI projection images. Both approaches did not
consider the complex deformation of structures during mammographic com-
pression. The fact that a lesion has to be visible in both modalities limits
the clinical applicability for multimodal diagnosis. Mertzanidou et al. (2010)
published an intensity based approach to register X-ray mammograms and
MRI volumes using 3D affine transformations. However, no clinical datasets
were used to account for the accuracy of this approach. The same authors
used an ellipsoidal breast model and biomechanical compression simulation
for registration (Mertzanidou et al., 2011). The mean registration error for
ten clinical datasets and MRI to craniocaudal mammogram registration was
reported to be 19.4mm for the affine approach and 12.7 mm using the el-

lipsoidal breast model. Recently a study with a considerably larger number



of datasets (49 patients) was presented, achieving a median registration er-
ror of 13.1mm (Mertzanidou et al., 2012). Rajagopal et al. (2010) used a
similar technique as we applied in previous work (e.g. Ruiter et al. (2006))
to localize microcalcifications in MRI volumes by registering images using
the biomechanical model of Chung et al. (2008). However the accuracy of
their approach was not quantified. More recently, the same group applied the
biomechanical model to the registration of X-ray mammograms and MRI vol-
umes using four clinical datasets (Reynolds et al., 2011). Yet, several manual
steps had to be carried out but the registration accuracy was still not quan-
tified. Lee et al. (2011) recently accounted for the registration error using
one dataset. By several optimizations of mammographic plate positioning,
the registration error could be reduced from 16.4 mm to 3.1 mm.

In earlier work (Ruiter et al., 2006) our group developed a method for the
registration of X-ray mammograms and MRI volumes. During mammogra-
phy the breast is squeezed between two plates resulting in a compression of
up to 50 %. The deformed breast is only depicted by a two-dimensional pro-
jection. The individual three-dimensional deformation cannot be obtained
from these images. The registration method presented in this earlier work
overcomes the challenge by simulating the compression applied to the breast
during mammography to achieve a configuration of the MRI volume that is
comparable to the mammogram. The compression simulation is carried out
using a patient-specific biomechanical model. As most other biomechanical
models used in medical image registration, the model is based on the Fi-
nite Element Method (FEM) since this simulation method can achieve very

accurate results (Ferrant et al., 2001).



The registration method was tested with six clinical datasets and reached
promising results with a mean registration error of 4.3 mm (Standard Devi-
ation (SD): 1mm) (Ruiter et al., 2006). Yet, the large variability of clini-
cal datasets, e.g. rotations caused by breast rolling during mammographic
compression or patient positioning during MRI examination, has not been
considered in this method until now. The variability results in a lower regis-
tration accuracy in a clinical setting. Furthermore, manual steps have to be
eliminated for clinical application to obtain a reproducible method. A more
patient-specific automated registration is expected to deal with a larger va-
riety of datasets and providing reasonable registration accuracy.

In this paper, we present our now completely automated registration
method using an intensity-based optimization of a FEM-driven registration
to deal with the patient-specific variability of clinical datasets. The method
was tested with a considerably higher number of datasets (79) than any other
FEM-based mammography to MRI registration.

2. Methods

The general idea of the registration method is mimicking the compression
applied to the breast during X-ray mammography by a FEM simulation. The
workflow showing all involved processing steps is illustrated in Figure 1. First
images have to be preprocessed. Afterwards the model-based registration is
carried out. Image similarity is calculated and the registration parameters
are updated. The final registered MRI is selected by the highest encountered
image similarity value. In the following sections, each part of the workflow

will be described in detail.
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Figure 1: Workflow of the image registration.

2.1. Preprocessing

X-ray mammograms as well as MRI volumes have to be preprocessed. The
MRI volume is cropped, i.e. the left or right breast is selected. Afterwards
the cropped volume is rotated to fit the internally used coordinate system.
A slice-based segmentation is carried out using thresholding, morphological
operations and active contours (Chan and Vese, 2001). For a smooth surface
in 3D, a smoothing of the segmentation mask by iterative Gaussian filtering
is applied (Fang and Boas, 2009). To overcome gaps between the MRI slices,
a linear interpolation between the slices is applied to obtain isotropic image
resolution. More details on the preprocessing steps are presented in Hopp
(2012).

The breast in the X-ray mammogram is segmented and rotated according
to the MRI preprocessing. Downscaling is performed using a linear interpo-
lation in order to meet the resolution of the MRI volume.

The volume of imaged tissue in both modalities varies considerably. In
order to register the images, the tissue volume has to be matched. Our auto-

mated approach approximates the breast volume shown in the preprocessed



MRI volume by the number of all non-background voxels. The volume of
the tissue imaged in the X-ray mammogram is obtained via an approxima-
tion of the breast by a semi-ellipsoid. The diameters are estimated from the
segmented non-background area and the measured thickness of the breast
in the compressed state, which is known from the mammogram’s metadata.
The MRI volume respectively the mammogram is cropped iteratively by one
voxel in anteroposterior direction until the difference between both estimated
volumes becomes minimal. In case of an unrecorded compression thickness in
the mammogram’s metadata, the compression thickness could be estimated
as the free parameter of the semi-ellipsoidal approximation assuming equal
amount of imaged tissue in both modalities (Ruiter et al., 2006).

For a first rigid alignment of the images, the cropping position in antero-
posterior direction is used as reference, i.e. the posterior-most boundaries of
the cropped MRI volume and the X-ray mammogram are mapped on each
other. The rigid alignment in mediolateral direction is afterwards determined
by translating the projection of the MRI volume over the mammogram. At
maximally overlapping areas of the projected volume and the X-ray mam-

mogram, the final aligned position is found.

2.2. Construction of Biomechanical Model

To simulate the compression applied to the breast during mammogra-
phy, a biomechanical model is generated on the basis of the preprocessed
MRI volume. FEM (Zienkiewidz and Taylor, 2000a,b) is used to emulate
the physical behavior of the breast during the deformation process. The
simplified principle of the registration process is illustrated in Figure 2.

The geometry of the biomechanical model is described by a tetrahedral
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Figure 2: Simplified principle of the registration process.

mesh with an average of approximately 25,700 elements. It is generated us-
ing a MATLAB meshing algorithm (Fang and Boas, 2009) based on TetGen
(Si, 2006). In order to distinguish between tissue types, the MRI volume is
classified into voxels, representing fatty and fibroglandular tissue via thresh-
olding, morphological operations and three-dimensional smoothing. For each
finite element (FE), the type of tissue is assigned using a majority decision
of voxels representing fat respectively gland within the element.

The physical behavior is described by the material model and bound-
ary conditions of the compression simulation. Obtaining automatically the
true material properties for each dataset is not feasible due to the quali-
tative imaging by MRI. Therefore the material is modeled constant for all
patients. The stress-strain relationship of the breast tissue is described by
a hyperelastic Neo-Hookean material model with material parameters de-
fined by Wellman et al. (1999). In a previous study (Hopp and Ruiter,
2011), the stiffness ratio between fatty and glandular tissue was evaluated
and optimized for our method. Glandular tissue is modeled with a 7.5 times

higher Young’s modulus than fatty tissue. Accordingly the Poisson’s ratio



was optimized in a previous study (Hopp, 2012). The registration process
was carried out with three datasets and the registration accuracy was eval-
uated. The median best result was obtained with a Poisson’s ratio of 0.3.
This value was therefore applied in the present study. Due to the unknown
patient-individual anisotropic behavior (e.g. caused by Cooper’s ligaments),
tissues are assumed to be isotropic. Although tumors have a higher stiffness
than fatty and glandular tissue (Wellman et al., 1999), the stiffness of tumors
is not modeled introducing no a-priori knowledge into the simulation. Nodes
of the FE mesh at the back are kept in position in anteroposterior direction

to model the fixation of the breast at the chest wall.

2.3. Deformation Simulation

The deformation simulation is carried out using the commercial FEM
software package Abaqus (Dassault Systeémes, 2011). The mammographic
compression is mimicked by a two-step approach. In the first step (Figure
2), compression plates are added to the simulation, which are moved closer
until the thickness of the breast during mammography is reached. The con-
tact between compression plate and breast surface is assumed to have a high
friction, i.e. the breast does not undergo a large sliding on the surface of the
compression plate. In Abaqus a small-sliding interface can be used to approx-
imate the behavior. It allows only small relative sliding between neighboring
nodes on both surfaces. The contacting nodes are pre-calculated, which al-
lows for a fast computation (Dassault Systemes, 2009). The small-sliding
interface therefore approximates a high friction coefficient while the compu-
tation can be carried out efficiently and convergence problems by explicitly

restricting nodes from undergoing a friction via boundary condition defini-
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tion are avoided. Due to the large necessary compression, Abaqus utilizes
small-step incremental methods to solve the non-linear equation system nu-
merically.

Usually, circumferences of the deformed MRI volume and the X-ray mam-
mogram do not overlap completely at this stage. This is due to uncertainties
and simplifications of the biomechanical model. For example, supporting
structures of the breast (i.e. Cooper’s ligaments) are not modeled as they
are not depicted in the MRI. Frequently these simplifications result in a lower
mediolateral expansion than could be observed in real mammograms (Tanner
et al., 2009; Ruiter et al., 2006).

These deviations are compensated by the second simulation step. A
three-dimensional model of the deformed configuration of the breast is ap-
proximated based on the mammogram. Different from the simple model to
estimate the amount of tissue in both modalities, the circumference of the
segmented mammogram is used as ground truth to be achieved by a projec-
tion image of the deformed MRI. Due to the projection acquisition, the real
shape of the breast in 3D during mammography acquisition, i.e. the shape of
the breast tissue in craniocaudal direction between the compression plates,
is lost and therefore has to be estimated. In our 3D model this shape is
approximated semi-ellipsoidally. For more details on the construction of this
model refer to Hopp et al. (2012a) and Hopp (2012). The model is sampled
in the resolution of the MRI volume. This three-dimensional model is named
target model throughout this paper.

The target model is compared to the deformed MRI volume derived from

the first simulation step. Displacement vectors between surface nodes of
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the FEM mesh and the target model are defined on nearest neighbor basis.
These displacements are used to describe new boundary conditions for the
second simulation step. It results in a configuration of the MRI volume that
is directly comparable to the mammogram since a projection image of the de-
formed MRI volume shows overlaying circumferences with the mammogram.
To create projection images of the deformed MRI, a parallel projection is
applied.

Both simulation steps are carried out using the MRI volume that was
acquired before contrast agent injection. The simulated deformation field can
be applied to all acquired MRI volumes of the same patient after contrast
agent injection. We assume that the MRI protocol provides a pre-registration

of MRI volumes for motion artifact suppression.

2.4. Intensity Based Optimization

The whole registration process depends on a number of parameters that
influence the registration accuracy. In order to adapt the registration process
to patient-specific conditions, an intensity-based optimization of parameters
via image similarity measures is used.

In previous studies (Hopp and Ruiter, 2011; Hopp, 2012) we evaluated
the effect of several relevant parameters on the registration accuracy. We
found out that the cropping position of the MRI in anteroposterior direc-
tion and the rotation around the anteroposterior axis (the so-called ”breast
rolling”) causes the highest variance in registration accuracy. While we can
compensate for the cropping quite satisfactory by using our tissue matching
algorithm presented in section 2.1, the possible rotation of the breast was not

considered. Hence, in this study we apply an optimization of the rotation
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parameter.

Rotation around the anteroposterior axis is applied to the MRI volume
before registration. Afterwards, image similarity is calculated between the
aligned projection image of the deformed MRI volume and the mammogram.

In the formal notation, the similarity metric is denoted as S. The regis-
tration R uses a parameter set p to carry out the processing steps described
before. S is used as optimization criterion. R (p) obtaining S,,., provides

the final registration result:

PSimee = argmax (S (R.(p))) (1)

As a result of different physical parameters imaged in both modalities,
tissue is represented differently. We compensate this by combining MRI
volumes acquired before (pre-contrast series) and after (post-contrast series)
contrast agent injection as well as a subtraction of these series. Additionally
a segmented MRI volume showing mostly glandular structures is used. The
automatic segmentation of glandular structures was carried out by relative
thresholding, morphological operations and a three-dimensional smoothing.

The combination of images is carried out by calculating a weighted pix-
elwise sum of aligned projection images of the considered deformed volumes.
Additionally, gamma correction and median filtering are applied. This yields
a projection image of the deformed MRI volume with comparable structures
as the mammogram.

To optimize the weighting factors, a registration without rotation of the
datasets was carried out for all available datasets. Afterwards Normalized

Mutual Information (NMI) between the mammogram and the combined im-
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age was calculated. The weighting factors with the highest average of the
NMI values were then considered to be optimal and used for intensity-based
optimization of the rotation parameter. Details on these experiments and

the obtained results will be given in section 3.1.

2.5. FEwvaluated Data

Solely datasets from clinical routine at University Hospital at Jena (Ger-
many) were considered in the present study. Each dataset consists of a
MRI study and the corresponding craniocaudal mammogram of the same
patient. MRI studies include pre- and post-contrast series. Additionally,
subtraction images are available. All MRI studies were acquired on 1.5 Tesla
scanners (Magnetom Symphony, Sonata and Avanto, Siemens Medical, Er-
langen, Germany) using dedicated bilateral breast coils with the patient in
prone position and a standardized protocol, according to international guide-
lines. The MRI series used in the present work are dynamic T1-weighted
spoiled gradient echo scans (matrix size = 384 x 384, slices = 33-44, in plane
resolution =0.9 X 0.9 mm, slice thickness=3-4mm depending on scanner
parameter choice, Field of view =350 mm, time of acquisition =1min per
measurement, time of repetition (TR) =113 ms, echo time (TE) =5ms). As
contrast agent, 0.1 mmol/kg bodyweight gadopentetate-dimeglumine (Gd-
DTPA, Magnevist, Bayer HealthCare, Leverkusen, Germany) was admin-
istered at 3ml per second intravenously, using a power injector (Medrad,
Spectris, Pittsburgh, USA) for standardized injection. The contrast agent
injection bolus was followed by 20 ml of physiological saline solution. After
a delay of 30s from the beginning of the contrast agent injection, DCE-MRI

was carried out seven times with the same parameters. X-ray mammograms

14



used in the present work are acquired digitally on a Senograph 2000D or a
Hologic Lorad Selenia full-field digital mammography system.

Considered datasets had to show at least one clearly visible lesion in both,
the MRI and mammogram, for evaluation purposes. The lesion had to be
included within the breast volume imaged in the MRI breast coil. Patients
with mastectomy or changes in breast shape due to surgery were excluded.
Only datasets with a known thickness of the breast during mammography,

i.e. present in the DICOM header, were considered.

2.6. FEvaluation Metric

To evaluate the accuracy of the registration, the target registration error
(TRE) of landmarks is calculated. For each dataset used in this work, a
lesion that is visible in both modalities, was marked by two experienced
radiologists in consensus. The circumference of the lesion in the MRI volume
is defined by six points, representing the maximal expansion of the lesion in
each direction. The center point was calculated as the arithmetic average of
these points. Accordingly within the mammogram, four points representing
the maximal expansion of the lesion in each direction were acquired and
stored in a database. The lesion position is approximated for the MRI by
a cuboidal respectively for the mammogram a rectangular bounding box.
The point locations of the markings in the MRI volumes were transformed
according to the simulated deformation.

To calculate the TRE, the displacement of the projected center of the
lesion marked in the MRI (Cysgr) and the lesion marked in the mammogram

(Cxr) is measured as the Euclidean distance in the aligned projection images:
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TRE:HCXR_CMRIH (2)

The overlap of lesion markings is calculated as percentage of the over-
lapping pixels of the rectangle surrounding the lesion. Furthermore, we in-
troduced a relative accuracy measure, which takes into account that the
subjective perception of accuracy depends on the size of the lesion: e.g. for
small lesions it is more important to have a small TRE. The relative accuracy
measure TRE,; is defined as the TRE divided by the diameter of the lesion

in the mammogram D xp:

TRE
DXR ‘

TRE, . = (3)

All registration results with TRE,,; < 1 are considered as good regis-
tration results. In such cases — assuming an approximately equal size of
the lesion markings in the mammogram and the MRI volume — the lesion

markings overlap.

3. Results

79 datasets of 78 patients from clinical routine were included in the
present study. All images were acquired using the parameters described in
section 2.5. The mean volume of the breast was 0.75( (range 0.12 - 1.401). 83
lesions were marked by experts within the datasets to estimate the registra-
tion accuracy. The mean age of patients was 59 years (range 24 - 82 years).
The mean diameter of the lesion markings was 25.8 mm (SD: 17.8 mm) within

a projection of the MRI volume along the mammographic projection axis.
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Within the mammograms the mean diameter was 23.6 mm (SD: 15.8 mm).

The average difference of the size of markings was 6.2 mm.

3.1. Composition of MRI Projection Image

In a first step the registration of the 79 datasets was carried out without
using the intensity-based optimization. For image comparison by an image
similarity measure, we proposed a combination of pre- and post-contrast
series as well as subtraction MRI volumes using a weighted sum. The aim was
to achieve a projection image of the deformed MRI volume with comparable
tissue structures to the mammogram.

Based on the first registrations, the weighting factors for the image com-
position were optimized. For all datasets the NMI value between the com-
bined image and the X-ray mammogram was calculated. The weighting fac-
tors of the five different MRI volumes (Fig. 3 a) - €)) were varied in a range
of 0 to 2. Additionally the median filter size and the gamma correction value
were varied. The highest mean NMI over all datasets was found for an equal
weight of gland-segmented pre-contrast series and the summation projection
of the subtraction series filtered by a 5 x 5 median filter (Lim, 1990) without

any gamma correction (Fig. 3 f)).

3.2. Evaluation of Registration Accuracy

Only using an alignment of datasets at the chest wall without registration,
the mean TRE was 26.0 mm. Image registration was carried out, according
to the method described in the previous section. The mean mammographic

compression applied to the biomechanical models was 46.6 % (range 27.6 %

- T46%).
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Figure 3: Composition of projection images for image similarity calculation. From a)
to d): summation and maximum intensity projections of the pre-contrast series and the
subtraction of the pre- and post-contrast series, e): projection of a volume with segmented
glandular tissue, f): final combined image. For each projection image, the joint histogram

with the X-ray mammogram (top) is given.
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By performing the compression plate simulation, the mean TRE is re-
duced to 19.4 mm.

After performing the target model simulation, the mean TRE was 14.3 mm.

In order to evaluate the performance of the automatic cropping, the dis-
placement of the lesion centers was examined in each direction. We detected
a mean displacement of 7.2 mm in anteroposterior direction against a mean
displacement of 10.8 mm in mediolateral direction. Hence, dataset rotation
that tries to compensate the displacement in mediolateral direction was ex-
pected to decrease the mean TRE.

We applied a rotation between -15° to 15° in steps of 5°. By choosing
the rotation angle which delivers minimal TRE for each dataset, the mean
TRE can be reduced to 11.0 mm. However finding the minimal TRE for each
dataset in this fashion involves prior knowledge about the lesion positions.
In absence of known lesion positions, we determine the best rotation angle
by our image similarity approach.

When performing our fully automated registration using image similarity
measures and the optimized combined images to determine the rotation an-
gle, mean TRE was reduced to 13.2mm, the mean overlap of markings was
60 %. TRE,; showed a mean value of 0.88. 57 datasets (72 %) had a TRE,,
below 1, hence delivered a good registration result with an overlap of lesions.
35 datasets (44 %) obtained a TRE better than 10mm, 51 datasets (65 %)
reached a TRE better than 15 mm. The TRE was reduced by a factor of two
compared to the unregistered datasets. The mean displacement of the lesion
markings in mediolateral direction without and respectively with rotation

optimization was reduced from 10.8 mm to 9.7mm. The image similarity

19



‘spotjoux

UOTYRI)SISOI JUSIOPIP 10} (((IS) UOIIRIASD PIRPUR]S PUR URIPOUL ‘URAUI) SIIORINDDR UOIYRIISIZoI SUIMNSAI Jo ATewiumg :] 9[qr],

uorjeziurdo uorjejolr

paseq-A3}Isuajul  dI}euwo)

%OV | %SL| %09 0T 94°0 880 || WW g WG] [WWEET || -Ne  [YIM UolyerIsiday]

uoI)e10J JO 9II0YD

%Le | %88 | %69 060 8€0 €L0 || wwgg | wwmgg (W) I || 959q [IM UOIPeIIsI3ay

uorjeziuijdo uorjyey

%oV | %V | %9¢ L0'T 09°0 96°0 || W96 [WWY ] W EFT || -OX PNOYIIM UOIIRIISISY

uon

-enuis 9je[d uoissoad

%ee| B9 | %re €Tl I8°0 €T ||WWG ] [WWE Y] WG] || -W0d  JIdjye  JuswulIy

% ¢C %0 | %Al Vel Vel €G] ||Wmp gl (W g g (Wi ()'9g JuswugIre prary
(IS [ueIpow | URSW (IS [ueIpow | URSOW s | uerpowt ueowt

def10A0 RCRENF CRENE

20



Projection image type of registered MRI series Mean TRE
Summation projection (pre-contrast) 13.9mm
MIP (pre-contrast) 14.7mm
MIP (subtracted post-contrast) 14.3 mm
Summation projection (subtracted post-contrast) 13.8 mm
Summation projection (gland-segmented) 13.6 mm
Optimized combined image 13.2mm

Table 2: Results of the intensity-based optimization using different projection image of

the registered MRI series.

measure used to carry out the intensity-based optimization was NMI.

Resulting images are shown in Figure 4. Table 1 summarizes the given
results.

To evaluate the improvement of the intensity-based optimization by the
proposed optimized combination of MRI series, the presented results were
compared to registration runs using intensity-based optimization, but only
the single MRI series (see Fig 3) to calculate image similarity. The results of

this evaluation are given in Table 2.

3.8. Analysis of Datasets

In a next step we analyzed datasets in order to predict the registration
accuracy that can be expected before starting the registration. 60 features
were automatically extracted from the original datasets, e.g. the position
of the nipple in MRI and mammogram, the amount of compression applied
and the position and the size of the lesion. The ranges of the feature values

were normalized to values between 0 and 1. The correlation coeflicient of
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Figure 4: Registration results of four patients: mammogram (left) and projection of regis-
tered MRI (right). The lesion marking is represented by a white rectangle (mammogram

annotation) respectively a black rectangle (MRI annotation).
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each feature and the TRE was calculated. Afterwards, most contributing
features were selected and combined using a forward-selection. The maximal
correlation coefficient of the combined features with the TRE was 0.73. It was
reached by combination of the ten most contributing features. Four of these
ten features were related to the lesion position in the MRI volume and the
X-ray mammogram. Furthermore, two features were related to the deviation
of the nipple in the MRI volume from an ideal position. The correlation
analysis with all features is referred to as ”full feature set”.

In the general application of our method, the information about the lesion
position is mostly not present. In consequence features related to the lesion
position cannot be calculated. By leaving out such features (referred to as
"reduced feature set”), the maximal correlation coefficient was 0.52 using a
combination of three features. The features include the size change of the
breast in anteroposterior direction during the target model simulation and
two features concerned with the nipple deviation from an ideal position in
the MRI volume.

Figure 5 shows a scatter plot of the TRE against the combined and nor-
malized feature values for the full feature set. Each point represents a reg-
istered dataset. Vertical dotted lines represent an exemplary partitioning of
datasets into three categories. Table 3 illustrates the mean TRE for each
category. For the reduced feature set, the partitioning into three categories
using the same limits as illustrated in Table 3 yields a mean TRE of 10.3 mm
for category A (63% of datasets included), 16.5mm for category B (32%)
and 30.2 mm for category C (5%).

To account for a possible overfitting, training sets (90% of the datasets)
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Figure 5: Scatter plot showing the TRE against a combination of ten features extracted
from initial datasets (full feature set). The solid line represents the least-squares line.
Vertical dotted lines represent an exemplary partitioning of datasets. The ranges A, B
and C correspond to feature categories < 0.33, 0.33 — 0.66 and > 0.66. The correlation

coefficient was 0.73.
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Category A | Category B | Category C
Feature values <0.33 0.33 - 0.66 >0.66
Number of datasets 38 (48 %) 32 (41 %) 9 (11 %)
Mean TRE 8.4mm 14.5 mm 29.4 mm
Median TRE 7.4mm 13.1mm 26.7mm
SD TRE 5.7mm 7.8 mm 7.3 mm

Table 3: Exemplary partitioning of datasets into three groups by a combination of ten

features from the full feature set.

were selected randomly. For the according test set cases, the measured TRE
was compared to the predicted TRE, which was obtained by the least squares
fit. For 1000 repetitions of the training set selection, the mean distance
between both values was 6.3 mm for the full feature set respectively 6.8 mm
for the reduced feature set. A dataset for which the real TRE was higher
than the predicted TRE plus the SD of the predicted category was defined as
a misclassification. For 1000 repetitions, an average of 13% (full feature set)

respectively 13% (reduced feature set) of misclassifications were observed.

3.4. Prediction of Registration Accuracy

Based on the extracted features, we classified the datasets into categories
which represent a good registration accuracy below a TRE of 15 mm respec-
tively a suboptimal registration accuracy with a TRE above 15mm. FEx-
periments were done using the data mining tool WEKA (Hall et al., 2009).

A best-first selection of parameters was carried out using a 10-fold cross-
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validation. Five features were selected and passed to a J48 tree classifier®.
10-fold cross-validation was used to evaluate the performance of the classi-
fier. The results showed 85 % correctly classified datasets with a sensitivity

of 90 % and a specificity of 75 %.

4. Discussion

In this paper we presented a fully-automated approach for registration
of X-ray mammograms with DCE-MRI volumes. The registration works for
images from clinical routine without the need for user interaction. Though
the clinical variability of datasets is large, the accuracy shows promising re-
sults with a mean TRE of 13.2mm. The obtained results are in the same
range as the accuracies achieved in literature though in this work a fully au-
tomated approach was used. Most approaches in literature require at least
some manual interactions (Mertzanidou et al., 2012) respectively optimiza-
tions (Lee et al., 2011). A considerably higher number of datasets than in our
earlier publications (Hopp et al., 2012a; Dietzel et al., 2011) improves statis-
tical robustness. Only craniocaudal mammograms have been considered in
the present study. However, the method can be extended to handle oblique
mammograms (Hopp and Ruiter, 2012) similar to Ruiter et al. (2006).

The datasets used in this study were acquired with a standardized pro-
tocol, according to international guidelines. However, the registration is not
limited to this acquisition protocol. Our method is able to register images

from different volumetric modalities with X-ray mammograms. It was also

5The J48 tree classifier is an implementation of the C4.5 algorithm proposed by Quinlan
(1993).
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tested with 3.0 Tesla MRI images and Ultrasound Computer Tomography
images in previous studies (Dietzel et al., 2011; Hopp et al., 2011), achiev-
ing a registration accuracy in the same range as in the present study. Only
the preprocessing - i.e. automatic cropping of datasets, segmentation and
rotation to internal coordinate system - has to be adapted to the modality
specific conditions.

The registration does not take gravity into account. This is motivated
by earlier studies (Ruiter et al., 2006; Rajagopal et al., 2010) reporting in-
significant influence of gravity in simulation compared to mammographic
compression. Also tumor stiffness is not modeled which may result in a
change of the lesion size in the projection image by compressing the MRI
volume. However, different types of tumors are likely to vary in stiffness
(Wellman et al., 1999; Krouskop et al., 1998; Samani et al., 2007). Hence,
the tumor type would need to be taken into account when modeling tumor
stiffness explicitly. This would result in the need for a user interaction or a
highly complex and accurate computer assisted detection process and diag-
nosis. In contrast, our model uses no a-priori knowledge for modeling. This
also holds for neglecting an exact modeling of the chest wall according to pre-
vious evaluations indicating a marginal effect by including a more complex
model (Hopp and Ruiter, 2011).

The simulation of the mammographic compression is carried out in two
steps. In the first simulation step, the main breast compression is simu-
lated. The biomechanical model used in this work is a simplification of the
real breast since there exist several uncertainties about the real mechani-

cal behavior and not all tissue structures in the breast are depicted in the
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underlying images. The second simulation therefore compensates for these
simplifications by applying surface displacement boundary conditions to align
the circumferences of the images.

The low Poisson’s ratio used in this work was evaluated in a previ-
ous study (Hopp, 2012) by a parameter optimization using a subset of the
datasets. While the low Poisson’s ratio partly disagrees with the assumption
of volume preservation, the use of this lower value contributes to less expan-
sion in anteroposterior direction, i.e. the shape of the breast in anteroposte-
rior direction is already similar to the circumference of the mammogram. The
macroscopic anisotropy (Tanner et al., 2009; Ruiter et al., 2006) of the breast
is compensated using the target model simulation afterwards. In this step
mainly the mediolateral expansion needs to be corrected. The volume of the
breast is approximately preserved by applying the target model simulation
step. The volumes were evaluated by counting all non-background voxels in
the image before and after registration. After registration, the volume was
in average increased by approximately 13% compared to the unregistered
dataset. This increase may partly be caused by interpolation artifacts which
occure at the breast boundaries when deforming the volume image.

In earlier work (Hopp and Ruiter, 2011; Hopp, 2012) we found out that
datasets from clinical routine can vary considerably in the acquisition proce-
dure, e.g. positioning of the breast during mammography or MRI and breast
shape. As a first patient-specific optimization, we compensated for breast
rolling. The optimization of dataset rotation, using image similarity mea-
sures, improved the mean registration accuracy by approximately 1.1 mm.

It has to be considered that e.g. for central lesions a rotation of datasets
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is less effective than for lateral lesions. Also we found datasets for which a
rotation by an angle above 15° could possibly improve the registration accu-
racy. In the particular case shown in Figure 6 (right), TRE can be reduced
from 34 mm to 13mm using a rotation angle of 20°. Therefore, allowing a
increased computation time, the registration accuracy may be improved by
considering a wider parameter range. A deeper evaluation with an extended
parameter range along with a reduction of computation time is subject to
our future work.

Furthermore, we found some cases in which the automatic cropping pro-
vided an overestimation of the mammogram volume (e.g. Figure 6 (left)).
Consequently, the displacement of a lesion in anteroposterior direction is
dominant. By different cropping, TRE can be reduced from 32 mm to 9mm
in the particular case. Our ongoing work focuses on the improvement of
the tissue estimation for a more robust automatic cropping of datasets and
reduction of anteroposterior registration error.

In a previous study, the effect of different parameterizations — e.g. the
Poisson’s ratio as described before — of the registration process was evaluated
with one (Hopp and Ruiter, 2011) respectively three (Hopp, 2012) datasets
due to limitations by the computation time. The resulting best parameters
which gave the lowest TRE were applied as constant parameter set in the
present work. Only the breast rotation was used as free parameter during
the patient-specific optimization. However the method is to carry out the
intensity-based optimization with an extended parameter space, i.e. also the
parameters which were chosen to be constant in this study may be subject

to a patient-specific optimization in future.
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Figure 6: Registration results of two patients with suboptimal registration accuracy. Dif-
ferent cropping may decrease TRE (left). Rotation of dataset with more than 15° may
decrease TRE (right).

The registration was tested with datasets displaying a lesion in both the
mammogram and the MRI volume. Lesion marking was carried out by two
experienced radiologists in consensus and used as ground truth for regis-
tration accuracy evaluation. As a result of different physical basis, lesions
may be rendered differently in both modalities. Defining the exact borders
of the lesions is a challenging task, even for experienced radiologist. Addi-
tionally the marking is time consuming. Therefore lesions were acquired by
setting a bounding box around the lesion. The given registration accuracy
can be seen as an approximation and all given accuracy measures should be
regarded together for interpretation of the results. Due to the absence of
standard measures, the given values, however, provide an estimation of the
quality of the method.

Lesion positions were not used as landmarks for registration. Our patient

set included a large variety of lesions, either in size, location or contrast
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enhancement. Image similarity based optimization seems not to be influenced
by the nature of the lesion. Also in cases where no contrast enhancement
was identified, the optimization of the rotation angle worked well. This leads
us to the conclusion that our registration approach does not strongly depend
on the presence of a clearly visible lesion.

In order to optimize the registration patient-specifically using image sim-
ilarity, presence of glandular structures in the images seems to be important.
However the density of breasts varied considerably throughout the consid-
ered datasets. There was no substantial influence of the breast density on
the imaged-based optimization of the registration. Also for cases in which
neither contrast-enhancement in the MRI nor detailed glandular structures
in the X-ray mammogram (BIRADS I, density well below 15%) could be
observed, the intensity-based optimization did not degrade the registration
accuracy. Furthermore the target group of patients that can benefit from
our method in clinical practice are particularly patients with dense breasts,
e.g. with unclear findings in the mammogram due to superimposition of
glandular structures.

By automatically extracting features from the original datasets, the reg-
istration accuracy can be estimated and datasets can be categorized in order
to give additional information to the observing radiologist. The correlation
between the features was carried out using a set of 60 features reaching a
maximal correlation coefficient of 0.73. Though the maximal value decreases
to 0.52 by leaving out lesion-related features, the correlation is still signifi-
cant (p < 0.005). Therefore also with a limited feature set, the registration

accuracy can be estimated. If additional information, e.g. the lesion position
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in one modality, is available, it may be included to increase the significance.

Our current work focuses on a clinical evaluation of the registration. Cur-
rently, the registration software is implemented in MATLAB for rapid pro-
totyping. The registration of a dataset with a fixed parameter set, i.e. with-
out intensity-based optimization, takes approximately 20 min on a standard
desktop computer. Using seven rotation steps for an intensity-based opti-
mization, a total computation time of approximately 120 min is needed. For
clinical use the definite workflow, i.e. the parameters to be optimized, has to
be established. The registration can thereafter be speeded up by the use of
parallelization, e.g. by graphical processing units. Appropriate visualization
methods have been developed (Hopp et al., 2012a). Additionally a inter-
active point localization in the alternative modality within our customized
analysis software was implemented for the use in further studies (Hopp et al.,
2012b). The analysis of a new dataset to be registered allows categorization
by extraction of features. Thus, before registering the new dataset, the reg-
istration accuracy category of the dataset can be estimated. Accordingly, a

safety margin may be presented to the radiologist.

5. Conclusion

For the first time, an image similarity based optimization of a FEM-
driven 2D /3D breast image registration was evaluated with a large number
of clinical datasets. Based on our evaluation, we conclude that a completely
automated registration of volume images with 2D mammograms is feasible.
The registration accuracy is within a clinically relevant range. Therefore

we expect the combination of X-ray mammograms and MRI volumes in an
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intuitive combined reading to benefit radiological diagnosis. Especially for
patients with dense breasts, the correlation of information from two comple-
mentary modalities could be essential for a more accurate diagnosis. Because
of the use of clinical standard modalities, no additional examination and im-

age acquisition has to be performed.
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