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Abstract

Breast cancer is the most common type of cancer among
women and causing deaths in women. In this paper, a CAD
system is presented to investigate effects of dimension
reduction for classifying mammograms. Proposed system
consists of preprocessing, feature extraction, dimension
reduction and classification steps. Multiscale top-hat
transform is used to enhance mammograms and to remove
noise. First order and second order textural features are
extracted from enhanced mammograms. Principal
component analysis (PCA) is used for dimension reduction.
Two multilayer perceptron neural networks (MLP) are used
to classify mammograms as normal or abnormal. All twenty
features (without PCA) and selected seven features by PCA
are applied each of two classifiers. First MLP classifier with
all features achieved accuracy of 79,4%. Second MLP
classifier with selected features by PCA achieved accuracy of
91,1%. PCA feature dimension reduction improved the
classification performance, increasing accuracy value from
79,4% to 91,1%.

1. Introduction

Breast cancer is the most common type of cancer among
women and causing deaths in women [1-5]. The early detection
of breast cancer can be important key to survival [2].

Mammography is x-ray imaging technique of different views
of breast, and plays a major role in the early detection of breast
cancer [1-3].

A computer aided diagnosis (CAD) technology is important
development to mammographic imaging. A computer aided
diagnosis (CAD) system uses computerized algorithms in order
to detect breast abnormalities. CAD system works like a second
opinion in helping radiologists during diagnostic process. CAD
system helps radiologists interpret mammography and avoid
overlooking a cancer [1,2, 6-8]. Several techniques have been
presented in literature for classification of mammograms.

Yu and Guan proposed a CAD system based on feature
extraction and neural neural network [1,9]. Verma and Zakos
presented a CAD system based on fuzzy-neural and feature
extraction for detecting and diagnosis microcalcifications on
digital mammograms [1,10]. El-Naqa et al. employed support
vector machines to detect microcalcifications in mammograms
[11]. Zhang et al. developed new mixed feature two stage false
positive reduction scheme to detect microcalcifications on
mammograms [12]. Masotti used ranklet transform and support
vector machines to classify mammograms [1, 13]. Zhang et al.
proposed a new algorithm based on twin support vector
machines for microcalcification detection [14].
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2. Material and Method

In this paper a CAD system is presented to investigate effect
of dimension reduction for classifying mammograms. Proposed
system consists of preprocessing, feature extraction, dimension
reduction (feature selection) and classification steps. In
preprocessing step, multiscale top-hat transform is used to
enhance mammograms and to remove noise. In feature
extraction step, first order and second order textural features are
extracted from enhanced mammograms. In feature selection
step, principal component analysis is used for dimension
reduction. In classification step, multi layer neural networks are
used.

MIAS (Mammographic Image Analysis Society) database is
used. Every image is 1024x1024 pixels in database [15].
Mamographic images are cropped that contain lesion to reduce
complexity. The dimensions of our images are 300x300 pixels.

2.1. Multiscale Top-hat Transform

The top-hat transform is used to detect bright region smaller
size structuring element. This transform enhances bright objects
that differ from background in images. Top-hat transform is
difference between the original image and its opening. In
multiscale top-hat transform with different scales structuring
element extract scale-specific bright features from image. This
transform is local contrast enhancement techniques [1, 16, 17].
Multiscale top-hat transform is defined as ;

top(g) =g —(g°nB) )
Where g is image, B is structuring element of defined shape and
n is an integer representing the scale factor.

(a)
1. (a) Original mammographic image b) enhanced
mammographic image.

Fig.

Fig. 1 shows an example mammogram processed by
multiscale top-hat transform. As a scale factor n=4 and
structuring element disk shape with radius of 6 pixels are



chosen. Fig. 1a is original mammographic image and Fig. 1b is
enhanced mammographic image.

2.2. Feature Extraction

It is necessary extract features to classify mammographic
abnormalities. In this paper, first order and second order textural
features are extracted from enhanced mammograms. [1, 18]

a) First order textural features

First order textural features are based on statistical moments
of gray-level histogram of an image or region. Considering the
gray level histogram {#; , i=0,1, , L-1}, if N is total number
of pixels and L is number of distinct gray levels in image, then
the normalized histogram of image is the set {p;, i=0,1,2
L-1}, where p=hy/N[1, 18, 19].

In this paper six first order textural features are extracted.
These features are mean, standard deviation, skewness, kurtosis,
uniformity and entropy.

They are described as;

Mean;
L-1
=5, ®
Standard deviation (o) ;
L-1
Hy = %(i_’")zpi 0= (2) (3)
Skewness;
1 L ) 3
=5 mmp, @)
o =0
Kurtosis;
1 L
/14:—42(i—m)4p,» (5)
o i=0
Uniformity;
v=55 (6)
Entropy;
L-1
e=-Xpilog, i )

b) Second order textural features

Second order textural features are computed gray-level co-
occurrence matrix (GLCM) [1, 20,21].

Gray-level  co-occurrence matrix  provide valuable
information about relative position of neighboring pixels in an
image. Gray-level co-occurrence matrix is calculated from
angular matrices [20,21].

Angular matrices are defined as;

Pl 1 0% <t ((k,1),(m,m)) € (L,xL)x(Ly,xL) ®)
(,,d,07) = ‘k—m |=0, |1-r=d, 1GkD=i, Imm)=j
((k,1),(m,n)) € (LyxL)x(L,xL,)
P(i,j,d45%) =#{(k—-m=d, 1-n=-d)veya(k—m=~d, 1-n=d), (9)
I(k,)=1i, I(mn)=j
L 0y ((k,0),(m,m)) € (L, xL,)x(L,xL,) 10
P90 )_#{‘k—mzd‘, I=n=0, ID)=i, I(mn)=j (10)
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((k, D), (m, m)) € (L, xL)x(LyxL,)
P(i, j,d135°) =#{(k—-m=d, |-n=d)veya(k—-m=—d, |-n=-d),
I(k, )=,

an

I(m,n)=j

Where Py4 is angular matrix at 6° (0°, 45°90°135°) and
calculated for distance of d between two pixels whose
coordinates are (k,I) and (m,n) , respectively; i and j are gray
levels; and 1 is intensity function. Textural features are
calculated for each GLCM.

In this paper GLCM is calculated for parameter values d = /
and 6 = 0°. Fourteen features extracted for calculated GLCM.
These features are contrast, correlation, entropy, uniformity,
difference variance, difference entropy, normalized inverse
difference moment, energy, variance, sum average, sum
variance, sum entropy, information measurement of correlation
1,2 [20].

2.3. Dimension Reduction (Feature Selection)

Dimension reduction plays an important role in classification
performance. Feature vector has usually high dimension. The
aim of feature selection is to reduce dimensionality of the
measurement space to a space suitable for application of
classification algorithms. The feature space can be transformed
space that has lower dimension than the original [22, 23].

In feature selection step, principal component analysis (PCA)
is used for dimension reduction.

Principal component analysis is approach to reduce
dimensionality. PCA transforms a number of correlated
variables in to a smaller number of uncorrelated variables called
principal components [24]. First covariance matrix is calculated
using feature vector. Next, eigenvectors and eigenvalues are
computed and sorted according to decreasing eigenvalue. Bigger
variances of data distribution are more effective to discriminate
the classes than smaller variances[25].

In this study we reduce the feature vector dimensionality from
twenty to seven using PCA.

2.4. Classification

In classification step, multilayer perceptron neural networks
(MLP) is used for classification mammograms into normal or
abnormal. Multilayer perceptron consists of an input layer, one
or more hidden layer and an output layer. MLP passes weights
assigned to different layers, and determines the output and
compares it with target output. Then it propagates error signal
and adjust the connection weights correspondingly [1, 24,26,27].
Multi layer neural network architecture is shown in Fig. 2.

INPUT LAYER
i-1.2.m

HIDDEN LAYER
12,8

OUTPUT LAYLR
i~1.2..p

Fig. 2. Multilayer perceptron neural network architecture



For evaluation of the classification performance; sensitivity,
specificity and accuracy are calculated. The following
expressions are used;

Sensitivity = ————x100 (12)
TP+ FN
N
Specificity = ————x100 13
pecificity = s (13)
TP+TN
Accuracy = ( ) 100 (14)
(TP+ FP+FN+1N)

Where TP,TN,FP, and FN are respectively true positives, true
negatives, false positives, and false negatives [1].

3. Experimental Results and Discussion

The classification process is performed with and without
PCA using MLP classifier. MLP classifier is applied to training
and testing to classify mammograms into normal and abnormal.
Two MLP classifiers are constructed and classification results
are compared. Raw feature vector and PCA feature vector are
applied two constructed MLP classifiers. Each of two MLP have
three layers.

First MLP classifier used all twenty features (without PCA)
to classification. In MLP; input layer has twenty neurons, hidden
layer has thirty neurons and output layer one neuron.
Classification results are given in Table 1.

Table 1. First MLP Classification results without PCA

Classifier | Feature | Sensitivity | Specificity | Accuracy
number (%) (%) (%)
MLP 20 75 80,77 79,4

Second MLP classifier used selected seven features by PCA
to classification. In MLP ; input layer has seven neurons, hidden
layer has eleven neurons and output layer one neuron.
Classification results are show in Table 2.

Table 2. Second MLP Classification results with PCA

Classifier | Feature | Sensitivity | Specificity | Accuracy
number (%) (%) (%)
MLP 7 87,5 92,3 91,1

The second MLP with PCA achieved best classification rate.
4. Conclusions

In this paper, we implement a CAD system and investigate
effects of dimension reduction for classifying mammograms.
First, mammograms are enhanced using multiscale top-hat
transform. Next, six first order and fourteen second order
textural features are extracted from enhanced mammograms.
Next, we apply principal component analysis to twenty
dimensional raw feature vector in order to reduce dimension.
Next, we select best seven PCA features. Finally, two MLP
architecture are employed for classification and their
classification results are compared. Raw feature vector and
selected features with PCA are applied each of two classifiers.
First MLP classifier used all twenty features achieved accuracy
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of 79,4%. Second MLP classifier used selected seven features
achieved accuracy of 91,1%. According to classification rates,
second MLP used features selected by PCA method has best
classification performance.

Experimental results demonstrate that, seven features
selected with PCA are more distinguishable than twenty raw
features. We observe that, dimension reduction with PCA
increase performance for classifying mammograms as normal
or abnormal.

It can be investigated and compared classification
performance using different feature selection methods and
different classifiers.
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