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Abstract: Segmentation of images, obtained by Magnetic Resonance Imaging (MRI), is a difficult task due
to the inherent noise and inhomogeneity. This paper presents a technique to segment MRI images that is
robust against noise. Discrete Wavelet Transform (DWT) is applied to MRI image to extract high level
details and after some processing on this high pass image, we add it to the original image to get a sharpened
image. The processing includes the Fuzzy C-means (FCM) segmentation algorithmapplied to the wavelet
transformed image and Kirch’s line/edge detection mask, to further enhance the edge detail in the image.
The noise-robust nature of wavelets and the noise-sensit ivity of FCM combine in our method to give better
accuracy results.
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INTRODUCTION

Segmentation is a process in which image is
partitioned into its constituent salient image regions
to acquire the region(s) of interest (ROI’s). Being an
important technique of image processing, it has a
lot of applications in many fields of which medical
imaging is the one. Medical image segmentation is an 
important technique in areas like help in diagnosis,
detection of lesions, tumors, cysts or other
abnormalities, surgical assessment and post-surgical
assessment. It has long been used for tumor
recognition as well as for determining tumor
boundaries. Image segmentation techniques [6] are
mostly used in medical field for detecting diseases in
human body structures such as nerves damage, blood
vessels extraction and tumor detection. Magnetic
Resonance Imaging (MRI) is a non-invasive technique
for medical imaging that uses the magnetic field
and pulses of radio waves. It gives better visualization
of soft tissues of human body.

In this paper, we propose a hybrid technique that 
makes use of wavelets and FCM. Through wavelets we 
extract the high pass image and to further enhance edge 
details we apply Kirch’s edge detection mask, which
provides fine edge details. The noise-robust nature of
wavelets and the noise-sensit ivity of FCM combine in
our method to give better accuracy results. Before
presenting our method, we give a brief literature survey
in Section 2. The details of our method are presented in
Section 3 while Section 4 demonstrates the results of
our method when applied to a suitable example. The
conclusion is given in Section 5.

RELATED WORK

The literature is replete with the techniques that
have been proposed for MR images in order to segment
tumors in human brain. These include thresholding,
region growing, statistical models, active contour
models and clustering [4]. Many thresholding based
techniques can be found in the literature. One such
technique by Suzuki and Toriwaki [14] proposes a
knowledge guided thresholding technique for brain
tumor segmentation. The problem with thresholding
techniques is that it is normally difficult to determine
any threshold value for tumor segmentation because
intensities in MRI images are normally scattered;
wrong threshold selection can either neglect tumor
portion or label many healthy parts as tumors. These
kinds of techniques are thus not that reliable. Region
growing techniques, like the one in [12], are also very
common. These techniques require a seed point for
each region to segment and thereby determine some
suitable threshold for homogeneity. Li et al. [8]
proposed a watershed algorithm for brain segmentation.
This is a gradient based technique and it relay on image
contrast which can be degraded during image
acquisition and yields to inaccurate results. Rajaswari
and Anandhakumar [10] proposed a multi-label image
segmentation method for medical applications based on
graph cuts. This technique is based on region adjacency
formed by applying morphology on watershed
transform. Combination of morphology and graph cuts
provides segmentation in a speedy way. These
approaches are not attractive for medical images as
these could not handle in-homogeneity in images.
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Fig. 1: The proposed method

Fuzzy C-means (FCM) is being employed for quite
some time, e.g. Hall et al. [7] have proposed an FCM
clustering algorithm for image segmentation way back
in 1992. FCM considers some intensity value for
thresholding but this algorithm fails to work in
noisy and homogeneous images. A method given in
[ 5] proposes an MRI segmentation using neural
network based FCM clustering algorithm. The authors
have performed experiment on one channel MR data, 
however, whereas MR images are multi-spectral and
provides additional information; due to noise and in-
homogeneity this algorithm fails to work. The FCM-
based techniques  in [17] employ Gaussian smoothing
to produce a more homogeneous and low-noise subject
to work with. This approach is, however, limited by the
equal feature weights of the standard FCM. In [16], a
modified FCM algorithm is given for MRI brain image
segmentation using both local and non-local spatial
constraints. This technique takes into account local and
non-local spatial information using a variation index
instead of typical distance metric. This approach has
some limitation for its applicability to large 3D data and
is computationally expensive.

Ahmed and Mohammad [1] propose a
segmentation technique for tumor detection by
employing K-means clustering and Perona Malik
Anisotropic Diffusion Model. On the basis of the
resultant cluster values , tumors are extracted from the
MRI images. The main drawback of this algorithm is its 
sensitivity to false edges. Edoardo Ardizzone et al. [2]
employ the FCM segmentation of MRI in their
technique. By using the Gullied filter for pre-processing
to remove inhomogeneity in the images. Ratan et al.
[11] use automatic watershed segmentation for the
detection of brain cancer. The technique differentiates

the cells to different intensity values in the image and
tumor cells have usually higher intensities as compared 
to the normal brain cells . The drawback of this
approach is that it is semi-automatic system and it 
needs further research to make it fully automatic to 
make task of tumor detection.

Techniques in frequency domain have gained
popularity due to their better quality provision in
results. The method given in [ 15] applicable to
squared MRI, have no effect on biasedness but these
methods fail to preserve fine image detail. Mostafa
et al. [9] proposed image segmentation using wavelet
based mutiresolution Expectation Maximum (EM)
algorithm. The drawback in EM is that it is based on
identical and independent distribution of pixel
intensities which may not be the case with noisy
medical images.

THE PROPOSED METHOD

Our proposed methodology is a five-step process,
graphically illustrated in Fig. 1. All these steps are
briefly depicted below:

1. Wavelet transform is applied to an input MR image
to obtain wavelet decomposed image resulting in
four subbands. These are the LL, LH, HL and HH
subbands representing approximation, horizontal,
vertical and diagonal components in the form of
coefficients, respectively. LL subband contains low
level and the other three (LH, HL, HH) contain
high level details.

2. Set approximation coefficients in LL equal to zero
and apply inverse wavelet transform to obtain a
high pass image from the remaining (horizontal,
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vertical and diagonal) subbands. We call the
resultant image level-1 (L1) detail image.

3. Add L1 to the original image to get a sharpened
image.

4. Apply the FCM clustering algorithm, given in [3],
to segment the image that partition the data set into
an optimal number of clusters. Same data points
belong to one cluster and different data points
belong to different clusters. This algorithm
accounts for variability in cluster shapes, cluster
densities and the number of data points in each
of the subsets. This FCM has a drawback that it
cannot work well in case of noisy medical images.
Therefore, the combination of wavelet and FCM
provides better results as wavelets are robust to
noise and this combination also helped to remove 
inhomogeneity and artifacts produced in magnetic 
resonance imaging during its capturing and pixel
intensities variations in overall image. However, in
FCM segmented image some edge information is
missing.

5. To fill missing edge information, Kirch’s edge
detection mask [13] is applied to the fuzzy
segmented image. We applied a 3 × 3 Kirch’s edge
detection mask to the fuzzy segmented image to
get  a resultant enhanced segmented image. The
Kirch’s edge detection overcomes the limitations of
Sobel and Prewit that cannot work in case of
noisy images and LoG operator that cannot find
orientation of edges because of the use of
Laplacian filter. However, Kirch’s edge detection
operator can identify both the presence of an edge
and the direction of the edge.

We applied Discrete Wavelet Transform (DWT) to
MRI images because wavelets provide frequency
information as well as time-space localization. In
addition, their multi-resolution character enables us to
visualize image at various scales and orientations. The
multi-resolution property provides information about
various high frequency components at different levels
of decomposition. Over-decomposition should however
be avoided, because as the decomposition levels
increase, there is a great risk that lower frequencies
become a part of detail components. This may restrict
us to use only fewer level of decomposition because
lower frequencies will become part of high pass image
and reduce effective detail in an image.

EXPERIMENTAL RESULTS

We have applied our proposed methodology to
a large set of MRI images from a standard database.
Due to space limitation we are discussing one of these

Fig. 2: The input image

examples which is given in Fig. 2. The step-by-step
images, after applying the proposed method, are shown
in Fig. 3.

• The input image is decomposed by DWT at level-1
and it gives a detail image (Fig. 3a) by setting LL 
subband to zero and thereafter applying inverse 
DWT.

• The resultant detail image is added image to the 
original input image to result a sharpened image 
shown in (Fig. 3b).

• When subjected to FCM algorithm, the sharpened 
image gives a segmented image, shown in
(Fig. 3c). It can be seen that contours are not 
properly highlighted and edge information is
missing in some places.

• To preserve edge information, we applied Kirch’s
edge detection mask to fill edges in fuzzy
segmented image and the result is shown in
(Fig. 3d).

For the sake of comparison, we have also
processed the original image with Fast Fourier
Transform (FFT) to get the high pass image and applied
the rest of the FCM-segmentation steps afterwards, as 
shown in Fig. 4a. This FCM segmented image has 
inhomogeneity due to the variations in pixel intensities.
The resultant image, after filling edge details, is given in
Fig. 4b. We also processed the original image by
applying FCM directly, as shown in Fig. 4c; the
resultant image had some inhomogeneity which had a 
bad effect on its segmentation. By applying the Kirch’s
line detection in isolation, we got the result shown
in Fig. 4d. As can be observed, in both the cases
boundaries of image segments are not clearly defined
and have incomplete edge information. In contrast,
image segmented by our proposed methodology, i.e.
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(a) Level 1 detail (b) High pass image

(c) Wavelet-based FCM (d) Proposed Method

Fig. 3: Steps of the proposed algorithm

(a) FFT based FCM segmentation (b) FCM segmented Edge detection on (a)

(c) Direct Fuzzy segmentation (d) FCM segmented Edge Detection on (c)

Fig. 4: Comparison with images obtained by two state of the art methods
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(a) Original images

(d) Segmented by the proposed method

Fig. 5: Three more representative examples segmented by the proposed method

Fig. 3d, has clearly defined segment boundaries and
better edge information. This may be attributed to the
fact that FFT considers only stationary signals whereas
medical images have in-homogeneity and lot of
variations which reduces its effectiveness in
segmentation. FCM, on the other hand, is sensit ive to
noise and medical images do carry some inevitable
noise due to internal complex structure of body;
therefore, FCM alone cannot provide effective
segmentation. In essence our method, which adopts
DWT in lieu of FFT and use it in combination of FCM,
carries advantages of both and hence provides better
segmentation.

To further endorse the efficacy of our method,
three representative examples were subjected to the
proposed method. These examples and the
segmentations results are illustrated in Fig. 5. These
results speak volumes of themselves. With other state 
of the art methods the tendency had been either to over-
segment or under-segment.

CONCLUSION

This paper presented a strategy of image
segmentation via wavelets and FCM. Resolution
reduction by wavelet is dependent on the amount of
noise in the image as well as the desired target’s size.
The results have been interesting and a comparison with

two different methods revealed our method to be better.
In future this work can be extended to the role of
bandlets and curvelets in order to further enhance edge
details before segmentation. In addition, we may seek
to employ such state-of-the-art denoising techniques
that take into account the sensitivity of medical images.
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