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ABSTRACT

Permanent implantation of radioactive seedsis aviable and effective therapeutic option widely used today for early stage
prostate cancer. In order to perform intraoperative dosimetry the seed locations must be determined accurately with high
efficiency. However, the task of seed segmentation is often hampered by the wide range of signal-to-noise ratios represented
in the x-ray images due to highly non-uniform background. To circumvent the problem we have devel oped a new method,
the spoke transform, to segment the seeds from the background. This method uses spoke-like rotating line segments within
the two concentric windows. The mean intensity value of the pixels that fall on each rotated line segment best describing the
intersection between the seed that we are trying to segment is chosen. The inner window gives an indication of the
background level immediately surrounding the seeds. The outer window is an isolated region not being segmented and
represents a non-seed areain need of enhancement and a detection decision. The advantages of the method are its ability (1)
to work with spatially varying local backgrounds and (2) to segment the hidden seeds. Pd-103 and I-125 images demonstrate
the effectiveness of the spoke transform.
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1. INTRODUCTION

In the past decade, the reported incidence of prostate cancer has grown dramatically. Thisincreaseis
believed to be primarily due to longer life expectancy, awareness of prostate cancer and enhanced
techniques in screening and diagnostic procedures’. Therefore, the number of patients seeking medical
care for prostate diseases is aso increased steadily. One of the current treatments for early-stage prostate
carcinoma, that iswidely recognized, is the implantation of radioactive seeds in the progtate. The x-ray
isavauabletool in andyzing dose didribution. The seed image acquistion is the projection of x-rays
captured with fluoroscopy or film. In order to perform the dose distribution analys's, seed locations must
be determined by segmenting the seeds. The difficulty of segmenting the seedsin x-ray images is that

the resulting images may have very low signd to noise ratios and the seeds spread over various
background structures with non-uniform brightness. In addition, some seed images are difficult to
identify with the naked eye due to the extremely low contrast with respect to the background. Some of
the new clustering approaches such as active contour models, fuzzy clugtering, neura networks, Markov
random field models, etc. have been used to solve the problem of segmentatior . While there have
been various approaches proposed for medical image segmentation’ >, many processing techniques can
be used to segment but with various success — especidly when applying these methods to segment the
seeds in prostate x-ray images.

In this paper, we propose a new method, the spoke transform, to segment the seeds from the
background. By incorporating the seed’ s surrounding regions, the spoke transform can effectively utilize
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and compare the seeds and surrounding regions to segment the seeds. Successful gpplication of our
method to segment the seeds from the real world images is presented.

2. MATERIAL AND METHODS

Standard edge detection agorithms applied to segment seeds will result in many faulty edges’. Thisis
because the sgnd to noise ratios between the seeds and various backgrounds are very low. Conventiond
segmentation agorithms use image gradients and fail to accurately detect the seeds where the contrast is
poor. Kernd windows of different sze must be used for different backgrounds and seed types. The
spoke transform utilizes the contrast between the seeds and the adjacent surrounding backgrounds to
segment the seeds. The enhanced image generated by the spoke transform is then thresholded to give the
segmented seeds. The spoke transform agorithm isillugtrated the flow chart in Fig. 1.
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Figure 1: Spoke transform

3. DEFINING SPOKES

For an (Lx " Ly) image with intensity pixe vaues, |, the spokes are defined by the relationship between a
st of pixes of two concentric windows, the inner window Wi, and the outer enclosed window Wo,:. The
following steps are used.

1. Firg, giventheszeof theseed, (A~ B) with N = max(A, B), we want to segment the seed
from the background of the prostate fluoroscopy. Define an inner window szeN ™ N and the
outer enclosed window szeM = M, where M > N. Figure 2 shows the inner widow size
5° 5(Wp), the outer enclosed window size 11~ 11 (W) and the center pixel C(i,j).
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2. Next, conddering the pixelsin the inner window, we define a set of rotating segment lines
garting from the center pixel to the edge of the inner window. The maximum separation
between the segment at the inner window boundary is three pixels and the minimum
separation between the segment at the inner window boundary is one pixd. These ranges will
increase the number of segments when the inner window islarge and reduce the number of
segments when the inner window is small. Since the seeds are cylindrica in shapes, by using
these rotating segments, we only process objects that are of interest in lieu of the entire inner
window’s pixels. Figures 3(a) to 3(h) show examples of the orientation of these segments.
One of these rotated line segments best represents the intersection between the seed (or seeds
in case of overlapping seeds) that we are trying to segment.

C(i, j)
Figure 2. Inner and outer windows of the spoke agorithm.

3. After the rotated segments are defined, we compute the mean intensity pixd vaue of the pixds

that fall on each segment to creete the inner line segment nodes, L. From Fig. 3(a) to 3(h), we
compute these inner segment nodes as.

1l o 1
Lo (i, ) = Té‘ (W, +p)), Liso” (i, ]) = _Ié‘ L(W, G-p);
p=0 p=0
o 1'61 o |61
Las® (i, ) = 1a |(Wei-p), G+p); L2zs” (i, ]) = 1a |(Wei+p), G-);
p=0 p=0
R s
Loo® (i, ) = Ta |(Wi-p), i) L27o” (i, }) = -Ia |(Wei+p). j);
p=0 p=0
1l o 1
Liss® (i, ]) = _Ié' |(Wei-p). G-p)); Laas® (i, ]) = _Ié' |(Wei+p). G+p)-
p=0 p=0

! The spoke algorithm can be generalized to segment different shape objects by defining specific rotating segment
characteristics. For example, to segment circularly shaped objects, arotating triangular shape can be used instead of the
rotating lineto look for cylindrical objects.
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where (i, j) isthe coordinate of the center pixe of the inner window and | isthe total number of
pixelsin the ssgment.
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Figure 3. Orientation of spoke segments.

4. To further enhance our detection, we assign to the insde node, N;, the mean intengty pixd vaue
of the ingde window, W,. The ingde node gives an indication of the background level of the
region immediately surrounding the seeds. It can be described asfollows:

1, o
Ni=— a a [(Wn).
N?

J

5. Inaddition to the insde nodes, Nj, the loca pixels surrounding the seed will be used to further
enhance the detection decision. These pixels are from the outside of the window W, and the
pixesingde of thewindow Woy:. This region can be represented as Wex: = Wout - Wi, with
(M? - N?) pixels.

6. Hndly, we define an outside node, No, the mean intensity pixd vaue of Wex: region. It can be
expressed asfollows:
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1 o o
NO= a a I(We)(t).
M?- N2

In some high contrast areas of the image, the inner nodes detected these changes and consider these
areas as potentia seed areas. The outside node provides an isolated region not being segmented and
represents non-seed area to remove false detection for large areas that inner nodes, Ln, detected.

Our god isto determine if there is a seed or seeds in one of these nodes. In order to evauate the
likelihood that one or more of these nodes contain the seedsin the inner window, the probability of a
segment node that contains a seed can be represented as

P(Ln | Ni No) = P(Ln Ni No) / P(Ni No).

From the line ssgment nodes, L, we select the node with the largest mean intengity pixel value and
use this vaue for future computation of the highest probability that the node contains the seed. It is
expected that optima detection will occur when the ratio of probability of finding the seed in the inner
nodes, N;, to that in the externa nodes, No, is maximized.

4. SPOKE TRANSFORM

The spoke transform involves the convolution of the origina image with the spoke kernd as described
above. The spoke transform will produce a new vaue for each pixd. By using these inner line ssgments
and creating inner nodes, these nodes use different intengty values based on the inner window for
different areas of the image. The trandformation is given by:

S0 0)= ad (Suli—k j—=D+Sh0 -k j-1),

k|

Where S, j) = { Max(Ly) - Ni C(i, j) > Ni and N; > No.
0 Otherwise.
S(,j) = Max(Ln) Max(Ln) > N;j and N; > No.
{ Min(Ln, CG, })) Otherwise.

The §; transformation enhances the differences of the pixd intengty vaues between the seeds and its
surroundings. The S; transformation enhances the contrast of the seeds by suppressing intensity vaue of
its surrounding pixels. This second transformation provides the compensation mechaniam for the hidden
seeds in the images. The output of the i, j) process will produce a contrast enhanced images of the
origind image. From the §; transformation image, aglobd histogram is used to determine the threshold
to segment the image and amilarly for the S; trandformation image. The threshold is determined
beginning with the mean of the histogram and manudly varying the threshold to achieve the best
segmentation. The combination of the two thresholded images gives the fina segmented seeds.
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5. RESULTSAND DISCUSSION

Figure 4 shows an origina paladium-103 (Pd-103) seed image. Figure 5 zoomsin on the seed area. The
seed Size, gpproximately 5 3 pixels, istypicd for C-arm fluoro images. Since the seeds’ intensities
vary over awide range and the backgrounds adso have smilar ranges, the spoke transform is useful for
segmenting the seeds. Figure 6 showsthe S; transformation and Fig. 7 shows the result of segmented
imagewithWi, =5" 5and Wo, =11 " 11. Figure 8 showsthe S, transformation and Fig. 9 showsthe
result of segmented imagewith Wi, =5" 5and Wy =11~ 11. Figure 10 showsthe find result of the
segmentation after combining S; and S, transformation results and usng morphologica processing to
remove large areas in the bottom right corner. We aso agpplied our method to another type of seed.
Figure 11 shows the origind image of an iodine-125 (1-125) seed. The image was captured on film and
subsequently digitized with alaser film scanner. The average Sze of the seed is 14~ 5 pixels. Figure 12
showsthe S; transformation and Fig. 13 showsthe S, transformation with Wi, =7 7 and Woy = 14

" 14. Figure 14 showsthe find result of the segmentation.

The spoke transform greatly facilitated the seed segmentation process by enhancing and isolating the
seeds from the background. It aso diminates many fault edges that the traditiona edge detection
methods. However, the spoke method is not yet fully automated. The step that requires manua
intervention isthe gray scae thresholding after application of spoke transform. The globa histogram
based thresholding technique was not dways rdigble in the high intengity pixd vaue aress.

Segmentation of the small seed isrelated to the problem of determining the edge. The sticks
transform'? has been used in determining the edges of the prostate in ultra-sound images. The spoke
transform segments have the Smilar function as the stick transform method. The gtick line segment is
designed to determine the most likely to be the edge while the spoke segment is designed to determine
the mogt likely to be the seed. Both methods select the best of the rotating segments as a possible
solution but the spoke transform aso utilizes the two concentric windows to further enhance the
detection. The stick line segment is centered & the centra pixel while the rotating segment only uses
center pixel asapivoting point. This provides us more precision in determining the end seeds when
compare to the centra pixd.

6. CONCLUSION

We have presented a new approach to segment the radioactive seedsin prostate x-ray images. The
method uses different kernel windows for different backgrounds and seeds. These nodes use different
scales based on the inner window for different areas of the image. This method aso effectively utilizes
and compares the seeds and its surrounding regions. The agorithm demongtrates the ability of the spoke
transform to segment hidden seeds in both Pd-103 and 1-125 images.

Future work is proposed for automating the thresholding process.
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Figure 4. Origind Pd-103 image.

Figure 6. Result of S;.

Proc. SPIE Vol. 4322

1497



Figure 9. Segmentation of S,.
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Figure 12. Result of S;.
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Ssegmentation result.

Figure 14. Find
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