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ABSTRACT

Worldwide the most common and frequent diagnosed cancer in women is breast
cancer. To save the life of cancer patient, the appropriate way is to detect it at early
stages when either cancer cells are confined in small area or cancerous cells are few in
numbers. Significance of early detection can be understood from the fact that 90% of
all types of cancers including breast cancer are curable if it is detected before stage 2.
For early detection of cancer, screening tests are recommended on regular basis for
women who do not have any visible symptoms. Mammogram screening is one of such
test used worldwide for detection of cancer in breasts.

Segmentation of the breast from the image is one of the preliminary and
important step in early cancer detection in mammogram processing. An algorithmn is
proposed in this thesis for breast segmentation. The Hough transform is proposed for
image alignment followed by the guided filter for contrast enhancement. Finally
connected object labelling has been introduced for improved breast segmentation.
Furthermore, pectoral muscle is suppressed by a new proposed technique based on
geometry and contrast variance between the breast tissue and pectoral muscle.

Entire Mini-MIAS Database is used to evaluate the proposed algorithm on
Mammogram Images. The results are compared with radiologist drawn boundary i.e.
Gold standards and other latest techniques used for breast segmentation. The results
of proposed algorithm are very promising which are not only accurate but also take

comparatively less execution time.
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1.2 Breast Cancer

Common and most frequent diagnosed cancer in women worldwide is Breast
cancer. In year 2012 alone, 1.67 million women were diagnosed with cancer in breasts
and there were 6.32 million alive cancer women patients who had been diagnosed with
same in last 5 years. Moreover, Breast cancer alone was the cause of about 0.52 Million
women deaths in 2012 worldwide [1]. The developing countries across the Global have
major share of these deaths where the majority of cancer cases are diagnosed in late or
incurable stages due to issues like poverty, limited government funds for health care,
lack of professionals in health care sector. Unfortunately, Pakistan has the highest
incidence of breast cancer in South East Asia. The last 18 years statistics{ 1994 to 2014)
released by country largest cancer treatment hospital, Shaukat Khanum Memorial
Cancer Hospital & Research Centre, reveals the fact that Breast cancer is still the
highest malignancy reported with 45.4% of cancer in women over 18 years of age in

Pakistan [3].

1.3 Significance of Research and Motivation

A Cancer mass can take years to develop by a reproduction of a single cancer
cell. By the time a cancerous mass is perceived, it's estimated that 100 million to 1
billion cancer cells must be present, dividing for five years or even more [4]. To save
the life of cancer patient, the appropriate way is to detect it at an early stages when
either cancer cells are confined in small area or cancerous cells are few in numbers.
Ninety percent of all types of cancers including breast cancer are curable if detected at
stage 1 [5]. Stage 1 of the cancer is the stage when tumor size is two cm or less and

have spread to only tissue itself or at most neighboring tissue [6].
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Figure 1: Size of Tumor Stage 1

For early detection of cancer regular screening tests are recommended for
women who do not have any visible symptoms. The goal is to detect cancers before
visible symptoms to tackle it early. The Table.1 shows the survival rate of patients with
respect to the stage at which cancer is diagnosed [7].

Table 1: 5-Year Relative Cancer Patient Survival Rate

Stage | Relative Survival Rate (5 Years or More)
0 100 %
1 100 %
2 93 %
3 72 %
4 22%

1.4 Significance of Digital Processing of Mammograms

Studies have shown that 10 to 20% cancers (False Negative results) are not

diagnosed by Radiologists [8]. With the aid of digital Image processing, it has become



possible that this rate can be significantly reduced by giving radiologists a better base

to take their decision and reduce human margin of error.
1.5 Screening Methods for Cancer Detection

The two screening methods commonly used by radiologists are

1. Magnetic Resonance Imaging (MRI)

2. X-Ray or Mammography.

1.5.1 Magnetic Resonance Imaging (MRI)

Magnetic Resonance Imaging is one of the medical imaging technique or a test
that make use of magnetic waves to create images of organs inside the body. MRI test
is highly sensitive i.e. MRI detects cancer better than X-ray or mammograms, but on
the other hand it has a higher False Positive (FP) rate (non- cancer cells can be confused
with cancer). This can become the cause of unwanted biopsies and other confirmation

tests in many of these misdiagnosed cases, causing worry, anxiety and resources waste

[9].

Figure 2: MRI Scan of Breast

Another major reason due to MRI is not frequently used in developing countries
is its cost [2]. Not only MRI equipment is expensive but also per test cost is higher and

hence it is less preferred test in low income developing countries such as Pakistan.





















1.10 Problem Statement

In segmentation, region of interest is limited from the whole mammogram to
the breast region only. In this way, segmentation helps fast execution of an algorithm
for further cancer classification and detection.

The problem in segmentation with latest techniques is that breast is not properly
segmented specially in low contrast images in which it is difficult to differentiate
between breast skin line and the background. It is also due to presence of noise and
other artifacts present in the mammogram. Breast air interface detection thus becomes
difficult and demands digital processing and an aid of computer technology to help
radiologist for further cancer classification and detection.

In MLO view of mammogram, pectoral muscle presence causes a problem in
further cancer classification and detection. The intensity of the pectoral muscle
resembles with that of the cancer cells and also with the fatty cells hence it is very
essential to removal or suppress the pectoral muscle portion.

These are the two main preprocessing problems that this thesis addressed.

1.11 Objectives of Research

Our goal in this master research is to develop a new improved or hybnd
technique for Breast Segmentation and Pectoral Muscle Suppression in Mammograms.
Also we aim to reduce the computational complexity.

Our aim is to fight against Breast Cancer by aiding in preprocessing and breast
segmentation and remove the pectoral muscle in mammograms and the same segmented
breast may later be used in CADs for the early detection of cancer in breasts and save

lives.
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Chapter 2 Literature Review: Segmentation

Literature survey was focused on the segmentation methods developed over
time to address the same problems. It has been found during the studies that the two
segmentations of breast and pectoral muscle are independent to one another. The
different techniques proposed for the Extraction of Breast boundary are presented first

followed by methods for the Removal of Pectoral Muscle are discussed in this chapter.
2.1 Breast Segmentation Methods

There are many methods that are used for breast segmentation. However
there are some methods that are frequently used by majority of authors and these

are discussed along with their merits and demerits in this section.

2.1.1. Thresholding Method

Hoyer et al. [13] in 1979 attempted Breast Region separation using
simple histogram thresholding. Later in 1995, Bick et al. [14] presented an
algorithm which used local histogram thresholding, region growing and
morphological filtering. In 1998, Hein et al. [15] proposed global
thresholding. Later in 2000 Masek et al. [16] proposed a new local
thresholding method. Raba et al. 2005 [17] also used Giobal Threshold
method but when compared to latest technique developed by Mustra et al.
2013 [18] show lower performance in comparison. Since thresholding is
dependent on pixel intensity so these methods fail to give accurate results in

low contrast images.

14



2.1.2. Gradient Based Techniques

Gradient based techniques were also proposed for Breast Region
Extraction by other Researchers in parallel periods. In 1980, Breast
boundary was obtained by Semmlow et al. [19] using combination of Sobel
Edge detection and spatial filters, Later Mendez et al. 1996 [20] came with
a better algorithm and used a two level histogram threshold to obtain breast
region. They track breast boundary using gradient technique. Karssemeijer
et al. 1998 [21] exploit multiresolution scheme and processed a low
resolution version and then extrapolate to get desired results. They then used
global thresholding technique to obtain an initial sketch of a region and then
processed using Sobel operator of size 3 x 3. Mustra et al. 2013 [18]
developed further improvement in this technique by introducing K-Means
thresholding in algorithm and attains more efficient results at the cost of

complexity.

2.1.3. Polynomial Fitting

Effective polynomial modeling was proposed by Chandrasekhar and
Attikiouzel et al. 1996 [22]. Breast region is approximated with the aid of
initial threshold. Through image translation and rotation method, a
quadratic or cubic polynomial was fitted as suggested by Goodsitt et al. 1998
[23]. Chen et al. 2010 [24] further improved the algorithm but when
compared by latest technique developed by Mustra et al. 2013 [18] show

very low performance.

15



2.1.4. Active Contour or Region Growing Method

Active contours techniques were also suggested for breast
segmentation and Ojala et al. 1999 [25] were the pioneer to use these
techniques for breast segmentation. Later, in 2000 McLoughlin et al. [26]
improved technique and use a global threshold to obtain preliminary region
of interest of breast. The statistical model is used for breast pixels inside the
region on which snake algorithm was applied to segment breast ad get final
approximation for breast boundary. Wirth et al. 2004 [27] segmented the
breast from the technique of active contour. Their techmque works on two
initial regions and form a convolution matrix and then further enhance the
edges and boundary. Two regions have two thresholds from which they
calculate control point for the s comparison of the two regions, Maitra et al.
2011 [28] proposed a medified version of seeded region growing algorithm
and provide better results but slightly less performance than the technique

proposed by Mustra at al 2013 [18].

Table 2: Comparison of Methods for Breast Segmentation

Method Authors |Success (%) | Database [YEAR
Sobel, K-Means, CLAHE Mustra [18] 91.61  |Mini MIAS} 2014
CLAHE + Seeded Region Growing | Maitra [28] 95 Mini MIAS) 2012
Global Threshold Raba [17] 86 Mini MIAS! 2005
Polynomial Fitting Edge Detection Chen [24] 62.5 EPIC 2010
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object with the center as one third of the breast height and use polar coordinates. Hence

their algorithm fails in images which include larger portion of pectoral muscle or shape

of breast is non circular or asymmetrical.

2.4 Other Methods for Segmentation

Some other methods used by different authors are mentioned in the Table.4.

Table 4: Methods used by Different Authors

Method Paper Authors
Boundary and | A novel approach for breast skin-line estimation Y, Sun et al.[32].
Region Based | in mammograms.

Active Identification of the breast boundary in |R.J.Ferrari, et al,
Contours mammograms using active contour. [29].
Hough Segmentation of the Breast Region with I.S.Tomas [33].
Transform Pectoral Muscle Suppression and Automatic
Breast Density Classification.
Morphological | Morphological segmentation, F. Meyer, et al.
Segmentation (34].
CLAHE Contrast Limited Adaptive  Histogram [E.D. Pisano eﬁ
Equalization Image Processing to Improve the @al.[35].
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Step 2: Very high intensity noise like orientation tag and low intensity noise are very
common in images like X-ray and mammogram. In order to remove these two
completely different types of noises, the approach used is the combination of two
adoptive Binary masks obtained through thresholding process.

Threshold value 7, and 7, are used to create the lower mask M, (x, ¥} and upper mask
My (x, y) of mammogram I (x, y), where P(x, y) is the pixel intensity at location (x, ¥)

in Image I(x, y} and can be represented by the expression

_(0, Pxy)=sT
M, (x'”‘{L P(x,y)> T4
And
_{0  Pxy>T
My ("'1")‘{1, Pxy)< T,
Where
1, =02 xmax {I(x,y)}
And

1, = 093 xmax {I(x,y)}
The final binary mask My (x,y) is obtained by the AND operation on the lower mask
M, (x,y) and the upper mask M, (x,y)

MF (xl}’) = ML (x,y).Mu (x:y)

25



(a) (b) (¢}
Figure 16: (a) Lower Mask (b) Upper Mask (¢) “AND” Result

Step 3: In order to remove the orientation tag from the image, a square structuring
element, Ssq (x,¥) of size 31 x 31 is used for morphological opening, and is convolved
with the final mask My (x,y) to obtain an image /;(x,y) in which label has been
removed shown in the Fig. 17.

T Y) = Ssp (x,9) @ Me (x,3)
Where

Ssp(x,¥) =1 1<x <3l 1sy<3l

-4

Figure 17: Result of Morphological Opening

Step 4: The next step is the edge detection. Gradient based Sobel filter V,;,; preserve
the breast edge of the morphological open image I, (x, ¥} where the gradient of image

is maximum to give an image Iz (X, y) as shown in Fig. 18.

26



Ie(xy) = Vsover * I.(x,¥)

Figure 18: Result of Sobel Edge Detection

Step 5: Next step in our algorithm is the final step in image alignment. From sobel edge
detection, the longest line is the start of the breast tissue which need to align with the
first column of the image. Hough transform is applied to the image and longest line in
the image is searched which is indicated as green line in the Fig. 19.

Once longest line is detected, by using Hough transform, it can be aligned with

the first column of Image! (i, ). Hence breast alignment objective has been achieved.

Figure 19: Longest Line of Edge Detection

Ia!ign(x! ¥) = Jnoven 1Ue(x,¥) )]

The final image 144 {x, ¥), is aligned with known position of breast is shown

in Fig. 20(b).
27






P(x, y)is the pixel intensity at location (x, ¥) in Image /{x, ¥)
. Calculate label free image [, (x,y) through convolution of final mask
Mg (x,y) and structuring clement Sgq (x,¥)
L(x,y)= Ssq (x,y) ® Me(x,y)

Where

Ssg(t,¥y) =1 1<x <31 1<y=<3l
. Do Sobel Edge detection by convolution,
l(y) = Vsoper * I(x,¥)
. Detect longest line for alignment by applying Hough transformation:

Ia!ign(xs y) = SHOUGH l(fE(XJY) ).'

29
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3.2 Breast Segmentation
In MLO view of any mammogram, there are at least three major portions.
These are breast tissue, pectoral muscle and background. The area or our Region
of Interest {(ROI) for the breast cancer detection is inside the breast tissue. In this

section, breast segmentation proposed algorithm is discussed in detail.

3.2.1 Contrast Enhancement

Pixel intensities or brightness in the Mammograms varies due to
different reasons. The light intensity is not the same throughout the
mammogram. Moreover the exposure of the breast also varies from one
person to other and also from machine to machine. The mammogram
image brightness is also dependent on the angle between the light source
and the breast object. In order to segment the breast accurately, the
contrast variation must be enhanced in order to clearly differentiate
between the breast border and the background.

The technique used in our proposed algorithm for enhancing
contrast is “guided filter” in which the mammogram image itself used
as the guiding image. The reason for choosing guided filter is that it is
one of the fastest edge preserving algorithm currently available [31].
This aspect is very much desired in real time processing of
mammogram. He etal. [31] proposed guided filter was used with below

input parameters to get the output I;r, (x, y)
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Imo(xy) = (T y) ® Ieg_prsk (%, ¥)) ® Inspisx (. 3))

(2) (b)

Figure 25: (a) Binary Image, (b) After Image Opening

3.2.4 Image Cleaning
During Mammogram registration, a large slab is sometime present in the
mammogram. In order to remove such unwanted object, objects of size smaller
than 35000 pixel are removed from the binary mammogram image [0 (x, y).
The resultant image /- (x, y) is shown in Fig. 26(b)

{1, Ogrea = 35000 pixels
lelxy) = {o, Oureoa < 35000 pixels

Where

Oareq 18 the area of the object in image I (x, ¥)
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Ig(x,y) = (Latign(x,¥) = Ieo(x, %)) X 5+ Igro(x,y)
. Calculate Thresholding Image T(x, ¥), using t = 0.07

_ {0, Qx,y) <1
T(xy) = {1, Qlx,y) >

Where
Q(x,y) is percent pixel intensity
. Evaluate Morphological Opened image Iyo(x, ¥)
Ino @, ¥) = (T, %) ® len—pisk (%, ¥)) ® Ipi—pisk (X, ¥))

Where

IER_DISK(x,y), ID;_D;SK(x,y) are Erosion & Dilation Images by
structuring element disk Isg 405 of radius = 25

. Compute, clean Image I, (x, y) by

_ {1, Oureqa = 35000 pixels
le(x,y) = {0, Ourea < 35000 pixels

Where
Oareq 15 the area of the object in image [0 (x, ¥)
. Label Ny connected neighbors in image [;,0(x,¥) .
Labelry(yy) = {Labelpixyy if Tt(x,y) = P(x,¥),V (x,y) € Ng
. Compute Iy (x,y) by choosing pixels having label same as that of Breast
tissue Labelp(s 1y

, 1, Label., = Labelp( 1
su(%,¥) = 0, Label(y,y #+ Labelp 1)

. Calculate Final Segmented Breast Ig5(x, y)

Ig(x,¥) = Igu(x,y) * Ig(x,y)
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3.3 Pectoral Muscle Suppression

The location of the pectoral muscle in an MLO view is known unlike the breast
boundary. Pectoral muscle is located in upper left most corner in right oriented breast
mammogram and upper right most corner in the right oriented breast mammogram. The
other vital information that is known about the pectoral muscle is that it contain brighter
pixels as compared to its background which is breast tissue.

All this information laid the basis of our proposed algorithm for pectoral muscle
suppression. In the section 3.1, for breast alignment, the left breast is flipped to right
one. Same flipped left mammogram image or right oriented breast mammograms is

used in algorithm for the suppression of pectoral muscle.

3.3.1 Region of Interest Extraction

Likelihood of the presence of Pectoral Muscle is always the left most
top comer in MLO view (as left orientated are flipped). In our proposed
algorithm pectoral muscle suppression is always followed by the breast
segmentation process. Breast line already detected is used for the extraction of
pectoral muscle. For pectoral muscle suppression, two points R; and R, are
very significant on the breast boundary are shown in Fig. 31.

Point Ry, it is the last point on first row of segmented breast image
Jeg(x,y) whereas the R, is the point inside the segmented breast [sp (x,v)

which has max value of Y-coordinate among all pixels of breast tissue

Rl(x’:y’) = P(l:ymax) x=1

R, (x",y") = P(x, Ymax) vx=12..1024

From point Ry, a verical line is drawn, and from point R, horizontal line

is drawn. Four quardrants are created as the results of these two perpendiculr

40



3.3 Pectoral Muscle Suppression

The location of the pectoral muscle in an MLO view is known unlike the breast
boundary. Pectoral muscle is located in upper left most comer in right oriented breast
mammogram and upper right most corner in the right oriented breast mammogram. The
other vital information that is known about the pectoral muscle is that it contain brighter
pixels as compared to its background which is breast tissue.

All this information laid the basis of our proposed algorithm for pectoral muscle
suppression. In the section 3.1, for breast alignment, the left breast is flipped to right
one. Same flipped left mammogram image or right oriented breast mammograms is

used in algorithm for the suppression of pectoral muscle.

3.3.1 Region of Interest Extraction

Likelihood of the presence of Pectoral Muscle is always the left most
top corner in MLO view (as left orientated are flipped). In our proposed
algorithm pectoral muscle suppression is always followed by the breast
segmentation process. Breast line already detected is used for the extraction of
pectoral muscle. For pectoral muscle suppression, two points Ry and R, are
very significant on the breast boundary are shown in Fig. 31.

Point Ry, it is the last point on first row of segmented breast image
Isg(x,y) whereas the R, is the point inside the segmented breast [g5(x, ¥)
which has max value of Y-coordinate among all pixels of breast tissue

R, (x",y)= P(L, Ymax ) r=1
Ry (x",y") = P(X, Ynax) vx=12..1024

From point R,, a verical line is drawn, and from point R, horizontal line

is drawn. Four quardrants are created as the results of these two perpendiculr
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One these three straight line, pixel intensities are tracked individually by

moving across these lines P, P, , P,P; and P, P, starting from P, towards P, P; and

P,. There is a sudden fall in intensity value moving from brighter region of pectoral

muscle to the darker region of breast tissue in all these three lines P, P, , P, P; and P, P,.
These points are labelled in Fig.33 as S, S; and S3. The sudden fall in the intensity

level is shown in Fig. 34.

INTENSITY

VALUE
11}

o B I L
[ ) i AE

sl

ROW NUMBER OR VALUE OF X

Figure 34: Image Intensities on Straight line

These three point of maximum dip S,, S, and S; are considered as the
seed value for the approximation of pectoral muscle area.
3.3.3 Triangle Estimation

As pectoral muscle shape resembles than that of the triangle in MLO
view. It is assumed that this pectoral muscie is the combination or sum of
two trtangles and one side of both the triangles is shared or common.

In order to suppress pectoral muscle through these two triangle, the

points Py, S;, S; and S are used as shown in Fig, 35. Two new lines 5,5,
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Track intenstties on lines, determine max dip points §;, S, and S;.

3. Form A P1.5‘1 Sz and A P]_SzSa
Sketch lines §;S; and S;S,
4. Evaluate binary mask for pectoral muscle suppression Iy sy, (X, ¥)

uaskew Y =11, (1,y) € AP,S, S, and A PSS,

5. Compute suppressed pectoral muscle Ispy (X, y)

Iepp(,¥) = Iyasx _PM(x:)’) * (2, y)
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Figure 37: Pectoral Muscle Suppression Flow Diagram
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Chapter 4 Results and Discussions

Results of our proposed algorithm have been presented in this chapter. For
quantitative comparison and analyses the comparison has also been made with some

methods and techniques discussed in chapter 2 that have used similar data set.
4.1 Selection of Database

The basis criteria for the selection of any database is that it should have
sufficient number of images, easily available to researchers for comparison and further
improvement of algorithm. For proposed algorithm testing, Mini MIAS database has
been used. The reason of choosing this database is that majority of authors that are
currently working in this field of breast cancer have used this database so for
comparison with latest techniques, this database is the most suitable.

Results in research work are mostly manipulated by the preselection of images.
In order to avoid such problem, mini MIAS database is used which contain 322 images
and the implemented code can be run on the entire database without any biasness or pre
selection of images to influence the results.

Hence for benchmarking algorithm performance, the obvious option is Mini
MIAS database to test our proposed algorithm efficiency.

Never the less mini MIAS database contain scanned mammogram having many
imperfections and noises which are very common to low cost mammograms. Hence,
the algorithm which can work on this database can also be used for other database with

reduce noises and other such problems with slight modifications in the algorithm.

43



-

On the other hand other, other database available of mammogram is Digital
Database for Screening Mammography (DDSM). This database contain 2620 cases of
size over 230 Gigabyte. The images are of high quality and resolution size varies from
12 bits to 16 bits. One of the major reasons of not using this database for mammogram
image analyses is that the authors, that have used this database, have preselected some
images from entire database which may result in biasness and hence comparison with

other algorithm can easily be compromised.

4,2 Data Set for Results Generation

As discussed in previous section Mini MIAS database is used for mammogram
image analyses in this study. This database contain 322 scanned mammogram images
of 161 patients. Each patient right and left mammogram images are contained. Odd
number in this database contain left breast mammogram and even number of this
database contain right breast mammogram. Out of these 322, 208 are normal, 63 are
benign and 51 are malignant or cancerous breast mammograms.

The size of the image is 1024 x 1024 pixel. Each pixel is 8 bit quantized and its
pixel value varies from 0 to 255. The spatial resolution of mammogram is 200um per
pixel.

The database contain a mix of fatty tissue, fatty-glandular and dense glandular.
Also benign and malignant cases made this database one of the most versatile databases
available for research. All the images contain one or many of the artifacts Since the
original mammogram are scanned and then digitalized so analog as well as digital type

of noise exists in the images.
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visible. On the basis of vistble inspection and comparison with the hand drawn
mask for pectoral muscle, results were classified into two major categories.
1. Successful category.
2. Unsuccessful category

Successful category includes in which pectoral muscle is removed from the
breast tissue. It also includes mammograms in which a small part of pectoral muscle
is not removed but it will not affect segmentation and it implies no challenge for the
cancer classification at the later stage.

Unsuccessful category includes in which algorithm fails to suppress pectoral

muscle from its background.

Table 6: Pectoral Muscle Segmentation Results

CATEGORY No of Images Percentage
SUCCESSFUL 230 88.1
UNSUCCESSFUL 48 11.9

In order to check our algorithm effectiveness, we quantify segmentation

error. Segmentation error is the difference between the mask calculated by our

proposed algorithm and the radiologist drawn mask for the same mammogram.

Exclusive OR “XOR” logic is used for making this comparison. The truth table

of “XOR” operation is represented in Table.7.

Table 7: Truth Table XOR
Radiologist Mask Algorithm Mask XOR Result
0 0 0
0 1 1
1 0 1
1 1 0
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Chapter 5 Conclusions and Future Work

In this concluding chapter, the main focus is on the final recap of the thesis. It
also includes the major accomplishments and conclusion. In later part of this chapter,

the, possible future developments were briefed.
5.1 Conclusions

In this thesis, we have proposed a hybrid algorithm which used a combination
of Guided filter for image contrast enhancement, the proposed algorithm improves the
segmentation results of the latest technique by 4%. Execution time of the algorithm is
also few seconds for single input and is most suitable for real time CAD applications.
Guided filtering technique for the very first time introduced in mammograms
processing for image enhancement in our proposed algorithm which make it more
efficient. Average segmentation error of our proposed algorithm is almost is 1.8% less
than the latest available technique. However, there is still margin of improvement in

our proposed algorithm.
5.2 Future Work

Selection of threshold, has a major impact on end results. For different
mammograms, the values of optimized threshold is different. Hence in order to
calculate optimized threshold, more research is required to be done to set the criteria
for this threshold selection. Furthermore, feature extraction of breast and pectoral

muscle from the mammogram for its segmentation need exploration.
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For a future research, this algorithm should also be modified for other databases
like DICOM and DDSM which because the lack of time, it has not been possible.
Enhancing our new proposed technique and further refining it to give even better results

will be also one of our future works.
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