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Abstract
Detection of masses and micro calcifications are a stimulating task for radiologists in digital mammogram images. Radiologists
using Computer Aided Detection (CAD) frameworks to find the breast lesion. Micro calcification may be the early sign of breast
cancer. There are different kinds of methods used to detect and recognize micro calcification from mammogram images. This
paper presents an ELM (Extreme Learning Machine) algorithm for micro calcification detection in digital mammogram images.
The interference of mammographic image is removed at the pre-processing stages. A multi-scale features are extracted by a
feature generation model. The performance did not improve by all extracted feature, therefore feature selection is performed by
nature-inspired optimization algorithm. At last, the hybridized ELM classifier taken the selected optimal features to classify
malignant from benign micro calcifications. The proposed work is compared with various classifiers and it shown better
performance in training time, sensitivity, specificity and accuracy. The existing approaches considered here are SVM (Support
Vector Machine) and NB (Naïve Bayes classifier). The proposed detection system provides 99.04% accuracy which is the better
performance than the existing approaches. The optimal selection of feature vectors and the efficient classifier improves the
performance of proposed system. Results illustrate the classification performance is better when compared with several other
classification approaches.

Keywords Mammography .Micro calcification . Extreme LearningMachine . Feature selection . Classification . FOA

Introduction

Mammography is an X-ray based imaging model which is
mostly used for breast cancer detection [1, 2], micro-
calcification treatment [3] and image classification [4].
Breast cancer is ranked first amongst the principal reasons of
cancer affecting females, and very rarely i.e. 1 out of 10 wom-
en in their lifetime are prone to this disease. For the initial
detection of masses and defects for breast cancer, the

mammogram is considered to be the main method which
can sense 85 to 90% of all breast cancers [5]. The milk gland
is the main origin of growth of malicious cells [6, 7]. The
breast cancer caused malicious cells can be characterised into
many classes based on abnormal growth and ability of cells to
affect the ordinary cells. The reason for spreading malicious
cells all over the body is also identified as metastasis [6].

This can be prevented by identifying the presence of breast
cancer in the initial stage with the help of more advanced equip-
ment’s and methods [8, 9]. Effective analysis in mammography
is determined by sensing cancer in its initial and most curable
stage [10–12]. The image classification could be considered as
vital for efficiently monitoring large populations. For efficiently
monitoring large populations, the automatic classification of such
images could be considered as vital. Tumours require different
treatment procedures which are found in different types of tis-
sues. So there is a need for automatic breast tissue evaluation
taken by mammograms with the help of exact segmentation into
known classes is necessary for fast detection. Also, there are
several blends of modalities present in mammograms named as
ultrasound-CAD-mammograms-infrared [13], MRI-
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mammogram [14] and MR Mammogram X mammogram [15,
16]. For the radiologists reading mammograms is a very difficult
job. Radiologist’s false impression of the lesion leads to more
number of false positive cases [17]. Restrictions in the eye-brain
visual system of human, reader exhaustion, disturbance, and the
immense number of usual cases seen in screening programs
makes that radiologists at all times do not properly describe ab-
normalities in the medical images [18–20]. The diagnostic accu-
racy of radiologists can be improved by A CAD tool, lessen the
burden of increasing the workload [21, 22].

Al-Najdawiet al [3] investigated on merging various algo-
rithms with image enhancement capability to improvebreast re-
gion segmentation. The optimal combination of few augmenta-
tion methods was obtained,and it split the region of breast
attaining better visual clarification for radiologists. Singh et al.
2015 [23] introduced an easy way to detect the cancerous tissues
frommammogram images. Tumour region segmentation follow-
ed the detection phase in the mammogram. This concept was
based on averaging and thresholding of simple image processing
technique. For tumour detection, they used Least Variance tech-
nique andMax-Mean technique. E Raghavendra et al. 2016 [24]
presented an automated classification of breast cancer with be-
nign and malignant using digital mammogram images. Feature
extraction and data reduction was done in this work using Gabor
wavelet and locality sensitive Discriminant Analysis. The F-
values were used to rank the reduced features and fed various
classifiers such as Decision tree, K-Nearest Neighbour and so on.
Then, the highest performing classifier is selected based on the
minimum number of features. KB Soulamiet al 2017 [25] pro-
posed an efficient method for suspicious region detection and
classification. Pectoral muscle was removed using entropy
thresholding and ROI had been extracted using Particle Swarm
Optimization. Fourier transform and GLCM (Gray Level Co-
Occurrence Matrix) features extracts the shape and texture fea-
tures. The normal and abnormal features are classified using
SVM. Chakraborty et al. 2018 [26] proposed an automatic de-
tection and diagnosis approach in mammogram masses
which is an iterative method. The radial region growing
controls the high-to-low intensity thresholding for the
mass detection.

In the literature, a few systems have been proposed to detect
micro calcifications presence utilizing different approaches.
Specification of regions of interest (ROIs), image segmentation
and several methods are used for this purpose. The classification
approaches have been used for the identification of ROI such as
fuzzy logic system, rule-based system, statistical methods and
machine learning. The most of the work done in literature is
using neural networks for cluster identification. The concept of
neural network is it reads the input features for a particular ROI
and produces an output which characterizes the ROI has micro
calcification or not. ELM is a new approachwhich is used to find
micro calcification classification as malignant or benign. We use
an intelligent system for micro calcification diagnosis in digital

mammogram images which is fast and accurate in the detection
of ROIs. The important contribution followed in this research is,

& We develop a micro calcification detection system in dig-
ital mammogram images efficiently and accurately.

& To enhance the prediction model with the general idea of
ELM (Extreme Learning Machine) hybridized with
fruitfly optimization algorithm (FOA).

& To improve the prediction model performance, pre-
processing steps are included.

& To compare the proposed work with relevant existing pa-
pers to highlight the proposed performance.

The rest of the paper is constructed as follows: The pro-
posed model for detection system explained in section 2. The
database and simulation set up used in this research are ex-
plained in section 3 and finally section 4 concludes the
research.

Proposed Methodology

The classification of benign and malignant micro-calcifica-
tion, we have presented an ELM-FOA it is a new approach
which has been proposed with the support of the hybridized
learning algorithm. Our proposed approach involves four pro-
cesses, and they are a) pre-processing b) ROI extraction c)
feature extraction and d) classification. In this article, using
the ELM network, we have exhibited a new approach for
finding the micro calcified areas. The ELM network is
chosen for its advantage such as fast training time and
it works on the basis of the single hidden layer neural
network classifier. The population based FOA algorithm
updates the weights to reach the termination condition.
Given below in Fig. 1 is the diagrammatic representa-
tion of proposed methodology.

Basic preliminaries

Pre-processing and ROI extraction

Pre-processing approaches are used in digital mammograms
for identifying the spot of the mammogram, to decrease the
noise and to increase the image quality. In several applications
of image filtering includes smoothing, sharpening, noise re-
moval and edge detection approaches. The filter can be said as
a kernel, which is denoted as small array and is concerned to
every pixel and its neighbors in an image. The optimal calcu-
lation of the original image is carried out by the Wiener filter
by using a least mean square error (MSE) limit between the
estimated image and original image. The best Wiener filter
reduces the MSE and it has the ability to accomplish both
degradation function and also the noise. The degradation
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paradigm the error between the input signal g(p, q) and the
expected signal h(p, q) is represented by,

E p; qð Þ ¼ g p; qð Þ−h p; qð Þ ð1Þ

The square error specification is illustrated in condition (2),

g p; qð Þ−h p; qð Þ½ �2 ð2Þ

The condition (3) defines the Mean square error,

E g p; qð Þ−h p; qð Þ½ �2
n o

ð3Þ

This Wiener filter [27] really helps to find the difference
between a raw image and smoothed image from the pre-
processed output the Region of interest (ROI) can be obtained.
The ROI should possess high accuracy in order to find the
risks in micro calcification and also for accurate analysis.
The subsequent part is to obtain proper features from the
ROIs.

Detection and removal of pectoral muscle

The pectoral muscle (PM) is located in one side of the
mammogram whether it is left or right top corner which
is triangle shape region. This triangle shaped region
contains the brightest pixels of image. An accurate iden-
tification and removal of PM are necessary role for
tumor cell detection. The filtered image is used with
the segmentation of two image regions for PM detec-
tion. Background region and pectoral muscle region are
the two regions used in the segmentation. This segmen-
tation process is called as binarization. Gray level
thresholding and global thresholding are used for bina-
rization which alters the gray image into binary image.
The PM region is completely made by white and the
other background region is completely made by black.

CLAHE (Contrast Limited Adaptive Histogram Equalization)

The local histogram mapping function selection has more
flexible in CLAHE [28]. The histogram selection of clipping
level reduces the undesired noise amplification. Histogram
equalization is applied on CLAHE for the contextual region.
The input image consists of number of pixels and these pixels
are called contextual region centre. Clipping is done in the
original pixel, and the clipped pixels are reallocated to each
gray level. The new histogram has fluctuated with standard
histogram, on the grounds that every pixel power is confined
to a client selectable most extreme. So CLAHE can restrict the
noise improvement.

Feature extraction

The SURF [29], Gabor filter (GFs) [30] and GLCM [31] are
utilized on ROI in the feature extraction process. SURF is said
to be a new approach which is to be expected to suitable for the
resulting feature detector approaches. And the local robust fea-
tures are extracted by the SURF by means of the Hessian matrix
built portion for the detector and a distribution-built descriptor.
SURFwith the utility of with Box Filter approaches Laplacian of
Gaussian (LoG). The feature extraction principle which is based
on the Gabor filter. It is divided into four consecutive sections:

& Process and put on multi-directional (GFS) to obtain the
stroke information from the feeding shape standardized
eccentric image.

& Gabor filters output are regulated adaptively attaining bet-
ter performance in contradiction of noise and non-uniform
illumination.

& Histogram features are extracted including the positive
and negative outputs from the GFs distinctly, from which
the histogram features can be significantly upgraded.

Begin

Region of 

Interest 

extraction

ROI Resizing

SURF+Gabor 

feature 

extraction

Optimal feature 

selection on extracted 

features

Divide data for cross 

validation
ELM classifier

ELM classification 

model
Classification results

Training

Testing

Fig. 1 Process flow of proposed
methodology
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& By means of Principal Component Analysis and Linear
Discriminant Analysis for compressing the histogram fea-
tures with the aim to obtain dominant classification fea-
tures. When the classification features are attained, glow
worm optimization (GWO) used on the extracted features
in order to choose the feature subset.

Gray-Level Co-occurrenceMatrix (GLCM) is an important
characteristics of texture of an image. This will be get
from the gray level dimensionality in its neighbourhood.
The neighbourhood and each pixel value properties are
presented in the texture feature. It is a well-known sta-
tistical approach to extract features. The height and
width of the GLCM matrix are equal to the total num-
ber of gray levels of image intensity for an image. 22
features are generated after creating GLCM such as en-
tropy, contrast, energy, correlation, dissimilarity, autocor-
relation, inverse difference, homogeneity.

Applying GWO to select optimal feature subset

There is a graph representation is needed to reconstruct the
feature selection into a GWO optimization problem. The
nodes in the graph are represented as features and the edges
between nodes represent the next feature choice. The optimal
feature subset is obtained by glow worm traversal through the
graph. When a minimum number of nodes visited in the glow
worm traversal, the traversal stopping condition is satisfied.

In the search space, the GWO [32] is initiated by dispensing a
group of agents randomly. Agents are displayed next glow
worms and, henceforth, they will be so-called glow worms.
Additionally, they are gifted with added interactive appliances
that are not initiated in their natural counterparts. A function of
subset evaluation is selected trusted on entropy to assess the
heuristic interest of navigating amid the features. For the specific
application based on how optimality is well-defined, the phero-
mone may be updated in view of that. Considering the subset
minimality and Bgoodness^ as the two key factors irrespective of
the pheromone update must be related to Bgoodness^ and in-
versely related to size. To evaluate the Bgoodness^ for the subset,
the finite mixture model analysis has been applied. A dynamic
decision space is held by every glow worm, which comprises its
neighbors with greater luciferin values larger than its own value
and the distance concerning them contained by the decision
space radius. gi(t) is the set of neighbourhoods of glow worm
‘i’ at the iteration ‘t’.

gij(t) is believed to be the possibility of glow worm at fea-
ture ‘i’ moving toward feature ‘j’ in the Bt^ iteration, consid-
ered by the below condition,

gij tð Þ ¼
l j tð Þ−li tð Þ
∑

k∈gi tð Þ
lk tð Þ−li tð Þ ð4Þ

lj(t) is the set of glow worm k’s unvisited features after the
phase of probabilistic mechanism in the ‘t’ iteration. With the
group of a number of glow worm, k the GWO feature selection
process is started, which are then positioned randomly on the
graph (i.e. all glow worm initiates with one random feature).
To place on the graph the number of glowworm (k)wasmatched
proportional to the number of features contained by the data; path
construction is started by each glow worm at a different feature.
There are 12 features are optimally selected from the 24 features.
For each iteration process, the optimal features may vary.

Feature classification

The micro calcification analysis is the two-category classifying
problem nearly that points to categorize the micro calcification
clusters into benign and malignant cases. For the micro calcifi-
cation diagnosis, we have utilized the ELM as the classifier and
for the single hidden layer feed forward neural networks, utilizes
the ELMas a fast learning algorithm. TheELM randomly creates
hidden node parameters and later, the output weights are system-
atically decided by the ELM rather than the iterative tuning. As a
result, the ELM can quickly run which is very easy to execute
and that is more significant for the online intelligent discovery.
For training and testing, the leave-one-out cross authentication
technique is applied. The test sample is fixed from the S samples
and the remaining S-1 samples are considered as training sam-
ples. Figure 2 represents the extreme learning structure.

Training with ELM

The suggested feature extraction algorithm creates the feature
matrix (FM) on the micro calcification ROI images. The algo-
rithm 1 describes the ELM training. Initially, arbitrarily allo-
cates input weights wi and biasesbi for every hidden node.
Then, on the basis of wi and bi, calculate H. Eventually, with

Fig. 2 Structure of Extreme learning
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the use of matrix M can calculate the output weight and the
ground truth label set G of the micro calcification ROI images
to complete the training. In the second section, by utilizing the
altered fruit fly optimization algorithm, the weight values are
updated.

Algorithm of ELM-FOA

The ELM generalization property depends on the input
weights and bias and the random initialization of these param-
eters in ELM creates two critical issues. First one is, the ELM
required number of hidden neurons when compared to the
gradient based algorithms and the performance of ELM is
slow when a new test sample ism given. Low generalization
performance is the problem which occurs due to the ill-
conditioned output matrix of the hidden layer. There are many
swarm intelligence and evolutionary based have been applied
to rectify these issues. The optimization issues are resolved by
these algorithms because of their global searching ability.
There are several attempts made by the researchers for param-
eter optimization but the performance of above-mentioned
approaches are affected by their specific parameters. So there

is a need to set the proper values for parameters for better
performance. The proper parameter tuning is important to
avoid high computational complexity and getting stuck in
local optima. So here we propose an ELM with fruitfly to
obtain optimum values of ELM’s hidden node parameters to
obtain the solution analytically. The optimization of FOA de-
pends on the function of fitness in which, ELM uses G-Mean
as a fitness. For ach iteration, weight values and fitness values
are generated and finally it produce optimal value.

Notations of classification Consider the training data X which
exists to binary classes which is denoted as (x,C). Where,
feature is x and target is C and the range of target is +1 or −
1. Inputs (N), hidden nodes (L), every sample features (f),the
bias value for every hidden layer represented as (b). (y) and
(H) represents the actual output and hidden layer output. (w)
represents the input weight among input and hidden node and
(β) represents output weight among hidden node and output
node. W(N × N) is the weight matrix, population size (m),
number of generation (k), Random matrix size (R). H _ T1 is
output of hidden layer for testing and Y _ T1 is the actual out-
put for testing.
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ELM for testing After completing the training procedure, the
ELM parameters are obtained and these obtained parameters

are moved to testing process. The algorithm 2 describes the
procedure of FOA-ELM testing procedure.

Simulation

The proposed detection system is based on machine learning
which identifies the abnormal regions accurately. The goal of
proposed system is to enhance the detection rate using digital
image processing technique.

Mammogram database

The database collected from mammogram screening center
consist of 184 images of 46 patients. The real-time databases
are hard to classify due to the comprehensive spectrum of
cases. Screening provides clinical mammograms which were
positive for abnormality presence. The dataset collected from
46 patients are agreed to use their mammogram for research
studies. Four mammograms were taken for each patient in two
different views such asMediolateral Oblique (MLO) view and
Craniocaudal (CC) view. Each breast contains two projections
(left and right) which were taken for every case. The detection
system identifies the suspicious region based on multiple ML
algorithm and which was verified by many radiologists. A
total of 184 mammograms was taken for this study, and all
the mammograms were digitized to a resolution of 256 × 256
Dots per Inch (DPI).

Experimental results

We evaluate the proposed work using real-world database and
MIAS database in this section.

Clinical mammograms collected from 46 patients were
used for proposed ELM-FOAclassifier evaluation.

MATLAB 2017a used for implementing the proposed
model which detects the micro calcification. SURF fea-
tures and Gabor filter features are extracted from each
pixel of the ROI image after pre-processing the clinical
mammograms. The data are taken from 20 × 20 pixels
from the ROI and is subjected to further analysis.
Table 1 shows Deep Neural Network (DNN) and ELM
classifiers performance by hidden layer neurons variation
with the parameters learning rate of 0.01 and momentum
constant as 0.9 respectively.

The accuracy on classification gets increased by increas-
ing the hidden layer neurons. However, the performance
gets started to degrade at the 140th hidden layer neurons.
It describes that, for increasing the classification perfor-
mance it is essential to select the optimal network parame-
ters. The momentum factor and rate of learning is differed
from 0 to 1 and the hidden neurons differed from 41 to 200
while performing the classifier optimization. The training

Table 1 classification accuracy for hidden layer neuron variation

Hidden neurons Classification accuracy

DNN ELM

90 75.38 81.05

110 78.01 84.82

130 79.95 86.23

140 77.46 85.01

150 77.01 84.20
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process is carried out with population size N = 50 and per-
formed up to 100 generations along with 1000 training
epochs. The benign and malignant micro calcification was
included in this pattern. All the utilized real time clinical
images (184 images) were tested and the accuracy obtained
on both database (real time and MIAS) along with feature
extraction technique is shown in fig. 3 and 4.

Performance analysis and discussion

In the discovery of the micro calcifications, the execution of
the ELM is detected as the best by contrasting its investiga-
tional outcomes with the additional present popular classifiers
like Bayes net classifier, Naive Bayes classifier and Support
Vector Machine, for three different feature vectors extricated

Fig. 3 Classification accuracy for
Real time dataset

Fig. 4 Classification accuracy for
MIAS dataset
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by GLSDM and the wavelet methods. For backing the con-
trast, classification accuracy, true positive rate, false positive
rate, F-measure, precision, and Area under the curve (AUC)
are utilized. The performance metrics are given below. These
methods are applied for the examination assessment termed
as: Precision, sensitivity, specificity, fall-out, negative predic-
tive value, accuracy, False Discovery Rate and Rate of con-
vergence (iterations before convergence).

The input image 5 (a) is pre-processed by applying noise re-
moval method. The noise removal method is especially doing for
ultrasound, MRI medical images. The noise removed images is
shown in Fig. 5(b). The image gets more clarity, quality and it is

enhanced by wiener filter algorithm, for improving the detection
accuracy. Once the image noise removed and enhanced, the ROI
process is applied on the image. Region of the image is shown in
Fig. 5(c). Pectoral muscles are removed in fig. 5(d) and the image
is enhanced in fig. 5(e). From the quality image features are gen-
erated using Gabor filter and the features are shown in fig. 5(f).
Figure 5 (g) shows the detected location of calcification.

The input image of real time data is represented in
fig. 6(a),(b) shows the ROI image 6(c), 6 (d), 6 (e)
represents the denoised image, contrast enhanced image,
pectoral muscle removed image respectively and finally
resulting image shown in fig. 6(f).
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Fig. 6 Simulation results for Real
time database
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Different classifier results are shown in fig. 7. In MIAS, 25
images are noted as ‘CALC’. 25 recognized calcifications in
the analysis had correct positions as the rundown, with five

more identified calcifications which were not recorded in the
presentation of the dataset. Contrasting with a large portion of
the current mammogram image processing techniques, the

(a) True positive rate analysis (b) False positive rate analysis

(c) F-measure analysis (d) Precision analysis

(e) Accuracy
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proposed strategy executes numerous errands progressively to
gain great execution in each progression. In a grasp assess-
ment methodology, four measurements were characterized to
produce the thorough exactness of segmentation, including
true positive, true negative, false positive and false negative
separately. Every one of the four measurements were joined
for the precision count.

The accuracy of classification based on the percentage of
the number of images correctly classified to the total number
of images taken for classification. The fig. 4 represents the
classification accuracy and various performances. It is appar-
ently viewed that the ELM-FOA has better classification ac-
curacy of mammogram images compared to Naïve bayes,
SVM, ELM. The SVM classifier achieved 86.1% for the
MIAS database in [20]. Because of the low level features used
in the SVM it got low accuracy. ELM classifier used for micro
calcification classification achieved 94% in []. In our proposed
approach, the weight values are updated using FOA algorithm
to minimize the error function and tune the classification ac-
curacy. So it achive high accuracy when compared to the other
approaches. Figure 8 shows the training time comparison for
proposed ELM with two other SVM and Naïve bayes
classifier.

In this study, input and output parameters for features ELM
classifier based on image segmentation of the mammogram
were determined. Benign and malignant classification was
performed with ELM. Multi scale features are extracted from
the pre-processed image which is optimized by GWO.
Initially 24 features got from SURF, Gabor and GLCM as 1,
1, 22. From that 12 features are optimally selected for classi-
fication which enhnaces the classification accuracy and min-
imizes the error rate. Performance and speed were measured,
and a comparison with other methods of classification was
performed. The performances of the ELM method and other
machine learning allowed showing not only the results of
ELM method, but also a comparison with other methods,

and this helps pathologist to use and choose the fastest method
with best performance.

Conclusion and Future Work

In the breast cancer detection, the mammography plays a sig-
nificant role but in certain situations the radiologists cannot
identify the tumors even though they have a lot of experiences.
In this paper, some computer assisted techniques are intro-
duced that would help the medical staff and also develop the
accuracy rate of detection. We have introduced a categoriza-
tion of mammograms in this paper by utilizing the FOA-ELM
classifier. The suggested categorization system is applied to
the MIAS database image. The Investigational outcomes dis-
play that, when contrasted to the numerous additional tech-
niques the FOA-ELM displays 99%micro calcification detec-
tion in the mammograms.With the suggested FOA-ELM clas-
sifier, the high precision of the categorization of the MCCs is
attained that can assist the radiologists to make the correct
diagnostic decision and diminish the redundant biopsies.
Our upcoming work is to strengthen the numerous dissimilar
features and also the additional categorization of the mammo-
gram. It could be very supportive if a detectioncould be done
in real-time at the screening.
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