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ABSTRACT

Breast cancer is the most frequent cancer in women
worldwide. Screening programs and imaging improvements
have increased the detection of clinically occult nonpalpable lesions requiring preoperative localization. Imageguided wire localization (WGL) is the current standard of
care for the excision of non-palpable carcinomas during
breast conserving surgery (BCS). Due to the current
limitations of intraoperative tumor localization approaches,
the integration of the information from multimodal imaging
may be especially relevant in surgical planning. This work
presents a workflow to perform a prone image-to-surgical
physical data alignment in order to determine the
correspondence between the tumor identified in the
preoperative image and the final position of the tumor in the
surgical position. The evaluation of the methodology has
been carried out in 18 cases achieving an average
localization error of 10.40 mm and 9.84 mm in 11 small
lesion cases (less than 1 cm in diameter).
Index Terms— Surface registration, breast imaging,
surgical planning
1. INTRODUCTION
Worldwide, there will be about 2.1 million newly diagnosed
female breast cancer cases in 2018, representing almost 1
case of cancer among 4 women. The disease is the most
frequently diagnosed cancer in the vast majority of countries
and is also a leading cause of cancer death [1].
Screening programs and imaging improvements have
increased the detection of clinically occult non-palpable
breast lesions requiring preoperative localization [2,3]. In
women with non-palpable breast cancer, several randomized
trials have shown that breast conservative surgery is the
treatment of choice [4]. The main challenge in the resection
of non-palpable tumors is to obtain free margins by
minimizing the resection of healthy breast tissue with good
aesthetic results.
Currently, wire-guided localization
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(WGL) is the most widely used method for locating nonpalpable breast lesions. The limits of WGL include technical
complications such as wire transection and migration,
patient discomfort and poor cosmetic outcome [5,6]. The
female breast undergoes different deformations due to
external forces or changes in position during routine medical
imaging. A prone MRI acquisition provides an accurate
delineation of the size and extent of the tumor and offers the
highest sensitivity for intraductal extensions typical of
invasive cancers. However, while prone breast MRI is well
suited for diagnosis, it is less suitable for guiding a breast
conservative surgery where the patient typically lies in a
supine position, with the arm extended. Hence, breast
lesions undergo significant displacements between the
preoperative image and intraoperative positions. Due to the
current limitations of intraoperative tumor localization
approaches, several groups have investigated the use of
preoperative MR images acquired in positions closer to the
surgical orientation. Methods using biomechanical models
for prone-to-supine registration of MR images for use in
image-guided breast surgery have been suggested [7,8].
Registration of preoperative supine MR images to physical
space in the operating room OR for MRI navigated breast
surgery has been also described [9]. Preoperative supine MR
images rigidly registered with an intraoperative optical scan
to adjust the MRI image to the exact breast position in the
OR have also been used for surgical guidance [10]. A proneto-supine surface registration and a localization method
based on the transfer of surface displacements to the tumor
has been considered in our previous work, achieving good
results but being sensitive to the tumor size [11].
This work presents a workflow to perform a prone image-tosurgical physical data alignment strategy for determining the
correspondence between the tumor identified in the
preoperative image and the final position of the tumor in the
surgical position. The developed method is based only on
the prone MRI volume and the surface of the patient in the
surgical orientation. The tumor localization error has been
evaluated using retrospective cases with preoperative prone
MRI and supine surface extracted from a CT image. The

position of the tumor has been estimated using a workflow
that combines a Laplacian deformation, followed by an
iterative point registration to refine the prone-to-supine
surface matching and a final surface driven B-spline
registration to derive the dense displacement field in the
whole breast. This approach has been tested in 18 clinical
cases with tumor lesions of different sizes and compared
with our previous method [11].
2. MATERIALS AND METHODS
The aim of this work is to provide an alternative or
complementary tool to pre-surgical localization techniques
of non-palpable breast lesions without altering the
diagnostic imaging protocol by using a prone preoperative
MRI and the surface in the surgical position. The
implemented system estimates the deformation occurred in
the volume of the breast starting from the pose change
transformation of the surface of the breast and identifies the
final position of the tumor. To perform a demonstration and
evaluation of the concept, preoperative MR and CT images
were collected to extract the breast surface, respectively, in
the prone and supine positions and the tumor was segmented
in both images. The pose transformation from prone to
supine has been performed to calculate the correspondence
point-to-point between the initial mesh and the final mesh in
order to derive a dense displacement field using a point
driven B-spline registration. The whole workflow is
described in Figure 1. To validate the results the distance
between the supine tumor centroid identified in the CT
image and the tumor centroid estimated with the
implemented technique has been considered.

underline that the acquisition of a CT image does not belong
to the standard preoperative protocol but is required when it
is needed for cancer staging purposes. This fact limits the
number of cases available. Only the surface of the breast
derived from the CT image is used in the proposed
approach.
Diameters
[mm]

Distance to skin
[mm]

Total displacement from
prone to supine position [mm]

5.51 – 23.10

11.23 – 35.25

32.78 – 118.61

Table 1. Range of lesion’s diameter, lesion to skin distances, and
prone-to-supine lesion displacement. The tumor diameter has been
measured as the maximum diameter of the lesion in axial planes of
the supine MRI image.

2.2. Data processing
Upon the segmentation of the breast tissue in the MR and
CT images, a 3D triangular mesh representing the entire
surface of the breast volume in the prone configuration and
a 3D surface mesh representing the skin of the breast in the
supine surgical orientation have been generated using
iso2mesh [12]. Due to the low quality of the MRI T2
SPAIR, an automatic segmentation of the chest wall was not
possible instead, an approximate segmentation has been
considered as shown in Figure 2. The surface of the
posterior limit of the breast was established as a condition of
zero displacement during the transformation of pose from
prone to supine [9].

Figure 1. Workflow: upon the prone and surface generation, the
pose transformation of pose is performed and the displacement
field in the breast domain is estimated to predict the position of the
tumor in the intraoperative position.

2.1. Data
The data includes 18 retrospective cases of breast lesions, 11
of which are under 1 cm in diameter, provided by the
General University Hospital Gregorio Marañón (HGUGM)
in Madrid. Each case consists of a prone MRI study
including an MRI T2 SPAIR and a Subtraction MRI and a
supine CT study.
Since the diagnostic hospital protocol does not involve a
supine MRI image, staging CT scans in supine position have
been used to simulate the intraoperative surface. Table 1
reports the range of lesion’s diameters, lesion to skin
distances, and total prone-to-supine lesion displacement for
the 18 cases considered in this work. It is important to
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Figure 2. CT image in supine position and the extracted skin
surface as a triangular mesh (green). MRI T2 SPAIR image in
prone position and the extracted surface of the breast volume as a
triangular mesh (red).

2.3. Pose transformation
The female breast undergoes large deformations when its
pose changes from prone to supine as it possible to
appreciate in Figure 2. Hence, the pose transformation has
been performed in two steps. The first step goal is to
perform a coarse transformation using a Laplacian
deformation given a set of vertices with prescribed
displacement [13]. This deformation considers that the

anatomical axes starting from the nipples do not vary
between prone and supine positions. The vertices with
prescribed displacements have been automatically
calculated on the two surfaces starting from 3 anatomical
points (nipples and suprasternal notch). The Laplacian
deformation method is described in more detail in [11]. As a
second step, a non-rigid ICP algorithm is applied to refine
the mapping of the prone skin surface onto the target
surface. The aim of these 2-steps is to obtain a dense pointto-point matching of the two surfaces to enable the
computation of the whole breast deformation based on a
point-matching B-spline deformation. Figure 3.b and 3.c
show the final deformed surface versus the prone source
surface and the target surface.

total transformation model is represented by Tlocal, a 3D
tensor product of the familiar 1D cubic B-splines:

Figure 3. (a) Arrow vectors illustrating the displacement
magnitude distribution on the prone surface. (b) Superposition of
the prone (transparent orange) and the final deformed surface. (c)
Superposition of the supine target surface (green) and the final
deformed surface (red).

3. RESULTS

2.4. Tumor Localization
The main idea underlying the final tumor position
estimation technique is to smoothly propagate the
transformation associated with the surface data onto all the
positions in the breast domain in order to be evaluated at
any desired set of positions.
The surface transformation captures the global motion of the
breast, to predict the final position of the tumor inside the
volume a smooth and consistent deformation field of the
breast tissue is needed.
Free form deformation FFD model based on B-splines have
been successfully employed in nonrigid registration of
medical images [14]. The basic idea of FFDs is to deform an
object by manipulating an underlying mesh of uniformly
spaced control points. The deformation of the mesh controls
the shape of the object or image we want to deform to match
another object or image, in our case the two corresponding
surface points.
Our approach to achieve the displacements occurring into
the breast domain is based on a B-spline based free-form
deformation (FFD) algorithm proposed in [14,15] which the
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𝑇𝑙𝑜𝑐𝑎𝑙 (𝑥, 𝑦, 𝑧) = ∑ ∑ ∑ 𝐵𝑙 (𝑢)𝐵𝑚 (𝑣)𝐵𝑛 (𝑤)Φi+l,j+m,k+n
𝑙=0 𝑚=0 𝑛=0

where Φ denotes the unknown values for a number of
control points that form a regular lattice of size nx×ny×nz, i,
j, k are the indexes of the control points, and u, v, w
correspond to the relative position of (x,y,z) in the lattice
coordinates and where Bi represents the lth basis function of
the B-spline.
The optimization metric is based on the quadratic error of
the points of the supine surface with respect to the
progressively deformed prone surface. Apart from the breast
surfaces several corresponding points of the chest wall are
also considered as fixed, to ensure that the estimation of the
motion near the back surface is not affected. A
multiresolution approach in the deformation model is
followed to approximate the deformation in a coarse to fine
fashion ranging from a grid of control points of 8x8x8 to
68x68x68.
The final tumor position has been computed by applying the
obtained non-rigid transformation to the tumor points in the
prone position. This localization methodology has been
compared with the previously described transfer of surface
displacement method [11].

Figure 4 shows the distance between the centroid of the
predicted tumor location and the centroid of the segmented
tumor in the CT image.
The transfer of surface displacements method (TSD)
proposed in [11] with the new set of data shows a mean
error of 10.24 which is slightly lower than the one obtained
with the proposed method based on B-splines (10.40 mm).
However, the B-spline based method (BSM) shows better
results localizing small lesions (less than 1 cm in diameter).

Figure 4. The error made in the localization of the tumor.

As shown in Figure 4, in these cases the BSM achieves a
mean error of 9.84 mm versus the 12.10 mm of the TSD
method. Figure 5 shows the visual results for case 4.
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