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ABSTRACT

We have developed a nonrigid registration technique applicable to 

breast tissue imaging. It relies on a finite element method (FEM) 

model and a set of fiducial skin markers (FSMs) placed on the 

breast surface. It can be applied for both intra- and intermodal 

breast image registration. The registration consists of two steps. 

First, location and displacements of corresponding FSM observed 

in both moving and target volumes are determined, and then FEM 

is used to distribute the FSM displacements linearly over the entire 

breast volume. After determining the displacements at all the mesh 

nodes, the moving breast volume is registered to the target breast 

volume using an image-warping algorithm. In the second step, to 

correct for any residual misregistration, displacements are 

estimated for a large number of corresponding surface points on 

the moving and the target breast images, already aligned in 3D, 

and our FEM model and the warping algorithm are applied again. 

Our non-rigid multimodality and intramodality breast image 

registration method yielded good quality images with target 

registration error comparable with pertinent imaging system spatial 

resolution.

1. INTRODUCTION 

Breast cancer is one of the most common cancers among women in 

the U.S. [1, 2]. Early detection and treatment are very important 

for successful breast-cancer treatment and outcome. Previous 

studies showed that multimodality registration approaches is 

advantageous in detection and diagnosis of malignant lesions in 

early stages [3-6]. However, most of these studies were mainly 

applied to brain or bone images where common rigid surfaces 

could be easily estimated [7, 8].  

In the context of FEM based deformable breast image 

registration, a number of studies have been recently published. In 

these studies, mainly large deformations were considered. Samani 

et al. presented a finite element model based on biomechanical 

principles to predict breast tissue deformations [9, 10]. Azar  et al. 

[11] has simulated a deformation of the breast to be applied in 

MRI–guided biopsy. Ruiter et al. [12] registered 3D MR breast 

volumes and 2D projections of X-ray mammograms using a 3D 

simulation of the breast deformation based on a biomechanical 

model of the mammographic compression. Because physically-

based deformable breast models are very difficult to implement 

[9], we developed a method that does not require information on 

patient-specific breast morphology and elastic tissue properties. 

However, it can be applied only if the stress conditions in the 

imaged breast are virtually the same between moving and target 

images. This is accomplished by use of identical patient support 

and positioning systems in both modalities.  

2. METHOD 

A general block diagram of our method is shown in Fig. 1. 

2.1. Fiducial skin markers and their localization 

Fiducial skin markers (FSMs) placed on the breast surface are used 

to sample the displacement between moving and target images 

(Fig. 2). The locations of the FSMs are marked in ink on the 

patient’s skin to ensure that both types of markers are placed in the 

same location. The corresponding pairs of markers are manually 

defined in the target (PET) and in the moving (MRI) images. The 

localization of markers has been performed by calculating 

intensity-based centroids, using the method described by Wang et 

al. [13]. In this iterative knowledge-based method, a user first 

identifies a voxel belonging to a marker, and then the algorithm 

finds the lowest threshold, which defines a set of voxels connected 

in 3D to a selected voxel, thus forming an object with proper 

geometrical extent in 3D to be a marker. The effective size of the 

marker is defined by the spatial resolution of the system. 

2.2. Construction of patient specific geometry of breast 

After performing localization of FSMs and obtaining their 

displacement vectors, the patient-specific surface geometry of the 

breast is obtained from MRI images (Fig. 3). First, a simple 

thresholding is applied to extract the breast volume followed by 

appropriate closing and opening operations. Finally, the breast 

surface contours in coronal sections are outlined. 
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Fig. 1. General block diagram of the method

Fig. 2. Fiducial skin markers indicated by arrows visible on MRI and PET

breast surfaces in axial view.

Step 1 Step 2               Step 3

Fig. 3. Construction of patient-specific geometry of breast, using coronal

sections of MR breast image.

2.3. FEM model generation in 3D 

Our custom written plug-in in ImageJ1 takes the set of coronal 

breast contours as input, and generates, in seconds, the 3D finite 

element method (FEM) file of the breast to be used as an input by

FEM software (ANSYS ver. 5.7.12). The file contains the

geometry of the breast built by key points, splines, and volumes as 

well as the definition of the surface and volume elements, and the 

displacement vectors. In this study, triangular surface elements and 

tetrahedral volume elements are used (Fig. 4). 

Fig. 4. Triangular thermal shell (left panel) and tetrahedral thermal solid

(right panel) mesh elements used in our FEM for the mesh surface and bulk, 

respectively. The arbitrary thermal conductivity of the shell element is 

chosen to be 1000 times larger than the tetrahedral element conductivity.

1
http://rsb.info.nih.gov/ij/

2
ANSYS, Inc. Canonsburg, Pennsylvania

2.4. FEM model deformation 

The breast surface and volume are meshed by a set of finite 

elements connected through nodes located on element boundaries. 

A dense displacement field is then obtained using an analogy

between displacement vector components and temperature field 

distribution in steady-state heat transfer (SSHT) in solids, with 

displacement vectors of FSMs considered analogous to the 

temperature loads at FSMs. Using the commercial FEM package, 

the dense displacement field is then estimated, by linearly

distributing the Cartesian components of the fiducial displacement

vectors first over the breast surface, and then throughout its 

volume.

2.4. A warping algorithm: Interpolation of FEM solutions 

The SSHT FEM computation produces a displacement vector at

each node of finite elements. Displacement vectors for each 

location (voxel or subvoxel) within a finite element can be 

interpolated using a weighted sum of the element’s nodal

displacements with the weights equal to the element’s node shape 

function [14],

u Ni

elui

el

i 1

Nnodes

                            (1) 

where Nnodes is the number of nodes in the element, Ni
el is the 

element’s node shape function, and ui
el is the nodal displacement

vector. In our study, the exact FEM interpolation given by Eq. 1 is 

used to obtain the dense displacement field within each FEM

element, which in turn is used to interpolate the image gray values

via a truncated sinc interpolation kernel. This process is called 

warping of the moving (floating) image to the target (fixed) image.

We emphasize that only the voxels inside the FEM mesh are 

affected by this kind of processing. 

2.5. Refinement via surface-matching algorithm 

After obtaining the warped image, a surface-matching algorithm is

applied to correct small surface discrepancies for refinement. In 

this step, instead of using marker displacements, which have

already been aligned, we used the displacements at selected

corresponding surface points, where there is a registration

problem, to determine the transformation between the two images.

For this purpose, surface regions, which need to be refined, are

first determined and represented by the curves in 2D, using cubic-

spline representations on moving and target images. Then, using

the closest distance criterion, the corresponding points on the

target image surface are determined for each of the selected points

on the moving image. Using the distances between the 

corresponding points on moving and target images, and with the 

application of our FEM model, the moving image is deformed a 

second time. Finally, using the same analogy and the method 

described above, the displacements are distributed over the entire 

volume and then the two images are registered using the warping

algorithm again.

3. EXPERIMENTAL STUDY 

Data from 12 subjects were acquired using a dedicated PET/CT 

scanner (GE Discovery ST with BGO detector and 4-slice CT) and
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a 1.5 T MRI system (Philips Intera). PET images were obtained 

with patient prone and breasts freely suspended, immediately after 

intravenous administration of 10 mCi of F-18-FDG with nine

FSMs taped on each breast. They were reconstructed in a

128 128 47 matrix, with 4.25 mm voxel size. Each FSM

contained 0.5 µCi of Ge-68. To assure that the stress conditions in 

the imaged breast are virtually the same in different modalities, a

replica of the MRI breast antenna made of plastic with very low

absorption for 511 keV photons in PET scans was used. In MRI

scans, the patient was prone with both breasts suspended into a

single well housing a standard Philips clinical breast RF receiver 

coil. A high-resolution 3D Fast Field Echo (FFE) technique with 

TR/TE = 14/3 was applied to obtain MRI breast images. An image

matrix of 512 512 120 was used in reconstruction with 

0.7 0.7 1.4 mm3 voxel size. The field of view (360 mm × 360 

mm) was centered over the breasts.

In the following examples, coregistered images are fused

using a frame-by-frame approach; a “fire” pseudo color scheme

was used to display low resolution functional F-18-FDG PET data, 

and gray scale was used to display high resolution anatomical MRI

data. After applying these color schemes, the resulting images are

averaged with equal weight. 

Fig. 5. Comparison of fused images of Subject 1. Left: After rigid

registration. Middle: After first iteration. Right: After second iteration. The

region of interest is circled with yellow line. 

Fig. 6. Comparison of fused images of Subject 2. Left: After rigid

registration. Middle: After first iteration. Right: After second iteration. The

region of interest is circled with yellow line. 

4. EVALUATION OF THE RESULTS 

We tested our results using both qualitative and quantitative

methods. To test and compare our results qualitatively, we 

implemented three different similarity measurement plots named

isoprojected surface similarity (ISS), normalized polar surface

similarity (NPSS) and z-axis surface similarity (ZSS). The ISS plot 

is a surface projection image, which represents normalized

distances between the corresponding points on the surfaces with 

the same z-axis coordinate as an intensity value. ISS gives the 

opportunity to determine where the two images are aligned well or 

not (Fig. 7). An NPSS plot is similar to an ISS plot, except that it is 

a polar isoprojection of the normalized distances between the 

corresponding points on the surfaces, and the center of it

corresponds to the apical section of the imaged breast. NPSS has

the advantage of allowing comparison of different patients (Fig. 8).

ZSS is a two dimensional graph which represents the average and 

maximum surface differences for each slice between the target and

moving images, before and after application of our nonrigid 

registration method, as well as after rigid registration (Fig. 9). To 

test our results quantitatively, mutual information and normalized

mutual information (NMI) were calculated before and after 

application of our non-rigid registration method (Table 1). We also 

performed error analysis to investigate how our method behaves 

when the number of FSMs was changed (Table 2), and how much 

error is introduced when the fiducial markers are localized with

different amounts of errors (Table 3).

After rigid registration   After first iteration       After second iteration

Fig. 7. ISS – Isoprojected surface similarity plot for Subject 1 to compare

surface differences for each point at the corresponding slice. The region of 

interest is circled with yellow line. 

After rigid registration    After first iteration   After second iteration

Fig. 8. NPSS – Normalized polar surface similarity plot for Subject 1 to 

compare surface differences for each point in the same angle with respect to 

apex center at the corresponding slice. The region of interest is circled with

a yellow line. 

Fig. 9. Z-axis surface similarity plot to compare average and/or maximum

surface differences for each corresponding slice. 
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Table 1. Calculated image similarity measures for multimodal registration. 

After rigid reg. After 1st step After 2nd step 

Subject MI NMI MI NMI MI NMI

1 1.22 1.10 2.63 1.22 2.85 1.24

2 1.48 1.12 2.09 1.17 2.26 1.19

3 1.40 1.12 1.56 1.13 1.39 1.11

BEST Max. 2 Max. 2 Max. 2

Table 2. Average target registration error (TRE) vs. number of fiducial skin 

markers.

Average target registration errors [mm]  

Number of markers used: 

Subject

ROIs inside or 

outside the 

polyhedron 

9 7 5 4 3

Outside 2.02 2.56 2.57 2.63 2.80After 1st

iteration Inside 0.84 1.27 1.28 1.53 1.97

Outside 1.38 1.65 1.30 1.33 1.681 After 2nd

iteration Inside 0.48 0.70 0.69 1.07 1.27

Table 3. Average target registration error (TRE) vs. fiducial localization 

error (FLE). 

Average target registration errors [mm]  

Errors introduced (  = 1.7 mm) 

Subject

ROIs inside or 

outside the 

polyhedron 

0 1 2 3

Outside 2.02 2.33 2.73 3.20After 1st

iteration Inside 0.84 1.15 1.67 2.27

Outside 1.38 1.20 1.39 2.031 After 2nd

iteration Inside 0.48 0.54 0.72 0.99

5. CONCLUSION 

Our coregistration method requires external FSMs and a system for 

careful breast positioning to prevent changes in internal stress 

conditions between modalities. We tested our model on 12 subjects 

with FSMs, imaged using PET and MRI. Using the selected region 

of interests (ROI), we estimated the target registration error to be 

less than two PET voxels (1–6 mm depending on location in the 

breast). The results showed that our nonrigid multimodality and 

intramodality breast-image registration method yielded good 

quality images with target registration error comparable with the 

spatial resolution of the pertinent imaging system.   
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