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Abstract— Image denoising and segmentation are the two
most challenging fields in medical image processing
particularly when it is application specific. The presence of
noise not only degrades the visual quality but also immensely
affects the accuracies of segmentation which is essential for
medical diagnosis process. In this paper, we present an
improved approach for denoising and segmentation of 2-D
magnetic resonance brain images for detecting the tumor. We
use fourth order partial differential equation based technique
for removing MRI noises and thereby applied segmentation
using automatic seeded region growing algorithm for detecting
brain tumor automatically. The contribution of this work is the
use of compass operator to preserve the anatomically
significant information at the edges and a new morphological
technique for skull removal from the brain MRI image which
leads to the process of detecting tumor accurately. The method
is tested on several real brain MRI images and it shows 100%
success in detecting tumor automatically.

measurements. In medical image processing, it is a
fundamental need to facilitate accurate observations to the
physicians for proper diagnosis of the given application.
Therefore, it is very important to remove the noise from the
MRI medical images.
To identify a tumor from brain MRI images includes
several steps of image processing. Among them denoising
and segmentation plays the important role to detect the
tumor from an enhanced image [2]. But there is a
contradiction between image denoising and enhancement.
Denoising is the process of removing noise from a signal.
However doing enhancement followed by removing noise
will make the noise amplified making the denoising effect
poor. Moreover most existing segmentation algorithms tend
to be very sensitive to noise [3]. For this reason it is
necessary to first preprocess the MRI data by denoising.
There are several algorithms proposed in literature for
denoising MRI data namely median filter, winner filter,
Gaussian filter, anisotropic-diffusion filter [4]. Although
experimental result in shows [5] that fourth order Partial
Differential Equations (PDEs) is good choice for denoising
MR Images, still more research is needed to modify the
PDEs for specific applications.
Another important step in tumor detection is
segmentation. Segmentation is the main way of
distinguishing the objects from background. For MRI brain
image segmentation various methods have been developed
namely, fuzzy set theory, mathematical morphology,
clustering method, boundary based technique, thresholding,
region based method, hybrid technique and so on. Choice of
the specified method depends on the particular problem.
Even though lots of methods for brain tumor segmentation
have already been proposed [6-7], Region based
segmentation is a technique for determining the region
directly whereas other techniques achieve this goal by
looking for the boundaries between regions based on
discontinuities in gray levels or color properties [8].
In this paper an improved image denoising and
segmentation approach is proposed for detecting brain
tumor automatically from MRI datasets. We have modified
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I. Introduction
Over the last decades the rapid development of medical
imaging technology and the introduction of various imaging
modalities have transformed the medical image processing
domain enormously. The purpose of medical imaging is to
capture abnormality in human body such as tumor, cancer,
fibroid, cyst, etc. Images are taken by different devices
using different modalities, such as Magnetic Resonance
Imaging (MRI), X-ray, Computed Tomography (CT) scan,
Ultrasound, Positron Emission Tomography (PET), and
Electrocardiogram (ECG). Among all the modalities MRI is
believed to be very powerful and potential tool to visualize
detailed internal structures for accurate measurement of
organ anatomy [1]. MRI medical imaging provides good
contrast between the different soft tissues. For that reason it
is widely used for the diagnosis and treatment of brain
tumors. However, MRI images are corrupted by noises
during image acquisition. The sources of MRI noise include
thermal noise, sample resolution etc. The incorporated noise
degrades the image quality and makes obstacle for effective
feature extraction, recognition, analysis and quantitative
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the main focus of this research is to detect the tumor so it is
a challenging task to preserve the anatomically significant
edges. So in our proposed technique we have implemented
and tested the fourth order PDE proposed in [9] with the
gradient compass operator. For the proposed approach we
have used the compass gradient flow method in terms of the
fourth order PDE as follows:

the PDEs by introducing compass operator to have the
benefit of preserving the edges from eight different angels.
A new approach for skull removal is also applied as part of
tumor detection process. An automatic seeded region
growing method is applied for detecting the brain tumor
automatically. The rest of the paper is organized as follows :
In section two detail methodology of the model has been
described step by step. Section three presents the
experimetal results and discussion. Section four concludes
the paper.
II.

∂I / ∂t = −Ok [C (Ok I )O k I ]

(1)

where the compass gradient is defined as

I ( x, y ) =

max I

( x, y )

(2)
In equation 1, O is the operator and k is the direction of
the compass of the image I. The proposed PDE model
attempts to remove noise and preserve edges by
approximating an observed image with a piecewise planar
image using the compass operator. Using compass operator
the image is convolved with various kernels (eight
directions, i.e. 00, 450, 900, 1350, 1800, 2250, 2700, 3150,
3600) Fig. 2 shows some example of compass operator.

Methodology

K

K

In our study we proposed an robust technique for
automatic detection of Brain Tumor form Brain MRI
images. The proposed method includes noise removal, skull
removal, seed selection, region growing technique, object
labeling and image adjustment. In this study we have
modified the fourth order PDE in terms of edge preservation
and also we have proposed a new skull removal technique
using morphological operation. Fig. 1 shows the flow graph
of our study.

Figure 2: Compass operator- (a) 00 (b) 450
The compass operator divides an image window in half
and compares the two sides to see if they are different.
Whereas most edge detectors compute an average value for
each side and then compute the Euclidean distance. The
compass operator allows multiple values to exist on each
side.
Equation (1) is associated with the following functional:

E(I ) =

³ f ( Ok I )∂x∂y

(3)

Ω

Here  is the image support. The global minimum of
E(I) occurs when

Ok I = 0 for all ( x, y ) ∈ Ω

(4)

A planar image obviously satisfies 2, hence is a global
minimum of E (I) [9]. Planar images are the only global
minimum of E (I) if

E1 ( I ) =

Figure 1: Flow Graph

³Ω I xx

+ I yy dxdy

(5)

A. Noise removal using Fourth Order PDE:
The cost function E (u) is convex under this condition.
Until it becomes a planar image the image is increasingly
smoothed. The image processed by fourth order PDE will
look less blocky than that processed by others anisotropic
diffusion or noise removal techniques.

Fourth order PDE is already proven to be the best
approach for MRI noise removal [9]. In case of edge
preservation, the Laplacian operator is used in the fourth
order PDE. Here we have used the compass operator
replacing the Laplacian operator for edge preservation. As
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Y (i, j ) = f (i, j ) − X (i, j )

To measure the oscillation of the noisy data we have
used the equations (5) and (6):
E1 ( I ) =

³Ω I xx + I yy dxdy

(9)

Using 5x5 small structuring element the skull is
dilated lighter which is expressed in equation (10). It helps
to remove the skull totally from the input image.

(6)

The main difference between the two functions is
that E2 (I) is a rotational invariant while E1(I) is not.
However the implementation with E1(I) is more simple for
higher dimensional problems. So by applying these
processes we can achieve a noise free image shown in Fig.
3.

Z (i, j ) = y(i, j ) ⊕ c = {z | (c ^ ) z ∩ f ≠ φ}

(10)

Finally the image at Fig. 5(b) is obtained from
equation (11).
I (i, j ) = f (i, j ) − Z (i, j )

(11)

(a)
(b)
Figure 3: (a) Input image (b) denoised smoothed image
(a)
(b)
Figure 5: (a) Image with skull (b) Skull removed image

B. Skull removal:
Skull removal is necessary because the intensity of
the skull and the tumor is almost same. Thats why if we do
not remove skull first then it will be difficult to differentiate
the tumor and skull. For the skull removal we have
implemented the background removal technique using
morphological operation. For the first step we have
implemented the opening i.e erosion followed by dilation.
Considering an image f(x) and the structuring function
b(x), the grayscale dilation is as follows.
(7)
( f ⊕ b)( x) =
[ f ( y ) + b( x − y )]

sup
y∈E

Hence equation (8) shows the opening operation
X (i, j ) = f D b = ( f Θ b) ⊕ b

(8)

Fig. 4 shows the structuring element that we have
exhaustively used for this operation for all images.
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Figure 4: 9x9 Structuring Element
Now from equation (9) we can get the skull of the
brain image

C. Automatic Seed point Selection
The image obtained after skull removal is taken as input
in this part of our study. In our proposed approach the seed
point is selected automatically rather than the manual
selection. The tumor region will grow accordingly to the
shape of the tumor once the seed point is automatically
selected. The algorithm flow of seed point selection process
is as follows:
XU kGGGGG
GGGGkGGGGXG
YU jGGGGGGGG
GGGGGGGGGGGGXWWGGGGXWWGO GG
GGGGPUG
GGGGGGGGpmGwcXWWG{
{oluG
GGGGGGGGGGdwRXbVVGG
GGGGGGGGlszlG
GGGGGGGGGGXdXRXG
GGGGGGGGlukpmG
ZU kGGGGhG
GGGGGGGGGGGGhadGwTXbVVGGG
{oluG
GGGGGGpmGGGhdWG{
GGGGGGGGj
jG
GGGGGlszlG
GGGGGGGhdThbG
GGGGGlukpmG
G
[U GGzGG GGGGGGiG GGGGGGGGGGGGGGGGGGG
GGGGGGGGGGGGGGGGGGWbGG
\U GG{ad{GGGG GGpGGGGGG
]U GGGpXadGjG OpSG{PbG
^U GGtcTtGsGGiGwGGGGGGGGGGGG
GGGGGGGGGGGGGGGGp GXGGGpXbG
_U GGicTGtGiGGGwGGG
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GGGGGGGp GXGGGpXbGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGGG of B. We get the binarized image after applying region
G
growing as shown in Fig. 6.
`U GGGyad
d{GGGGbG
Gjad
d{GGGGbG
XWUGGGGGGGGG
XXU zGd Rows ∩ Columns GUG

G

D. Region Growing and Morphological Operation:
This technique is a region-based image segmentation
method. As it involves the selection of initial seed points so
this is also classified as a pixel-based image segmentation
method.
An initial set of small areas are iteratively merged
according to similarity constraints. Start by choosing an
arbitrary seed pixel and compare it with neighbouring
pixels. Region is grown from the seed pixel by adding in
neighbouring pixels that are similar, increasing the size of
the region. When the growth of one region stops we simply
choose another seed pixel which does not yet belong to any
region and start again. This whole process is continued until
all pixels belong to some region.
The main goal of this process is to partition an image
into regions. Some segmentation methods achieve it by
searching the boundaries between regions based on
discontinuities in gray levels or color properties. The basic
formulation for Region-Based Segmentation is:
•
•

*

n

i =1

Figure 6: Binarized image
E. Object Labeling:
For labeling the objects in image the essential factor
is neighborhood that may affects the number of objects
found in an image. There are two types of neighborhood to
label the binary image shown in Fig. 7. The main steps of
this process are stated below.

Ri = R
Figure 7: (a) 4-connectivity (b) 8-connectivity
1. If p denotes the pixel to be labeled then the 8connectivity operator scans the image along row wise,
column wise and diagonally until it gets the point p for
which the intensity v={1}.
Assign a new label to p if all neighbors are 0
Assign its label to p if v={1}
Assign one of the labels to p if more than one of the
labels have v={1}.
2. The equivalent pairs of labels are combined into
equivalence class and new label is assigned.

Ri is a connected region, i = 1,2,3..., n

R

= φ for all i = 1,2,3,..., n

•

Ri

•
•

P( Ri ) = True for i = 1,2,3..., n

j

P( Ri * R j ) = False for any adjucent region Ri
and R j .P( Ri ) is a logical predicate defined
overthe points set P( Rk ) and φ is the null set.
After region growing we need to apply morphological
operation to dilate the image so that the tumor can be visible
clearly and shraply. The dilation operation is one of the
mathematical morphology used to make good shape on
geometrical structures. This is also almost same like
grayscale dilation stated in equation (10) though it is on
binary image. Equation (12) shows the dilation operation on
binary image. In binary morphological operation the
structuring element is also used. Here we used a small 1x1
DISK shape structuring element [10].

I (i, j ) ⊕ B = {z ∈ E || ( B s ) z ∩ I ≠ φ}

Figure 8: Labeled image
F. Image Adjustment and Final output:
After labeling the image we can detect the
position of the tumor which also reflects the position of the
tumor from the original image. But the contrast of the
images is still low to observe by the physician. That’s why
in our method we have added a simple contrast adjustment
technique for better output. This image adjustment method
increases the global contrast, especially when the usable

(12)

Where B is the structuring element. E is an
Euclidean space or an integer grid. Bs denotes the symmetric
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data of the image is represented by close contrast values. In
the histogram the intensities can be better distributed. From
this technique we can get higher contrast data from the low
contrast [11].
As our final output is on grayscale image so
considering a grayscale image g

y ' = y.(max{g} − min{g}) + min{g}

Where

y = T ( g ) = cdf ( g )

PSNR= 10 log10 (

MAX2I

)
MSE
MAX I
= 20 log10 (
)
MSE
= 20 log10 (MAX I ) - 10log10 (MSE )
Where,

(13)
(14)

MSE =

Cdf is the Cumulative Distribution Function
Fig. 9 shows the original image histogram and equalized
histogram

1
mn

(15)

(16)

m −1n −1

¦ ¦ [ I (i, j ) − k (i, j )]2

i =0 j =0

Table 1 shows the PSNR of the images and the
average PSNR of 36.49 shows that the noise removing
technique is quite powerful and good in our study.
Table 1 : PSNR calculation
Image
1
2
3
4
5
6
7
8.
9.
10.
Average

(a)
(b)
Figure 9: (a)Histogram of original image (b) Histogram
equalized
Finally we get the enhanced brain image with tumor
detected shown in Fig. 10

PSNR
36.51
36.44
37.49
35.89
36.77
39.26
36.45
35.63
34.78
35.74
36.49

In case of confirming the accuracy of tumor
detection we have taken expert opinion of the output image
by doctors. The accuracy is computed by the ratio of the
total number of correctly detected tumor to the number of
total tumors from the images. Hence our technique shows
100% accuracy in terms of tumor detection. Fig. 11 shows
some samples of original images and tumor detected images
obtained by using the proposed method.

Figure 10: Final enhanced image with tumor
G. Result and Performance Analysis:

III.

The proposed model is tested on ten brain tumor
images which is available in online medical database [12].
The images contain 8 bit per channel. The performance
evaluation and comparison are carried out based on the two
measures. One is PSNR at the step of noise removal and
another is accuracy in terms of detection of tumors from
brain MRI images which is verified by physician. In
literatures PSNR calculation is carried out by adding noise
into image but we have used ten brain MRI images of
different resolutions ranges from 252x289-383x500 with
noise to do our experiment. The PSNR we achieved shows
as good as standard result. For noise removal the standard
range of PSNR is 20-50 dB [13] and higher the PSNR,
higher the efficiency of noise removal. So we have
calculated the PSNR between the original image and noise
free image using equation (19).

Conclusion

In this paper a robust automatic method for brain tumor
detection is presented with modified fourth order PDE for
denoising the brain MRI images. A new skull removal
technique is also proposed which removes the skull
successfully. We have tested our method on several Brain
MRI images and it gives good PSNR result in terms of noise
removal and 100% accuracy in terms of detecting tumor
automatically.
Our future work of this study is to carry out a novel
automatic multiple seed selection technique and classify the
brain tumors using SVM (Support Vector Machine) or
Neural Network classifier.
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Figure 11: Original MRI Image and Brain tumor detected enhanced image.
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