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In this paper, a computer aided breast cancer diagnosis system using Non sub
sampled Shearlet Transform (NSST) is proposed. A two-step approach is developed to
classify the given mammogram. At first, the given mammogram is classified into abnormal
or normal followed by the classification of abnormal severity into either malignant or
benign using support vector machine classifier. The proposed approach uses shearlet
moments to classify the digital mammograms. From the shearlet coefficients, up to 4th
order moments are computed. The results shows that the method based on shearlet
moments is very robust over other multiresolutional analysis such as wavelet and curvelet
transform. Also, it presents an excellent classification rate of over 90% for all considered

cases.
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Breast cancer is the most dangerous and
commonest cancer among the woman. Over 11%
women get affected during their life span. A report
from WHO's International Agency for Research
on Cancer (IARC) says that one million breast
cancer caseswill happen worldwide annually and
0.4 millionwomen dieevery year by breast cancer®.
Among the various screening techniques available
for breast cancer, digital mammogram by X-ray is
the cheapest and best screening technique.

A computer aided classification of masses
on mammograms by processing angle based and
texture based features is shown in® The features
are assessed dependent upon gray level co-
occurrence matrices for the classification of
mammographic masses as benevolent or malignant.
Mass lesions detection is actualized dependent
upon an edge based threshold specialist
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methodol ogy for the mass segmentation. From the
ROI, twelve features are extracted and the
classificationisperformed by method for an artificia
neural network®. The questionable matter
propagation through tumor masses classification
framework connected in the context of
mammographic images. The framework
incorporates masses segmentation, features
extraction and determination, and masses
classification. Gullible Bayes classifier permits
appointing the probability of being malignant or
of being favourable to each one located mass,
beginning from the qualities of the positioned
features®.

Mammaogram texturesmight be displayed
by a mixture of Gaussian distributions (GMM)5.
The two layer architecture first gathers low level
rotation invariant textural features at distinctive
scalesand after that takesinidletextural primitives
from the gathered featuresby GMM. Bosom cancer
images are arranged into amiable and malignant
classes dependent upon Trace transform
functional®. Follow transformsare ageneralization
of the radon transform where the transform
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calculates functional of the picture along lines
following throughitspixels. New sort of classifier
joining an unsupervised dependent upon an
adaptive resonance theory and a managed
dependent upon linear discriminant classifier model
for the order of malignant and kindhearted masses
on mammogramsisclarifiedin’.

Multi parameter methodol ogy dependent
upon non Rayleigh statistics for bosom massesin
ultrasonic B-scan pictureclassificationisillustrated
in®. These parameters are evaluated from the site
of the mass and from the boundary. Each of these
parameters showed a sensible capability to separate
benign and malignant masses. Another gathering
method for the classification of masses in digital
mammograms dependent upon neural networks
with variable concealed neurons which are
consolidated with hierarchical fusionisdisplayed
in°.

A strategy to order borders of
microcalcifications as smooth and rough by
utilizing thewavelet transformsisdisplayed in'. It
comprises of four segments, the picture is
standardized by promptly preparing, and its
resolution is changed. At that point border
enhancement system is connected. The low-
frequency sub-band of the picture is evacuated,
and the picture is recreated to the space domain
with just its high frequency segments. At last the
district growing algorithm is utilized to discover
every conceivablemicrocalcificationinthe ensuing
picture. Machine aided diagnosis framework for
the programmed detection of clustered
microcalcifications in digitized mammograms is
displayed in®. It comprises of two significant steps,
which are segmentation of potential
microcalcification pixelsand detection of singular
microcal cification items utilizing feature extraction
and example classification strategies.

Microcalcification (MC) detection in
advanced mammogram dependent upon Support
Vector Machine (SVM) isillustrated in*2. SVM is
prepared through directed figuring out how to
group every area in the picture as is there MC
present or MC missing. The different machine
taking in methods, for example, SVM, kernel Fisher
discriminant (KFD), and relevance vector machine
(RVM), and advisory group machines are
acknowledged for the grouping of malignant and
favourable clustered microcalcifications in®. A
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methodology for MC detection is illustrated in'
by utilizing relevance vector machine (RVM) in
advanced mammograms. MC isidentified at every
pixel areain the computerized mammogram and an
input vector isextracted to depict itsencompassing
picture feature. This feature is connected to two
stepsRVM classifier.

The texture property of tissue
encompassing microcalcification (MC) clusterson
mammograms for breast cancer diagnosis is
illustrated in 5. At first, images are pre-processed
utilizing awavel et based spatially adaptive method
and wavelet and texture features are extracted. The
extracted feature sets are thought about by method
for their capability indiscriminating malignant from
benign tissue utilizing a PNN classifier. Discrete
shearlet Transform based microcal cification order
framework is exhibited in®. It utilizes energies
extracted from the decomposed images and closest
neighbour classifier for the grouping. The same
features are broke down for the grouping of, mass
in.

In this paper, breast cancer diagnosis
system through computer aided design using Non
sub sampled Shearlet Transform (NSST) is
proposed. The rest of the paper is as follows:
Section 2 introduces the methodology used in the
system; NSST and SVM in a concise manner.
Section 3 describesthe experimental work and the
obtained results are discussed in section 4. Section
5 includes the conclusion.

METHODOLOGY

In this study, the classification of breast
cancer startswith extracting the suspiciousregions
such as microcal cification and mass based on the
information provided by the MIAS database. Each
extracted regions are passed through NSST witha
predefined decomposition level. From the
decomposed mammograms, the statistical moments
of NSST coefficientsare computed asfeaturesand
are given to the SVM classifier. The first level
classification makes a decision of the suspicious
region as normal/abnormal and the second level
determines the severity into benign/malignant.
Discrete Shearlet Transform

The proposed breast cancer classification
system is based on discrete shearlet transform
developed by Glenn Easley.et.al The
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decomposition procedure for an image is as
follows: Animage consists of afinite sequence of
N-1.N-

1
values,{x[ﬂlyﬂz]ﬂimzzn} where pel.
| dentifying the domain with the finite group $! ,

theinner product of image $! 5 — ! isdefined as
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L, v) vy, v)
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Thus the discrete analog of 2 (R?)

Given an image fEE: ($! 5 2,
] denote its 2D Discrete Fourier

isj2zi.
let -
flky by
Transform (DFT):

Fliey ky] = 23071 flng n,le (e 5)
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The bracketsin the equations|-,-] denote

arrays of indices, and parentheses(--)denote
function evaluations. Then the interpretation of

the numbers Fliekal o samples

Flki k] = Fley, ko) f Ui k) is given by

the following equation from the trigonometric
polynomial.
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First, to compute

FlE V(27718 27718,) -(4)

In the discrete domain, at the resolution
level j, the Laplacian pyramid algorithm is
implemented in the time domain. This will

accomplish the multi scale partition by
decomposing fi 1Rl S 8 -1

into a low pass filtered image f&
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quarter of the size of f;f'l[nl, 11,], and a high
pass filtered image .Observe that the matrix has

, s 2F
J'—l[”-h nz] size |'||Ill * .l1l.|. Where ‘I||| =2 fl|||

falnpmg] = flngm] has size W * N In
particular,
£ 6,60 = FlELLW(2T8g,2788,)

..(5)
Thus, f [11-12] are the discrete samples
of afunction m[“ ] ,whose Fourier transformis

F&.8) 10 order to obtain the directional
localization the DFT on the pseudo-polar grid is

computed, and then one-dimensional band-pass
filter is applied to the components of the signal
with respect to this grid. More precisely, the
definition of the pseudo-polar co-ordinates (u v)
eRasfollows:

v = (8,2) s en,

3 (6)

{H.IJJ—'(‘hH ) i (6.4 £ 0y -(7)

After performing this change of co-
ordinates, isobtained and for [ =1-2'; ... 2-1

Flo fl=eia trg 2 {w, Wl (2re — 1)

..(8)

This expression shows that the different
directional components are obtained by simply
translating the window function .The discrete
samplesarethe values of the DFT of on apseudo-
polar grid. That is, the samples in the frequency
domain aretaken not on aCartesian grid, but along
lines across the origin at various slopes. This has
been recently referred to asthe pseudo-polar grid.
One may obtain the discrete Frequency values of
on the pseudo-polar grid by direct extraction using
the Fast Fourier Trans-form (FFT) with
complexityor by using the Pseudo-polar DFT
(PDFT).
SVM Classifier

Support vector machines (SVMs) are a
situated of related administered taking in strategies
that examine dataand distinguish examples, utilized
for classification and regression dissection. The
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standard SVM isanon-probabilistic binary linear
classifier, i.e. it predicts, for every given input,
which of two conceivable classes the input is a
part of. A classification errand typically includes
with preparing and testing data which comprises

Table 1. MIAS database images

Cases #total #benign  #malignant
images  cases cases

Normal 207 - -
Micro calcification 25 12 13
Circumscribed masses 23 19 4
Specul ated masses 19 11 8
111-defined masses 14 7 7
Architectural distortion 19 9 10
Asymmetry lesion 15 6 9
Total 322 64 51

[ : 1 ull.|||'|'<_
 wer

Tiarirg H ,.;: -
R TRENITE N L_.I T J;_' § e e _.'I
e B L
':.- Hu...zuo J

L

)

bl m
;

Foalnr ey

[ FAm y /I

o ’ - - -
e P g
Hzrie en WLl === ( Hnaas. __]
Tmago l:‘_ -

[ nwrezae )
L o

KANCHANA & VARALAKSHMI: BREAST CANCER DIAGNQOSIS SYSYTEM

of some data cases. Each one case in the
preparation set holds one “target value” (class
marks) and afew “attributes’ (characteristics) [19].
SVM has an additional point of interest of
programmed model choice as in both the ideal
number and areas of the groundwork capacities
are naturally gotten throughout preparing. The
execution of SVM to agreat extent relies on upon
thekernel.

SVM is essentially a linear learning
machine. For the input training sample set

v hi=1l..nxcR%ycl 1, 1} .9
Let the classification hyper plane

equation is to be

(w,x) +b—0 (10)

Thus the classification margin is .To
maximizethemargin, that isto minimize ,theoptimal
hyperplane problem is transformed to quadratic
programming problem asfollows,

] 1
{ mind (w) — 3 (e, ca)
sty RIS o ) R P . S

After introduction of Lagrange multiplier,
the dual problemisgiven by,

-(12)
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According to Kuhn-Tucker rules, the
optimal solution must satisfy

ag (r(Cwx) +8)) =1 —0,i =12 . om

Fig. 1. Flowchart of the Proposed Mammogram ..(13)
Classification System
Table 2. Classification Accuracy Rates of Normal And Abnormal Cases By Shearlet Moments
#Directions Classification rate (%)
Level 2 Level 3 Level 4
Normal Abnormal Normal Abnormal Normal Abnormal
2 77.14 64.35 80 65.22 77.14 68.70
4 80 60.87 84.29 66.96 87.14 69.57
8 85.71 66.96 88.57 85.22 91.43 92.17
16 85.71 86.96 84.29 86.96 84.29 86.96
32 87.14 86.09 82.86 81.74 81.43 83.48
64 81.43 84.35 86.96 87.14 85.22
JPAM, Volume 09, Special Issue on Recent Research Challenges in Bio-medical Applications Aug. 2015



KANCHANA & VARALAKSHMI: BREAST CANCER DIAGNOSIS SYSYTEM 121

That isto say if the option solution is

e’ e, )

Then

L
W= E &y ¥ity
i-1

T

T,

il

“ 1 af T I
b — —E;__ Wiy g LS Lfley e i

-

A

-.(14)

...(15)

For every training samplepoint, thereisa
corresponding Lagrange multiplier. And the sample
points that are corresponding to don’t contribute
to solve theclassification hyper plane while the
other points that are corresponding to do, so it is
called supportvectors. Hence the optimal
hyperplane equation is given by,

Losowr@mVixayl—b=0 .(16)
The hard classifier isthen,

Table 3. Classification accuracy rates of normal and abnormal cases by wavelet and curvelet moments

Classification rate (%)

#Leve Wavel et
db8 sym8 bior3.7 Curvelet
Normal  Abnormal Normal Abnormal Norma  Abnormal  Norma  Abnormal
2 82.86 68.70 81.43 60.87 81.43 64.35 84.29 63.48
3 87.14 64.35 72.86 71.30 82.86 68.70 82.86 83.48
4 78.57 73.04 82.86 77.39 85.71 80.00 87.14 89.57
5 84.29 76.52 87.14 81.74 87.14 86.09 85.71 89.57
6 81.43 78.26 85.71 82.61 84.29 88.70 82.86 85.22
Table 4. Classification Accuracy Rates of Benign And
Malignant Cases Using Shearlet Moments
# Directions Classification rate (%)
Level 2 Level 3 Level 4
Benign Malignant Benign Malignant Benign Malignant
2 53.12 64.70 51.56 68.62 60.93 68.62
4 54.68 78.43 71.87 74.50 76.56 76.47
8 76.56 86.27 95.31 90.19 875 88.23
16 84.37 80.39 87.5 78.43 89.06 80.39
32 875 80.39 82.81 76.47 82.81 82.35
64 84.37 80.39 84.37 78.43 84.37 82.35

Table5. Classification accuracy rates of benign and malignant cases using wavelet and curvelet moments

#leve Classification rate (%)
Wavelet
db8 sym8 bior3.7 Curvelet
Benign Malignant Benign Malignant ~ Benign Malignant Benign Malignant

2 59.38 64.71 70.31 70.59 65.63 66.67 65.63 54.90
3 62.50 76.47 68.75 78.43 67.19 68.63 76.56 76.47
4 78.13 80.39 81.25 80.39 79.69 76.47 81.25 80.39
5 87.50 72.55 82.81 78.43 81.25 80.39 85.94 88.24
6 93.75 76.47 89.06 82.35 90.63 80.39 87.50 82.35
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y= '-"'H“[:'-:x esvayilagy) = b
.(17)
For nonlinear situation, SVM constructs
an optimal separating hyperplane in the high
dimensional space by introducing kernel function
hence the nonlinear SVM isgiven by,

E mingle) = :{_:..r, w)
ls- t'}rtl::[:m Prx) 18)2L  F Lt
And its dual problemisgiven by,

(18
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..(19)
Thus the optimal hyperplane equationis
determined by the solution to the optimal problem.

EXPERIMENTAL

Database

In this study, Mammographic Image
Analysis Society (MIAS) database is selected for
performance analysis as it is commonly used for
similar research work®. Also it includes various
cases of abnormality. The distribution of different
casesavailablein MIASdatabaseisshownin Table
1. There are 322 mammogram images of |eft and
right breast acquired from 161 patients. Asthemain
objective of the proposed approach is to detect
the abnormal severity into benign or malignant, all
the benign (64 images) and malignant images (51
images) are considered for this study irrespective
of thetype of abnormalities. From the vast number
of normal images in the database, only 70 images
are considered and are randomly chosen.
FeatureExtraction

As the classifier accuracy heavily

Classification Accuracy (%)

100 TE
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shearlet curvelet blor37 ymE dbE

Fig. 2. Maximum Classification Accuracy Obtained For
the Classification Of Normal And Abnormal Cases
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depends on the extracted features, the main
functional step in any classification system is
feature extraction. In the proposed approach, Non
sub sampled Shearlet Transform (NSST) isused to
extract the features from the mammograms. The
main reason to use NSST is that its advanced
directional sensitivity over discrete wavelet
transforms and of various shapes. Also, itisvery
effective in signals that contain distributed
discontinuities such as edges in comparison with
wavel ets. The proposed mammogram classification
system based on NSST is shown in Figure 1

The proposed approach aims at
distinguishing between the normal and abnormal
mammogram images and determining the
abnormalities into either benign or malignant. In
order to tackle these analyses, a two phase
integrated analysisisdeveloped. Inthefirst phase,
the given mammogram image is analyzed for the
abnormalitiesthat existsin the given mammogram
based on the features extracted from the NSST
transformed image. As NSST is a multi-scale
directional representation of animage, it produces
high dimensional datai.e., huge number of shearlet
coefficients which depends on the decomposition
level and number of directions. In the feature
extraction stage, the shearlet coefficients are
processed in order to extract a feature set with
compact representation of that image. Thiscan be
achieved by taking the statistical parametersfrom
the shearlet coefficients.

Glenn Easley et.al,'® stated that the
shearlet coefficients can be modeled asgeneralized
Gaussian distributions. The close relationship of
Gaussian models with variance, entropy and
energies™ guide the use of lower order moments
asimportant features. Also, the high order moments
are employed to consider the unknown

Classification Accuracy

95 S-75
0 B709
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) I l l
20 T T T T l:
shearlet curvelet bior3.7 sym3a db&

Fig. 3. Maximum Classification Accuracy Obtained For
the Classification Of Benign and Malignant Cases
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distributions of shearlet coefficients. Hence, the
shearlet momentsof 1st, 2nd, 3rd and 4th order are
used as features. In the second phase, the same
shearlet moments are used for the classification of
abnormal severity into either benign or malignant.
The extracted featuresfor the decomposed image |
areasfollows:

First Movement I, = éEE&:lEE:l I.(i,j)
(20

1 .. _
Second Movement o, = EZle Zle[lsfl,j) —_us)z

-(2)

3
. 1 I.051—
Third Movement y; = — R 125 [M]

Oz

(22)

B’
Fourth Movement k. = Rl—czf:l Ele [I"{Ei—u:} -3
(23)

is the s sub-band of the

decomposed image |, R and C is the height and
width of the corresponding sub-band. In this study,
the extracted shearlet moments are fed into SVM
classifier for classification in each phase. Thefirst
phase SVM classifier is trained by using normal
and abnormal shearlet moments and the second
phase SVM classifier is trained by using benign
and malignant shearlet moments of training
mammaogram images. If the classified output of the
first phase SVM classifier for an unknown
mammogram is abnormal then the second phase
SVM classifieristriggered to classify the abnormal
severity into benign or malignant.

where

RESULTSAND DISUCSSION

The first step in the proposed integrated
approach for breast cancer classification based on
NSST isto test the unknown image whichisto be
classified as normal or abnormal. The obtained
classification accuracy of normal vs. abnormal
casesisshowninTable2. ASNSST ismulti-scale

JPAM, Volume 09, Special Issue on Recent Research Challenges in Bio-medical Applications

123

directional representation, the proposed approach
is tested up to 4th level of decomposition with
maximum of 64 directions. The proposed approach
considers 64 benign, 51 malignant and randomly
selected 70 normal imagesfor evaluation. Inorder
to decrease mortality due to breast cancer, an
efficient and accurate classification system is
required to detect breast cancer earlier. To design
such a system, only two-class problem is
considered. Hencein thefirst step, the benign and
malignant images are grouped and marked as
abnormal casesandintotal 115images. TheSVM
classifier is trained by using 2/3rd of images in
each category.

Table 2 illustrated that the maximum
average classification accuracy achieved for the
first step of the proposed approach is 91.8% at 4"
level decomposition and 8 directions. In order to
compare the effectiveness of NSST over wavelet
and curvelet transform, the proposed momentsare
extracted using wavelet and curvelet coefficients
and classification accuracy is evaluated and
tabulated in Table 3. The maximum accuracy
achieved by curvelet transform is 88.35% while
the maximum average accuracy obtained by three
Iavelet functions such as db8, bior3.7 and sym8
is86.61%. The maximum average classification
accuracy achieved by the first step is shown in
Figure2.

The abnormalities detected in the first
step of the proposed approach are again classified
into their abnormal severity asbenign or malignant
for better treatment. Table 4 lists the maximum
average classification accuracy achieved by the
proposed approach. For shearlet moments, the
average classification accuracy obtained is92.75%
at 3 level decomposition with 8 directions. For
curvelet and wavelet moments, the maximum
accuracy obtained is 87.09% and 85.71%
respectively

The results suggest that the shearlet
moments perform better than wavelet and curvet
moments. Also, the curvelet moments are better
than wavelet moments as it captures the
multidimensional featuresinwedges. Themaximum
average classification accuracy achieved for the
second step of the proposed approach is shown
inFig3.
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CONCLUSON

An efficient approach for breast cancer
diagnosis based on NSST and SVM classifier is
presented. NSST at different scalesand directions
is used to decompose the given mammogram for
feature extraction, then extracting the shearlet
moments from the decomposed image as features.
The effectiveness of the proposed system is
analyzed on M1A S database images and compared
to wavelet and curvelet based moments. The
obtained maximum classification rate using shearlet
moments for normal and abnormal is 91.8% and
92.75% for benign and malignant cases. The
comparative study with curvelet and wavelet
shows that the shearlet moments yield higher
classification accuracy than wavelet and curvel et
moments.
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