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ABSTRACT

We have developed a tomosynthesis-based radioactive seed localiza-
tion method for prostate brachytherapy. In contrast to the projection
image-based matching approach, our method does not involve ex-
plicit segmentation of seeds and can recover hidden seeds. Modified
distance map images are computed from a limited number of x-ray
projection images, and are backprojected to reconstuct a 3-D volume
of interest. Candidate seed locations are extracted from the recon-
structed volume and false positive seeds are eliminated by solving
an optimal geometry coverage problem. The simulation results indi-
cate that the implanted seed locations can be estimated from three or
four images depending on the number of seeds if the pose of a C-arm
is known. The algorithm was validated using phantom and clinical
patient data.

Index Terms— Tomosynthesis, prostate cancer, brachytherapy,
modified distance map.

1. INTRODUCTION

Prostate cancer is one of the most leading cancers in men in the
United States with 218,890 new cases and 27,050 deaths annually.
However, it can be fully treated if detected early [1]. Brachytherapy
is a definitive treatment for low risk prostate cancer, which involves
permanent implantation of radioactive seeds into the prostate. Its
success mainly depends on the ability to implant a sufficient number
of seeds to ensure that the target gland is treated with a therapeutic
dose while sparing adjacent healthy structures (e.g. rectum, uretha,
nerve bundles) from excessive radiation. Typically, an implantation
plan is made preoperatively based on idealistic seed patterns and an
ultrasound volume study. However the actual implant procedure in-
troduces errors due to various reasons including patient motion, de-
viation of the needle, and prostate swelling. In order to overcome
these limitations, intraoperative planning under the guidance of ul-
trasound and fluoroscopy was proposed.

There are various computational tools available to localize the
seeds from a limited number of x-ray images. Three-dimensional
coordinates of the implanted seeds can be calculated from multiple
x-ray images upon resolving the correspondence of seeds [2, 3, 4,
5, 6, 7, 8, 9, 10]. These methods require accurate segmentation and
identification of the seeds in all x-ray projection images followed by
solving matching problem between identified seeds in different pro-
jection images. Incorrect localization of the seeds will cause unde-
tected seeds in 3-D reconstruction. Since typically up to 7% of the
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seeds can be hidden in the x-ray images [8], it is hard to perfectly
identify the seeds in all images even if sophisticated segmentation
and labeling methods are used. The unidentified seeds are usually re-
covered manually, which is time consuming and sometimes requires
extra x-ray images. It is sometimes impossible to recover them when
seeds are hidden.

Tutar et al. [11] proposed a modified tomosynthesis technique,
so called selective back projection which requires large number of
images (≥ 7) and large angle separation (≥ 25◦). Also, it is prone
to introduce false positive (FP) seeds and to miss true seeds when
there are C-arm pose estimation errors (Sec. 2.1 describes the reason
why pose estimation of the C-arm is necessary). Their FP removal
process based on the detected seed size is also vulnerable to the pose
errors since these errors affect the size of the detected seeds. A dis-
crete tomography algorithm based on a distance map was previously
developed [12]. However, some seeds (especially seeds that are in
a sparse seed region) were undetected when it was applied to the
clinical patient data in which seeds were smaller than those in the
phantom used in [12] and pose errors were introduced. These algo-
rithms were tested only on simulation and phantom data, but not on
clinical patient data.

In order to make the reconstruction more robust to the pose and
the calibration errors, we developed a tomosynthesis-based seed lo-
calization method using shape control function-based modified dis-
tance map images. We solve a reduced optimal coverage problem to
remove the FP seeds. The proposed method was tested on simulation
and phantom data, and was applied to two clinical patient data sets.

2. MATERIALS ANDMETHODS

Figure 1 shows an example that can be encountered when we re-
construct the seeds using tomosynthesis. Three seeds (solid circles)
are projected to three images and these three images are backpro-
jected to reconstruct a 3-D volume. From the reconstructed volume,
five candidate seeds are detected and they appear to be legitimate in
every image. The problem is to eliminate two FP seeds and detect
three true seeds correctly. The intuition is that each seed mark in
every image must be covered by at least one of the candidate seeds.
In this simple example, there will be seed marks in one or more im-
ages to which no seed in the volume is projected if we eliminate any
of the true seeds. Starting from this intuition, we have developed a
theoretical framework based on optimal geometry coverage. In order
to make the reconstruction more robust to the pose and calibration
errors, we use a modified distance map image instead of using the
projection image itself. We now describe the algorithm in detail.
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Fig. 1. Example tomosynthesis geometry.

2.1. Image acquisition, calibration and distortion correction

X-ray projection images are acquired from a C-arm with a limited
angle separation, e.g. ≤ 20◦ due to the limited space in the op-
erating room near the patient. The acquired images are dewarped
and calibrated (previously) by using a calibration phantom. Since C-
arms in most facilities do not have encoded rotational joints and they
may move on wheels between shots, we need to determine the pose
of the C-arm using tracking devices. We use a fluoroscope tracking
(FTRAC) fiducial which is a radiographic fiducial system creating a
unique projection image from each direction [13].

2.2. Seeds segmentation and modified distance map image com-
putation

Once (distortion corrected) projection images are acquired, the seed
cloud region is selected by user-driven morphological operators and
then seed-only images are computed. Since the background is highly
nonuniform in actual patient images, the nonuniform background is
first extracted by dilation and then subtracted from the original im-
age. Binary seed-only images are computed from the background
subtracted images by adaptive thresholding. For each seed-only im-
age, a distance map is computed using a distance transform which
computes the Euclidean distance between each pixel and its nearest
seed region. Since we do not need to identify all seeds in the 2-D im-
ages, overlapping seeds are simultaneously considered to be at zero
distance. Then the modified distance map images are computed us-
ing a shape control function from the distance maps. In this paper,
we use an unnormalized gaussian as a shape control function:

I(x) = e
−d(x)2/2σ2

(1)

where I(·) is the modified distance map image, x ∈ R2 is the pixel
location in the image, d is the distance map of the image, and σ2

is the variance which controls the tapering speed. The pixel value
inside the seed regions is 1 and the pixel value tapers down as the
distance between the pixel and the nearest seed region increases. σ2

is determined depending on the pose estimation errors. The intuition
of this approach is that the seed regions in the seed-only image are
not exact due to the pose and calibration errors and the probability
that a pixel belongs to the seed region is related to the distance be-
tween that pixel and its nearest seed region. A pixel closer to the seed
region in the seed-only image has higher probability that it belongs
to the true seed region, but a pixel far apart from the seed region in
the seed-only image has small probability that it belongs to the true
seed region.

2.3. Volume reconstruction and candidate seeds extraction

A 3-D volume is reconstructed using backprojection, which is equiv-
alent to a generalized form of tomosynthesis for arbitrary orienta-
tions. A global reference coordinate system (FTRAC coordinate
system) is defined and a local coordinate system (C-arm coordinate
system) is defined with respect to the global reference coordinates.
3 × 4 projection matrix which maps a point in 3-D space to the cor-
responding projection point in the projection image at each pose is
computed from the 4 × 4 transformation between the global refer-
ence and the local coordinates and the perspective projection of the
C-arm. The projection matrices are used for both reconstruction and
cost computation for FP seeds removal. After the 3-D reconstruc-
tion, candidate 3-D seeds are extracted by thresholding. Unlike a
reconstruction from actual projection images, the reconstructed vox-
els take values between 0 and 1 due to the nature of the modified
distance map images, and the threshold varies within a small range,
e.g. 0.9–1.0, which makes an automatic thresholding based on the
average size and the number of detected candidate seeds possible.
The thresholded 3-D seed regions are labeled using connected com-
ponent labeling method and the centroid of each labeled candidate
seed region is computed by averaging the 3-D coordinates of the
voxels in each seed region.

2.4. False positive seeds removal

A tomosynthesis-based approach is prone to introduce FP seeds.
Therefore an FP seed elimination process from the candidate seeds
is necessary. This problem is solved as a reduced optimal geometric
coverage problem as was done in [12], and a detailed description is
followed for the completeness of the paper.

The goal in this process is to find the Nt true seeds from Nc

candidate seeds such that all the 2-D seed regions are covered in all
projection images. Since an FP seed is projected close to some true
seeds in every image but true seeds are not projected close to the
other true seeds in all the images, a cost function of a given seed
can be defined as the sum of the closest distances between the pro-
jections of this seed and the projections of all the other true seeds
in all images. However, since this optimal coverage problem is NP-
hard [14] and it requires impractical amount of time for a large num-
ber of seeds, a greedy search to minimize local costs rather than the
global cost is adopted to reduce the computational burden.

To ensure that the projections of selected true seeds cover all the
2-D seed regions in all seed-only images, all 2-D seed regions in all
seed-only images are labeled using connected component labeling
method and the candidate seeds are clustered based on their pro-
jections in each labeled seed-only image. The purpose of the seed
labeling is not to segment the 2-D seed regions or to identify the
number of true seeds in each image, so the overlapped seed regions
will be labeled as one. This clustered seed labels are used for the
coverage function minimization.

All candidate seeds are first projected onto each image. Let xn

be a 3-D candidate seed position and P i be a projection matrix for
the ith projection image. Then the projection of xn to the ith image
becomes P ixn. Let Li(x) be a label corresponding to a point x,
then the label of a projection of a 3-D seed position xn in the ith

image becomes Li(P ixn). The projections of all candidate seeds
in the ith image are clustered as sets Ωi

k = {xn|L
i(P ixn) = k},

k = 1, 2, 3, ...Ki where Ki is the number of labels in the ith la-
beled seed-only image. The seed region with label k in ith image
is covered by ||Ωi

k|| seeds where ||Ωi
k|| is the cardinal of set Ωi

k

and ||Ωi
k|| ≥ 1. If a seed region is covered by only one seed, i.e.

||Ωi
k|| = 1, this seed must be a true seed because otherwise this
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region cannot be covered. The set of such seeds can be described as:

G = ∪i{xn|L
i(P i

xn) = k and ||Ωi
k|| = 1, k = 1, 2, ...,K

i},
(2)

for i = 1, 2, ...,Np where Np is the number of projection images.
The optimization problem can be reduced to choose (Nt − ||G||)
seeds from (Nc − ||G||) candidate seeds. And a local cost function
is defined as:

C(xn) = −

Np�

i=1

1 + Di(xn)

1 + di
n

, for xn ∈ (S − G) (3)

D
i(xn) = min

m�=n
||P i

xm − P
i
xn||, for xm ∈ S

where S is a set of candidate seeds, and di
n is the distance from the

projection of xn to the nearest seed region in the ith image. di
n is

included in the cost function to reflect the effect of imperfect pose
estimation. This problem is solved using greedy search iteratively.
During each iteration, a seed that has the largest cost value computed
by (3) is considered as an FP seed and is removed from S andG is
updated at each iteration if there are additional seeds which cover
some seed regions alone after removing one FP seed. Iteration con-
tinues untilNt seeds are left.

3. NUMERICAL RESULTS

3.1. Simulations

Simulation studies were conducted on synthetic projection images
to evaluate the performance of our method. Three cases were con-
sidered for a 50 cc prostate: (1) seed density of 1.5 seeds/cc with
72 implanted seeds, (2) seed density of 2.0 seeds/cc with 96 im-
planted seeds, and (3) seed density of 2.25 seeds/cc with 112 im-
planted seeds. Three data sets were generated for each case. The fo-
cal length of the C-arm and the pixel size of the image were chosen
to be 1000 mm and 0.442 mm2, respectively based on our experi-
ence. Each seed is represented by a cylinder with radius of 0.4 mm
and length of 1.45 mm. In each data set, there are six images gen-
erated on a 20◦ cone around the AP axis. No C-arm pose error was
introduced. 3-D reconstructions of the seeds are computed based on
three and four images with a voxel size of 0.53 mm3. We have cho-
sen three combinations of selecting three (or four) images out of six
avaliable images in each data set and computed nine reconstructions
for each case (3 combinations×3 data sets). Since there was no pose
error, σ was chosen to be small (e.g. 1 pixel = 0.5 mm) and threshold
for localizing candidate seeds in 3-D reconstruction was chosen to be
high (e.g. 1.0). The estimated seed positions were compared to the
ground truth. The results are shown in Table 1 and imply that the im-
planted seeds can be localized with a detection accuracy of > 98%
or > 99% from three or four images, respectively, depending on the
number of seeds when there is no C-arm pose error.

3.2. Phantom experiments

Phantom experiments were performed on a seed phantom which was
fabricated using acetol. The phantom consists of twelve slabs with
thickness of 5 mm and each slab has at least a hundred holes with 5
mm spacing where seeds can be positioned. The FTRAC was pre-
cisely attached to the seed phantom in a known position. There was
about 0.5◦– 1◦ rotational error introduced in the attachment process
which results in about 0.5 mm error in the ground truth seed loca-
tions. Three data sets were generated with the numbers of seeds of
42, 72, and 102 keeping seed density constant at about 1.56 seeds/cc

(a) (b)

Fig. 2. (a) Example clinical patient image showing 66 seeds and
FTRAC images. (b) The estimated seed centroids projected onto
one of three projection images used for reconstruction.

for all three data sets. For each data set, six images were acquired
within a 20◦ cone around the AP axis using a Philips Integris V3000
fluoroscope and were dewarped using previously acquired calibra-
tion phantom data. Four, five, and six images were selected from
the six available images in each data set based on the residual er-
rors provided by the FTRAC software, and were used for 3-D re-
constructions. The voxel size of the 3-D reconstructions was 0.53
mm3. Considering the pose errors, σ was chosen to be larger (e.g.
3 pixels = 1.5 mm) and the threshold for localizing candidate seeds
in 3-D reconstruction was chosen to be smaller (e.g. 0.95) than the
values chosen for simulations. The estimated seed positions were
compared to the ground truth, and the results are shown in Table 2.
The results imply that the implanted seed locations can be estimated
with a detection accuracy of > 97% from five projection images.

3.3. Clinical experiments

The proposed method was applied to two clinical patient data sets.
X-ray images were taken within a 10◦ cone around the AP axis us-
ing OEC 9800 fluoroscope, and were dewarped and calibrated using
calibration phantom data acquired prior to the surgery. The FTRAC
from which the pose of the C-arm at each image was estimated was
precisely attached to the needle insertion template in a known posi-
tion. 61 and 66 103Pd seeds were implanted into 30 cc prostate and
the size of the seed was 4.92 mm (length) and 1.0 mm (radius) with
radio-opaque size of about 1.45 mm (length) and 0.8 mm (radius).
Three images were selected from the acquired images (10 images for
61 seeds, 9 images for 66 seeds) based on the residual errors com-
puted by the FTRAC software. The σ = 5 pixels = 2.5 mm and the
threshold = 0.98 for localizing the candidate seeds were used. Since
the exact locations of the seeds were unknown, the correspondence
between the projection of the estimated seeds and the actual seeds
in the images was visually assessed. The estimated seed locations
were also compared with those computed by an existing software,
MARSHAL [7] and the differences were computed. In Figure 2 are
shown an example patient image and a magnified image onto which
the centroids of the estimated seeds are projected. All seeds were
well matched for both cases and the results are shown in Table 3.

4. CONCLUSIONS

A novel method for prostate brachytherapy seed reconstruction
using C-arm images was described. Modified distance map im-
ages are generated from 2-D projection images and are used for
tomosynthesis-based 3-D reconstruction. True seed locations are
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Table 1. Simulation results using different number of images for different data sets.
Number of true seeds 72 96 112
Number of images used 3 4 3 4 3 4
Number of candidate seeds 73.6 72.0 104.9 97.1 121.7 113.9
Correctly estimated seeds (%) 100 100 98.3 100 98.9 99.6
Mean reconstruction error (mm) 0.61 0.57 0.64 0.58 0.65 0.57
STD of reconstruction errors (mm) 0.14 0.09 0.31 0.11 0.24 0.11

Table 2. Phantom experiment results using different number of images for different data sets.
Number of true seeds 42 72 102
Number of images used 4 5 6 4 5 6 4 5 6
Number of candidate seeds 43 42 42 75 72 72 117 112 107
Correctly estimated seeds (%) 100 100 100 98.6 100 100 93.1 97.1 97.1
Mean reconstruction error (mm) 1.75 1.26 1.05 1.04 0.67 0.65 1.27 1.50 0.98
STD of reconstruction errors (mm) 0.64 0.52 0.42 0.44 0.41 0.37 0.55 0.46 0.50

Table 3. Clinical experiment results.
Number of true seeds 61 66
Number of images used 3 3
Number of candidate seeds 68 80
Correctly matched seeds (%) 100 100

Mean reconstruction difference (mm) 0.96 1.04
STD of reconstruction difference (mm) 0.61 0.72

separated from a set of candidate seeds detected from the reconstruc-
tion by solving optimal coverage problem. This method requires
slightly larger number of images compared to the 2-D image-based
approach, but the attractive feature of the proposed method is that it
can recover all the seeds automatically, including the hidden seeds,
without an exact seed identification. Through simulations, phantom,
and clinical studies, our method was evaluated, successfully local-
izing the implanted seeds. Further validation on more clinical data
will be shown in a future publication.

Acknowledgements: We thank Dr. Danny Y. Song and Anton
Deguet for acquiring the patient data and technical support.

5. REFERENCES

[1] A. Jemal, R. Siegel, E. Ward, T. Murray, J. Xu, and M. J. Thun,
“Cancer statistics,” CA Cancer J. Clin., vol. 57, pp. 43–66,
2007.

[2] M. D. Altschuler and A. Kassaee, “Automated matching of
corresponding seed images of three simulator radiographs to
allow 3D triangulation of implanted seeds,” Phys. Med. Biol.,
vol. 42, pp. 293–302, 1997.

[3] D. Tubic, A. Zaccarin, L. Beaulieu, and J. Pouliot, “Auto-
mated seed detection and three-dimensional reconstruction, ii.
reconstruction of permanent prostate implants using simulated
annealing,” Med. Phys., vol. 28, pp. 2272–2279, 2001.

[4] S. Narayann, P. Cho, and R. Marks, “Fast cross-projection al-
gorithm for reconstruction of seeds in prostate brachytherapy,”
Med. Phys., vol. 29, pp. 1572–1579, 2002.

[5] D. A. Todor, G. N. Cohen, H. I. Amols, and M. Zaider,
“Operator-free, film-based 3d seed reconstruction in
brachytherapy,” Phys. Med. Biol., vol. 47, no. 12, pp.
2031–2048, 2002.

[6] S. T Lam, P. S. Cho, R. J. MarksII, and S. Narayanan, “Three-
dimensional seed reconstruction for prostate brachytherapy us-
ing hough trajectories,” Phys. Med. Biol., vol. 49, no. 4, pp.
557–569, 2004.

[7] A. K. Jain, Y. Zhou, T. Mustafa, E. C. Burdette, G. S.
Chirikjian, and G. Fichtinger, “Matching and reconstructoin
of brachytherapy seeds using the hungarian algorithm (MAR-
SHAL),” Med. Phys., vol. 32, pp. 3475–3492, 2005.

[8] Y. Su, B. J. Davis, M. G. Herman, and R. A. Robb, “Prostate
brachytherapy seed localization by analysis of multiple projec-
tions: Identifying and addressing the seed overlap problem,”
Med. Phys., vol. 31, pp. 1277–1287, 2004.

[9] V. Singh, L. Mukherjee, J. Xu, K. R. Hoffmann, P. M. Dinu,
and M. Podgorsak, “Brachytherapy seed localization using
geometric and linear programming technique,” IEEE Trans.
Med. Imag., vol. 26, pp. 1291–1304, 2007.

[10] C. Labat, A. K. Jain, G. Fichtinger, and J. L. Prince, “To-
ward optimal matching for 3D reconstruction of brachytherapy
seeds,” LNCS, vol. 4792, pp. 701–709, 2007.

[11] I. B. Tutar, R. Managuli, V. Shamdasani, P. S. Cho, S. D.
Pathak, and Y. Kim, “Tomosynthesis-based localization of ra-
dioactive seeds in prostate brachytherapy,”Med. Phys., vol. 30,
pp. 101–109, 2003.

[12] X. Liu, A. K. Jain, and G. Fichtinger, “Prostate implant re-
construction with discrete tomography,” LNCS, vol. 4791, pp.
734–742, 2007.

[13] A. K. Jain, T. Mustafa, Y. Zhou, C. Burdette, G. S. Chirikjian,
and G. Fichtinger, “Ftrac - a robust fluoroscope tracking fidu-
cial,” Med. Phys., vol. 32, pp. 3185–3198, 2005.

[14] Y. Su, D. J. Davis, M. G. Herman, A. Manduca, and R. A.
Robb, “Examination of dosimetry accuracy as a function of
seed detection rate in permanent prostate brachytherapy,” Med.
Phys., vol. 32, pp. 3049–3056, 2005.

683

Authorized licensed use limited to: Queens University. Downloaded on August 13, 2009 at 14:47 from IEEE Xplore.  Restrictions apply. 


