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Abstract

Image segmentation is one of the important and useful techniques in medical image pro-
cessing. As the image segmentation technique results robust and high degree of accuracy,
it is very much useful for the analysis of different image modalities, such as computer-
ized tomography (CT) and magnetic resonance imaging (MRI) in the medical field. CT
imaging gives more importance than MRI because of its wider availability, inexpensive
and sensitiveness. In most cases, CT offers information needed to make decisions during
urgent situations.

Keywords: computerized tomography, magnetic resonance imaging, watershed,
wavelet transform, segmentation, neural network

1. Introduction

The main aim of image segmentation is to optimize the physician’s diagnosis by automati-
cally detecting the suspicious patterns and classifying the abnormalities. In order to achieve
this, several methods are employed. One of which is hybrid algorithm based on wavelet trans-
form and watershed segmentation (WT-WS), used to isolate the tumor from different medical
image modalities, especially from CT and MRI images. Various features like peak signal to
noise ratio (PSNR), root mean square error (RMSE) and average difference (AD) can be mea-
sured to evaluate the efficiency of an algorithm.

This chapter elaborates the need for image segmentation, different types of segmentation,
merits and demerits of each method and techniques to overcome the limitations of each
method. Various categories of segmentation are clustering, edge detection and region extrac-
tion [1]. The main drawbacks with the conventional image segmentation techniques are over
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4 Medical and Biological Image Analysis

segmentation and high sensitivity to noise. To overcome these problems, image segmentation
method based on the combination of wavelet transform and watershed segmentation algo-
rithm can be employed. Over segmentation and noise problems are reduced by applying
watershed technique to carry out the low pass filtered image from wavelet transform [2].

1.1. Need for image segmentation

Segmentation is an important stage of the image recognition system, because it extracts the
objects of our interest, for further processing such as description or recognition. Segmentation
of an image is in practice for the classification of image pixel [3]. Segmentation techniques are
used to isolate the desired object from the image in order to perform analysis of the object.
For example, a tumor, cancer or a block in the blood flow can be easily isolated from its back-
ground with the help of image segmentation technique [4]. Various techniques are available
for the segmentation of monochrome images. The segmentation of color images is more com-
plicated as each pixel in the color images is vector valued [5].

The existing image segmentation techniques have the limitations of over-segmentation and high
sensitivity to noise. The earlier techniques frequently use the statistical methods to find those fea-
tures in a complete brain MRI or CT images. Furthermore, the segmentation process takes more
time for processing and some of the features are redundant and get overlapped [6]. The deter-
mination of features of the whole image is a difficult task too. Due to the presence of redundant
and overlapped features, an accurate result cannot be obtained. These methods make use of both
statistical and non-statistical features. For example, in the neural network-based segmentation,
a neural network is first trained with statistical features and then trained with non-statistical
features [7]. The two times training process of the neural network with different features gives
the insignificant result [8]. Magnetic resonance imaging is an emerging field of research in medi-
cal imaging filed, which can be used to recognize the features of human brain. The main aim of
research in this field is to identify and detect the abnormalities in human brain automatically [9].

2. Wavelet and watershed-based image segmentation method

The wavelet and watershed-based image segmentation method consists of three stages, namely
image enhancement, image segmentation and feature extraction. In image enhancement step,
the contrast level of the CT and MRI images are improved by employing wavelet-based fil-
tering technique without distorting the sharp edges [10]. The contrast-enhanced images are
then applied to watershed-based image segmentation technique. Performance measurement
factors such as peak signal to noise ratio (PSNR), root mean square error (RMSE) and average
difference (AD) are calculated in the feature extraction step. The extracted features are used to
compare the segmentation efficiency of the present technique with other-segmentation tech-
niques. The above mentioned image segmentation technique is illustrated in Figure 1.

2.1. Image enhancement

Contrast enhancement of the medical image is the technique of smoothing the image and
removal of noise in the image [11]. As the noise removal is affecting the segmentation
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Figure 1. Block diagram wavelet transform and watershed-based image segmentation technique.

efficiency, this step is important in the image segmentation process. All the medical images
contain both smoothing and detailed information. The smoothing information can be easily
filtered out by using a number of morphological filters.

2.2. Wavelet decomposition

Wavelet transform decomposes the MRI image into a multiresolution representation, which
consists of the low frequency approximation information and the high frequency detailed
information. Given an MRI image, the multiresolution representation is generated by succes-
sive filtering using quadrature mirror filter. The basic function of a wavelet is to decompose
the given image into different subbands. This can be done by using either uniform or octave
band decomposition as shown in Figure 2.

From Figure 2, it is shown that, wavelet transform decompose a given image into four
sub-images.

The decomposed images are,

* Low-Low(LL): Low frequency in both horizontal and vertical directions
* Low-High(LH): Low frequency in horizontal and high frequency in vertical direction
* High-Low(HL): High frequency horizontal direction and low frequency in vertical direction

* High-High(HH): High frequency in both horizontal and vertical directions

To decompose an image, filter banks are used with low pass and high pass filters.

Figure 3 shows the decomposition of an image into four sub-images.
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Figure 3. Four sub bands of decomposition of image.

The LL sub-image is called the approximation image, while the LH, HL and HH are called the
detailed images which are illustrated in Figure 3. Various image processing techniques can be
applied to the sub band images for different solutions. Increasing the number of decomposi-
tion produces coarse contours that may hide some relevant features of the carotid artery walls.

2.3. Pyramidal representation

Pyramidal representation of an image tends to examine an image in multi resolution meth-
ods. Different types of decomposing an image are Gaussian Pyramids, Laplacian Pyramids
and wavelets. Out of the above methods, Gaussian and Laplacian Pyramid give some loss
of information. But the wavelet-based decomposition will overcome these drawbacks. Haar

wavelet transform can be selected for this purpose.




Image Segmentation
http://dx.doi.org/10.5772/intechopen.76428

2.4. Steps in the Wavelet-based image enhancement

Steps to be followed when using wavelet decomposition of an image:

1. Separate the given image into LL, LH, HL and HH sub-images using a low pass filter at a
scale of 2j

2. Repeat the process of decomposition on the LL sub band until the number of sub bands is
equal to 4.

3. Find the ] scale transforms, for the original image as represented by,

W2, (W2, W2 W) 1 <i<] (1)

forj=1,2,...,]

where W? W 2 W * and W * represents transform results LL, LH, HL and HH at 2/ scale,
respectively. This representation is composed of a coarse signal at resolution 2' and a set of
detailed signal at resolution 2'-2/

2.5. Watershed-based image segmentation

In the watershed-based image segmentation, the image is splitted into different areas.
Normally watershed-based segmentation will lead to an over-segmentation of the image,
especially for noisy image such as medical CT images. To avoid this oversegmentation, either
the input image must be preprocessed or the different regions of the image must be merged
based on similarity [12].

It is easy to understand the watershed technique by consider the image as a plain surface
where high pixel values correspond to peaks and low pixel values correspond to valleys.
Same as actual watersheds in irrigation, if a drop of water falls on any particular point of the
contour, automatically it will flow to lower ground till it reaches a local minimum which is
catchment basin and the collected points in a particular basin is called as a member of that
watershed. Expressions (2) and (3) represent the watershed transform.

AS a first step, we have to calculate the local gradients within a particular image Let the
original image is ‘I’ and ‘G’ is a low variance Gaussian Kernel. The blurred gradient ‘B” can be
represented as in the expression (2).

B=G*VI 2)
where v 1is defined such that
2 2
VI, j) = [1,i+1)=1(,7)] + [1G.3) - 1(i+1, )] ©)

The next step is to find the local minima of B. An element m(j, j) is said to be a local minimum
if m(i,j) < p(i i V(i) € NG j) where N(i,j) represents spatial neighborhood of the element at

7
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row i and column j in eight connectivity. The local minima m represent the catchment basins
of the image and are each assigned with a unique label greater than zero. The final step is to
follow each element in B toward its lowest valued neighbor until it merges into one of the
catchment basins m. Egs. (4) and (5) give the watershed and an edge map equation respec-
tively. Once an element merges with catchment basin m, it assumes the label of that basin.
The above function can be represented as WS. So the watershed W is defined as in the Eq. (4).

W= WS (G*V I) 4)
The resulting edge map E is defined in the expression (5).

1 VW(,j) > 0

5
0 Otherwise ®)

EGij) = |

where W (i,j) is the label of watershed in which element (i,j) is a member after all of the water-
sheds have been labeled.

2.6. Limitations of watershed transform-based image segmentation

Noise is a great challenge in the segmentation process of an image with watershed-based
technique and over segmentation is another important drawback with watershed-based
image segmentation. These drawbacks can be avoided by using region merging method. A
combination of wavelet and watershed-based image segmentation method can also be used
to address the above problems.

2.7. Steps of the watershed algorithm-based image segmentation

STEP 1: Read the original image (I10).

STEP 2: Take L level wavelet transform of image (IL).

STEP 3: Smooth the image and remove noise particles using wavelet denoising.
STEP 4: Apply watershed segmentation.

STEP 5: Resulting merged region image is projected onto the IL-1 layer by an Inverse wavelet
transform.

STEP 6: Go to step3 and repeat the above procedure until L equals O (initial stage).

Acquisition the source image: Get the MRI image, which is the source image for the segmenta-
tion process obtained from a clinic.

Contrast maximization: maximization of contrast of an image is adopted to identify and mini-
mize number of valley points. Wavelet transform is preferred for contrast enhancement.

To maximize the contrast, first compute &, _using the Eq. (6) and (7).

Let n be the decomposition level,
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2 b x (%)) |
E, - 2l ©
En+1,s
Qs T Y En+1,5/3 (7)

where s is the sub band which indicates LH, HL and HH. E__is the average absolute value
of a specific sub band s in level n. N is the number of coefficients of each sub band. r (i) is
enhanced sub band from each sub band x_ (i,j) and can be computed by Eq. (8).

x, (i) = &, x, (i) (8)

Enhanced image is computed for each sub band and reconstructed the image using inverse
wavelet transform. Resulting image is the contrast-enhanced image.

Conversion of objects of interest: the watershed transform detects intensity valleys in the
image. The enhanced image is converted into the objects of interest with high intensity valleys.

Detection of intensity valleys: all the intensity valleys are below a particular threshold. The
location rather than the size of the regions is important. The min function modifies the image
to contain only those valleys found by the extended min function. The min function will also
change a valleys pixel value to zero (deepest possible valley for unit 8 images). All regions
containing an imposed minimum will be detected by the watershed transform.

Watershed segmentation: watershed segmentation of the imposed minima image is accom-
plished with the watershed function. The watershed function returns a label matrix contain-
ing non-negative numbers that correspond to watershed regions. Pixels that do not fall into
any watershed region are given a pixel value of zero.

However, the image is degraded by noise and so cause over-segmentation. Therefore over-
segmentation images are further merged in some regions. The region to be merged is based on
homogeneity and similarity criteria based on the wavelet coefficients. Mean, second- and third-
order central moments values of the wavelet coefficients of each of the regions are calculated.

Merging over-segmentation regions: The watershed transform is sensitive to the change of
the data therefore the noise objective brim and then changes inside objectives can lead to
over-segmentation. Over segmentation is caused by the watershed transform, and the image
background is divided into several parts and merged using the following conditions:

a. The regions that will be combined are neighbors.
b. The characteristics of the region, which will be combined, should be similar.

c. The big region after combining is useful.

The regions which are neighbors and similar pixel values can be combined. After combina-
tion, the background and the target image are separated. Usually, similitude can be defined
according to gray, texture, and so on.
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If Bi is set of boundary points of catchment basin I (CBi), Ni is the number of Bi, then the defi-
nition of B mean (i) is given by the Eq. (9).

B mean (i) = f(pj)/Ni 9)

During projection from I™ layer to (I-1)* layer, a parent-child spatial relationship between the
image elements of two successive layers is defined. This relationship is evaluated by means
of a similarity measure. The children of a layer may belong to different parents in the upper
layer. The similarity between a child image element and its possible parents describes the
similarities.

3. Feature extraction and segmentation quality evaluation

The feature extraction is mainly done in evaluating the quality and efficiency of the proposed
image segmentation algorithm. The different parameters such as root mean square error
(RMSE), peak signal to noise ratio (PSNR) and average difference (AD) are used to measure
the performance of the resultant segmented image of different techniques and compared with
that of the proposed algorithm.

3.1. Root mean square error (RMSE)

RMSE is used to measure the difference between the source image and the segmented image,
the smaller the value of RMSE, the better the segmentation performance. Mathematical repre-
sentation of RMSE is given in Eq. (10).

2N MG )-F(L )P
MxN

RMSE = \/ (10)

where M and N are size of the image, i and j are the pixel positions in the image. M(i,j) is the
segmented image and F(ij) is the original image.

3.2. Peak signal to noise ratio (PSNR)

PSNR is the ratio between the maximum value of an image and the value of background
noise. In terms of RMSE, PSNR is given in the Eq. (11).

PSNR = 10n (f,, /RMSE)? (11)

where f is the maximum value of pixels in the segmented image. The larger the PSNR value,
better the segmentation performance.

3.3. Average difference (AD)

Average difference is the difference in each pixel value between the input source image and
the segmented image. Lower value of AD shows better segmentation performance.
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The average difference between segmented image (f) and reference image (r) is given by the
expression (12).

N
217y~ fEy),l) (12)

=1

M=

1
DA_MN.

Il
LN

4. Sample results and discussion

This section demonstrates the performance of the proposed image segmentation algorithm
for isolating the tumor part in the clinical MRI image.

The sample of normal and abnormal MRI images obtained from Kovai Medical Centre
Hospital, Coimbatore, Tamil Nadu, India is illustrated in the Figure 4.

Segmentation algorithm is tested with MatLab tool and the simulation results are analyzed in
this section. Figures 5(a) and 6(a) shows the input MRI images which are the source images
for segmentation. As the source images have a low contrast level, they are enhanced with
wavelet transform and the resulting contrast-enhanced images are shown in Figures 5(b) and
6(b). This step is also known as preprocessing step of image segmentation.

The contrast-enhanced MRI images are then subjected to second level decomposition using
wavelet transforms. They are shown in Figures 5(c) and 6(c). In this step, the high frequency
terms (H terms) in the images which are identified as noise terms are separated from the
image and the low frequency (L terms) terms which are identified as a region of interest. The
first level decomposition produces HH, HL, LH and LL sub images. The second level decom-
position produces HHHH, HHHL, LLHL and LLLL.

The decomposed images with LL term are applied to watershed segmentation process,
where the boundary of the LL images has extracted to isolate the tumor from its back-
ground. This is shown in the Figures 5(d) and 6(d). The extracted boundary of the images is
superimposed on first level decomposed image (LL) which is shown in the Figures 5(e) and
6(e). Boundary extractions of synthesized images by the watershed algorithm are shown in

Figure 4. Sample normal and abnormal clinical MRI images.

11
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the Figures 5(f) and 6(f). The boundaries are superimposed on the original images as shown
in Figures 5(g) and 6(g).

The performance values for different types of image segmentation techniques are analyzed.
From the analysis, it is evident that, the RMS error of the proposed image segmentation
technique is 0.0154 which is minimum compared with other segmentation techniques (0.0236
for wavelet alone and 0.0312 for watershed alone). The value of RMSE should be minimum
for an efficient segmentation technique.

The PSNR value obtained for the hybrid technique is 55.498 which is higher value than the
existing techniques. The measured PSNR value is 55.416 for wavelet alone and 55.434 for water-
shed alone. For an efficient segmentation technique, the PSNR value should be maximum.

The average difference (AD) is the difference in each pixel value between the input source image
and the segmented image. From the analysis, the value of AD of the hybrid method is 2.3611e-
004 and that of the wavelet and watershed alone are 5.714e-004 and 9.725e-004, respectively. This
shows that the hybrid method has a minimum value of AD compared with other segmentation
techniques. Lower the value of AD, the better the segmentation performance.

Figure 5. Simulation results for brain MRI image segmentation: (a) original MRI image (b) enhanced image (c) two
level decomposition of enhanced image (d) boundary extraction of LL image using a watershed algorithm (e) boundary
superimposed on first level decomposed image (LL) (f) boundary extraction of reconstructed image using a watershed
algorithm (g) boundary superimposed on the original image.
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Figure 6. Simulation results for head MRI image segmentation: (a) original MRI image 2 (b) enhanced image (c) two
level decomposition of enhanced image (d) boundary extraction of LL image using a watershed algorithm (e) boundary
superimposed on first level decomposed image (LL) (f) boundary extraction of reconstructed image using a watershed
algorithm (g) boundary superimposed on the original image.

It is inferred from the above analysis and discussion that by considering the values of per-
formance factors, the hybrid image segmentation method which includes the wavelet and
watershed method performs better than the other existing techniques.

Figure 7(a) shows the comparative chart of RMSE for proposed segmentation technique with
that of other existing techniques. From the chart, it is clear that the RMSE value of the pro-
posed technique is the minimum which ensures that the proposed segmentation technique
performs well. Figure 7(b) illustrates the comparison of PSNR for the proposed method with
existing techniques, which also prove that the proposed system in terms of PSNR is better
than the other techniques. The average difference in each pixel value between the input source
image and the segmented image is given in the Figure 7(c). It shows that the value of AD is
comparatively minimum for the proposed method. For an efficient segmentation technique,
the value of average difference should be minimum. Therefore, from the simulation results
and from the observation of performance measurement factors, it is evident that the proposed
image segmentation algorithm which comprises of wavelet transform and watershed segmen-
tation performs better.

13
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Figure 7. Comparison of performance measurement parameters for different image segmentation techniques: (a)
comparison of RMSE (b) comparison of PSNR (c) comparison of average difference.

5. Conclusion of the chapter

A new segmentation technique by combining wavelet transform and watershed algorithm is
proposed in this section to detect the tumor in human brain. The existing method of tumor
extraction is concentrated on wavelet transform or watershed transform. But the existing tech-
niques have a drawback of over-segmentation due to noise. The hybrid segmentation method
is a multiresolution technique for image segmentation and it can be achieved without any
loss of any edge information in the image. Initially, we have to choose the required resolution
level of the image according to the size and number of connected objects in the image. It is also
described that how regions are projected onto lower layer and build hierarchical parent-child
regions relationship of successive two layers.
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