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ABSTRACT

Segmentation of rib bones from magnetic resonance (MR)
data is a challenging task due to the very weak MR signal of
the bone tissue. The locations of the rib bones are indicated
by the lack of signal between the surrounding soft tissues.
We have developed an automated rib segmentation method,
which tracks the bones from a given initial point using a pre-
defined rib cross-section template. The three-dimensional lo-
cation of the rib midline is parametrized with second order
polynomials. The correct rib midline is determined through
numerical optimization of polynomial parameters by maxi-
mizing cross-correlation between the template and the MR
data. The segmentation result is a three-dimensional binary
segmentation of the ribs, which can be output also as a sur-
face. Comparison between the method’s output and a manual
segmentation shows that the method works adequately.

Index Terms— Magnetic resonance, segmentation, rib,
HIFU

1. INTRODUCTION

Alongside established therapies, during the last decade
MR-guided High Intensity Focused Ultrasound (HIFU) has
emerged as a promising candidate for a non-invasively treat-
ing certain types of cancer [1, 2]. HIFU can be used to heat
tissue in a well-defined target area. Exceeding a certain tem-
perature threshold or sustaining a markedly elevated temper-
ature during a sufficient amount of time results in necrosis or
apoptosis and will finally kill the tumor cells. In MR-guided
HIFU both treatment planning and non-invasive temperature
monitoring are based on magnetic resonance imaging.

For a treatment of organs in the abdominal cavity (liver,
pancreas, kidney) the ribs present a considerable obstacle for
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the ultrasound beam. Blocking the beam path, the ribs hinder
an efficient energy deposition in the target area. In addition,
the higher absorption of ultrasound at the ribs can lead to tis-
sue damage at their surface. It is therefore highly desirable
to spare the ribs as far as possible from any exposure to ultra-
sound energy. In order to design efficient sonication strategies
which avoid the ribs, a detailed knowledge of their position
and shape is mandatory. In view of potential clinical appli-
cation, rib detection should not rely on manual segmentation
but be automated.

The fundamental problem in segmenting bones from MR
data is that usually the bone tissue does not produce substan-
tial amount of signal (See Fig.1). The situation gets even more
challenging when the MR imaging sequence is set to maxi-
mize the contrast between soft tissues, cartilage and bone as
is the case with HIFU therapy.

One way to solve this problem is to segment the bones
from computerized tomography (CT) data of the respective
patient, and thereafter register the CT data together with the
segmented structures to the MR data. In CT data bones are
clearly visible and there are several methods for segmenta-
tion [3, 4]. However, it has been reported that there may be
significant health risks associated with acquiring whole-body
CT data [5] and a possibility to avoid unnecessary CT scans
would therefore be valuable.

Some methods have been developed for full thorax seg-
mentation directly from MR data [6]. However, during the
HIFU treatment process the patient is located inside the MR
scanner and the segmentation needs to be a fast process.
Registration of the whole thorax model may get unnecessary
time-consuming. In addition, the actual field of view in MR
scans during the treatment is limited to the, possibly very
narrow, region of interest. Thus, there is a call for a simple
and fast method to segment the bones from a partial MR view
of the thorax.

In this study, we aim to develop a tracking-based rib seg-
mentation method for MR data. We aim to model the rib



Fig. 1. Appearance of bones in MR data.

midline in three dimensions using polynomial parametriza-
tion and a pre-defined bone cross-section template. The es-
timated midline is then used to find the true cross-sectional
profile of the bone and to construct a three-dimensional bi-
nary segmentation. The method is tested with real MR data
and compared to manual segmentations.

2. METHODS AND MATERIALS

In our method the rib bone is segmented by tracking the rib
midline from a given initial point I = (I, I, I.). The
tracking is based on maximizing the correlation coefficient
between the bone cross-section template and the MR data in
the vicinity of the rib midline.

2.1. Rib midline model

The rib midline R(s) is tracked parametrically with a model
based on second order polynomials as

R.(s) 0382 4 bys + cy
R(s)=1| Ry(s) | =| ays®*+bys+c¢, |, (1)
R.(s) a,s2+b,s+c,

where s € [0, L] is determined in millimeter scale with
L set as the desired length of the segmentation. By setting
R(0) = I it can be seen immediately that this determines
the variables c,, ¢, and c, leaving six parameters to be deter-
mined through numerical optimization. For simplicity these
are denoted as 0 = {ay, by, ay, by, a,b.} from now on.

2.2. Computation of cross-sections

In order to determine the optimal rib midline, i.e. the op-
timal parameters 6, voxels in the vicinity of the rib midline
are investigated. In our method, the normal planes of the rib
midline are collected. When the rib midline in correctly es-
timated, these normal planes show cross-sections of the rib
bone together with some surrounding tissues such as liver and
subcutaneous fat/muscle (See Fig. 2).

To obtain the normal planes, we need to calculate which
voxels in the MR data correspond to a specific normal plane.
Because the rib midline is determined parametrically with
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Fig. 2. (a) Visualization of polynomial rib midline and the
planes normal to it. (b) The normal planes from the rib mid-
line with the extracted voxel values from MR data. For better
visualization the planes in (a) are more sparsely located than
in real computations.

second order polynomials, it is straightforward to calculate
the equations for the normal planes analytically. First, we
calculate the tangent vector g(s|f) for the rib midline curve
R(s), which is defined simply with derivatives

Gz (s]0) 2055 + by
g(s|0) = | gy(s|6) =1 2ays+b, |. 2)
72(s]0) 2a,5 + b,

The tangent vector g is normalized to get the unit tanget vector
g. Then the two unit vectors v and u that span the normal
plane can be defined with the unit tanget vector as

. \/1 TS
92(10)2 + g, (516)2
v(s|f) = 9z(510) 3)
V92 (50) + g, (510)2
0
and
u(s|6) = v(s]0) x g(sl0), 4)

where x denotes the cross product of vectors.

The motivation for the seemingly cumbersome definition
of vector v is that in this form v is always parallel to the
axial slices. The non-zero components v, and v, are deter-
mined using the path gradient g and thus all the cross-section
planes are aligned equally in relation to the path R(s|f). If



the component v, was not fixed, the definition of the normal
planes would be ambiguous in terms of rotation around the
path gradient. This in turn would cause problems when trying
to match the fixed template to the normal planes.

In practice the actual vector values in a position s with
parameters # can be calculated just by inserting the parameter
values to the above equations. This makes the computations
very fast because the vector values are obtained with elemen-
tary numerical operations.

The voxels of the MR data V' that correspond to the pixels
of the normal planes P(s|6) of the rib midline R(s|6) are now
obtained directly with the vectors v and v that span the normal
planes as

(i - TL)’Ux + (] - n)u:r + R,
Pii(s]0) =V [ (i —n)vy+ (j —n)uy + R, 5)
(.7 - n)uz + Rz
where ¢ and j are running indices (¢, = 0, . .., 2n) for pixels

in plane P(s). Note that in the above equation v, u and R
depend on the parameters s and 6 although they have been
left out for notational simplicity and clarity.

2.3. Fitness function

The correct location of the rib is determined through numeri-
cal optimization of the parameters 6 through the correspond-
ing fitness function f. The fitness function is defined as the
average sample correlation coefficient between pre-defined
rib cross-section template 7" and the normal planes P(s|0)
extracted from the rib midline:

1 & Cov (P (s|0),T)

= (6)
L+1Z (@n+1)* = 1) 0 (P(s10)) o (T)

/()

where C'ov() denotes the sample covariance and o() denotes

the sample standard deviation. Note that (2n + 1)? is equal

to the number of pixels in the template 7" (and in each of the

normal planes P(s)). The fitness function values are always

within interval [—1, 1] with values near +1 indicating high

correlation and values near 0 showing lack of correlation.
The optimal parameters

6 = arg max f(6) @)

are determined with a purpose-built hybrid optimization
method consisting of differential evolution algorithm [7]
and Nelder-Mead simplex method [8].

2.4. Segmentation

After the rib midline has been successfully estimated by
finding optimal parameters 0, the construction of the three-
dimensional rib segmentation is straightforward. The planes
P(s]) are averaged over s into a single two-dimensional

Fig. 3. Left: Average plane of the extracted normal planes.
Right: The estimated bone cross-section overlaid on the aver-
age plane.

plane and the actual rib cross-section profile is found by fit-
ting an ellipse to the average plane. A single ellipse can be
fitted to the whole averaged data, because the planes are al-
ready mutually aligned due to the definition of normal vectors
in Eq. (3) and Eq. (4).

The location of the ellipse within the average plane is
fixed to the centre, while the ellipse rotation and the lengths
of the major and minor axis are estimated (See Fig.3). Simply
using the average voxel value difference between the ellipse
interior and the ellipse exterior has turned out to be a well-
working fitness function here. Because the range of anatom-
ically feasible rib cross-section sizes is very limited, exhaus-
tive search is used to find the best fitting ellipse. We used
ellipse axis length range from 5 to 20 millimeters and maxi-
mum ellipse rotation of £30 degrees.

The binary three-dimensional bone segmentation is con-
structed first by setting voxels in the normal planes P(s) to
value 1 if the voxel is within the estimated ellipse and 0 oth-
erwise. These binary normal planes are then back-projected
to the three-dimensional space. From this three-dimensional
binary segmentation it is possible to construct a surface if
needed.

2.5. Data description

Images of a healthy volunteer were acquired on a clinical
1.5T MR-scanner (Achieva, Philips Healthcare). The 3D
gradient echo sequence (Turbo Field Echo, TFE) is acquired
using navigator-based respiratory gating. Sequence parame-
ters (echo time TE=2ms, repetition time TR=4ms, flip angle
FA=10°) are chosen to optimize the contrast between soft tis-
sue and ribs/cartilage. Slice thickness is 2mm with 1mm slice
spacing. Covering a field-of-view of 400mm the acquisition
matrix size is 192 which results in a voxel size of 2.1mm. The
MR slices were reconstructed into an isotropic volume with
cubic voxels of size 1.5625mm using Insight ToolKit [9].



Developed method

Manual

Fig. 4. Rib segmentation using the developed method and
manual segmentation overlaid on a coronal slice of the MR
data.

2.6. Dice index

The segmentation results are evaluated with Dice index d,
which is calculated as ([10])

|DnN M|

d=
3 (DI +[M])

®)

where D and M are binary segmentation volumes. Operator
| | gives the voxels in the corresponding segmented structure.

Dice index measures the similarity of two sets, or in this
case, segmentations. Equation (8) gives the size of the union
of two segmentations divided by their average size. Perfectly
matching segmentations would yield a Dice index 1 and com-
pletely separate segmentation would give out a Dice index
0. It is not possible to declare a universally good Dice in-
dex level, because this depends strongly on the application in
question, quality of the data and the nature of the used refer-
ence segmentation. As a rough estimate, at least values above
0.70 are expected for an adequate segmentation method but
in some application even index values way above 0.95 can be
achieved.

3. RESULTS

Numerical comparison between the output of the developed
method and the expert manual segmentations can be seen in
Table 1. The rib midline can be estimated with an average
distance of 1.32 millimeters to the expert manual midline es-
timate. While the MR data voxels size in this test was 1.5625

Developed method

Fig. 5. Rib segmentation using the developed method and
manual segmentation as surfaces.

millimeters, the result can be considered very good. The
actual binary segmentations reach on average Dice index of
0.74, which is an acceptable but not an excellent value.

A coronal slice of the binary segmentations from the de-
veloped method and binary manual segmentations are pre-
sented in Fig. 4. It can be seen that visually the results
match quite well with each other, although manual segmen-
tation contains more variation in the bone shape. With the
developed method the bone is always ellipse-shape in the di-
rection of the normal plane and the actual bone shape is there-
fore rather limited.

Visualizations of the surface generated from the output
from the developed method and the surface generated from
the manual segmentation and can be seen in Fig. 5. The man-
ual segmentation is rough and grainy because in many regions
of the data there is no clear unambiguous gradient in the voxel
values, which would indicate the exact location of the rib
bone. For example in this MR data, air in the lungs produces
very similar voxel values as the bone tissue. In addition, the
manual segmentation is done on two-dimensional orthogonal
planes which causes some inconsistency in three-dimensional
shape. Thus, with the developed automated method the bone
shape stays more consistent. Note that incomplete bone seg-
ments are shown because the bone are only partially in the
MR imaging field of view.

4. CONCLUSION

We have presented a method to segment rib bones from MR
data. The proof-of-concept results from experimental test
shows that the method works adequately and is able to find
the correct rib midline.

The comparison results against manual segmentation in-
dicate that although the rib midline is found with very high
accuracy, the weak spot in our method is the reconstruction
of the binary segmentation volume. This may be partly due
to the ellipse-shaped cross-section estimate, which is not per-



Average Dice

Rib no. | distance (mm) | index
1 1.35 0.80

2 1.27 0.74

3 1.35 0.76

4 1.28 0.68

5 1.35 0.72
Average 1.32 0.74

Table 1. Numerical segmentation results. Average distance is
calculated against the corresponding manually estimated rib
midline. Dice index is calculated between binary segmenta-
tion given by the developed method and the binary manual
segmentation.

fectly anatomically accurate. However, the bones in MR data
appear often merely as noisy and irregular cavities in the sur-
rounding tissues and it may not be possible to perform very
reliable accurate segmentation anyway. In the future anatom-
ically more correct templates should be tested though. It may
also be worth testing if multiple templates could be used to
conform the different segments of the bone and thus allow the
segmented bone to get locally narrower or thicker.

In this paper we fixed the segmentation length a priori.
However, it would be possible to implement an adaptive
tracking method so that the tracking would be automatically
stopped when the rib’s end is met. As the fitness function
values are always scaled to a fixed interval, a threshold could
be determined for the fitness value to indicate that the rib
should not be tracked any longer.
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