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ABSTRACT
Dynamic contrast enhanced magnetic resonance imaging
(MRI) of the breast requires injecting a contrast agent to de-
tect suspicious lesions with high sensitivity and specificity.
To reduce motion artifacts and shorten scan time, craniocau-
dal compression of the breast is performed during diagnostic
imaging. If a lesion is found to be suspicious, MRI-guided
breast biopsy might be necessary. So far, this requires a medi-
olateral compression of the breast and a second application
of contrast agent for localization of the lesion.

The proposed algorithm registers images of a breast under
both types of compressions such that the location of lesions
marked in a craniocaudal image can be transformed into the
corresponding mediolateral image. Thus, localization during
the biopsy procedure can be performed without application
of contrast agent. Performance is evaluated for 31 lesions and
yields a median localization accuracy of 3.6 mm.

Index Terms— deformable registration, breast registra-
tion, breast mri, breast biopsy, MR-guided biopsy

1. INTRODUCTION

Dynamic contrast enhanced magnetic resonance imaging
(DCE-MRI) is currently the most accurate diagnostic tool
for non-invasive breast cancer diagnosis [1, 2]. As breast
cancer promotes the formation of new blood vessels, the high
sensitivity and specificity of breast DCE-MRI is based on the
injection of a contrast agent that increases signal intensity in
highly vascularized, potentially malignant tissue. The current
clinical workflow for DCE-MRI of breast tumors consists of
two steps:
I) Diagnostic imaging with craniocaudal (CC) breast com-
pression (Fig. 1 a):

1. T2-weighted image
2. T1-weighted image
3. application of contrast agent
4. four consecutive post-contrast T1-weighted images

A craniocaudal compression is chosen as it reduces the num-
ber of sections needed to cover the whole breast [1]. If the

clinician deems a biopsy necessary, a second MRI appoint-
ment is scheduled in which the breast is compressed in medi-
olateral (ML) direction. This allows immobilization and sta-
bilization of the breast and the needle placement parallel to
the chest wall by means of a grid localization system [3].
II) MR-guided biopsy with mediolateral breast compression
(Fig. 1 b).

5. T2-weighted image
6. T1-weighted image
7. application of contrast agent
8. four consecutive post-contrast T1-weighted images
9. localization of lesion in ML images

10. insertion of vacuum needle
11. T2-weighted image to ensure correct needle location
12. if needed: repeated correction of needle position and

subsequent T2-weighted images
13. collection of tissue

(a) (b)

Fig. 1: Corresponding axial slices of craniocaudal (a) and
mediolateral (b) breast MR images.

The current workflow has several drawbacks. During I and
II, the breast is compressed differently. Suspicious lesions
detected in I need to be recognized in II, which is challenging
and error-prone based on the non-contrast images alone, even
for well-trained clinical staff. Therefore, Patients require
a repeated application of Gadolinium-based contrast agent



in II which is semi-invasive, may cause an allergic reaction
and is especially problematic for patients with insufficient
renal function. Moreover, the twofold acquisition of dynamic
images extends the duration of the procedure. Due to slow
excretion and wash-out of the contrast agent, the biopsy pro-
cedure (II) has to be performed with a sufficient intervall to I.
In addition, apparent tumour contrast agent dynamics might
look different in II as compared to I due to differing distri-
butions of strain and pressure within the breast. The tumor
might even not be that easily discernible if the surrounding
tissue accumulates contrast agent divergently due to the pa-
tient being in a different phase of her menstrual cycle [4].

Related work: So far, many authors have performed
registration of breast images from different modalities [5].
This includes registration of pre- and postcontrast MR im-
ages for motion correction [6] as well as current to prior
registration [7, 8] of CC images. In [9], a mechanical breast
deformation model was presented that can simulate breast
deformation between CC and ML views. To our best knowl-
edge there is no prior work on registration of CC and ML
compressed breast MR images even though it has already
been pointed out in [10] that the current MR-guided biopsy
procedures are complex, impose high precision requirements
on the staff and would benefit from enhanced guidance.

Contribution: We propose an abbreviated biopsy proce-
dure that is based on deformable, intensity-based registration
of the CC and ML images and renders the repeated admin-
istration of contrast agent dispensable. This is a challenging
problem because the shape of the breast changes non-rigidly
between the two compressions and breast shape, size, density
and elasticity is highly variant. We introduce two measures of
performance for this localization problem and a registration
pipeline that is optimized with respect to our performance
measures. With our method, the location of a lesion under
CC compression can be automatically transformed into ML
image space. Consequently, steps 6, 7 and 8 from the current
workflow can be replaced by the proposed automated ap-
proach. No contrast agent has to be applied in the MR-guided
biopsy phase, which reduces the overall dose, abbreviates
the image acquisition because no dynamic imaging has to be
performed and thus reduces stress for the patient. Moreover,
the biopsy procedure may be performed directly after the
diagnostic imaging, without an additional appointment.

2. METHODS

2.1. Dataset

Our dataset consists of retrospective data including 31 lesions
from patients that underwent a standard clinical imaging
protocol and an MR-guided biopsy procedure at our clinic.
Patients were chosen such that the resulting dataset is het-
erogeneous with respect to age, breast density, size and pro-

portions of fat and glandular tissue. Images were acquired
on a 1.5 T Philips Achieva scanner. The protocol comprised
a T2-weighted turbo spin-echo sequence and T1-weighted
gradient-echo dynamic series. Resulting images had a voxel
size of 0.64× 0.64× 3.5 mm. For evaluation of registration
performance, lesion contours were segmented manually by a
radiologist with 12 years of experience in breast MRI.Using
an inhouse-developed freehand segmentation software, cor-
responding lesions in both CC and ML view were segmented
on every axial slice using T2-weighted images as well as
T1-weighted native, dynamic and subtraction images.

2.2. Preprocessing

As a preprocessing step, the whole breast is segmented using
Gaussian lowpass filtering, Otsu thresholding [11], morpho-
logical opening, closing and binary filling. Due to inhomo-
geneities in the coil sensitivity, intensity gradients are super-
imposed on the acquired images. To remove intensity gradi-
ents, N4 bias field correction [12] is carried out on all images
utilizing the breast segmentation masks.

2.3. Registration

Motivated by the fact that the breast deformation between CC
and ML view is elastic by nature, we propose a paramet-
ric, intensity-based registration algorithm based on B-spline
transformations. We implemented our approach using the
Elastix framework [13], which has widely been used for non-
rigid registration problems and has the advantage of a rela-
tively low computational burden as compared to diffeomor-
phic registration frameworks such as SyN [14].
Problem formulation: With the T2-weighted ML image
denoted as the fixed image IF (x) and the T2-weighted CC
image denoted as the moving image IM (x), the goal of
the registration algorithm is to determine a transformation
T (x) such that the transformed image IM (T (x)) is spatially
aligned with IF (x): A lesion location xM = (xM , yM , zM )
in the space of the CC image can then be transformed to
the ML image space without any information derived from
dynamic T1-weighted images. We determine transformation
parameters µ such that

µ̂ = argmin
µ

C(Tµ; IM , IF )

with C denoting a cost function.
Since Elastix provides a structure and modular compo-

nents for registration pipelines rather than a tailored registra-
tion algorithm, a specific choice of components for the prob-
lem at hand needs to be determined. For this purpose, we
introduce two measures of performance.
Performance measures: Correspondence between the man-
ual segmentation mask of a lesion in the ML view is compared
to the transformed CC segmentation mask. In a perfect reg-
istration, these two masks would be identical. However, for



the problem at hand the exact contour of the transformed le-
sion mask is far less relevant than the correct location. With
respect to that, we evaluate performance in terms of two mea-
sures: We calculate the centers of gravity of the lesion binary
mask in the fixed image xF = (xF , yF , zF ) and transformed
moving lesion mask (xT , yT , zT ) = Tµ̂(xM ) and evaluate
performance in terms of the Euclidean distance

d =
√

(xF − xT )2 + (yF − yT )2 + (zF − zT )2

between corresponding centers of gravity. The lesion distance
d quantifies localization accuracy, however it does not take the
sizes of needle and lesion into account. For this reason, we
also measure the amount of lesion tissue that would be cov-
ered by a vacuum needle as follows: Considering a vacuum
needle with a diameter of 4 mm, the collected tissue volume
can be approximated as a sphere with a diameter of 7 mm.
Based on a transformed lesion binary mask MT , the relative
volume of the sphere that would be filled with lesion tissue
is S∩MT

S . If a lesion is smaller than the sphere, the relative
volume covered is S∩MT

MT
. Based on these simplified assump-

tions, we can define the lesion coverage

c = max

[
S ∩MT

S
,
S ∩MT

MT

]
that gives a measure of how well a lesion would be covered
by a needle and is bounded between 0 and 1.
Registration pipeline: To determine the best set of compo-
nents for the registration framework, we define a grid of com-
ponent and parameter combinations based on the choice of
components other authors reported in the Elastix parameter
database 1 and optimize the pipeline with respect to the lesion
distance d. Grid search options and results are reported at re-
spective parts of the pipeline because optimization results on
a relatively small dataset that does not allow a split between
training and test set has limited generalization ability and is
not the main focus of this work.

Initially, an affine registration aligns the two images
coarsely. Elastic registration is then executed on six reso-
lution scales. This particular choice was optimized by grid
search. At each scale, Gaussian smoothing is applied, where
the kernel width is halved at every resolution, leading to an
iterative refinement of the transformation. Coordinates are
sampled randomly using 7000 samples per iteration, which
was also optimized by grid search. Intensities are interpolated
by third order B-splines and an anisotropic grid spacing of
2×2×6 mm, which accounts for the anisotropic voxel size.
Putting large emphasis on global alignment while simultane-
ously allowing registration of very small structures, grid space
scheduling is set to (64, 32, 16, 8, 4, 2) on respective reso-
lution scales. For the choice of cost function C, appropriate

1http://elastix.bigr.nl/wiki/index.php/
Parameter_file_database

metrics for a monomodal registration problem are normalized
cross-correlation, Mattes’ mutual information [15] and nor-
malized correlation, which were included to the grid search.
Because of the very small final grid spacing, the cost function
C is regularized by a bending energy penalty [6] that penal-
izes the second order derivatives of Tµ̂ to the transformation
parameters µ̂. Mattes’ mutual information was found to be
the best metric during grid search. For optimization, we use
adaptive stochastic gradient descent [16] with 500 iterations
per resolution for short computation times and a maximum
step length of 2 voxels, which was optimized by grid search.

3. RESULTS

The distance d for all 31 lesions in the dataset is depicted in
Fig. 2. We achieve a mean lesion distance of 7.8 mm with
a median of 3.6 mm and a standard deviation of 9.1 mm.
As observable in Fig. 2 a, most lesions are localized with
d < 10 mm. If d < 10 mm, needle coverage c is above
25 % (Fig. 2 b). Registration of a single case takes about
5 min on a computer with 3.5 GHz Intel Core i5 CPU. Exem-
plary images showing the best, median and worst result are
given in Fig. 3.
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Fig. 2: Lesion distance d for affine and proposed registration
approach (a). Lesion distance d for all individual cases in the
dataset indicated by bar length (b). Lesion coverage c is color
coded.

4. DISCUSSION

We presented a deformable registration algorithm that per-
forms registration between craniocaudal and mediolateral
breast MR images that may abbreviate MR-guided breast
biopsy procedures. Our registration algorithm calculates a
transformation that allows to localize a lesion in a mediolat-
eral breast MR image from a given location in a craniocaudal
image.



(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 3: Three registration results where each row presents a
single case. Best case with d = 0.64 mm (a–c), median case
with d = 3.61 mm (d–e) and poorest performing case with
d = 44.54 mm (g–i) are depicted in first, second and third
row, respectively. CC images IM (x) (input) are depicted in
the left column, transformed images IM (Tµ̂(x)) (output) in
the middle column and ML images IF (x) (target) in the right
column.

Fig. 2 a shows that compared to a baseline affine registration,
localization performance is reduced to below 5 mm for most
cases. This raises the question which degree of localization
performance is necessary for a successful automatic localiza-
tion. As this question cannot be answered clearly, we reported
lesion coverage c that quantifies how well a vacuum needle
would have covered a lesion in Fig. 2 b. As c is above 33 %
for 22 lesions, we can conclude that a biopsy based on our
approach would have successfully extracted target tissue in
these cases. Moreover, Fig. 2 b shows that lesion distance and
coverage are strongly related, which means that good cen-
terpoint distance implies a successful biopsy. We identified
several factors that have influence on performance: Firstly,
structural elements such as borders between fatty and glan-
dular tissue are useful landmarks during registration. Lesions
located adjacent to such a border are localized more accu-
rately. An example is given in Fig. 3 a–c, where a lesion is
located at the boundary between glandular and fatty tissue. In
this case, localization performance is almost perfect. Addi-
tionally, the location of a lesion in the breast seems to have

influence on performance. In the case resulting in the poor-
est registration performance that is depicted in Fig. 3 g–i, the
movement of the lesion through compression is especially dif-
ficult to predict because the lesion slipped under the medio-
lateral compression plate. This case also exemplifies the need
for adjacent structural elements: If a structural landmark had
been located near the lesion, it would have followed the same
deformation, indicating this to the registration algorithm. As
such a structure is missing, accurate intensity-based registra-
tion becomes very difficult. Most importantly, the deforma-
tion strength has strong impact on performance. As the de-
formation field increases, it becomes harder to locate a lesion
accurately, which can also be observed in Fig. 3 g–i. Another
aspect that has strong influence on performance, and possibly
prevents better performance, is slice thickness. Several cases
yield d = 3.5 mm which is exactly the thickness of a single
slice. An increased longitudinal resolution would probably
further decrease d for these cases.

Our work has several limitations. Manual segmentation
of lesions in both compressions is laborious, which is why
only 31 lesions have been included in this study. For a poten-
tial use in clinical practice, more cases comprising even more
breast shapes, sizes densities and patient ages should be eval-
uated. Moreover, registration parameters should be tuned on
a training set and validated on a test set in the future. In terms
of evaluation measures, lesion coverage c is based on sim-
plifications about the needle geometry. It should be further
evaluated whether our assumptions based on these simplifica-
tions translate into clinical practice.

As a next step, our method may be embedded into the
current clinical workflow as a supplement to current manual
localization, which may reveal possible improvements. Addi-
tionally, a more problem-specific regularization that takes the
direction of the compression into account should be incorpo-
rated. Once a more reliable performance is reached, steps 6, 7
and 8 from the current clinical workflow may be completely
replaced by our automated method. As a consequence, no
contrast-enhanced imaging would be needed during biopsy,
saving contrast agent and time. Biopsies could be taken im-
mediately after the diagnostic imaging procedure.

5. CONCLUSION

We presented a registration algorithm that registers cranio-
caudal and mediolateral breast MR images. The registration
provides a transform by which points in the craniocaudal
image can be transformed into the mediolateral image space.
Thus, localization of lesions in the mediolateral image is au-
tomated. With our method, the current clinical MR-guided
breast biopsy procedure could be abbreviated and the use of
contrast agent could be omitted. Performance was evaluated
in terms of the distance between lesion center points and
showed promising results with a median distance of 3.6 mm.
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