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Abstract: Background: Digital Mammography is the most vital and successful
imaging modality used by radio diagnosis method to find out breast cancer. Breast
cancer is the most significant and common cause of cancer death in women. The
main problem is to find the accurate and efficient method for breast cancer

segmentation.
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Method: The morphological method is the most important approach in image
segmentation method. There are various new methods available for breast cancer
image segmentation but those methods are not upto the mark. They fall behind the

10.2174/15743624116661606171023  Regylts: On comparing both the algorithms for segmenting the mammographic
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images, applying the Neural Networks algorithm will be a better option rather than applying Region
Growing Algorithm. The accuracy of the segmentation is higher in the morphological image

segmentation approach.

Conclusion: The results show that, the performance of morphological approach is more efficient than

other methods.

Keywords: Breast Cancer, Region Growing Algorithm, Mammography, Image Segmentation, back propagation, feed forward

network, neural network.

INTRODUCTION

Breast cancer is the most important cause of women
death in many countries [1]. If it is diagnosed at early stages,
there is a good opportunity to reduce the mortality. For early
disgnosis of breast cancer for women, mammaography is the
good and efficient approach. Finding an effective and
accurate method to detect breast cancer remains an uphill
task in digital mammography [1]. In this approach the
gradient function plays an important role in finding the
abnormalities. This gradient function is also used to find out
other cancer types, such as skin cancer. In medical image
processing, image segmentation is an important research area
to obtain desired results.

Image segmentation is the process in which the original
natural image is partitioned into meaningful region. It helps
the radiologists to identify the affected area of the human
body to analyze the shape and size of the cancer. This paper
is organized as follows. In section I, literature survey is
discussed. Section I, contains methodology of the image
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segmentation approaches and in Section 111, Experimental
results on breast cancer and the future work are discussed.

LITERATURE SURVEY

Zhao Yu-gian et al., proposed a new process to identify
lungs CT medical image edge with salt and pepper noise. In
this study, they proposed algorithm for medical image
denoising and edge recognition, and common morphological
image processing such as morphological gradient process
and dilation edge detector [2].

Jawad Nagi, Sameem Kareem and Farrukh Nagi
discussed Breast cancer fragmentation approaches [3]. It is a
computerized technique for mammogram identification. In
their method, they eliminated digitization noises, that
contained radiopaque artefacts and take away the pectoral
muscle to accentuate the breast cancer region in CAD
approaches. Region growing performs fragmentation of an
image with respect to seed points. Removal of the breast
cancer region and the pectoral muscle is an important pre-
processing step in the procedure of algorithms. It mainly
allows the search for abnormality present in the image of the
breast tissue without unnecessary influence from the
surroundings of the mammogram. This approach has been
tested using mammogram images of different densities from
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numerous databases and has shown good results with better
precision.

S. Meenalosini et al., [4] proposed a new approach of,
segmented mammograms with the help of region growing
algorithms. In this proposed technique, pre-processing was
done by means of median filter, morphological operations
and thresholding techniques. Segmentation of mammogram
was completed in the following steps: 1. Dissimilarity
improvement was done using histogram: 2. Pixel production
was completed and also histogram and cumulative histogram
were calculated and the spot of peaks in the histogram was
noted: 3. Then the pixel was calculated and from the chosen
candidates the seed pixel was generated based on a particular
situation. This pixel was used in the next step in region
growing algorithm. The first pixels acted as the early seed point
for region growing algorithm. This process was calculated for
the entire pixel; and, 4. Gabor filter was added in the last step
to eliminate noise on the image. This method was designed
to find out the masses without any personal dealings.

Many techniques have proposed thresholding [5, 6],
gradients [7] mammogram with a polynomial [8], or active
contours method [9]. One of the initial methods of
segmentation of the breast cancer using contour was
proposed by Semmlow et al. [10], who used a Sobel edge
detection spatial filter for, locating the breast cancer area
mammograms. The noticeable methods were thresholding,
since there will be an overlapping between breast cancer area
and background. Abo et al. approached a new methods to
identify the distrustful areas on digital mammograms [11].
Bethapudi et al. proposed new technique to detect and
identify mass in digital mammogram images [12]. It detects
the malignant tissues in following three steps: In the first
step,:- the unwanted background information was eliminated
with the help of thresholding. Second step is used for noise
removal with the help of median filter.

In step three, the binary image contours are pulled out.
Authors planned to identify the shape of mass. Basheer et al.
approached a new breast mass segmentation technique based
on texture analysis and adaptive median filtering methods. In
this approach, adaptive median filtering is used for
contouring the image. Dalmiya et al. proposed a new
segmentation method for mammograms with the help of
wavelet and k-means clustering algorithm [13]. Authors
distinct their approach in the subsequent steps. In the first
step, high level details are eliminated from MRI images with
the help of discrete wavelet transform. In the next step, input
image get sharpened. Finally the tumor location is deducted
with the help of k-means clustering algorithm.

METHODOLOGIES

Seeded Region Growing Algorithm

Region growing algorithmic technique is an important
method to deduct breast cancer image segmentation. For
doing better image segmentation, seed pixel selection is most
important.

Selection of seed point is based on various user criteria.
The early region begins as the precise position of these seeds
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pixel. Then the regions are growing from the seed pixel to
neighboring pixel and go on to complete the entire image
[14]. The process flow diagram of image segmentation is
given below in Fig. (1). The seed selection criteria may be
intensity level, gray / color level texture.

In region based image segmentation, the seeded region
growing algorithm is the most important approach for the
deduction of breast cancer. In this approach, main problem is
to select the seed point because it performs the major role in
the diagnosis of breast cancer [15]. The algorithm has six
functional steps.

Gradient functions are used to get the data from the
cancer images. From the original input image, the gradient
images are created. The input image’s intensity values are
verified by all the pixels present in the gradient images in a
specified direction. To compute value of gradient images, the
vertical and horizontal directions are used. The two variables
of the gradient functions G(x, y) are mentioned in equation
number (1) as follows:

ac ac

VG = . L g (8]
Where
aG
I = gradiant values is x directions
x
aG
I = gradiant values is y directions
¥

Edge detection is the most commonly used techniques in
image segmentation methods. After the calculations of the
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Fig. (1). Process Flow Diagram of an Image using region growing
approach. It contains input image, seed selection process, Gradient
functions, Edge detection operations, smoothing process, region
based segmented approach and finally cancer identification.
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gradient image, the edge pixel values are calculated from the
largest pixel value from the gradient images. The gradient
directions are perpendicular to edge pixel direction. Canny
edge detectors are used in edge detection algorithms
approach. This canny edge detection algorithmic approach is
classified as follows:

e The noises are removed by applying Gaussian filter
to smooth the surface of the input cancer images.

e The image intensity gradients values are calculated.

e To clear the spurious response to edge detection, the
non-maximum suppression is applied.

e The possible edges are calculated by applying dual
threshold values.

e Hysteresis are tracked by the edge values. Weaker
edges are suppressed.

The high spatial frequency noises from the breast cancer

image are eliminated with the help of low pass filtering. It is
also named as smoothing. The regions are selected to be as
consistent as possible. We were aware that segmentation
region has high color similarity, and therefore we had few
problems while doing segmentation, such as selection of first
seed-points and prolonged time problems.

The selection of first seed-points problem means, the
different set of first seed points causes dissimilar sesgmentation
outcomes [16]. Due to this, stability of the segmentation is
reduced for that image. Moreover, a large number of seeds
are tested before selecting the first seed point, because
different breast cancer images have to be tested individually.
The other one is, prolonged time problem, because Seeded
Region Growing requires more number of calculation times.

Morphological Image Processing

Morphological image processing is used to extract the
image from the component regions. This algorithm is mainly
used for grey level images such as medical images. This
morphological process deals with the profile quality in an
image. In morphological approaches, the following frameworks
are used to find the abnormalities: 1. Pre- Processing: 2.
Enhancing object structure: 3. Segmentation: and 4.
Quantitative description. Morphological operations are
normally useful to remove the imperfect parts during the
image segmentation [17]. Therefore, this method is
adoptable for grey level image segmentation. Morphological
image processing consists of two basic operations named as
Erosion and dilation.Opening and closing are two significant
operators from mathematical morphology. Both opening and
closing are calculated from the fundamental operations of
erosion and dilation [18, 19]. The fundamental result of an
opening is to some extent like erosion in that it tends to
eliminate some of the foreground (bright) pixels from the
boundaries of regions of foreground pixels. Conversely, it is
less critical than erosion in general.

As with other morphological operators, the correct
operation is determined by a structuring component [20, 21].
The outcome of the operator is to protect foreground regions
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that have a similar outline to this structuring component, or
that can totally surround the structuring component, while
eliminating all the other regions of foreground pixels [22].
Closing is to extent similar to dilation in that it tends to
increase the borders of foreground (bright) regions in an
image (and reduce in size of background color holes in such
regions), but it is less critical of the original border shape
[20, 22]. The result of the operator is to protect background
regions that have a similar shape to this structuring
component, or that can totally contain the structuring
component, while eliminating all the other regions of
background pixels.

Erosion

Erosion of picture f by structuring component s is given
by f © s. The structuring component s is situated with its
source at (x, y) and the new pixel rate is calculated with the
help of below equation (2)

'1ifsfitsf @
9 Y) =1 0 Otherwise

During the erosion operation, the images are taken as
inputs. At that time, first cancer image is taken as input and
then it is eroded. Then another normally undersized image is
taken. The first one is named as structuring component. It is
also named as kernel. This structuring component is the
verdict of the accurate result of erosion.

The grey - scale image of erosion process is as follows:

e For the input grey scale image, X is the set of
Euclidian coordinates and corresponding structuring
coordinates for that set is K.

o Kiis the translation of Kx, for that origin point of x.

e Then the K of X is erosion to set all the points of x ,
such that Kx is a subset of X

The structuring component of an input image is used to
calculate the erosion. While processing the algorithm, the
pixel of the input image should beat the centre. Then overlay
the structuring component on top of the input image.

Dilation

Dilation of picture f by structuring component s is given
by f © s. The structuring component s is situated with its
source at (x, y) and the new pixel rule is calculated with the
help of below equation (3)

1ifshitsf

0 Otherwise (3)

g(x,y) =

During the dilation operation, the images are taken as
inputs. At that time, first cancer image is taken as input and
then it is dilated. Then another normally undersized image is
taken. The first one is named as structuring component. It is
also named as kernel [23]. This structuring component is
verdict of the accurate result of dilation.
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The grey - scale image of dilation process is as follows:

e  For the input binary image, X is the set of Euclidian
coordinates and equivalent structuring coordinates
for that set is K.

e Kiisthe translation of Kx, for that origin point of x.

o Then the K of X is erosion to set all the points of x,
such that Kx is a subset of X, - where X is non-
empty for all the intersection points.

The structuring component of an input image is used to
calculate the dilation [24-26]. While processing the algorithm,
the pixel of the input image should beat the centre. Then
overlay the structuring component on top of the input image.

Artificial Neural Network

It is the best method modelled on the learning approach
of the brain. Its mechanism is processing the information like
biological neurons in the brain and having miniature working
units known as neurons. This is used to do more complex
calculations and also more real time problems in the present
situations. The most popular network is back propagation
network and oldest neural network is feed forward network
[27-29]. The back propagation network is mainly used for
error calculating in the output layers. Due to this process,
this method is used for solving wide range of applications.
[30-32]. The input and output vectors are trained the
supervised learning algorithms. The output layer’s errors are
measured, and then error output is propagated to
intermediate layers [33-34]. Then these weight values are
compared with the input weight values to update. This back
propagation network process consists of two different passes
named as forward pass and backward pass.

1. Forward pass process.

e  Firstly the input vector is given to the network, and
then it propagates into layer by layer.

e Then the output is produced according to the input
applied to the network.

e The weight of the synaptic is fixed.
2. Backward pass process:

e According to the error correction rule, the synaptic
weight values are modified.

e The error signal is calculated by subtracting actual
weight values to desired weight values and

e Then this error signal is sent back to the network,
against synaptic network flow way.

e The weights of the synaptic are modified to get
desired weight values and

e This process is repeated until the desired output is
achieved.

EXPERIMENT RESULTS
Region Growing Approaches

By using the region growing algorithm breast cancer can
be diagnosed. Figs. 2-5 show the process of region growing
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approaches during the operation and it takes more time to
segment the malignant from the mammographic images.

Fle Edt View lnsert Toos Desktop Window Help
Ddde ROV LELL- S 08 a@
INPUT IMAGE

Fig. (2). Displays the gray scale image, specifying the display range
for black and white. The value LOW (and any valueless than LOW)
displays as black, the value HIGH (and any value greater than
HIGH) displays as white.

Figure 5
Fle Edit View Insert Tools Desktop Window Help

DEdde k| RRODILA-E(0H oD
Edge image

Fig. (3). Edge Image shows the function finds edges in | and 0's
elsewhere in the image.

! Figure 6 QIELEI

Fie Edit View Insert Tools Desktop Window Help
Ddde [ kAAOILL-E /08D
Smoothing

Fig. (4). Smoothing process has been done using a low pass filter.
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1) e o MATLAG? Watch ths Video, e Examples, or read Gatting Stated. X
A
total tme =
21.8906

Fig. (5). Time Chart containing total time required for tumor
identification

Back Propagation Network

The back propagation is the most popular algorithm
for the medical image segmentation. By using this algorithm,
we can get more accurate results. Figs. 6-12 figures show the
breast cancer segmentation approaches.

N

Fie Edit View Insert Tools Desktop Window Help

DEde (R ARODEA-S 0EH aDf

INPUT IMAGE

Fig. (6). Displays the gray scale image, specifying the display
range for black and white. The value LOW (and any value less
than LOW) displays as black, the value HIGH (and any value
greater than HIGH) displays as white.
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Figure 6 El@IEJ

File Edit View Insert Tools Desktop Window Help
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dilate erode

Fig. (7). Shows the Dilation and Erosion process. This process is
used to reduce the noise and to detect the intensity bumps in the
input image.

 Figure 7 DX

File Edit View Insert Tools Desktop Window Help =~
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Segmented Tumor

Fig. (8). Tumour Image is segmented from the input image

THE TUMOR IS MALIGNANT

Lo ]

Fig. (9). Tumor is Malignant.
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Fig. (10). Command Window shows the elapsed time, standard

deviation.

Neural Network Training (nntraintool)
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Neural Network

e T IT

Algorithms
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Fig. (11). Neural Network is used to find the number of iterations

and time.

Parameters

Region Growing Algorithm

Morphology Algorithm

Input
Image

Segmented
Tumor

Figre 7
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Standard
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Fig. (12). Comparative statement of region growing algorithm with morphological algorithm.
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Conclusion and Future Scope

Finding an automatic process for breast cancer
segmentation is a quite difficult task. In this paper, a novel
morphological image segmentation method and region
growing approaches are proposed. In these approaches,
many parameters are adopted to solve these problems. On
comparing both the algorithms for segmenting the
mammaographic images, applying the Neural
Networks algorithm will be a better option rather than
applying Region Growing Algorithm. Future work will
demand to improve the accuracy and to reduce the
processing time.
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