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ABSTRACT

This paper focuses on the development of a higffigient computer aided detection system to clgseidrmal
and abnormal mammograms and to localize the caltific. The contrast enhancement of the image i dm a
preprocessing step using contrast limited adaphigtogram equalization (CLAHE). Local maxima of thmage is
obtained using H-dome transformation. Extractionfedtures includes Discrete Cosine Transform (D@mJl Radon
Transform (RT).The extracted features are givethasnput to the SVM classifier. This algorithm &gsbn one hundred
images and classified the normal and abnormal mamamtgand finallyreduced the region of interest by localizing the

abnormalities like calcifications.
KEYWORDS: CLAHE, H-Dome Transformation, DCT, Radon Transfo8W.M

[. INTRODUCTION

Cancer is a group of diseases involving abnormidlgcewth with the potential to invade or spreacotber parts
of the body. In cancer, cells divide and grow withany control forming malignant tumors. Canceresprto nearby parts
and distant parts of body through blood and lymighsstem. Breast cancer is a type of malignantotuthat develops
from breast cells. Glandular tissues and stromapgsrting) tissues are two main tissues in bre@kindular tissues
contains the milk-producing glands (lobules) and tlucts (the milk passages) while stromal tissnekide fatty and
fibrous connective tissues in the breast. Secordingacause of cancer death in women is breast calids the most
common invasive cancer in females worldwide. Itoaetds for 16% of all female cancers and 22.9% whéive cancers in

women. 18.2% of all cancer deaths in both malesfamales worldwide, are from breast cancer.

Early detection of breast cancer has been knovimpoove recovery rates to a great extent. Mammdygrapone
of the first diagnostic tests to prescreen breastara The computer aided detection technology @lp Hoctors and
radiologists in getting a more reliable and effestiliagnosis, since it checks the mammogram asdbend reader. Both
screen film and digital mammography are now avadlabi screen film mammography the images will bélack and
white on a large sheet of film. In digital mammodnapmages are directly recorded into a computerait then viewed on
a computer screen and specific areas can be enlargéiyhlighted. Mammography is used to detect almer of
abnormalities, the two main ones being calcificatiand masses. Calcifications are tiny mineral dépuwasihin the breast

tissue that appear as small white regions on themmgram films.
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The reminder of this paper is organized as follo@ection Il briefly describes previous works. Sectld

describes the methodology. Section IV gives thaukition results and finally section V gives the dasion.
Il. RELATED WORKS

In [2], it uses multi-resolution analysis tool sugh the discrete wavelet transform (DWT) for featexktraction.
As the microcalcifications are high frequency comgdrof the mammogram, detection of microcalcifiaadits achieved
by decomposing the mammogram into different fregyesub bands, suppressing the low frequency suld.ban
The disadvantage is that wavelet transform oftéa fa accurately capture high frequency informatéspecially at low

bit rates.

In [3], it uses wavelet feature extraction, whighproves sensitivity and performance of the detectd
microcalcification in digital mammograms. Then ittreaxt the gabor wavelet features. After extractthg features

Principal Component Analysis (PCA) is used for dasienality reduction.

In [4], Image divided into 8x8 pixel blocks and tfige most significant coefficients of a 64-point D@&T
determined by the fisher criterion, these coeffisiemere fed to a three-layer feed forward neuralvost with error

back-propagation training (MLP-BP) to detect mialadications.

In [5], a 61- feature vector is formed to representural, spatial and spectral properties of srRabion of
Interset’'s. The spectral domain information consistthe block average and spectral entropy of ax1&6 DCT.
The feature vectors were fed to both Support Vetachines (SVM) and Generalized Regression Neutivirks
(GRNN).

. METHODOLOGY

The proposed method deals with a novel approachh®rdevelopment of a highly efficient computer dide
detection system to classify breast cancer imagts normal and abnormal classes. The procedurghtomproposed

method consist of four main phases: preprocestagyire extraction, classification, and localizatidrcalcification.

A. Preprocessing

Aim of pre-processing is to improve the quality mfammogram for enhancing further processing [10].
Mammograms are either left or right. They are n@rded in the same direction and it contains sameanted labels. In
pre-processing, mammograms aligned into one dieaising line detection method and omitting the am&d symbols
[6]. Mammogram contains pectoral muscles and aighbregions in the mammogram. Calcifications as® dright. So
the presence of pectoral muscle may leads to ndisigaesults [7]. In order to avoid this pectoraates are removed in

preprocessing efficiently.
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Figure 1: Block Diagram
B. Contrast Limited Adaptive Histogram Equalisation (CLAHE)

CLAHE is a technique used to improve contrast iages. Ordinary histogram equalization applies enetfitire
image, while adaptive histogram equalization agptia different sections of an image and in effeanproves the local

contrast of the image.
C. H-dome Transformation

H-dome morphological processing is an algorithmduse extract regional maxima based on grayscale
reconstruction. Grayscale reconstruction is a maiggical operator based on two images insteadsifigle image and a
SE (Structural Element). In grayscale reconstructie original image is the mask image and mankexge is created by
subtracting a constant value ‘h’ from each pixdlean the mask image. Grayscale reconstructioepgated dilations of

marker image under mask image.
h—dome(l)=1—p;(h) @)
wherep; is the grayscale reconstructed and | is the calginage.

D. Feature Extraction

It includes Discrete Cosine Transform (DCT) and étadiransform (RT).
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By,

Figure 2: Feature Extraction

1) Discrete Cosine Transform: Discrete Cosine Tians transforms the mammogram from spatial domain t
spectral domain. This will help in the detection aaficification. The DCT coefficients of a region @ining clusterd

microcalcification distributed to right and/or lowgght corner of the DCT coefficient matrix.

The two-dimensional DCT of an M xN image I|(m,nylefined as follows,

- F=1rrs . ®(2m+1) ®(Zn+1}
o, 0, Saes Lhool(m. n) cos ™~ £ cos ™ 9

)

where (4 are the coefficients of the discrete cosine transfand the paramete?g, and<, are defined by,
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2) Radon Transform: The radon transform computes projections of argamaatrix along specified directions.
A projection of a two-dimensional function f(x,\9 & set of line integrals. The radon function comapthe line integrals
from multiple sources along parallel paths, or bgaim a certain direction. The beams are spaceid€el pnit apart. To
represent an image, the radon function takes nheltjparallel-beam projections of the image fronfedént angles by

rotating the source around the center of the inf@gé& he continuous radon transform of an imagey)given as,

R(p,8) = [ [T I(x,y)8(p — xcost —

yvsinf)dxdy
- ‘ ’ (5)

whered(.) is the Dirac delta function and= xco$) — ysirp defines the perpendicular distance of all linethin
image plane which form an andles [0, n] with respect to the x-axis. Consequentlyp,RY) represents scans of I(x,y) over

the infinite set of lines defined by
p — xco$) — ysird = 0.

Entropy and energy features [9] are extracted ftoen DCT and RT processed images. These features are

calculated for each orientation of the image(0,83,95).ie total eight feature vectors are calcntafor the classification.
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E. Classification

Support Vector Machines (SVM) are employed to dgtish normal from malignant images, using the iobth
feature vectors as inputs. SVM performs classificatby constructing a hyperplane. The separatinggimasetween
positive and negative examples to this hyperplareptimal. Thus separating hyperplane works asceside surface. The

important advantages of SVM classifier are,
» Execution time is very less
» Little modification in Feature Extracted Data doesaiffect its Results
e Itis converging very fast
e SVM is performing in n-Dimensional space
F. Localization of CALCIfiCATION

Here, we are dividing the mammogram into four gaath and perfoming the algorithm on all the quaidtan
Then classifying the quadrants, wheather it is rbmwn abnormal using an SVM classifier. If it is abmal, then there will

be the possibility of calcification. It will helpéhradiologist to give more focus on that area.
IV. SIMULATION R ESULTS

The algorithm is tested using one hundred mammogifaom the MIAS database. All mammograms are flipped
into one direction and removed the unwanted tagssgmbols in the mammogram. Original and pectonadate removed

mammogram is shown in Figure 3.and Figure 4.

Contrast of the mammogram is enhanced using CLARtEthen Segmentation of the high frequency compisnen

of the mammograms is obtained using h-dome tramsftion. Obtained result is shown in Figure 5.

Input Image

Figure 3: Original Mammogram

www.iaset.us anti@iaset.us



22 Gopakumar C & Raiba Rahuman

pectoral removed mammogram

Figure 4: Pectoral Muscle Removed Mammogram

H-dorme transformed image

Figure 5: H-dome Transformed Image

Figure 6: Localization of Calcification

After doing the feature extraction classificatiom@ne using an SVM classifier. The performaatthe classifier
is analysed by,

o TP
Sensitivity = - (6)
TE+FN
p e TN
Specificity = ———— )

Where TN, TP, FN, FP indicates True Negative, TRasitive, False Negative, False Positive respdgtive

Classification result is shown following table. Falbbnormal mammograms calcification is located afigidihg the
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mammograms into different quadrants. Quadraft®iammograms with calcification are plotted witheatangle. Result
obtained after localizing the calcification is showrrigure 6.

Table 1: Classification Results

Test T | T|F|F
images| P | N | P | N

Accuracy
Sensitivity
Specificity

100 26| 68| 4| 2
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The classification accuracy of the proposed metfioth previous methods are shown in Figure 7. RD-DCT

method shows worst classification accuracy andgseg method shows highest classification accuracy.

ROC for classification
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Figure 7: ROC Curve

V. CONCLUSIONS

Proposed a computer aided detection system toifglassrmal and abnormal mammograms. Proposed system
works effectively in preprocessing and obtainingglomaxima of mammogram using CLAHE and H-domesfamation.
Entropy and energy feature vectors are extractad fhe hybrid combination of DCT-RT process in imsgLocalization
of calcification on any of the quadrants of the abma mammogram also achieved using this algorithunther division
of mammogram decreases the localization accurauge snost of the information magppear on the common boundary.

This algorithm achieved 94% classification accuraty 76% localization accuracy.
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