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ABSTRACT 

This study was undertaken to correct for motion artifacts in dynamic breast F-18-FDG PET/CT images, to improve 
differential-image quality, and to increase accuracy of time-activity curves. Dynamic PET studies, with patients prone, 
and breast suspended freely employed a protocol with 50 frames, each 1-minute long. A 30 s long CT scan was acquired 
immediately before the first PET frame. F-18-FDG was administered during the first PET time frame. Fiducial skin 
markers (FSMs) each containing ~0.5 µCi of Ge-68 were taped to each breast. In our PET/PET registration method we 
utilized CT data. For corresponding FSMs visible on the 1st and nth frames, the geometrical centroids of FSMs were 
found and their displacement vectors were estimated and used to deform the finite element method (FEM) mesh of the 
CT image (registered with 1st PET frame) to match the consecutive dynamic PET time frames. Each mesh was then 
deformed to match the 1st PET frame using known FSM displacement vectors as FEM loads, and the warped PET time-
frame volume was created. All PET time frames were thus nonrigidly registered with the first frame. An analogy 
between orthogonal components of the displacement field and the temperature distribution in steady-state heat transfer in 
solids is used, via standard heat-conduction FEM software with “conductivity” of surface elements set arbitrarily 
significantly higher than that of volume elements. Consequently, the surface reaches steady state before the volume. This 
prevents creation of concentrated FEM loads at the locations of FSMs and reaching incorrect FEM solution. We observe 
improved similarity between the 1st and nth frames. The contrast and the spatial definition of metabolically hyperactive 
regions are superior in the registered 3D images compared to unregistered 3D images. Additional work is needed to 
eliminate small image artifacts due to FSMs. 

Keywords : nonrigid 3D image registration, dynamic breast PET/CT, differential images, deformable FEM soft tissue 
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1. Introduction 

Breast cancer is one of the most common cancers among women in the U.S.1,2. False-positive mammographic screens20, 
equivocal and/or difficult-to-interpret ultrasound and clinical exams are still a notable fraction of all exams. The 
preferred method of breast cancer diagnosis is breast biopsy. However, it is relatively expensive (average billed charges 
are $3,4006,10), highly invasive and possibly painful procedure that might result in complications such as pneumothorax 
(3%), hematomas (7%), infection, ecchymosis, and pain (in 33% -69% of patients). In addition, it produces scar tissue 
that might complicate future mammographic examinations. Approximately 50% of biopsies are negative27. This 
translates to over 300,000 of retrospectively unnecessary biopsies every year in the US6. There is a great need to lower 
this number. The image data provided by the state-of-the-art F-18-FDG PET/CT dynamic breast scans8,13,21,24,28 might 
result in improved diagnostic accuracy and confidence of radiologists performing exam, as well as in faster diagnosis, 
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and would be a useful adjunct to conventional x-ray mammography and ultrasonography for ambiguous cases. In this 
paper we investigate the new approaches to increase specificity and sensitivity of F-18-FDG PET/CT dynamic breast 
scans via improvement of the differential images quality through nonrigid image registration in 3D. 
 

2. Materials and Methods  

Dynamic PET studies, with patient prone and breasts freely suspended, were performed immediately after intravenous 
administration of 10 mCi F-18-FDG using a 50-frame protocol (N=50 frames of 1 minute each). A dedicated PET/CT 
system was used (GE Discovery ST scanner and 4-slice CT). The F-18-FDG (administered during first PET time frame 
acquisition) was injected in the medial antecubital vein (22 or 20 gauge needle) in the contra lateral side to the breast 
with suspicious lesion. A CT scan with attenuation correction (1 bed position, 40 seconds, 140 kVp, 120 mA, helical 
scan) was acquired immediately before the first time frame. PET dynamic acquisition was performed with 2D with septa, 
50 scans at 1 minute each, for a total of 50 minutes. PET reconstruction was accomplished with 4.25 mm voxel size, in 
128x128 matrix, 47 slices per bed position, diameter 60 cm, OSEM algorithm, 30 subsets, 2 iterations, post filter: 6.0 
mm, loop filter: 4.7 mm, with Z-axis filter, measured CT attenuation correction, randoms corrected by singles, with 
correction for deadtime, correction for decay, correction for geometry, scatter compensation by fitting, well counter 
corrected for sensitivity and activity. 
Up to nine fiducial skin markers (FSMs), each containing 0.5 µCi of Ge-68, were taped to each breast. Since boundaries 
of PET volumes are poorly defined, we implemented an indirect approach to nonrigid dynamic breast F-18-FDG 
PET/CT image registration. The target image is the first dynamic PET time frame, while the floating images are the 
remaining consecutive dynamic scans. In the first phase, corresponding FSMs visible on the 1st

 and nth
 time frame are 

identified and their geometrical centroids are found, using a knowledge-based semi -automated algorithm, allowing 
estimation of FSM displacement vectors. Next, an FEM mesh is obtained for the CT breast image, followed by 
application of FEM to estimate deformation of the CT volume required to conform with displacement vectors observed 
in consecutive PET time frames. Thus, N−1 deformed CT volumes and their FEM meshes are created, each 
corresponding to N−1 consecutive dynamic PET time frames, where N is the total number of time frames. Therefore, all 
PET time-frame volumes are properly meshed. Next, each PET time-frame mesh is deformed using known FSM 
displacement vectors as FEM loads. This step is followed by creation of the warped PET time-frame volume. As a result, 
all PET time frames are nonrigidly registered with the first time frame. A flow chart of this method can be found in 
Fig.1.  In our FEM model, a dense displacement field is obtained by first distributing the Cartesian components of the 
observed FSM displacement vectors linearly over the breast surface, and then by distributing them throughout the breast 
volume. An analogy between orthogonal components of the displacement field and the temperature field in steady-state 
heat transfer (SSHT) in solids is used, via standard heat-conduction FEM software with “conductivity” of surface 
elements set arbitrarily significantly higher (here by a factor of 1,000) than that of volume elements. Because the surface 
“conductivity” is set significantly higher then the bulk “conductivity” the surface reaches steady state before the volume. 
This prevents creation of concentrated FEM loads at the locations of FSMs. Such point load would lead to a wrong FEM 
solution with large displacements at the FSMs locations and very small displacements elsewhere.  A commercial FEM 
package (ANSYS1) is used for meshing and FEM calculations. The floating image is warped to a fixed image using an 
appropriate shape function7 for interpolation from mesh nodes to voxels. 
 

3. Results 

We observe systematic increase in similarity for all the time fra mes in the nonrigidly registered images, as compared to 
non-registered frames. The results of the similarity measurements for three subjects are collected in Table 1.  Two large 
volumes of interest, one for each breast volume, were used for each subject. Figure 2 shows examples of Normalized 
Mutual Information (NMI), Normalized Correlation Coefficient (NCC), and the Sum of Absolute Valued Differences 
(SAVD) calculated between the nth and the 1st time frame for the registered and the unregistered images. We have 
investigated the total integrated activity (corrected for the physical decay) within breast tissue and observed that it 
steadily declined with time for all subjects. It could be explained by cumulative washout process of F-18-FDG from the 
breast tissue. Such washout process could explain trends seen in all the graphs in Fig. 2. Differential dynamic PET breast 
images were obtained for several subjects (examples are shown in Figs. 3 and 4). We observe that contrast and spatial 
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definition of the suspicious lesions are superior in the registered differential images (Figs. 3 and 4, right column), as 
compared to the unregistered images (Fig. 3 and 4, left column). The small dark regions seen on the registered images 
are artifacts due to FSMs. Figure 5 presents Time Activity Curves (TACs) that have been corrected for radioactive decay 
of the F-18. We observe that the TACs of the metabolically active regions in the registered images reach larger SUV 
values than in the unregistered images. The normal tissue shows little difference between registered and unregistered 
data. These findings are collected in Table 2.  

4. Conclusions 

The method for nonrigid registration of dynamic PET breast time series presented here has yielded significantly 
improved quality of differential dynamic PET breast images and time activity curves. In some cases, it has revealed 
metabolically active lesions, difficult to observe in unregistered images. The trends found in all similarity plots vs. time 
are due to the steady washout of F-18FDG fro m the breast tissue. More work is needed to eliminate small image artifacts 
due to fiducial skin markers.  

 
 
 
 
 
 
 
 
 
 
 
 



 
 

 

 
Fig. 1. Flowchart for PET-PET registration. 

 
a)

 

b)

 

c)

 
Fig. 2. (a) Normalized Mutual Information (NMI), its range is from 0 to a maximum value of 2. (b) Normalized Correlation Coefficient (NCC), 
its range is from -1 to a maximum value of 1. (c) Sum of Absolute Valued Differences between nth and 1st time frames for registered and 
unregistered images. Red circles: registered data. Blue squares: unregistered data. 

 



 
 

 

 
 

 
Fig. 3. Coronal views of the differential dynamic F-18-FDG PET images. Left column: differential images obtained by direct 
subtraction of the first time frame from consecutive unregistered time frames. Right column: nonrigidly registered differential images. 
Yellow arrows: suspicious metabolically active regions that do not appear as well defined in the unregistered images. Red arrows: 
FSM artifact. 
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Fig. 4. Sagittal views of the differential dynamic F-18-FDG PET images. 
Left column: differential images obtained by direct subtraction of the initial 
time frame from unregistered time frames. Right column: nonrigidly 
registered differential images. Yellow arrow: suspicious metabolically active 
regions that do not appear as well defined in the unregistered data. 
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Fig. 5. Time-activity curves for two regions of interest. (a) Metabolically active region; (b)  
Normal region. Time-activity curves (TAC) have been corrected for natural decay. Red solid 
circles: data from unregistered images. Blue solid squares: data from registered images. Red 
dashed line: TAC for unregistered images fitted to a two compartment mathematical model19.  
Blue solid line: TAC for registered images fitted to a two compartment mathematical model19. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

 

Table. 1a. The results of the similarity measurements for large Volumes of Interest (VOI) for 3 subjects. VOI 1 and VOI 2 were 
defined in the left and right breast, respectively. 

Subject 46, VOI 1 Subject 46, VOI 2 Subject 47, VOI 1 
Similarity measurements 

Unprocessed Processed Unprocessed Processed Unprocessed Processed 

 
        Minimum NMI         
 Average NMI                 
        Maximum NMI 
 

1.066 
1.084 

1.096 

1.212 
1.223 

1.233 

1.042 
1.052 

1.060 

1.173 
1.182 

1.187 

1.039 
1.059 

1.093 

1.128 
1.152 

1.168 

 
% Difference in NMI 
between registered and 
unregistered images 

 

12.8 % 12.4 % 8.7 % 

 
Standard deviation, in 
parenthesis it is given as  
% of average NMI 

 

0.007 (0.67 %) 0.004 (0.36 %) 0.005 (0.44 %) 0.004 (0.34 %) 0.015 (1.38 %) 0.009 (0.83 %) 

 
Average NCC 

 
0.566 0.627 0.724 0.795 0.619 0.723 

 
% Difference in NCC 
between registered and 
unregistered images 

 

10.6 % 9.8 % 16.8 % 

 
Average SAVD 

 
 

1.378×106 1.159×106 0.863×106 0.751×106 1.455×106 1.123×106 

% Difference in SAVD 
between registered and 
unregistered images 

 

15.9 % 13.0 % 22.8 % 

NMI= Normalized Mutual Information, NCC =normalized correlation coefficient, SAVD = the Sum of Absolutely Valued 
Differences 

 

 

 

 



 
 

 

Table. 1.b. The results of the similarity measurements for large Volumes of Interest (VOI) for 3 subjects. VOI 1 and VOI 2 were 
defined in the left  and right breast, respectively. 

Subject 47, VOI 2 Subject 48, VOI 1 Subject 48, VOI 2 
Similarity measurements 

Unprocessed Processed Unprocessed Processed Unprocessed Processed 

 
Minimum NMI 

Average NMI 
Maximum NMI 

 

1.079 
1.114 

1.147 

1.242 
1.259 

1.273 

1.035 
1.066 

1.114 

1.145 
1.172 

1.195 

1.045 
1.071 

1.116 

1.132 
1.144 

1.161 

 
% Difference in NMI 
between registered and 
unregistered images 
 

13.0 % 9.9 % 6.8 % 

 
Standard Deviation, in 
parenthesis it is given as 
% of average NMI 
 

0.017 (1.55 %) 0.006 (0.57 %) 0.024 (2.25 %) 0.010 (0.98 %) 0.022 (2.07 %) 0.007 (0.62 %) 

 
Average NCC 
 

0.823 0.847 0.654 0.729 0.760 0.797 

 
% Difference in NCC 
between registered and 
unregistered images 
 

2.9 % 11.5 % 4.9 % 

 
Average SAVD 
 

0.888×106 0.752×106 2.187×106 1.789×106 2.467×106 1.984×106 

 
% Difference in SAVD 
between registered and 
unregistered images 
 

15.3 % 18.2 % 19.6 % 

 

Table 2. Parameters of time-activity curves shown in Fig. 5. 

Metabolically active region Normal tissue region Parameters of time 
activity curves 

Registered 
Images 

Unregistered 
Images 

Registered 
Images 

Unregistered 
Images 

Maximum SUV 
intensity 

1.922 1.072 0.552 0.509 

Integrated SUV 
intensity 61.478 40.427 18.584 18.020 
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