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ABSTRACT

Mammograms taken at prescribed intervals fail ta@lithe vast occurrence of breast cancers. Onerfmst cause
is that at the initial stages where there are omiynor symptoms visible in a mammogram chancestatitt could
be overlooked during perusal. There are many sighsoreast cancer like Calcification, Masses, Bitate
Asymmetry and Architectural Distortion. ArchiteclbDistortion may be associated with early diagisosf breast
cancer because even before there is a visible nwsxer growth can disrupt parenchyma structureuble
reading of screening mammograms could provide higkesitivity over single reading, but the limitation time
and trained professionals makes it a not so possilpiproach. Algorithms are developed to assistaladjists in
detecting abnormalities in mammograms. In this papesystem is developed to classify Architectirastortion
abnormality from normal mammogram samples. Gabatufes along with Law’s Texture Energy measuresvadr
from geometrically transformed regions of interests used to detect architectural distortion. Thetimod has a
good potential in detecting architectural distoriicn mammograms of interval cancer cases.
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INTRODUCTION

Cancer is one of the diseases where success tetiment primarily depends on the early deteatitthe disease.
The abnormal growth in the breast caused by cdaa@etype of cancer where cells in the breast diadd grow out
of control. This could be benign (which is not putally dangerous to health) or malignant (whictuldobe
potentially dangerous).Architectural distortionikalthe formation of masses is often due to a detastic reaction
in which there is focal disruption of the normagast tissue pattern.

Mammography is a medical imaging procedure usedcreen for breast cancer. Mammography is useful in
discovering tumors too small to be felt. A genevallness mammogram checkup once every 2 yea@Ifaiomen
aged above 35 is advised by the government foy dabfnosis and detection of an occurrence. Eatieidetection
better are the chances of a successful and eféergatment. The procedure is to obtain an X-rathefbreast with
a very low radiation dose. Mammography is simpe; tost and non-penetrative. Very subtle signsreast cancer
in the form of Architectural distortion of the betdissues is often missed by radiologists, theredoysing deep
rooted cancer growth and diagnosis pushed to thieefaend[6]. To help radiologists’ computer aidgdtems are
developed, similar to a second opinion and maydael in the first stage of examination. The finatisien is left to
the radiologists. A regular mammogram is an intgnsiray image with gray levels showing levels antrast
inside the breast which characterize normal tisme different masses and calcification. To namevaifmportant
signs of breast cancer that radiologists look fiar @usters of micro calcifications, bounded massegulated
masses and architectural distortions.

Like all x-rays, mammograms use ionizing radiatiorform an image. Radiologists examine these imégeany
abnormal findings. Double reading of screening magmams could provide higher sensitivity than singlading,
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but the required number of expert radiologists @imedtime constraint makes such an approach impedctvherein
the subtle amount of early stage signs is overldoke study released by British researchers revetilati using
CAD in combination with a single reading by a rddgist or physician may be as favorable as a sependgsal by a
professional expert. This would help in increadimg sensitivity and accuracy of detection.

When a mammogram image is viewed, breast tissueaappvhite and dense and the fatty tissue appaskerdand
lucent. Unlike a solid growth like masses and €alafions, the architectural distortion appearaasrea of breast
tissue that is distorted with no definable vitalsfiaHere the initial stages of formation of a bréasior may closely
resemble the appearance of normal breast tissugapped in the projected mammogram. Due to its \coge
similarity to normal tissues and no specific vibipiin presentation, architectural distortion sported to be the
most commonly missed abnormality in false-negatiases. There are many successful CAD techniquesdaped
that have been effective enough in identifying reasend micro calcifications with acceptable perfomoe, and not
so effective in detecting architectural distortioith a high level of correctness. Work devoted rapiiove the
sensitivity and accuracy in the detection of amgttitral distortion could help in efficiently impriong the diagnosis
of breast cancer.

A. GENERAL PATTERN OF ARCHITECTURAL DISTORTION

The development of CAD systems designed for thedtiein of subtle or hard-to-spot signs, particylaih prior
mammograms, is important, this could be improvedsioyultaneous analysis of current and previouslhaioled
(prior) mammograms thereby facilitating the detattof breast diseases at their early stages. Haethods are
presented for the detection of sites of architettdistortion in prior mammograms of interval-cancases in a
screening program.

It is hypothesized that screening mammograms odxdagmior to the detection of breast cancer coulttain subtle
signs of early stages of breast cancer such agentthal distortion in specific. The methods aaséd upon Gabor
filters, phase portrait analysis, Laws’ texture rggemeasures and Haralick’s texture features [Hjalfy the
classification performance of the individual feasi(such as Node Value, Laws Texture and Haraligdsures)
from several combinations of feature sets usingtiMyer Back Propagation Neural Network as a cfassis
presented.

II. EXPERIMENTAL SECTION: DETECTION OF ARCHITECTURADISTORTION

A biological image is a challenge in image proaggdechniques; a mammogram is one such challenge t®the
presence of several piecewise linear structuresdy as fibrous tissues, duct, and blood vesseldearonsidered as
an image with oriented texture. The regular textoattern, which converges toward the nipple, istfan the
presence of architectural distortion with no visibhass.

Based on the previous studies done in this areasyhchronized analysis of current mammogram(mamanog
which shows cancer occurrence) and prior mammog(emasnmogram taken prior to the cancer detected)diosl
helpful in the identification of early signs of kst cancer, thereby an useful tool to radiologiBte methods are
based upon Gabor filters, phase portrait analysisys’ texture energy measures and Haralick’'s texfeatures.
The application of Gabor filters and linear phasernait analysis leads to the automatic detectiothe locations of
node-like intersecting or needle like patterns,chhiould be most possible positions of architettdistortion and

several FPs.
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Figure 1: The process of detection of AD sites
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Figure 2: Obtaining Fine-tuned ROIs

The flow of methodology to identify ROI is shownfigure 1 and figure 2 shows the narrowing dowrrRafls that
are possible True positives. The most probable sifearchitectural distortion in mammograms weralyred by
the following methods.

(1) The given image was filtered and down sampdeBQ0 pum/pixel and 8 bits/pixel. Otsu’s thresholdtinod was
employed to obtain the segmentation of the portibmterest (breast) from the entire mammographiage (i.e.,
the patient id, left/right etc. indication are ord[1]. The smoothening of edges was also performed

(2) Oriented features were detected by using Gébers, the filter kernel oriented at the angle-aR2 is given as
9(x.y)={exp[-0.5*((¥/0*)+(y*/ o,))I*cos(2nfx)}/(2 o oy

For applying the filter at many different angldse above kernel is rotated to desire. The parasmetnely oy, o,
and f were derived using the design rules propdse&®angayyan and Ayres. A total of 180 Gabor kermeth
evenly spaced angles in the range€d: n/2] was employed. The figure 3 shows the input ienagd orientation
fields obtained. The orientation field is derivedrh the angle of the applied filter with the highessponse at each
pixel.

(3) Thus obtained orientation field was filtered dyyplying a Gaussian filter and further dosempled by a
factor of four, to an effective resolution of 80fpixel. This helps in reducing noise and also &dbe following
computational requirements.

(4) The type of the phase portrait which closelgerables the orientation field helps in describihg field. A

mammogram could show signs of several patternigliag analysis window of size 10 *10 pixels (at®B@m/pixel)

and sliding stepwise by one pixel. For each locatibthe window, a vote was given at the node sigiven by
the corresponding fixed point to form the node nfgveral votes at very close proximity will appblee a bright

spot in the node map and should be an indicatiopoténtial sites of architectural distortion. Figut shows the
node map of the input image.

(5) The peaks are given ranks (numbers) and aerenidn the node map. By this method a numberlsé faositive
sites (wrongly identified as AD) are also detecf€de center of the peak in the node map was corsidas the
center of the region of interest(ROI) , a squarsiné 128* 128 pixels at 200 pm/pixel (except & ¢alges of the
images) was drawn[1]. Figure 5 show the rank oi€t®Is. This marked region represents the regiopossible
Architectural Distortion.

The Multilayer Back Propagation Neural Network siisr is applied to the selected features like &la@lue,
Laws' Texture Energy measures and Haralick's Enklggsure. Various combinations of the selectecufeatare
worked on and the final set of selected featurekthe Laws' Energy measure after applying the fipefiliers

produced the lowest false positives per image [3].
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Figure 3: Theimage on theright showsa possible orientation field for the image on the | eft
Each segment of line corresponds to a respectia pi the original image

Figure4: Binary image Figure5: Showsall theauto
of Node map matically detected ROIs

The red square in the figure 5 is a potential fsiteArchitectural distortion by the radiologist. Withe application
of the Phase portrait analysis a node map andattmnatically detected ROIs were marked. There \abmut 22

ROIs obtained. On application of the Multilayer Bdropagation Neural Network classifier, there ZuROls that
were finally retained as possible true positives.
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Figure 6: The Automatically detected ROlsand the Final output of the classifier

Figure 6 shows the finally classified ROIs that arest possible Architectural distortion. Out of tBedetected
ROIs, 2 ROIs capture the region marked by the tadist thus counting as True Positive. The remagjrirROls are
considered as FP, False Positive. There are 1@athymejected ROIs called the True Negatives anthis case
there is no region left behind that was not detkthiereby making the False Negative a 0.

Tablel: Images processed and the obtained results

No of AD marked by ROls per True False True False
Images Experts(total) image(aver age) Positives(TP) Positive(FP) Negative(TN) Negative(FN)
24 36 60 29 12 7 -

RESULTSAND DISCUSSION

On analyzing a total of 24 mammograms, a total 448LROIs (60 ROIs on an average) were automatically
detected. The total count of True positives indhginal image was 29. Out of the 36 areas marlsepagential AD

by the radiologist 29 True positive(correctly idéatl) sites were detected by the MLBP classifiad about 12
sites were wrongly marked as AD by the classiffetotal of 1419 ROIs were correctly rejected (Thegatives
TN). There was not a single image which was lethwinidentified AD spot (i.e., False Negative, FN=0

However, none of the individual features has adeguhiscriminate power to classify the TP and FP ROI
efficiently; the results indicate the need for camations of features and the application of featseéection.
Regardless, node analysis serves as an importtat step to select candidate ROIs for furtherlgsia.

Detection of sites of architectural distortion agher sensitivity and lower false-positive ratesth& primary
objective. The proposed method can be further eegrwith various feature extraction methods likdtifnactal
analysis etc and competitive feature selection auth
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