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Abstract: Early stage detection of breast cancer using image processing methods in digital mammograms is the best method. Enhancement
of the variable hidden neural network for detecting the spot of breast mass is presented. It can be done in several stages, first the
preprocessing methods have been done over digital mammogram image. Second stage the Region of Interest - ROI is extracted from the
processed image. Third stage the region Growing Segmentation is implemented to separate the part of the image that having the identical
pixel values from the mammogram. Fourth stage the features extracted such as density, mass shape, mass margin, patient age, subtlety, and
abnormality assessment rank value. Fifth the neural networks by varying the number of neurons in the hidden layer. According to the
classification of accuracy these are then trained, tested and ranked. To create an ensemble network, the Ten-Fold cross validation which
produces the classifiers, is used. The Artificial neural network classifiers are then fused together using majority vote algorithm to create the
final ensemble network which reveals whether the image is malignant or benign. The classification is done using the Digital Database for
Screening Mammography (DDSM).The DDSM is organized into “cases” and “volumes”. A “case” is a collection of images and information
corresponding to one mammography exam of one patient. A “volume” is simply a collection of cases collected together for the purpose of ease
of distribution. This database contains 2620 cases in 43 volumes. The Experimental results were discussed using MATLAB.

Keywords: Breast cancer, Mammogram, Ensemble neural network, region growing segmentation, ten-fold cross validation.
1.

INTRODUCTION

Cancer is the foremost reason of death in economically
developed countries and the second most important reason of
death in developing countries. Cancer recognized medically as
malignant neoplasm, is an extensive mixture of diseases, all
concerning unregulated cell growth. In cancer, cells break up
and breed widely, forming malignant tumors, and raid nearby
parts of the body. The cancer may also expand to more distant
parts
of
the
body
through
the lymphatic
system or bloodstream. Not all tumors are cancerous. Benign
tumors do not produce uncontrollably, do not attack
neighboring tissues, and do not spread throughout the body.
According to the results of the breast cancer screening
programme was conducted in the Eastern Province of Saudi
Arabia, October 2009 to February 2014, No. of women
screened 8061 Uptake rate (%) 15.0 No. of women recalled

636 Recall rate (%) 7.9 No. of biopsies done 63 [No. of
ultrasound-guided biopsies] [53] [No. of stereotactic biopsies]
[8] No. of benign biopsies 16 No. of cancers detected 47.
National Cancer Institute statistical report says, 232240
females and 2240 males In USA every year affected by breast
cancer. Among them 39620 were died. In Australia, one
Women among nine is diagnosed with the breast cancer in
their lifetime.
Several methods such as examining the breast, breast
ultrasound, breast MRI, biopsy, mammograms, 2D combined
with 3D mammograms are used to detect the breast cancer.
The mammogram is taking an X-ray by compressing the breast
between the two plastic plates.
A mammogram is a special kind of X-ray that allows
the doctor to see into the breast tissue to gives confidence in
results.
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The medical image processing paves a means to
detect the breast cancer. Most of the breast cancer detection
methods provide compound information about the breast and
they lack in providing an accurate result on existence of tumor.
As a result, a formal consultation with a radiologist is
mandatory, which becomes an unwanted expenditure in case
of a non-cancer patient. Therefore, the problem here is to
develop a system that provides an automatic result on the
survival of Mass calcification and if the cancer exists, the
system elaborates the area being affected.
An Artificial Neural Network (ANN) is an information
processing paradigm that is inspired by the way biological
nervous systems, such as the brain, process information. The
key element of this paradigm is the novel structure of the
information processing system. It is composed of a large
number of highly interconnected processing elements
(neurons) working in unison to solve specific problems.
ANNs, like people, learn by example. An ANN is configured
for a specific application, such as pattern recognition or data
classification, through a learning process. Learning in
biological systems involves adjustments to the synaptic
connections that exist between the neurons. This is true of
ANNs as well.
Ensemble techniques have been applied and shown
that they have achieved higher accuracy than a single neural
network. Based on the different base classifiers which
produces better result. The performance of the ensemble
technique is improved by the diversity by varying the number
of neurons in the hidden layer of the neural network. The
ensemble technique also differentiate the similar
characteristics of benign and malignant breast masses.
1.1 OBJECTIVE
Finding the breast cancer in the early stage which
includes following methods such as
 The pre-processing method includes importing the
image, scaling the image, removal of noise, deleting the
small objects, Adaptive Histogram Equalization (AHE).
 Region growing segmentation.
 Ensemble neural network.
1.2 OVERVIEW OF THE PROJECT
This paper proposes a technique called Region
Growing Segmentation for segmenting the breast mass from
the digital mammogram and the variable hidden neuron
ensemble technique for the mass classification. The preprocessing methods and the Region Growing Segmentation are
applied to the digital mammogram. The Region of Interest and
the features are extracted from the pre-processed image. The
ensemble network is created by training the neural network
with varying the number of neurons in the hidden layer,
choosing the best performers, fusing all the results together
and determining whether it is malignant or benign.
2

LITERATURE REVIEW

J. Liu et al [10] correct mass diagnosis in
mammogram can reduce the unnecessary biopsy without
increasing false negatives. In this paper, we investigated the

usage of random forest classifier for the classification of
masses with geometry and texture features. Before extracting
features, the mass regions need to be extracted. Based on the
initial contour guided by radiologist, level set segmentation is
used to deform the contour and achieves the final
segmentation.
The proposed level set method integrated both region
information and boundary information, and with a level
regularization term, it can achieve accurate segmentation.
Modified Hu moments were used for shape characteristics, and
GLCM (Gray Level Co-occurrence Matrix) features are used
for texture characteristics.
Random forest, a recently proposed ensemble learning
method, for the first time, is investigated for the mass
classification, and is compared with SVM (Support Vector
Machine).
Mammography images from DDSM were used for
experiment. The new method based on the level set
segmentation and the features achieved an Az value of 0.86
with SVM and 0.83 with random forest. The experimental
result shows that random forest is a promising method for the
diagnosis of masses.
Y. Meena et al [12] classification is a major problem
of study that involves formulation of decision boundaries
based on the training data samples. The limitations of the
single neural network approaches motivate the use of multiple
neural networks for solving the problem in the form of
ensembles and modular neural networks.
While the ensembles solve the problem redundantly,
the modular neural networks divide the computation into
multiple modules. The modular neural network approach is
used where a Self-Organizing Map (SOM) selects the module
which would perform the computation of the output, whenever
any input is given. In the proposed architecture, the SOM
selects multiple modules for problem solving, each of which is
a neural network. Then the multiple selected neural networks
are used redundantly for computing the output.
Each of the outputs is integrated using an integrator.
The proposed model is applied to the problem of Breast
Cancer diagnosis, whose database is made available from the
UCI Machine Learning Repository. Experimental results show
that the proposed model performs better than the conventional
approaches.
Y. Huang et al [7] clustering ensembles can combine
multiple partitions generated by different clustering methods
into a final superior clustering result. Compared to single
clustering algorithm, it can provide better solutions in terms of
robustness, novelty and stability. In this paper, a new method
named CEMF, i.e., Clustering Ensembles Based on Multiclassifier Fusion is proposed.
It combines the clustering ensembles method and
multi-classifier method to deal with the clustering consensus
problem. CEMF generates multiple partitions and creates
subspaces which can be used to constructs the local optimum
classifiers.
CEMF makes use of the advantage of multiclassifiers to assist clustering ensemblesin different subspaces
of data set. Experiments carried out on some public data sets
show that CEMF is comparable or better than classical
clustering algorithms and traditional clustering ensembles
methods. It's an effective and feasible method.
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D. Costa et al [4] Female breast cancer is the major
cause of death in western countries. Efforts in computer vision
have been made in order to help improving the diagnostic
accuracy by radiologists. In this paper, we present a
methodology that uses Independent Component Analysis
(ICA) along with Support Vector Machine (SVM) and Linear
Discriminant Analysis (LDA) to distinguish between Mass or
Non-Mass and Benign or Malign tissues from mammograms.
As a result, we found the following: LDA reaches 89,5% of
accuracy to discriminate Mass or Non-Mass and 95,2% to
discriminate Benign or Malignant in DDSM database and in
MIAS database we obtained 85 % to discriminate Mass or
Non-Mass and 88% of to discriminate Benign or Malignant.
SVM reaches 99,6% of accuracy to discriminate
Mass or Non-Mass and 99,5% to discriminate Benign or
Malignant in DDSM database and in MIAS database we
obtained 97% to discriminate Mass or Non-Mass and 100% to
discriminate Benign or Malignant.
Amatia V. Destounis, Renee Morgan and Andrea Areieno,
[23] Digital breast to mosynthesis (DBT) is a recent imaging
technology that was developed to address the limitations of
conventional 2D mammography. It includes reduced
sensitivity in dense breasts.
Some methods of lesion diagnosis in mammogram
images were developed based in the technique of principal
component analysis which has been used in efficient coding of
signals and 2D Gabor wavelets used for computer vision
applications and modeling biological vision.
3.

EXISTING SYTEM

The foundation of the ensemble technique is based on
the concept that changing the internal architecture of a neural
network and input data can produce diverse neural network
classifiers which are combined using hierarchical fusion. If the
internal architecture and parameters of each neural network
classifier are different then each classifier will represent that
knowledge in a slightly different way and that will create
diversity. The classifiers with such diversity will allow for the
learning of different characteristics of masses in digital
mammograms.

While the region expands, the algorithm has to decide
which pixels are incorporated into the given seed mark region
and which not. This decision is based on a similarity measure.
The result is dependent on the choice of seeds, too. Region
growing is a simple region-based image segmentation method.
It is also classified as a pixel-based image segmentation
method since it involves the selection of initial seed points.
This approach to segmentation examines neighboring pixels of
initial “seed points” and determines whether the pixel
neighbors should be added to the region. The process is
iterated on, in the same manner as general data
clustering algorithms.
Region growing methods can correctly separate the
regions that have the same properties we define. It can provide
the original images which have clear edges with good
segmentation results. The concept is simple. We only need a
small number of seed points to represent the property we want,
then grow the region. We can determine the seed points and
the criteria we want to make. We can choose the multiple
criteria at the same time. It performs well with respect to
noise.
We can conquer the noise problem easily by using
some mask to filter the holes or outlier. Therefore, the problem
of noise actually does not exist.
4.1. ADVANTAGE OF PROPOSED SYSTEM



The location of the breast mass can be found.
The proposed system gives accurate result.
5. OVERALL DATA FLOW DIAGRAM

3.1. LIMITATIONS OF EXISTING METHOD


There is no segmentation is proposed in this method.
So we cannot identify the location of breast mass.
4.

PROPOSED SYSTEM

The region growing segmentation technique is
introduced for segmentation purpose. In this proposed system
both ensemble and region growing segmentation techniques
are used. The main goal of segmentation is to partition an
image into regions. Some segmentation methods such as
thresholding achieve this goal by looking for the boundaries
between regions based on discontinuities in gray
levels or color properties. Region-based segmentation is a
technique for determining the region directly. The user
identifies different regions in an image. These identification
tags are called a seed mark. The algorithm starts at the seed
marks and increases iteratively the size of the seed mark area.

Fig 1Overall data flow diagram.
Now we are going to discuss a brief about the overall diagram
as shown in the figure 1.
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5.1. ACQUIRING OF DIGITAL MAMMOGRAMS

5.3. REGION GROWING SEGMENTATION

The data were obtained from Digital Database of
Screening Mammography [DDSM]. The Digital Database for
Screening Mammography (DDSM) is a resource for use by the
mammographic image analysis research community. The
database contains approximately 2,500 studies.

ALGORITHM
The region is iteratively grown by comparing all
unallocated neighbouring pixels to the region. The difference
between a pixel's intensity value and the region's mean is used
as a measure of similarity.
The pixel with the smallest difference measured this
way is allocated to the respective region. This process stops
when the intensity difference between region mean and new
pixel become larger than a certain threshold (t).
The function performs "region growing" in an image
from a specified seedpoint(x,y).
J = regiongrowing(I,x,y,t)
I : input image
J : logical output image of region
x,y : the position of the seedpoint (if not given
uses function getpts)
t : maximum intensity distance (defaults to 0.2)
Calculate the mean of the segmented region and number
of pixels in region
Free the memory to store neighbors of the (segmented)
region
neg_list = zeros(neg_free,3);
Find the distance of the region which is the nearest pixel
to the region mean
Neighbor locations (footprint)
Start region growing until distance between region and
possible new pixels become higher than a certain
threshold
Add new neighbors pixels
Calculate the neighbor coordinate
Check if neighbor is inside or outside the image
Add neighbor if inside and not already part of the
segmented area
Add a new block of free memory
Add pixel with intensity nearest to the mean of the region,
to the region
Calculate the new mean of the region
Save the x and y coordinates of the pixel (for the neighbor
add process)
Remove the pixel from the neighbor (check) list
Return the segmented area as logical matrix

5.2. PREPROCESSING METHODS
5.2.1. Image Reading
The MATLAB environment represents the binary image as
one dimensional array, grayscale image as two dimensional
array and the color image [RGB] as three dimensional array
(one 2-dimensional array for each of the color plane). The size
of the image is represented by two factors such as height
(number of rows of the array) and width (number of columns
of the array). By pointing the z-axis to the front of the image,
the x and y co-ordinates are chosen. A pixel is the single point
in the image [15].
5.2.2 Image scaling
Image scaling is processing the image and analyzing
the image. Processing like resizing the digital image
smoothness and sharpness. Various scaling methods are
nearest neighbor interpolation, bilinear interpolation and super
sampling.
5.2.3. Removing noise
Images acquired through modern sensors may be
contaminated by a variety of noise sources. By noise we refer
to stochastic variations as opposed to deterministic distortions
such as shading or lack of focus. The noise in the image is
normally due to the environment conditions, sensor quality
and human interference. While modern technology has made it
possible to reduce the noise levels associated with various
electro-optical devices to almost negligible levels, one noise
source can never be eliminated and thus forms the limiting
case when all other noise sources are “eliminated”.
A median filter is based upon moving a window over
an image (as in a convolution) and computing the output pixel
as the median value of the brightness within the input window.
If the window is J ´ Kin size we can order the J•K pixels in
brightness value from smallest to largest. If J•K is odd then the
median will be the (J•K+1)/2 entry in the list of ordered
brightness.
5.2.4. Deleting the small objects
It works with one main object and filter out all the
remaining objects. This is done through deleting any object
that has a size below the size of the largest object in the image
(after sorting). Deleting an object essentially makes all of its
pixels in image matrix given a value of false is shown in fig 2.

Fig 2. Deleting small objects

5.4. FEATURE EXTRACTION
An anomaly cannot be readily mapped to a diagnosis
without utilizing certain features to facilitate a mapping in
feature space to the diagnosis. This research utilizes the same
types of features that a radiologist would utilize so that it could
be used as a training tool since this facilitates a conceptual
understanding from a diagnostic perspective. If a single feature
could be used to create a diagnosis then this would be a simple
process.
The problem is that no single feature is a good
discriminant so a number of features need to be utilized to
obtain a minimal degree of accuracy. This situation is
compounded, as the similarity between the benign and
malignant classes is not clear cut complicating the mapping in
feature space that provides a highly accurate diagnosis.
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Six features have been chosen for the purpose of this
research. These features were chosen as they have been proven
to be good discriminants.
These features are as follows :
 Density
 Mass Shape
 Mass Margin
 Abnormality Assessment Rank
 Patient Age
 Subtlety Value
A description of each feature follows below.
Density
The density of a mass anomaly is measured according
to the BI-RADS® reporting system and is rated according to
the density of surrounding tissues. From a detection
perspective, masses of a density that are equivalent to
surrounding tissue are harder to identify.
Mass Shape
The shape of a mass can be important for a diagnosis.
Benign masses tend to have distinct margins and are more
compact in nature. Masses that tend to be more irregular in
shape with hard to define margins have a much higher chance
of being malignant.
Mass Margin
The margin has a bearing on the likelihood of a mass
being benign or malignant. If a margin is distinct and rounded
then the likelihood of malignancy is low. Highly suggestive
margins are indistinct and tend to blend with surrounding
tissue with speculated processes.
Abnormality Assessment Rank
This is an assessment of how serious the anomaly is
on a one to five category rating where one indicates that it is
not likely to be malignant and five is highly suggestive of
malignancy.
Patient Age
The frequency of breast cancer increases with age.
The highest survival rate for women in the 45–49 year old age
bracket the lowest in the 75 year and above bracket. Some
researchers note that more aggressive cancers occur in younger
women where the cancer is harder to detect and diagnose.
Subtlety Value
Represents how difficult a lesion is to find. The
higher the value the easier a lesion is to locate.

Rescale the weights of all of the examples so the total
sum weight remains 1.
Return H
TestAdaBoost(ex, H)
Let each hypothesis, ht, in H vote for ex’s classification
with weight log(1/ βt )
Return the class with the highest weighted vote total.
6. EXPERIMENTAL RESULTS
The images are taken from the DDSM database for using an
experiments. In DDSM database, the database contains
approximately 2,500 studies. Everything is involved for the
classification test. The proposed ensemble technique uses
variable hidden neurons hierarchical fusion and ten-fold cross
validation for detection of breast masses produced 98% of the
classification accuracy is show in the table 1 and figure3. Also
the simulation results using MATLAB is shown below.

Authors

Table 1.Performance Analysis Comparison
Classification
Methods
accuracy

Gou et al,
2010.
Liu et
al,2010
Roselin et
al,2002
Meena et
al,2010.
Huang et
al,2010
Kinnard et
al,2002.
Costa et
al, 2011
The
proposed
technique

Partition Based Network - boosting
technique
Random forest – ensemble
technique.
Meta-heuristic ensemble classifier
technique
Modular neural network technique
Clustering ensembles based on multi
classifiers fusion
Region growing with the analysis
for segmentation contours and a
multiple circular path convolution
neural network
Tenfold cross validation.
The ensemble technique uses
variable hidden neurons hierarchical
fusion and ten-fold cross validation.

96.50%.
79.00%.
83.00%
96.87%.
89.50%.
90.07%
90.07%
98.00%

5.5. ENSEMBLE NEURAL NETWORK
ALGORITHM
TrainAdaBoost(D, BaseLearn)
For each example di in D let its weight wi=1/|D|
Let H be an empty set of hypotheses
For t from 1 to T do:
Learn a hypothesis, ht, from the weighted examples:
ht=BaseLearn(D)
Add ht to H
Calculate the error, εt, of the hypothesis ht as the total
sum weight of the
examples that it classifies incorrectly.
If εt> 0.5 then exit loop, else continue.
Let βt = εt / (1 – εt )
Multiply the weights of the examples that ht
classifies correctly by βt

Fig 3.Performance Analysis Comparison
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[1]
[2]
[3]

Fig: 4 Input Image

Fig: 5 Selecting the input
image

[4]
[5]
[6]

Fig: 6 Input image.

Fig: 7 Adaptive Histogram
Equalization

[7]
[8]

[9]
[10]

Fig: 8 Gaussian image.

Fig: 9 Contrast
Enhancement.

[11]
[12]

[13]

Fig: 10 Luminance of ROI.

Fig: 11 Region Growing
Segmentation

[14]
[15]
[16]

[17]

Fig: 12 Output Image

[18]

7. CONCLUSION
[19]

A new approach has been used for analyzing and
classifying masses in digital mammograms. The ensemble
technique uses variable hidden neurons hierarchical fusion and
ten-fold cross validation and it is evaluated on a subset of
DDSM benchmark database. The experimental result has
shown classification accuracy over single neural networks.
Many comparative analyses have been conducted in which
ensemble technique provides better results than the existing
techniques for the purpose of classification of masses in digital
mammograms. The region growing segmentation is used to
find the accurate location affected by cancer.

[20]
[21]
[22]
[23]
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