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Abstract: This study presents a fabric level set method for contour extraction in medical images using novel
coarse-to-fine level set scheme. Medical image segmentation is an atomic challenge for many researchers. The
challenges are arisen due to the poor image contrast and artifacts that result in diffuse organ/tissue boundaries.
Medical images are fused by using Brovey transform fusion to increase the contrast of the image. The discrete
wavelet transform is utilized for extracting the medical images. Coarse-to-fine level set scheme is used for
perfect segmentation. Extensive experiments have been executed on Magnetic Resonance Images (MRI) and
Computed Tomography Images (CRI) to validate the proposed algorithm.
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INTRODUCTION

Image fusion is applicable in the medical fields such
as diagnosis and treatment. Fused images can be
performed with multiple images which is of the same
certain type of the information or by combining with
multiple information such as magnetic resonance,
computed tomography, positron emission tomography and
single photon emission computed tomography. Images in
radiology and radiation oncology provide a different
purpose. For instance, CT images are used to find out the
contrast in tissue density while MRI images are typically
used in identifying brain tumors. 

Brovey transform fusion is used in medical image
fusion. Brovey fusion was introduced by Bob Brovey in
the year 2000. This method is performed by dividing each
band into all the layers. Each band is normalized. It is
then multiplied with panchromatic image to achieve a
fuse image.

Image segmentation is a fundamental process in
many images, video and computer vision applications. It
is often used to partition an image into separate regions,
which ideally correspond to different real-world objects.
It is a critical step towards content analysis and image
understanding. Medical imaging is the technique and
process used to create images of the human body for the
scientific purposes or medical science. Medical image
segmentation is a significant step in the image analysis
process. Sonka and Fitzpatick (2000) were developed the
segmentation in the medical imagery on CT images and
MR images.

Computed Tomography (CT) is also referred as
computed axial tomography. It is based on medical image
procedure which uses X-rays to get cross segment images

Fig. 1: CT image

Fig. 2: MR image

of the body. The CT image is depicted in Fig. 1. Magnetic
Resonance Imaging (MRI) is a technique which is used in
radiology to envisage detailed interior structures. MRI
uses the nuclear magnetic resonance property. The MR
image is depicted in Fig. 2.

Coarse-to-fine level set is a mathematical technique
which is implemented through the Euler Lagrange
numerical equation for image segmentation. The purpose
of the coarse-to-fine level set is to find the complete 2D
boundary of the salient objects in medical images. The
advantage of coarse-to-fine level set is to segment the
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images perfectly and also for avoiding contour extraction
problem.

Our proposed idea is to efficiently segment the
images whose images are fused via Brovey transform.
Brovey fusion is used to increase contrast of the image by
fusing CT image and MR image. The fused image is
passed to the discrete wavelet transform for extracting
images from a background. The discrete wavelet
transform is also used for calculating intensity difference
of the image. Based on intensity difference, homogeneity
metric is validated. The homogeneity metric measures the
variations of the images inside and outside contours.
Based on the homogeneity metric, discriminative ability
component is also computed. Weight distribution ratio is
estimated based on the discriminative ability component.

The result of homogeneity metric and the weight
distribution ratio leads to a model which is called as novel
energy function. This function is passed to coarse-to-fine
level  set  scheme  in  order  to  achieve   perfect   image
segmentation. Coarse to fine level set is implemented
through the Euler Lagrange equation for solving contour
extraction problem. After segmentation is over,
segmented image is evaluated by using statistical
methods.

LITERATURE REVIEW

Caselles (1993) and Chan and Vese (2001) has
proposed an active contour level set method in order to
solve the contour extraction problem but they met with
many difficulties. These methods use intensity differences
between images and the background to extract contours.
Malladi (1995) has proposed a shape modeling level set
approach to solve contour extraction problem with front
propagation but it also causes a failure. Kimmel (2003)
and Gout et al. (2005) has proposed a geometric level set
method which causes in less accuracy. Whitaker (2004)
and Sethian (2005) has proposed the deformable surface
level set method and fast integration level set method in
order to solve contour extraction problem but it also
causes failure in generating less accuracy. Law et al.
(2008) has proposed a multi-resolution stochastic level set
method to solve contour extraction problem but they can
move against aforementioned challenges. DeLuis-
Garc2acute (2011) has proposed a texture based
segmentation level set to solve contour extraction problem
but it causes a lack of success in accuracy. Qizhi et al.
(2011) has proposed a multi scale level set method to
solve contour extraction problem but it produces better
accuracy in satellite images. This level set is not
applicable in medical imagery. Many several level set
methods are applied for image segmentation which results
in less accuracy. To improve the accuracy of the
segmented image, coarse-to-fine level set scheme and
Brovey transform fusion is proposed. The main
contributions are as follows.

Fig. 3: Brovy transform –output

Fusion methods: Brovey transform is a widely-used
RGB color fusion. This transform is based on direct
intensity modulation. The algorithm decomposes the
phase space of the multi-spectral image into color and
intensity, which essentially substitute the I component of
multi-spectral image with high resolution image. It
simplifies the image transformation coefficient to reserve
the multi-band image information and all the intensity
information is transformed into high resolution
panchromatic image. Let R, G and B represent 3 image
bands displayed in red, green and blue. Let P represent the
image to be fused as the intensity component of the color
composite. The Brovey transform are defined as follows:

Rb = 3RP/R+G+B 
Gb = 3GP/R+G+B
Bb = 3BP/R+G+B (1)

The sum of the R, G and B bands are equivalent to
the intensity of high spatial resolution image. The
equation1 can be rewritten as:

Rb = R*P/I
Gb = G*P/I
Bb = B*P/I (2)

The operation of the Brovey transform is simply done
by multiplying each band with the ratio of the
replacement image over the intensity of the corresponding
color composite. If the image P is higher resolution
image, then the Brovey fusion technique performs a good
improvement in spatial resolution. The output of the fused
image is depicted in Fig. 3.

Advantages:
C It is similar to HIS fusion
C It is a simple method in fusing the image
C Calculation is based on mathematical arithmetic

operations
C Spatial resolution of the fused image is efficient

Level set illustration: The result of the fused image is
extracted from a background by using discrete wavelet
transform. Starck et al. (2007) have introduced the
discrete wavelet transform/undecimated wavelet
transform for extracting images from a background. Here
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Table 1: Haar wavelet coefficient
H0 H1 G0 G1
0.5  1 1 0.5
0.5 -1 1 0.5

Table 2: Daubechies wavelet coefficient
H0 H1  G0 G1
0.4830  0.1294 -0.1294  0.4830
0.8364  0.2241  0.2241 -0.8364
0.2241 -0.8364  0.8364  0.2241
-0.1294  0.4830  0.4830  0.1294

we discuss about how to segment the fused image. It is
performed by the following procedure.

Discrete wavelet transform: Discrete Wavelet
Transform (DWT) is applied to discrete inputs and
produced discrete outputs. Decimation wavelet coefficient
is the intrinsic property of the DWT. Wavelet transform
computation is faster and compacted in terms of the
storage space. It has shift invariant property. The shift
invariance of the wavelet coefficient gives increased
amount of the information when compared with the
decimated wavelet transform. There are 3 kinds of
discrete wavelet transform.
They are:

C Daubechies wavelet
C Haar wavelet
C Hough wavelet

Haar wavelet: Haar wavelet is simple wavelet. The
required memory needed in the haar wavelet is efficient.
It takes less time for distinguishing images from a
background. Input is represented by 2n. The final output is
in the difference of 2n-1. Haar wavelet is computed by
low pass filter coefficient and high pass filter coefficient.
It consists of 2 discrete values. One represents the running
average values and the other represents the difference or
fluctuation. It is used to increase the intensity in the
image. Low pass filter is denoted as H0, H1. High pass
filter is represented as G0, G1. Based on these filters, haar
wavelet   coefficient   is  validated which is shown in
Table 1.  The output of the haar wavelet is depicted in
Fig. 4. 

Daubechies wavelet: Daubechies wavelets are a family
of orthogonal wavelets defining a discrete wavelet
transform and characterized by a maximal number of
vanishing moments. Daubechies wavelets are computed
by scaling coefficient and wavelet coefficient
respectively. It takes more time for distinguishing the
image from a background. Scaling wavelets are
represented by H0, H1, H2, H3 and wavelet coefficients
are represented by G0, G1, G2 and G3, respectively.
Wavelet coefficients are performed by using scaling
coefficient which is shown in Table 2. Like haar,
daubechies  wavelet  transforms  are  also  computed  the

Fig. 4: Haar wavelet

Fig. 5: Dabechies-output

running averages and differences via scalar products with
scaling signals and wavelets. The output of the daubechies
wavelet is depicted in Fig. 5.

Among these, Haar wavelet takes less time in
decomposing the images when comparing with
daubechies wavelet.

Discrete wavelet weighing approach: The purpose of
the homogeneity metric is used to quantify the variation
of the images between inside and outside contours.
Homogeneity metric’s estimation is done by the intensity
difference of the daubechies wavelet. The homogeneity
metric of di in region Sk(k = 0, 1, 2) is expressed by:

E(di,Sk) = I(di(x,y)-dk
i)2dxdy (3)

Discriminative ability (di) is computed by the following
expression:
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The result of the discrete wavelet weighing approach
is novel energy function model. Novel energy function
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model is a model which is formed by combining the
homogeneity metric and the weight distribution ratio.

Coarse-to-fine level set segmentation: The purpose of
this scheme is the reduction of the resolution level at a
time. It is applied in a large evolution space which
reduces to small space. It contains 3 modules. They are:

C Coarse scale model
C Fine scale model
C Statistical model

Coarse scale model: Coarse scale model is used for
minimizing the energy function. Energy function is
obtained by plotting the weighted components such as
haar or daubechies wavelet, homogeneity metric,
discriminative ability component and weight distribution
ratio. It is expressed in terms of the equation:
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Fine scale model: Contour position constraint is
introduced for reducing the contour evolution space to a
small region. It is measured by the space between
boundaries of the face images. It is obtained by the
following equation:
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Statistical model: Euler Lagrange is a suppositional
technique which is used for reducing the energy set
function from a coarse space to a fine space. It is
expressed by the following term:
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PROPOSED METHODOLOGY

In this section, we discussed about how coarse-to-fine
level set works for segmentation. This process is executed
by the following procedure. The block diagram is
depicted in Fig. 6.

The process is illustrated as follows. The process
consists of 2 concepts such as fusion and segmentation.
Brovey transform fusion is used for fusing CT image and
MR image. In BT, the image is split as color and intensity
component. Intensity component is replaced with high
resolution panchromatic image by using Brovey transform
formulae. This result is in fused image. The fused image
is extracted from a background by using discrete wavelet
transform.   It  is  then  passed  to  the  discrete  wavelet

Fig. 6: Block diagram –proposed system

Fig. 7: Coarse-to-fine levelset output

weighing approach which forms a novel energy function
model. Finally it is further passed to the coarse-to-fine
level set for perfect segmentation. The output of the
coarse-to-fine level set is depicted in Fig. 7.

DISCUSSION AND CONCLUSION

The results are discussed in this section 4. Fusion is
implemented in matlab 7.0 and Segmentation in java 6
respectively. The output of the coarse-to-fine level set is
shown in Fig. 7. The quality of the fused image is
evaluated by statistical parameters such as mean square
error, root mean square error, standard deviation, PSNR
values, bias value, correlation coefficient which is shown
in Table 3. Medical image can be segmented with 10
iterations. Iterations can also be incremented for further
perfect segmentation if necessary. Evaluation of the
segmentation is performed by using success score(s).
Success score is calculated by 

S = (Number of pixels in both input image & segmented
image)/Number of pixels in input image

In general, the value of the success score ranges from
0-1. The segmented image value is 1.0 i.e., the image can
be segmented perfectly.

The above discussions exhibited that the proposed
method  is  suitable  in  solving  contour   extraction   by
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Table 3: Shows the quality of the fused image
Parameters values
Mean input 24.32867
Mean output 25.167282
Bias 0.838613
Bias relative value 0.03447
Variance input 1651.786078
Variance output 1867.169134
Variance difference 215.383056
Variance relative value 0.130394
Standard deviation 0.603236
Mean square error 0.013366
Root mean square error 0.115614
Correlation coefficient 0.872853
PSNR 66.904626
Standard input 40.642171
Standard output 43.210753

segmenting the images perfectly. It also exhibited that
Brovey fusion is appropriated to increase the intensity of
the image. It is also showed that Haar wavelet is well
suited for distinguishing images from a background by
increasing the intensity difference of the image when
compared with the Daubechies wavelet. This paper is
achieving a better performance by improving the accuracy
of the image. The success rate of the proposed approach
is 100%.
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