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Abstract - Breast Cancer being a leading cause for deaths among women has now become major health concern. In order to
increase the rate of survival, early detection of tumour is most important. Mammogram image segmentation and
classification plays vital role in early detection. In this paper, Extreme Learning machine (ELM) method for classification is
proposed and its performance measures are evaluated on Digital Database for Screening Mammography (DDSM) dataset
and other existing like Support Vector Machine (SVM), Logistic Regression (LR) and Linear Discriminant Analysis (LDA)
are also implemented for comparison analysis. It is found that ELM method gives better results.
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I. INTRODUCTION

Breast cancer is the deadliest disease with a high
fatality rate, which majorly affects women. Detection
of cancer in its early stage is the only way to increase
the survival rate which directly depends on accurate
mammographic interpretation and analysis, which is
very challenging. In order to assist radiologist in this
challenging task many computer aided diagnostic
(CAD) systems are developed. It includes machine
learning and deep learning approaches which helps
radiologists in identifying the subtle abnormality in
mammogram images and to draw accurate
conclusions which helps in further treatment.
Mammogram images need enhancement in order to
enhance low contrast images which further helps in
proper segmentation and classification. Segmentation
process finds the abnormality and locates it, after this
classification can be done by categorizing the
segmented images into one of many predefined
categories.

Classification of mammogram images can be done
using machine learning approaches which are based
on supervised and unsupervised techniques. There are
many machine learning and deep learning algorithms
which include SVM, LR, Neural Networks (NN) and
Deep Convolutional Neural Networks (DCNN). ELM
is a feed forward neural networks which was invented
by Guang-Bin Huang. It is a simple and efficient
learning algorithm for training single hidden layer
feed forward neural network (SLFNs). ELM has been
extensively used in research for its advantage of less
manual intervention, higher classification accuracy
and less training time. For the better interpretation,
the rest of the paper is organised as follows: section 2
discuss about related works, proposed methodology is
detailed in section 3 followed by results and
discussion in section 4 and finally concludes paper in
conclusion section.
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II. LITERATURE REVIEW

Enhancement can be done using spatial or frequency
domain enhancement methods, namely logarithmic
transformation [1], power-law transformation,
histogram equalization [2,3,4,5,6], Bilateral filter
[7,8], Butterworth filter [9], Gaussian filter [10],
contrast limited adaptive histogram equalization
[4,5,11]), median filter [12]. Pelin Gorgel et al. [13]
presented a computer aided classification in
classifying the segmented ROIs. It consists of three
steps, first spherical wavelet transform (SWT) is
applied on original ROIs then shape, boundary and
grey level based feature of wavelet and scaling
coefficients are extracted. Finally, classification of
masses is implemented using SVM. Sobia Shakeel et
al. [14] presented a new CAD technique, which relies
on customized deep CNN to detect and classify breast
cancer into malignant and benign. First region of
interest (ROI) is extracted using region-based
segmentation technique which is enhanced using
contrast limited adaptive histogram equalization
(CLAHE). Then, customized CNN is used to learn
features from mammograms and later SVM is used to
classify images. Venkat Kumar Hariraj et al. [15]
presented Fuzzy multi-layer SVM (FM-SVM). It uses
two steps, first extracting features based on texture
and in step two, extracting features based on
morphology. Combination of these effective features
resulted in 98% of accuracy. M. Thilagaraj et al. [16]
proposed DCNN for classifying the breast cancer
images, which is optimized using artificial fish school
optimization algorithm. This technique selects the
training images by directly assigning them to the
classifier. The proposed CNN model performs feature
extraction, feature reduction and classification. Tariq
Mahmood et al. [17] proposed a ConvNet and five
DCNN architecture for diagnosing and classifying
breast cancer masses. Here, transfer learning
paradigm is used to enhance the pre-trained DCNN.
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Some of the relevant research papers considered are
mentioned here [18, 19, 20, 21]. It is found that
machine learning approaches provides better
segmentation and classification results. In next
section, proposed method is explained in detail.

I1I1. PROPOSED METHODOLOGY
In his section, the proposed method for classification
of mammogram images is explained in detail. Here,

the ELM method is used for classification. Block
diagram for proposed method is shown in fig.1.
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Fig.1. Block diagram for proposed method.

The dataset considered is DDSM dataset, images
obtained from DDSM dataset is given as input for
pre-processing, where the noise is removed and
images are enhanced using contrast limited adaptive
histogram equalization (CLAHE) in order to enhance
the image’s contrast and to preserve edges. The
enhanced images are given for segmentation process,
where U-net is used for segmenting the mammogram
images. Finally, classification is done by using ELM
method and its performance measure like accuracy,
sensitivity and specificity are evaluated. ELMs are
feed forward neural networks which can have single
or multiple hidden layers of hidden nodes for
classification. It is simple, robust and -efficient
algorithm. The model of ELM constitutes input layer,
single hidden layer and output layer. The ELM model
is shown in fig. 2.

Input layer

Hidden layer Output layer
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Fig.2. Single hidden layer feed forward ELM architecture.
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The model consists of n input layer nodes, m hidden
layer nodes and p output layer nodes. Function g(x) is
hidden layer activation function. B; represents the
weights between the input layer and the hidden layer
and b; represents the weights between the output layer
and the hidden layer. As weight between hidden layer
and output layer is the only parameter that is need to
be learned. ELM converges much faster than
traditional algorithm. Since, it learns without
iterations. Results are discussed in the next section.

IV. RESULT AND DISCUSSIONS

The mammogram images are obtained from publicly
available dataset DDSM. As the dataset considered
was small with 200 images, larger dataset is created
by augmenting the image using geometric operations,
it also reduces the over-fitting problem. The images
from dataset are normalized for future convenient use
in segmentation and classification. The ground truth
is also obtained from the same database. Fig. 3 shows
cancerous and non-cancerous mammogram images.

Fig.3. Tumor and Non-Tumor Images used for Classification.

LBP GLCM Gabor

EG| ET | CT | DSS | HGT | EG | CR | EG | ET

0.44| 1.81|5.50| 0.95| 0.74 | 0.59/0.99(0.50 | 1.62

031/ 2.20| 7.86| 1.43 | 0.63 |0.45]0.99|041|1.71

0.33| 2.12| 837 097 | 0.71 | 0.46|0.99(0.45|1.47

0.391 1.9715.99| 0.80 | 0.74 | 0.51]0.99(0.70|0.93

0.48 1.68|3.11| 0.62 | 0.80 |0.63]0.99(0.53|1.48

0.26| 2.36| 8.61| 1.72 | 0.57 | 0.38]0.99(0.29|2.30

041/ 190| 7.62| 091 | 0.74 | 0.55]0.99(0.53|1.36

0.53| 1.57| 8.02| 0.89 | 0.78 | 0.65]0.99(0.75|0.87

0.50| 1.64| 6.88| 0.88 | 0.77 | 0.63]0.99(0.78|0.77
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EG: Energy SVM 0.73 0.75 0.67
ET: Entropy CT: Contrast LR 071 0.72 0.67
DSS: : : :
Dissimilarity |HGT: Homogeneity | CR: Correlation LDA 071 0.74 063
ELM 0.87 0.90 0.79
TABLE I Measuring values obtained from feature extraction TABLE II Performance Measures for Different Classification
methods Methods
LBP, GLCM and Gabor feature extraction algorithm 1
are used to extract different features, which helps in 0.8
classification of normal and cancerous mammogram ’
images. The measured features obtained during 0.6 —  ESVM
feature extraction are given in table 2. Fig 3-5 give 04 - _ mIR
visual representation of LBP, GLCM and Gabor
features extracted respectively. 0.2 1 ELM
0 -
25 Accuracy  Sensitivity  Specificity
2 -
/ \4/ < ; Fig.5. Visual Representation of performance measures for
1.5 different classification methods.
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Fig.4. Visual Representation of proposed LBP feature
extraction results.
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Fig.5. Visual Representation of proposed GLCM feature
extraction results.
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Fig.6. Visual Representation of proposed Gabor feature
extraction results.
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methods like SVM, LR and LDA are implemented
and process is carried out on same DDSM dataset.
Then obtained results are compared with proposed
ELM method. It is found that ELM gives better
accuracy compared to other methods.

V. CONCLUSION

In this paper, ELM method is proposed for
classification. The performance measures are
evaluated and obtained 0.87 accuracy, 0.90 sensitivity
and 0.79 specificity. Other existing methods like
SVM, LR and LDA are also implemented and
comparison analysis is carried out. It is found that the
proposed method gives better results than others.
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