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ABSTRACT
We present a novel automatic segmentation method for the skull on brain MR images for attenuation correction in
combined PET/MRI applications. Our method transforms T1-weighted MR images to the Radon domain and then
detects the feature of the skull. In the Radon domain we use a bilateral filter to construct a multiscale images series. For
the repeated convolution we increase the spatial smoothing at each scale and make the cumulative width of the spatial
and range Gaussian doubled at each scale. Two filters with different kernels along the vertical direction are applied along
the scales from the coarse to fine levels. The results from a coarse scale give a mask for the next fine scale and supervise
the segmentation in the next fine scale. The method is robust for noise MR images because of its multiscale bilateral
filtering scheme. After combining the two filtered sinogram, the reciprocal binary sinogram of the skull is obtained for
the reconstruction of the skull image. We use the filtered back projection method to reconstruct the segmented skull
image. We define six metrics to evaluate our segmentation method. The method has been tested with brain phantom data,
simulated brain data, and real MRI data. Evaluation results showed that our method is robust and accurate, which is
useful for skull segmentation and subsequently for attenuation correction in combined PET/MRI applications.
Keywords: skull segmentation, Radon transform, bilateral filter, multiscale scheme, PET/MRI

1. INTRODUCTION
The segmentation of the skull in medical images is an important step toward complete segmentation of the tissue in the
human head, the latter being an indispensable step in the construction of a realistic model of the head. Attenuation
correction (AC) is an essential step in the study of quantitative PET imaging of the brain. However, the current design of
Siemens combined PET/MRI does not offer transmission scans for attenuation correction because of space limit. One of
approaches [1] is to use MR images for attenuation correction of PET images. By segmenting the brain into the scalp,
skull, and brain tissue, one can assign different attenuation coefficients to the segmented tissue and then produce the
attenuation correction map. On the AC map, the skull has the largest attenuation coefficient; and its effect dominates the
whole attenuation correction. Once the skull is segmented from MR images, the scalp that is outside of the skull, and the
brain tissue that is inside of the skull, can be obtained. Therefore, skull segmentation is a key step for MRI-based
attenuation correction.
A number of techniques have been proposed to automate the segmentation of brain structures in MR images ([2-4])
Subsequent work focused on developing automated algorithms specifically for brain MR images. A recent study
published by Segonne [2] divided current automatic approaches for skull stripping into three categories: region based,
boundary based and hybrid approaches. In [3], Zhuang categorized skull stripping methods into three types: intensity
based, morphology based and deformable model based. Techniques have also been developed that make use of
information from multiple modalities to segment the brain ([4] and [5,6]). A recent study published by Fennema et al.[7]
compared the performance of the most commonly used skull stripping algorithms. This study concluded that existing
algorithms had both strengths and weaknesses, but that no single algorithm was robust enough for large scale analyses.
This finding was in agreement with other recently published studies ([8] and [9]). Due to the presence of imaging
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artifacts, anatomical variability, varying contrast properties, and poor registration, most of these techniques do not give
satisfactory results over a wide range of scan types and neuroanatomy without manual intervention.
In this paper, we propose a novel automatic segmentation method for the skull on brain MR images for attenuation
correction in combined PET/MRI applications. Our method transforms T1-weighted MR images to the Radon domain
and then detects the feature of the skull. In the Radon domain we use a bilateral filter to process MR brain images and to
construct a multiscale images series. For the repeated convolution we increase the spatial smoothing at each scale and
make the cumulative width of the spatial and rang Gaussian doubled at each scale. Two filters with different kernels
along the vertical direction are applied along the scales from the coarse to fine levels. The result from a coarse scale
supervises the segmentation in the next fine scale. After combining the two filtered sinogram, the results from a coarse
scale give a mask for the next fine scale and supervise the segmentation. The method has been tested with brain phantom
data, simulated brain data, and real MRI data. In the next sections, we will report the methods and evaluation results.

2. METHODS
2.1 Radon transform
As described in Figure 1, our Radon transform is defined as follows, i.e. from a complete set of line integrals Ps (α ) .

Ps (α ) = Rf (α , s ) = ∫

∞

∫

∞

−∞ −∞

f ( x, y )δ ( s − x cos α − y sin α )dxdy

α ∈ [ 0, π ] s ∈ R

(1)

Where s is the perpendicular distance of a line from the origin and α is the angle formed by the distance vector. From
this figure we can see the projection image, i.e. ‘sinogram’ will has two gaps because of low signal of the skull. The
point f ( x , y ) on the brain image is corresponding to the sine curve in the Radon domain. According to the Fourier

f ( x, y) , the 1-D Fourier transforms of the Radon
transform along s , are the 1-D radial samples of the 2-D Fourier transform of f ( x, y ) at the corresponding angles.
slice theorem, this transformation is invertible. For a 2-D function

(a)

(b)

Figure 1. The schematic diagram of Radon Transformation. (a) Radon transform of an image. (b) 1D Fourier transforms of the
projections, which make the 2D Fourier transform of the image.

After the Radon transformation, the MR image is transformed from the image domain to the Radon domain. Figure 2
shows the MR image and the corresponding sinogram in the Radon domain. From the sinogram on Figure 2, we can see
that there are two low intensity gaps on the top and bottom sides of the sinogram along the vertical direction, which
indicates the skull that has relatively low signal intensity on the T1-weighted MR image.
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(a)

(b)

Figure 2. MR image and corresponding sinogram. (a) T1-weighted MR brain image. (b) The corresponding sinogram.

In Figure 3 (a) we added 5% and 15% into the original MR image. The image with 15% noise has already been
contaminated severely and we cannot see the details. In Figure 3 (b) the profiles drawn through the corresponding
sinogram is very close, and it shows that our transform has greatly decreased the noise in the original image.
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Figure 3. Comparison of line profiles. (a) The profiles between original and noised MR images. (b) The profiles between the
corresponding sinograms.

2.2 Multiscale space from bilateral filtering
The multiscale space represents a series of images with different levels of spatial resolution. General information is
extracted and maintained in images at the coarse scale, and images at the fine scale have more local tissue information.
Bilateral filtering can introduce a partial edge detection step into the filtering process so as to encourage intra-region
smoothing and preserve the inter-region edge.
2.2.1 Bilateral filtering
Bilateral filtering is a non-linear filtering technique introduced by Tomasi et al [10]. This filter is a weighted average
of local neighborhood samples, where the weights are computed based on temporal (or spatial in case on images) and
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radiometric distance between the center sample and the neighboring samples. It smoothes images while preserving
edges, by means of a nonlinear combination of nearby image values. Bilateral filtering can be described as follows:
∞ ∞

h( x ) = λ ( x ) ∫
−1

∫ I (ξ )Wσ (ξ − x)Wσ ( I (ξ ) − I ( x))dξ
s

−∞ −∞

(2)

r

with the normalization that ensures that the weights for all the pixels add up to one.

λ ( x) =

∞ ∞

∫ ∫ Wσ (ξ − x)Wσ ( I (ξ ) − I ( x))dξ

−∞ −∞

s

(3)

r

Where I ( x ) and h ( x ) denote the input and output images, respectively. Wσ s measures the geometric closeness
between the neighborhood center
pixel at the neighborhood center

x and a nearby point ξ , and Wσ measures the photometric similarity between the
r

x and that of a nearby point ξ . Thus, the similarity function Wσ operates in the range
r

of the image function I , while the closeness function Wσ s operates in the domain of I .
Bilateral filter replaces the pixel value at x with an average of similar and nearby pixel values. In smooth regions,
pixel values in a small neighborhood are similar to each other, and the bilateral filter acts essentially as a standard
domain filter, averaging away the small, weakly correlated differences between pixel values caused by noise.
2.2.2 Gaussian kernel
Many kernels can be used in bilateral filtering. A simple and important case of bilateral filtering is shift-invariant
Gaussian filtering, in which both the spatial function Wσ s and the range function Wσ r are Gaussian functions of the
Euclidean distance between their arguments. More specifically, Wσ s is described as:

Wσ s (ξ − x) = e
where d s =

ξ −x

1
− ⎡ d s2 /σ s2 ⎤
⎦
2⎣

(4)

is the Euclidean distance. The range function Wσ r is perfectly analogous to Wσ s :

Wσ r (ξ − x) = e

1
− ⎡ d r2 /σ r2 ⎤
⎦
2⎣

(5)

where d r = I (ξ ) − I ( x) is a suitable measure of distance in the intensity space. In the scalar case, this may be simply
the absolute difference of the pixels. Just as this form of domain filtering is shift-invariant, the Gaussian range filter
introduced above is insensitive to overall additive changes of image intensity. Thus, the range filter is shift-invariant as
well.
2.2.3 Multiscale bilateral decomposition
Bilateral filtering is a scale space, and multiscale bilateral decomposition technique which smoothes the images as the
scale increases. When the scale increases, the images become more blurred and contain more general information. For an
input discrete image I the goal of the multiscale bilateral decomposition [11] is to first build a series of filtered images

I i that preserve the strongest edges in I while smoothing small changes in intensity. The original image is the 0th scale (
i = 0 ), then iteratively apply the bilateral filter to compute
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I ni +1 =

1

∑ Wσ
λ
k ∈Ω

s ,i

(k ) ⋅ Wσ r ,i ( I ni + k − I ni ) ⋅ I ni + k

λ = ∑ Wσ ,i (k ) ⋅Wσ ,i ( I

with

s

k∈Ω

r

i
n+k

(6)

−I )
i
n

(7)
are thhe widths of the spatial annd range

n is a pixel coorddinate, Wσ ( x ) = exp( − x / σ ) , σ s ,i and
a σ r ,i
Gaussians, reespectively; an
nd k is an offseet relative to n that runs acrooss the support of the spatial Gaussian.
G
The repeated
convolution by Wσ ,i increeases the spatiial smoothing at each scale i , and we chhoose the σ s ,i so
s that the cum
mulative
2

where

2

s

width of the spatial Gaussiian doubles at each scale. Suuppose that at the
t finest scalee we set the spatial kernel σ s ,1 = σ s .
Then setting σ s ,i = 2

i −1

σ s ,i−1 for all i > 1

, we obtain a width of (2 − 1)σ s for thee cumulative sppatial Gaussiann.
i

The rangge Gaussian Wσ r ,i is an edgee-stopping funcction. Ideally, if an edge is strong enough to
t survive afterr several
iterations of the bilateral decomposition,
d
, we would likke to preserve it. To ensure this property we set σ r ,i = 2

i −1

σr .

o 2 at every scale increases thhe chance that an unwanted edge
e
that
Increasing thhe width of the range Gaussiaan by a factor of
survives at prrevious iteratio
on will be smooothed away in later iterationss.
Figure 4 illustrates the scale space which
w
was connstructed usingg multiscale bilateral filteringg. Unlike manny multiresolution tecchniques wherre the images are
a down-samppled along the resolution, wee kept the imagge resolution along
a
the
scales.

Figure 4. Scaale-space constru
ucted by bilateraal filtering. Thee scale space is composed of a stack of the im
mages filtered att different
scales where

i=0

is the orig
ginal image. Thee greater the scalle level, the less local informatioon appears.
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2.2.4 Gradient filtering and multiscale reconstruction
For images at difference scales, we filter them in the vertical direction along the scales from the coarse to the fine levels
using two sets of filters. The kernels are shown in Figure 5. We combine the upper half of the first filtered image with
the lower half of the second filtered image in order to get a new sinogram. In the coarsest scale, the images are much
smoothed and they only keep big edges. So for these two coarsest scales we can use a threshold or region growing
method to get a mask. Figure 4 show that the 5th and 6th scales are greatly smoothed and that the big edges in both side
still are preserved. The results from a coarse scale give a mask for the next fine scale and supervise the segmentation in
the next fine scale. The reciprocal binary sinogram of the skull is obtained to reconstruct skull (Figure 6). The multiscale
approach can effectively improve the segmentation speed and can avoid trapping into local solutions. Because of its
multiscale bilateral filtering scheme, the method can be robust for noise MR images.
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Figure 5. Kernels of the two filters
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Figure 6. Segmented skull sinogram (left) and the reconstructed skull (right)

3.

SKULL RECONSTRUCTION

After obtaining the reciprocal binary sinogram that includes only the skull, we perform reconstruction to get the skull
image; and then in order to eliminate some artifacts introduced by reconstruction we take threshold to get real skull. We
use filtered back projection (FBP) method for the reconstruction and it is described as
π

f ( x, y ) = ∫ Qθ ( x cos θ + y sin θ ) dθ

(8)

0

With Qθ is the ramp filtered projections.

4. EXPERIMENT AND RESULTS
In order to evaluate the performance of the segmentation method, the difference between the segmented images and the
ground truth was computed using a variety of quantitative evaluation methods. We define six metrics to evaluate the
segmentation results. The overlap ratios (C1, C2, and C3) and error ratios (E1, E2, and E3) were defined as follow.

C1 =

S1 I S2
S1 U S2

C2 =

S1 I S2
S1
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C3 =

S2
S1 U S2

(9)

E1=

S1 U S2 -S1 I S2
S1 U S2

E2 =

S1 US2 -S1 IS2
S1

E3 =

S1 U S2 -S1 I S2
S1 I S2

(10)

Where S1 is the ground truth and S2 is the segmented result using our method, and here S1 and S2 both are binary images.
4.1 Phantom data

I

000

The method has been evaluated using brain phantom data, simulated MR images, and patient MRI and CT images.
Figure 7 shows the result from the brain phantom images. In order to compare the results, we compute the absolute
values of the difference between the segmented and real skull. As shown Figure 9, our approach is robust to additive
noise. Even if we added 80% noise and the result still is acceptable. According to Equations (9) and (10) we get the
overlap ratios of more than 87.7±1.56% (Figure 8) and the error ratios of less than 13.9±2.79% for different noise levels
(Figure 9). Figure 8 shows that even if the phantom is added 80% noise and the overlap ratios still exceed 85% and the
error ratios are less than 17%.

Figure 7. Segmentation results of the phantom with different noise levels. The first column from top to bottom shows
the original phantom, and phantom with 30% and 80% white noise and with zero mean, respectively. The second column
is the images after Radon transform. The third column is the reconstruction result (segmented skull). The fourth column
is the difference between the segmented and real skull.
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Figure 8. The overlap ratios of the segmentation at different noise levels
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Figure 9. The error ratios of the segmentation at different noise levels

4.2 Simulation data
In Figure 10, we used the simulated brain data from PET-SORTEO Database [12]. Because the database provides the
ground truth of the skull images, it can be used to evaluate our segmentation results. Ten sets of data from the database
were used to perform statistical test and the results are shown in Table 1. The overlap ratios are more than 80% and the
error ratios are less than 20% for all the segmentation.
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Figure 10. Segmention results of simulation brain MR images. The first column is the MR images at different locations. The second
column is the corresponding skulls that the database offers. The third column is the segmented skull. The fourth column is difference
between the segmented and “real” skull.
Table 1. Evaluation results for simulated brain data

Name

C1

C2

C3

E1

E2

E3

Average

0.8537

0.9221

0.9289

0.1433

0.1529

0.1645

Standard
Deviation

0.0255

0.0275

0.0254

0.0213

0.0220

0.0246

4.3 Real MR and CT data
In Figure 11, we applied our method to patient brain MRI data from the Vanderbilt Retrospective Registration
Evaluation Dataset (RREP). First, we registered the CT to the corresponding MR images using our registration method
[13] that has been evaluated in our laboratory. CT images provided the ground truth of the skull for the segmentation
evaluation. The segmentation results from MR images are close to the results from CT images.
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Figure 11. Seegmentation resu
ults for real braain MRI and CT
T data. The firstt column is the MR images. The second colum
mn is the
correspondingg CT images. Th
he third column is the segmented skull. And thee fourth column is the corresponnding differencee between
the segmentedd skull from MR images and thosse from CT.

5. DISCUSSION
D
NS AND CON
NCLUSIONS
We developeed and evaluateed a multiscalee skull segmenntation methodd for brain MR
R images. We transform
t
T1-w
weighted
MR images to
t the Radon domain
d
in order to detect thhe feature of thhe skull. In thee Radon domaain, we used a bilateral
filter to effecctively attenuaate noise but preserve the eddges. At same time we decom
mpose images at multiple sccales and
increase the width
w
of the sp
patial and rangge Gaussian by a factor of 2 at
a every scale. We use two keernels to filter all scale
images exceppt the coarsestt one. We get a mask from thhe coarsest scaale, which is used
u
for the seggmentation in the next
scale. By this approach, we obtain accurrate segmentatiion step-by-steep and avoid being
b
trapped into
i
local miniima. Our
method is inssensitive to ran
ndom noise beccause we applyy Radon transfoorm and the bilateral filteringg. Radon transfform can
improve the signal-to-noisse level and thhe bilateral filtering keeps the edges andd smoothes nooise. Our methhod was
d brain phantom
m image, a sim
mulation brain MR
M database, and
a real MR im
mages with CT
T images.
evaluated usiing synthesized
The segmenttation method is accurate annd robust for noisy MR im
mages with low
w contrast, which is useful for
f skull
segmentationn and subsequeently for attenuuation correctiion in combineed PET/MRI applications.
a
Our method cann also be
used in varioous neurologicaal studies.
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