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ABSTRACT
A machine learning algorithm entitled margin setting algorithm (MSA), for mammogram segmentation is
presented. MSA uses hyperspheres to classify nonlinear patterns in mammograms to their corresponding
classes. In this paper, we used MSA to segment the breast object in mammograms. The segmented
mammograms are inputted to a mutual information (MI) algorithm for mammogram registration. MSA
performance is compared with neural network (NN) and several thresholding techniques. For the registration
outcomes, signal to noise ratio (SNR) and correlation (CORR) metrics are computed to evaluate the
performance of the registration algorithms. It is shown that the mammogram registration using MSA
segmentation delivers (0.22%, 1.63%) increase in (SNR, CORR) compared with the NN. However, when
compared with the thresholding techniques, MSA delivers a significant improvement in (SNR, CORR) values.

KEYWORDS: Margin setting algorithm, neural network, thresholding, mutual information, segmentation, and
registration.

I.

INTRODUCTION

Image registration is used when two images are being compared against each other. For this reason,
registration has wide applications that may vary from computer vision to medical diagnosis [1]-[2].
Computer vision applications include tasks such as video tracking motion, pattern detection, 3-D
information extraction, and remote sensing image reconstruction [3]. Medical applications of
registration include population modeling and statistical atlases, longitudinal studies, and multimodality fusion. Population modeling and statistical atlases characterizes the normal pattern of an
organ. Longitudinal studies examine the changes in lesion’s shape over time in temporal images for
the purpose of monitoring and studying different diseases. Temporal images are defined as images
obtained using the same device at different time frames, months or even years. Multi-modality fuses
images acquired from different sensors [4]-[6].
One example of the medical modalities that uses registration process is mammography. Mammogram
registration attempts to find the difference in temporal mammograms that may correspond to the
presence of carcinoma. Some of these cells are slow growing and gradually form a lesion causing a
small architectural distortion. Hence, they may go undetected by a radiologist when he or she visually
compares the patient temporal mammograms. An automated mammograms registration that could
pinpoint these changes may increase the chance of detecting abnormalities in their early stages by
radiologists [23]. It has been noted that early detection of breast cancer increases the survival rates
and provides better treatment options [7], [24]. Figure 1 illustrates a temporal case for one patient
acquired on May 23, 2012 and June 6, 2013, respectively, with architectural distortion shown as tent
region behind the nipple. The mammogram shown in Figure 1. a) is known as the reference
mammogram while the one in Figure 1. b) is the target mammogram. When the reference and target
mammograms are visually compared by the radiologist she was only concerned about the area behind
the nipple. The area highlighted by the rectangle did not need extra investigations. Figure 1. c) shows
the result of registering the reference and target mammograms using mutual information (MI). The
target image is transformed to have similar rotation, scale, and translation of the reference
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mammogram [25]. Figure 1. c) directed the radiologist’s attention to multi-focal areas that are
corresponding to malignant lesions. The multi-focal areas are highlighted by rectangles in Figure 1.
c).

Figure 1. Temporal case with a) reference, b) target, and c) superimposed registered mammograms

Automated mammogram registration is a challenging task due to internal and external factors. Internal
factors are related to changes in the breast characteristics with time. For instance, the tissues in female
breasts change with the hormonal level and age. External factors include the positioning and the use
of different facilities during the imaging process. Unfortunately, the exact positioning of two
consecutive mammograms is not possible. Also, lesions that are three dimensional are projected onto
two dimensional images. Any small rotation in the breast during the imaging process may hide the
lesion in one of the images and affect the registration process. Figure 2. demonstrates the reference
and target mammograms for one patient acquired on May 24, 2012 and May 23, 2013, respectively.

Figure 2. Temporal case with a) reference and b) target mammograms

Figure 3. a) illustrates the superimposed registered reference and target mammograms shown in
Figure2. Figure 3. b) provides the difference between the two registered mammograms in Figure 3. a).
The registration in Figure 3 a) is not exact and the internal information for the target mammogram is
shifted to the right, i.e., highlighted by an arrow in Figure 3. a). Image subtraction in Figure 3. b)
delivers blurry image with numerous black curves that are highlighted by arrows. In this case, inexact
registration provided no meaningful information to the radiologist.
The current registration algorithms need further improvement to provide meaningful information to
radiologists. A preprocessing step of mammogram landmark segmentation could increase the
accuracy of registration step. Segmentation extracts an object of interest from the background.
Thresholding is one of the simplest segmentation algorithms. It uses the histogram information to
compute a threshold value that separates the object from the background [8]. Medical images include
objects that are not well separable from the background. In this case, thresholding fails to provide
desirable results. To overcome the shortcoming of the thresholding technique we use a machine
learning algorithm. A machine learning algorithm consists of two phases; learning and classification.
The learning phase uses a set of input patterns with a known class (training dataset). In this phase,
features such as length, shape, color, or intensity values, are extracted from each pattern. In these
algorithms, only the features that classify the patterns to their classes are selected. These features

1928

Vol. 8, Issue 1, pp. 1927-1938

International Journal of Advances in Engineering & Technology, Feb., 2015.
©IJAET
ISSN: 22311963
provide a decision boundary separating the classes. The decision boundaries are utilized in the
classification phase to classify the testing input sets to their classes. When a machine learning
algorithm is designed to segment an object in a grayscale image, the input features are the intensity
values and the output classes are the object and background. Unlike Support vector machine (SVM)
and neural network (NN), a relatively new machine learning algorithm, called margin setting
algorithm (MSA) uses prototypes to determine the decision boundaries that classify objects into their
classes [9]-[12]. MSA appears to provide better results for classifying nonlinear patterns compared
with other machine learning algorithms such as SVM and NN [13]-[14]. MSA has been used in
applications such as artificial colors segmentation, noise estimation, and hyperspectral [15]-[16].
Recently, a Fourier-based MSA was proposed to recognize the shape, size, pose, and location of a
target in a scene [12].
In this paper, we designed, implemented, and evaluated the performance of MSA for breast
segmentation in mammograms. MSA algorithm is compared with NN and several thresholding
techniques; global, ant colony optimization (ACO), and Otsu [22]. The output of the MSA is used an
input to mutual information (MI) algorithm for registration. MI uses statistical information to compute
the optimal rotation, scale, and translation that maps two images [20]-[21]. The mathematical
representation for MSA and object classification algorithm using MSA are explained in section II.
The dataset used in this research are also presented in the DESIGN and MMTERIAL section. The
segmentation methodology, segmentation evaluation, registration methodology, and registration
evaluation are given in the PROCEDURE, RESULTS, AND DISCUSSION section. The conclusions
and future works are given in sections four and five, respectively.

Figure 3. a) Registered pair mammograms, and b) image difference for a)

II.

DESIGN AND MATERIAL

2.1. Margin Setting Algorithm
Statistical pattern recognition algorithms classify an object into its appropriate classes based on
learned hypotheses. The learned hypotheses are concluded from a set of training data to illustrate
generalization for a classification problem. In order to obtain a desirable classifier, generalization has
to be of high confidence. The high confidence requirement is only true when the data of different
classes are well separable using a decision surface boundary. In this case, the margin between the
decision boundary and the nearby points is maximized. In SVM, these points are known as the
support vectors. For 2-class problem, a decision boundary with maximized margin for the support
vectors is easily computed. Increasing the problem dimensionality increases the algorithm and
generalization complexity. To overcome this obstacle, an alternative approach is proposed through
Boosting algorithm [9]. Boosting subdivides the training set into a number of subsets. A classifier is
then trained for each subset. Each classifier provides a poor performance known as a weak classifier.
The weak classifiers could be combined using different weights to produce a strong classifier. Strong
classifier has small misclassification rate only when the appropriate weights are selected. In general,
weights are not always easy to calculate. Margin setting algorithm (MSA) is introduced to overcome
the shortcomings of the SVM and Boosting algorithms. Elements from both algorithms are combined
in MSA to demonstrate good generalization without complicating the decision. These elements
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include dimensionality and decision surface from SVM and dividing the training set into subsets from
Boosting. Thus, each subset is classified using a separate decision surface. Final decision is reached
by combining the decisions from the various classifiers using a non-linear approach.

2.2. Object Classification using MSA
The flowchart given in Figure 4. is applied to segment the breast in mammograms. The steps involved
in the algorithm can be summarized as:
Step 1, Construction of the training set: Select M random points from the test image to construct
the training set t  {xi , for i  1 to M } . t is a 1-D vector with intensity values that are corresponding
to both object and background classes.
Step 2, Subdivision of training set: partition process is applied to subdivide the original training set,
S, into number of subsets as:

S  U Si

(1)

i 1

where Si

S j   for i  j .

Step 3, Construction of initial prototypes: Create the initial prototypes, for each subset, within the
training set intensity range and using normal distribution. The initial prototypes are represented
mathematically as:

G  {( k , rk ,m ), 1  k  M , 1  m  P}

(2)

 k and rk are the center and radius of G, respectively,  m is the class label with P total number of
classes, and M is the number of prototypes that belong to class  m . In the beginning, N random points
are selected as initial prototypes.
Step 4, Select potential prototypes from initial prototypes: Examine each prototype to select the
potential prototypes of minimum Euclidean distance to the object points and of maximized zeromargin radius. Zero-margin is defined as the distance from the center of the prototype to the closest
non-class point.
Step 5, Select final prototype for current mutation: Compute the figure of merit for each potential
prototype. Figure of merit is defined as the number of points from the class set around a potential
prototype that are within the zero-margin radius. Figure of merit is a measurement of true positive rate
for a given prototype. Each prototype has its own figure of merit. The prototype with MFmi is selected
as the final prototype for a given mutation. MFmi is the maximum value for the figure of merit for a
given prototype.
Step 6, Mutation to N points: Mutate  k of prototype G using the following equation:

N n1   k 0  

(3)

 is the magnitude of mutation that is computed as:

  

(4)

 is a random sign symbol,   [0,1] , and  is the maximum perturbation that is computed as:
Mx+Mn

 Mx   k , if  k >

(5)
2
  k ,
otherwise
Mx and Mn are the maximum and minimum values in the training set, respectively. In equation (3),
N n1 is the random points for first mutation and  k 0 is the centre of a potential prototype in mutation 0
that is chosen as:

1930

Vol. 8, Issue 1, pp. 1927-1938

International Journal of Advances in Engineering & Technology, Feb., 2015.
©IJAET
ISSN: 22311963
k 1

f
b 1

k

b

    fb

(6)

b 1

 is a random number  [0,1] and f b is the normalized figure of merit computed as:
fm 

Fmi
gm

F

(7)

mi

mi 1

gm is the total number of potential prototypes for a given mutation. The mutation process is
continued until all points in the class set are trained using a potential prototype or when the maximum
number of mutations (MM) is reached. There is MG number of generations for the training phase and
for each generation there is MM mutation.
Step 7, Comparison: Repeat Steps 3 through 6 until all the training points are trained or when the
maximum number of mutations, MM, is reached. Based on experimental results, MM=20 provided
good outcome for our dataset.
Step 8, Start new generation: If at least one point in the training set is not classified, then start a new
generation and reset the mutation to mutation 0.
Step 9, Stop condition: Proceed to the classification step if all the points in the training set are
classified or when the maximum generation, MG, is reached. Based on experimental results, MG=20
provided good outcome for our dataset.
Step 10, Object classification: Classify each pixel in the image,  i , to its corresponding class using

the saved prototypes.  i is considered as object point if it has minimum Euclidean distance within the
zero-margin radius.

Figure 4. MSA flowchart

The output of the classification is then provided to a registration algorithm that uses the mutual
information to measure the similarity between an image pair [20], [21]. This research was performed
using a dataset which is explained in the next section.

2.3. Dataset
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Segmentation algorithm is implemented on 554 mammograms for 125 patients. The mammograms are
for craniocaudal (CC) and mediolateral oblique (MLO) views. The dataset is a private one provided
by two radiologists who perform screening mammography in USA and Europe. The two radiologists
provided the annotation for their datasets. All malignant cases are biopsy proven. Of the cases, 40
were of malignant nature: four cases have lesions of different shapes, seven with masses, eight with
calcifications, three with architectural distortions, fourteen with asymmetric densities, and four with
asymmetric densities and architectural distortions. The cancer free cases consists of 39 normal cases,
three cases with masses, 41 cases with calcifications, one case with architectural distortion, and one
case with asymmetric density. The dataset included two cases with implant. The density distribution
for the cases is determined using BI-RADS classification. 36 of the mammograms are almost fatty,
26 are with scattered fibroglandular tissue, 45 are heterogeneously dense, and 18 are extremely dense.
The registration algorithm is applied to a subset of 28 cases which consists of temporal mammograms
for the same patient over a period of time. The total number of the mammogram pairs is 76. Of these
28 cases, 15 were of malignant nature: three with masses, one with a lesion, three with calcifications,
two with architectural distortion, four with asymmetric density, and two with asymmetric density and
architectural distortions. Of the normal cases, one contains a mass, five with calcifications, and the
rest are with normal tissues. The registration dataset included one case with implants. Six of the cases
are almost fatty, five are with scattered fibroglandular tissue, 13 are heterogeneously dense, and four
are extremely dense according to BI-RADS classification.

III.

PROCEDURE, RESULTS, AND DISCUSSION

3.1 Segmentation Methodology
During the training phase of MSA algorithm, the decision boundaries are computed using intensity
values. This requires selecting random pixels from the object and the background. The object is
defined as the breast and the rest of the image information is considered as background.
Experimenting with different number of pixels has shown that 20 points are sufficient to segment the
object regardless of the non- uniformity of the object. As the background is more uniform, less
number of pixels are needed. In the classification phase, the breast is classified using the computed
decision boundaries. All the intensity values in the mammogram are the input for the classification
phase. A post processing operation using a median filter of size 5x5 is used to remove impulse noise
[27]. MSA performance is subjectively compared with NN and several thresholding algorithms; ACO,
global, and Otsu [8], [17]-[19]. The input images for each algorithm are DICOM format of raw data
and of size ~4000x3328. NN algorithm uses the same training and testing data points applied for
MSA algorithm. For the thresholding techniques, high intensity values, 15% of the maximum
intensity values for each mammogram, are removed to reduce the variation in the grayscale level and
increase the accuracy of the segmentation step [30].
The segmentation results were evaluated subjectively by four experts in the area of pattern recognition
using GUI software. GUI shows the segmented output images using different algorithms. The
segmented images are positioned randomly with no title and are shown side by side on the same page.
The order of segmented images is scrambled so they would not appear at the same position for
different cases. The experts compared them with the original mammogram to determine which
method provided better results.

3.2 Segmentation Evaluation
First, MSA is compared with ACO, global, and Otsu thresholding. The subjective evaluation for the
MLO and CC views are shown in Table 1 and 2, respectively. Note that when at least two algorithms
provided similar results the output was considered to be the same. Figure 5. shows the results of breast
segmentation using the different thresholding techniques and MSA for four different mammograms.

1932

Vol. 8, Issue 1, pp. 1927-1938

International Journal of Advances in Engineering & Technology, Feb., 2015.
©IJAET
ISSN: 22311963
Table 1. Subjective evaluation of breast segmentation in MLO view using four algorithms

Researcher\Algorithm
Developer
Ph.D. Professor
Ph.D. Candidate 1
Ph.D. Candidate 2
Average

ACO Global
0
0
17
6
6
2
2
1
6
2

MSA
268
254
268
273
266

Otsu Same
0
16
3
4
2
6
0
8
1
9

Table 2. Subjective evaluation of breast segmentation in CC view using four algorithms

Researcher\Algorithm
Developer
Ph.D. Professor
Average

ACO Global
0
0
0
0
0
2

MSA
257
258
257

Otsu Same
0
13
1
11
1
12

Figure 5. Breast detection, a) original mammogram, b) ACO, c) global, d) MSA, and e) Otsu thresholding,
respectively

As the breast density decreases, Otsu and global thresholding failed to detect the fatty tissues within
the parenchymal tissue. When the mammogram has gradual change in the grayscale level with no
sharp edges that separate the background from the skin line, ACO failed to detect the skin line and the
fatty region behind it. Figure 6. shows the detection rate for the three thresholding techniques in
extremely dense breast. As shown in Figure 6., ACO detected the internal tissues but failed to detect
the fatty region behind the skin line. Global thresholding detected the dense area but did not fully
detect the fatty regions and Otsu only detected the dense regions [28].
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Figure 6. Breast segmentation using ACO, global, and Otsu thresholding, respectively

Subjective evaluation is also applied to compare the performance of MSA and NN algorithms in
detecting the breast as shown in Table 3 and 4 for MLO and CC views, respectively.
Table 3. Subjective evaluation of breast segmentation in MLO view using MSA and NN

Researcher\Algorithm
Developer
Ph.D. Professor
Ph.D. Candidate 1
Average

MSA NN Same
77
15
192
65
31
188
140
19
125
94
22
168

Table 4. Subjective evaluation of breast segmentation in CC view using MSA and NN

Researcher\Algorithm MSA NN Same
Developer
133
8
129
Ph.D. Professor
128
31
111
Average
130
20
120
Figures 7 and 8 show the breast segmentation using MSA and NN algorithms for three mammograms.
NN detected the breast in most cases but did not provide a smooth skin line especially when the breast
is not well separable from the background with no visible skin line. Also, it did not provide good
detection for almost fatty breasts as seen in Figure 8. On the other hand, MSA detected the breast
regardless of the breast type. Detection of the nipple when it is shown in the profile was also
challenging for NN algorithm. MSA algorithm provided better results in detecting nipple even when it
is with small intensity values that are so similar to the background. Figure 9. illustrates the difference
between the two algorithms in detecting the nipple.

Figure 7. Breast detection for 3 mammograms, a) original, b) MSA, and c) NN, respectively, MLO view
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Figure 8. Breast detection for three mammograms, a) original mammogram, b) MSA, and c) NN, respectively,
CC view

Figure 9. Comparing MSA and NN performance in detecting the nipple

3.3 Registration Methodology
The segmented mammograms are fed to the MI algorithm for registration [26]. Without loss of
generality and to reduce the computational time the images are resized to 15% of the original size.

3.4 Registration Evaluation
Figure 10. shows the reference image and its segmented version using MSA algorithm. Figure 11. a)
and b) show the target image and its segmented version using MSA. MI is applied to the target
segmented mammogram. MI algorithm performs translation, rotation, scaling, and shearing on the
target image to produce a registered target image of maximized mutual information with respect to the
reference image [29]. Figure 11. c) displays the superimposed of the reference and target registered
images.
The registration algorithm was evaluated objectively using signal to noise ratio (SNR) and correlation
(CORR). The results are given in Table 5 where the average SNR and CORR values for 76 temporal
images. Note that SNR are computed in db. In Table 5, a cell with (*_Original) value illustrates the
SNR or CORR value between the reference and target images (with no registration). While,
(*_Registered) value provides the SNR or CORR value between the reference and registered target
images.
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Figure 10. a) reference mammogram, and b) the segmented breast in a) using MSA

Figure 11. a) Target mammogram, b) segmented image of a), and c) superimposed reference and target images
Table 5. SNR and CORR for registration algorithms
Researcher\Metric Measurement
SNR
CORR
MSA_Original
7.39
0.83
MSA_Registered
9.32
0.87
Otsu_Original
1.01
0.53
Otsu_Registered
0.65
0.59
NN_Original
7.32
0.83
NN_Registered
9.30
0.86
ACO_Original
6.42
0.81
ACO_Registered
6.95
0.83

IV.

CONCLUSIONS

MSA is designed for mammogram segmentation and registration. MSA uses prototypes to have a
better classification for nonlinear patterns such as breasts in mammograms. MSA performance is
compared with those of different thresholding techniques and NN using signal to noise ratio (SNR)
and correlation (CORR). The (SNR, CORR) values for MSA is (9.32, 0.87). The computed (SNR,
CORR) values for Otsu, NN, and ACO are (0.65, 0.59), (9.30, 0.86), and (6.95, 0.83), respectively.
Considering these computed values, MSA outperforms the other thresholding techniques
significantly. However, MSA provides a slight improvement over NN, namely (0.22%, 1.63%) for
(SNR, CORR).

V.

FUTURE WORK

Margin setting algorithm (MSA) is applied to separate the breast from the background in the
mammographic images. MSA provided better results when compared to neural network (NN) and
three thresholding algorithms. The current implement of MSA requires selecting training set from
each mammogram. This needed to be replaced by a large number of training points from the entire
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dataset. Another drawback is the use of normal distribution function to define the prototypes for
different classes. This produces different outputs when the algorithm is run several times. Further
research is necessary to increase the consistency and robustness of MSA outcome.
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