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Abstract
Image segmentation is a vital step in medical image processing. Magnetic resonance
imaging (MRI) is used for brain tissues extraction in white and gray matter. These tissues
extraction help in image segmentation applications such as radiotherapy planning, clinical
diagnosis, treatment planning. This paper presents utilization of fuzzy C-means (FCM)
clustering by using wavelet and bidimensional empirical mode decomposition (BEMD) to
improve the quality of noisy MR images. The signal to noise ratio (SNR) value is
calculated from FCM clustering data to examine the best segmentation technique. The
experiment with synthetic Brain Web images has demonstrated the efficiency and
robustness of the appropriate approach in segmenting medical MRI.
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INTRODUCTION
The joint space-spatial frequency representations have received spatial attention in the
field of vision, image processing, and pattern recognition. Image segmentation from
Magnetic Resonance (MR) image is such a challenging and significant step in medical
image analysis. This step is essential in many medical image applications. Magnetic
Resonance Imaging (MRI) is a noninvasive method for imaging internal tissues and
organs. As MR images have difficult nature, also have no linear features. MR images
performance is affected by many issues as partial volumes effects (PVE) which means a
pixel contains more than one tissue, this leads to misclassification as a result of blurred
boundary between artifact intensities of the same tissue are not constant over the image
spatial domain and geometric deformation [5].
To satisfy the increasing requirement of image segmentation from MR images a variety of
segmentation methods have been developed over past several years. The problems of
image segmentation i.e. identification of tissues and organs of MR images have been
described extensively in the literature and many algorithms have been developed in an
attempt to solve the problems. One of the goals of segmentation of MR images is to
determine the volumes of organs, tissues, and lesions present in a given patient. These
volumes and the changes in these volumes over time, may aid in the diagnosis, prognosis
and treatment planning of patients under investigation. Segmentation process also helps to
find region of interest in a particular image. The key goal is to make image more simple
and meaningful.
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There are different classifications of medical image segmentation techniques, however,
no standard classification technique. The most commonly used segmentation techniques
can be classified into many approaches, such as region based segmentation techniques
that look for regions satisfying a given homogeneity criterion [6], basis of structural
information of abnormal and normal tissues [2], edge-based segmentation techniques that
look for edges between regions with different characteristics [7], artificial neural
networks base method [8], data fusion based methods [1][9], Markov random field based
methods [10] and hybrid based Methods [4].
Fuzzy C-means (FCM) is being employed for quite some time. A multi-resolution
approach using discrete wavelet transform is employed on real time images for image
segmentation in [3]. Features are extracted, selected and then finally segmented by Kmeans clustering algorithm. A method given in [11] proposes an MRI segmentation using
neural network based on 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 [12] 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 [13], 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. In [14],
authors employ the FCM segmentation of MRI in a technique. By using the Gullied filter
for pre-processing to remove in homogeneity in the images.
A method is introduced for MRI segmentation with Multi-modality image fusion in [1].
The main aim of this work is to improve cerebral MRI real images segmentation by
fusion of modalities (T1, T2 and DP) using estimation the maximization Approach (EM).
However, this method is not performed well with noisy MRI image. Another method is
proposed for image segmentation using wavelet based multi-resolution Expectation
Maximum (EM) algorithm in [15]. 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. In [16], represent a method of Fuzzy C-Means clustering by using
wavelet decomposition technique for features extraction. This method performs better for
smooth MR images but not satisfactory for the noisy MR images. This method is nonadaptive to characterize textures by filter responses directly.
In [17], gives an overview of the state-of-the-art methods of EMD to decompose an image
into a number of IMFs and a residue image with a minimum number of extrema points. In
[18], authors developed an algorithm based on BEMD to extract features at multiple
scales or spatial frequencies. This method derived data from image that are fully
unsupervised and permits to analyze non-linear and non-stationary data as texture images.
The BEMD technique is a fully data driven method, it does not use any pre-determine
filter or wavelet functions.
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For MRI segmentation clustering is one of the most usable or utilizable technique, where
it classifies pixels into classes, without knowing previous information or training. It
classifies pixels with highest probability into the same class. It may find unclassified
pixels which do not belong to any class probability. Clustering techniques training is done
by using pixel features with properties of each class [19].
This paper has compared two image decomposition techniques i.e. wavelet and BEMD to
determine the best technique which is used before the image clustering technique FCM.
For that purpose, first apply FCM on decomposition image then select the best segmented
technique from the two segmented approach through the value of SNR.
The paper is organized as follows. In Section II proposed method is described. In the next
section experimental result is explained. The paper is concluded in Section IV.
PROPOSED METHOD
The proposed method is an efficient approach to segment the noisy MRI brain images.
Two major stages are involved in proposed methodology i.e. feature extraction and
clustering. Feature extraction process is performed by using 2D wavelet decomposition
and BEMD. The wavelet decomposition outputs are low pass that is approximation
component and high pass that is detailed components at horizontal, vertical, and diagonal.
To obtain the wavelet features, here Dubechies-1(DAUB1) wavelet is applied to the
images. Feature extraction from wavelet decomposition and BEMD are given to Fuzzy CMeans (FCM), FCM applied on the feature vector obtained from previous step for
clustering. The output image will be segmented into two classes i.e. white matter and gray
matter MRI images. Then calculate the SNR for segmented outputs. Finally, provide the
output which gives the best SNR for MR images. The workflow of the proposed method
is as shown in Fig. 1.

Fig. 1. Workflow of the proposed method.

A. Wavelet Decomposition
Although the Fourier transform has been mainstay of transform-based image processing,
a more recent transformation, called the wavelet transform, is now making it even easier
to compress, transmit and analyze MR images. Characteristics of Wavelet Transforms
(WT) families share properties of their basis functions, primarily the finite support for the
frequency and original domains, as well as the scalability. Wavelet families include Haar,
Daubechies, Symlets, Coiflets, Biorthogonal, and Reverse biorthogonal, whereas in this
paper Daubechies family is rather used. This family is one of the most used wavelet
families in image and signal processing applications such as compression, de-noising,
classification, and segmentation. The input image, wavelet decomposition, and wavelet
reconstruction is as shown in Fig. 2(a), Fig. 2(b) and Fig. 2(c) respectively.

Rajshahi Univ. j. sci. & eng.
Vol. 44:101-112, 2016

104

(a)

(b)

(c)

Fig. 2. a) Input MRI, b) Wavelet decomposition MRI, and c) wavelet reconstructed MRI.

B. Bidimensional Empirical Mode Decomposition(BEMD)
Empirical mode decomposition (EMD), originally developed by Huang et al. [20], is a
data driven signal processing algorithm that has been established to be able to perfectly
analyze adaptive, non-linear, and non-stationary data by obtaining local features and timefrequency distribution of the data. The first step of this method is decomposes the
data/signal into its characteristic intrinsic mode functions (IMFs), while the second step
finds the time frequency distribution of the data from each IMF by utilizing the concepts
of Hilbert transform and instantaneous frequency. The complete process is also known as
the Hilbert-Huang transform (HHT) [20]. This decomposition technique has also been
extended to analyze two-dimensional (2D) data/images, which is known as bidimensional
EMD (BEMD).
In this paper, the BEMD has been used to de-noising and decomposition for MR images
based on IMFs weighted threshold. After the image decomposed by BEMD method, it
was concerned that the images noise mainly distributed in the high and intermediate
frequency. These frequency components obtained from the image by applying an
algorithm called sifting process.
The sifting procedure decomposes a sampled signal by means of the EMD. The sifting
procedure is based on two constraints. Firstly, each IMF has the same number of zero
crossings and extrema. Secondly, each IMF is symmetric with respect to the local mean.
Furthermore, it assumes that has at least two extrema. Finally, reconstruct the original
image to achieve the effect of de-noising. During MR segmentation, it was concerned that
the smoothness of the data will influence the segmented quality. The processing example
of the BEMD on MRI image is as shown in Fig. 3. In this processing example considered
the 48 iteration for IMF function to get the best response.

Fig.3. (a) Input MRI, (b) IMF (1,...,6,…,12,…,20,…,48),…, residue image, and (c) reconstructed
Image.
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C. Fuzzy-C Means
Fuzzy C-means (FCM) technique is one of the unsupervised clustering techniques used in
image segmentation. FCM idea depends on clustering data into two or more classes only
by known number of classes. Algorithm is based on minimization of the following
objective function:
(1)
Here, u is between 0 and 1; Ci is the centroids of cluster I; dij is the Euclidean distance
between ith cancroids and jth data point; m [1, ∞] is a weighting function. Fuzzy
portioning of known data sample is carried out through an iterative optimization of the
objective function:
(2)

(3)
This iteration will stop when
(4)
Where, is a termination criterion between 0 and 1, k is the iteration steps. This
procedure converges to a local minimum or a saddle point of Jm.

(a)

(b)

(c)

Fig. 4. a) Input MRI, b) segmented image using Wavelet & FCM, and c) segmented image using
BEMD & FCM.

EXPERIMENTAL RESULT
The proposed method is implemented in MATLAB environment and tested on MRI brain
web database. The brain web images are simulated MR images generated by the Brain
Web simulator with different level of noise 0%, 1%, 3%, 5%, 7%, 9% and with different
level of INU 0%, 20% and 40%. These images are obtained from Brain Web Database at
the McConnell Brain Imaging Centre of the Montreal Neurological Institute, McGill
University. An example of images is as shown in Fig. 5(a), 5(b), and 5(c).

(a)

(b)

Fig. 5. (a), (b) and (c) are T1 simulated brain web images.

(c)

Rajshahi Univ. j. sci. & eng.
Vol. 44:101-112, 2016

106

(a)

(b)

(c)

(d)

Fig. 6. Processing example of smooth MRI image for sample 1:(a) original image, (b) segmented
image, (c) Gray Matter, and (d) White Matter.

(a)

(b)

(c)

(d)

Fig. 7. Processing example of noisy MRI image for sample 1 (a) original image, (b) segmented
image, (c) Gray Matter, and (d) White Matter.

(a)

(b)

(c)

(d)

Fig. 8. Processing example of smooth MRI image for sample 2 (a) original image, (b) segmented
image, (c) Gray Matter, and (d) White Matter.
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(d)

Fig. 9. Processing example of noisy MRI image for sample 2 (a) original image, (b) segmented
image, (c) Gray Matter, and (d) White Matter.

(a)

(b)

(c)

(d)

Fig. 10. Processing example of smooth MRI image for sample 3 (a) original image, (b) segmented
image, (c) Gray Matter, and (d) White Matter.

(a)

(b)

(c)

(d)

Fig. 11. Processing example of noisy MRI image for sample 3 (a) original image, (b) segmented
image, (c) Gray Matter, and (d) White Matter.

Fig. 6, Fig. 8, and Fig. 10 shows the processing example of sample smooth MRI images
applying wavelet and BEMD with FCM clustering. Fig. 7, Fig. 9, and Fig. 11 shows the
processing example of sample Gaussian noisy MRI images applying wavelet and BEMD
with FCM clustering.
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(a)

(b)

(c)

(d)

Fig. 12. Processing example of 10% Salt & Pepper noisy MRI image for sample 1 (a) original
image, (b) segmented image, (c) Gray Matter, and (d) White Matter.

(a)

(b)

(c)

(d)

Fig. 13. Processing example of 10% Salt & Pepper noisy MRI image for sample 2 (a) original
image, (b) segmented image, (c) Gray Matter, and (d) White Matter.

(a)

(b)

(c)

(d)

Fig. 14. Processing example of 10% Salt & Pepper noisy MRI image for sample 3 (a) original
image, (b) segmented image, (c) Gray Matter, and (d) White Matter.

Fig. 12, Fig. 13, and Fig. 14 shows the processing example of sample Salt & Pepper noisy
MRI images applying wavelet and BEMD with FCM clustering.
The evaluation of the segmentation performance in this paper is measured by the Eq. (5).
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(5)
the input is image and

Where

is the segmented image.

The SNR value of image sample 1, sample 2, and sample 3 for smooth, adding Gaussian
noise and adding 10% Salt & Pepper noise is as shown in Table I both for Wavelet and
BEMD decomposition method and FCM.
TABLE 1: SNR OF THE INPUT IMAGES
Sample
MRI
image

Input MRI with
Smooth, Adding
Gaussian and Salt &
pepper noise
Smooth

1

mean= 0 and variance
=0.025
10% Salt & Pepper
noise
Smooth

2

mean=0 and variance
=0.025
10% Salt & Pepper
noise
Smooth

3

mean= 0 and variance
=0.025
10% Salt & Pepper
noise

SNR
Wavelet & FCM

BEMD & FCM

1.0175

1.0977

0.7749

0.7789

0.8692

0.8731

0.4249

0.4259

0.6588

0.6654

0.5042

0.5241

0.3992

0.3997

0.6452

0.6472

0.4955

1.0011

SNR

The SNR value of Wavelet & FCM and BEMD & FCM for sample image 1, sample
image 2, and sample image 3 for smooth, adding Gaussian noises and adding 10% Salt &
Pepper noises are shown in Fig. 15, Fig. 16, and Fig. 17 respectively.

Fig. 15. SNR values of Wavelet & FCM and BEMD & FCM for smooth images.

Rajshahi Univ. j. sci. & eng.
Vol. 44:101-112, 2016

SNR

110

SNR

Fig. 16. SNR values of Wavelet & FCM and BEMD & FCM for noisy images (Gaussian noise).

Fig. 17. SNR values of Wavelet & FCM and BEMD & FCM for noisy images (10% Salt &
Pepper noise).

The SNR of the segmented image generated from BEMD and FCM gives the higher value
both for smooth and noisy MR Image. So, it should be noted that BEMD decomposition
approach is better than the wavelet algorithm for the use of decomposition before
applying the segmentation algorithm such as FCM.
CONCLUSIONS
In this paper presents a robust and efficient approach for the segmentation of medical MR
images. For that, wavelet and BEMD decomposition method have been applied in MR
images to extract the features. After decompositions, the FCM is use for clustering the
image data i.e. generated the segmented image. Then, the best approach is selected by
calculating the SNR value. The appropriate approach has been found robust against
various medical MR images. The experiments with synthetic Brain Web images have
demonstrated the efficiency and robustness of the appropriate approach in segmenting
smooth and noisy medical MR images. In future, this works will be improved by
increasing overall segmentation performance using another version of FCM for different
types of noisy (white noise) MR images.
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