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Abstract

Mammograms are the images used by radiolomsifagnose breast cancer. In this diagnosis, ¢lotopal muscle appears in
mammograms in oblique mediolateral views (MLO) lné right breast and another in the left breast aspim cranio-caudal
views which are marked with (CC). Considering ttiet pectoral muscle has the same density as thi§ soepicious masses in
the image, its presence in the image being prodesseld also require detection procedures. In paiger, we present a new
general framework for pectoral muscle suppressibithwis the first work in the analysis of a mamnagry image. As a result,
we proceed to four stages of image processingfifdtestep is to orient the image if necessarynthse a pre-processing which
is to enhance the contrast of the image, and reri@sdigital lines of the image by morphologicéiefis, apply a filter median.
The third step involves segmenting all of the pedtouscles, which involves threshold the entirage The final step is to
perform a pectoral muscle removal according to dhientation of the muscle in the image, which v based on the
development of the Hough transform for the recagnibf borderline detections of the pectoral mus8eme results obtained
on the different images are discussed and compaitbdother methods (risk assessments). Evaluatfaup method shows a
significant improvement in performance in removthg pectoral muscle.
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1. Introduction

Breast cancer, a major public health problem, owoets to be the leading cause of death in womemerthe world. More than
2,500 cases of breast cancer diagnosed each wmaalgt al, 2011). The reduction in the death rate causeithibytype of cancer
as well as the promotion of the chances of recoaeeyonly possible if the tumor has been detectetltaken care of from the
early stages of its onset (Jenadlal, 2011). The incidence of this serious pathologpaims increasing in Cameroon, only one
cancer in ten is diagnosed and the clinical charestics and histology's of the latter are poorgatibed (Bouhnilet al, 1994).
Mammography imaging is X-ray imaging of the breastd using X-rays as the base technology makes mgnaphy distinct
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from other imaging techniques. Mammograms are Usudgh-resolution images with high bit-depth, whigrovides the
possibility of discovering abnormalities masked qiyrounding and overlapping breast tissue. It mak@®ssible to observe
anomalies which may reflect malignant or benigrioles. This involves the transmission of radiatibmough the tissue and the
projection of anatomical structures onto a filmeser or image sensor. Two image projections of baeast are obtained: Cranio-
Caudal view (CC) and Mediolateral Oblique view (ML@igure 1). However, the number of images that tdiologist must
interpret in a limited time is large and constituta difficulty for interpretation. Thus, diagnostid techniques are being
developed to facilitate this interpretation. Ourgpective is to set up a Diagnostic Assistancee®ygiCAD) for breast cancer
(Figure 2), the basis of which is the study of masgraphy images. The first step before the operatoine removal of the
pectoral muscle from the images.
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Figure 1: Breast anatomy (Bouchet al.,2009)

CAD systems should include multiple different pbdgies for image enhancement, automatic segmimtaand registration,
and, in the ideal scenario, automatic detectiomwritlyns for various possible features that couldidate an abnormality. The
main preprocessing technique in CAD applicationgdfining the proper region of interest which imaglisome sort of image
segmentation and object detection. After the segatien, the user of a CAD system can start all otheéomatic detection and
diagnosis tools on the way to bring a reliable quitk diagnosis (Mariet al, 2015).
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Figure 2: General diagram of diagnostic support systems (CAD)

In computer-aided diagnosis systems for breashmography, the pectoral muscle region can eaailge a high false-positive
rate and misdiagnosis due to its similar texture lam contrast with breast parenchyma. Pectoralctauggion segmentation is a
crucial pre-processing step to identify lesiong] ancurate segmentation in poor-contrast mammogissidl a challenging task.
In order to tackle this problem, a novel methogrisposed to automatically segment pectoral musg®n in this paper. It takes
place as follows:

- guidance if the need arises; mammograms in medmalabblique views (MLO) have two orientations (lahd right), to
simplify the task for the algorithm set up we haypged for the left orientation in this work;

- image preprocessing: which enhances the contrabiedmage, removing digital lines from the imagenhorphological
filters;
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- closure suppression (it is based on the developofetie Hough transform for the recognition of lirdetections of the
pectoral muscle)

The purpose of this article is to provide a techmeidfor removing the pectoral muscle on mammographgieed, the
development of a technique like the one we areqsimg would reduce errors when analyzing mammograplages. Thus, first
of all, we propose a preprocessing step which hagdle of enhancing the contrast of the image.g&¢o the threshold of the
latter, and we end with the removal of the pectonalkcle. In this work, we have adopted Hough's rélgn, we exploit its
simplicity in implementation and its importancepattern recognition in imagery.

The rest of the document is organized as followssection 2, we review the literature. This Battpresents the different
techniques implemented for the pre-processing anthke removal of the pectoral muscle on mammogré&uastion 3 describes
the materials and methods offered. It presentsliffierent stages of the pre-processing and theniqal used for the removal of
the pectoral muscle on the mammogram. This delatibinfirst allow you to better locate and obsertree development of a
potential anomaly. Section 4 presents the restiltheodeveloped study method. It explains the aarst@nd specificity of our
work. Finally, the last section shows the conclosiaod future direction of our research.

2. Literature review

Many approaches have been developed for pectorstlmaegmentation on mammography. According tonteesearch in this
area by (Mustrat al, 2016), the most commonly used approaches costeaight line estimation, region growth, threshfud
edge detection and polynomial fit. The mini MIASa&lzase is the most widely used database, and dely approaches evaluate
all mammograms in this database (Suckkhgl, 1994).

Therefore, linear estimation is a very intuitizpproach. It first estimates a straight line, thefines the line boundary with a
change in gray intensity or gradient in the regibmterest (ROI). But in many cases, the authergehassumed the boundaries of
the pectoral muscle as straight lines. Thus (Kansger, 1998) was one of the first authors to ustraight line to identify the
pectoral muscle. (Kwokt al, 2001) presented a straight line method to esértfze edge of the pectoral muscle and refined the
edge detected by cliff detection and surface smiogthAbout 94% of the images were considered toségmented in an
acceptable manner. (Kinoshigh al, 2008) proposed a straight line method based danraomain information. In the random
domain, several suitable straight lines were detkes candidates to represent the pectoral musaledary. The average FP and
FN were 8.99 and 9.13%, respectively.

In this sense, the Hough transform has beenlyvigeed (Ferraréet al, 2004a; Yanet al, 2001; Weidonget al, 2007). Ferrarét
al. (2004a) and Yamet al. (2001) through this transform find a peak in Howgglace, except that Yaet al (2001) refined the
linear approximation in a pectoral boundary curssg a dynamic programming method. Kwekal. (2004) used an algorithm
and a linear approximation to fit the edges of pleetoral muscle and the Hough transform was usedetatify the lines. This
method is heuristic dynamic programming in whicé kinear approximation uses algorithmic searcfls #iso claimed to be more
robust to noise and bright spots in the image, thusg less broken edges (Karssemeijer, 1998).tMs al. (2009) presented a
method of segmentation and suppression of the @ctauscle on mammograms. They used the waveletfyemation for proper
sub-band selection and obtained 85% acceptabl@npéchuscle segmentation results. Vaidehi and Suba&013) used the
straight-line method to demarcate the border batwiee pectoral muscle and the breast, for this gaepfor a total of 120
mammography images used for the study. The accwhtained was 85% and 90.2% true positive rateeaehli. Cheret al.
(2015) proposed a shape-based detection methogtriaceng the pectoral muscle boundary on a mamaragiThis method
produced an acceptable rate of 97.2% in the MIAGlmEse. Recently, Yooet al. (2016) proposed a threshold method with
morphological operations and a random sample causealgorithm (RANSAC). They obtained an acceptadie of 92.2% with
the MIAS database.

Several other works have been carried out instiree context, we find Alam and Islam (2014) whilgtected the pectoral
muscle using the region growth method and obtaare@ccuracy of about 90.3%. Radtaal. (2005) presented a segmentation
method using region growing algorithm. Breast aaéion was used to initial seed and a size reiriclvas applied to avoid a
wrong growing. After the detection process, a motpgical operation was used to refine the bounddsgmentation methods
based on active contours are also widely used @banial, 1987). They have been used in the detectiom®fobrders of the
pectoral muscle on mammograms, for example we bHawevork of Wirthet al. (2004) where he segments the regions of the
breast using the active contours. To prevent fsdggmentation of mammograms that have a part oflecesmtrast pectoral muscle
region, polynomial fitting of the seed points isoposed to predict the boundary in the poor-contpast. Xu et al. (2009)
presented an optimal threshold method in combinatiith Hough transform and poly-line fitting. Aftdinding an optimal
threshold, they extracted points from the initiatral muscle mask and performed poly-line fitiimgdough space.

Of all the methods for modeling pectoral musmiemammography by detection of the limit, the Hotrgimsform has often been
used (Ferraréet al, 2004a; Sultanat al, 2010). Many of these works give acceptable redult not a perfectly precise and often
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poor performance in the segmentation of the pektougcle mammography, so we look disappointed farave with the method
we have proposed.

3. Material and method

Figure 3 shows the different steps of our methodenfoving the pectoral muscle on a mammogram.

Mammogram Image (MLO)

Sumleftpart>su mrightpart

Orientation
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Pre-processing

- Contrast enhancement

- Noise reduction and artifact removal

- Morphology operation for the removal of lines and
abnormal points

Removal of the pectoral muscle

- HoughTransforr

Pectoral muscle removed
Figure 3: Diagram of the proposed method

3.1 Orientation

In order to simplify our method of deletion, firste are looking for orientation (Figure 4). Thuskeanammogram is detected
according to the method introduced by Shah (20Ibis method initially divides the image into eqpalrts (left part, right part)
and calculates the sum of each part. So if theduime left part is greater than the sum of théatrigart, then the orientation of the
breast is left, else breast orientation is rigleft lorientation is achieved by flipping the imaggng the MATLAB fliplr function

RMLO Image RMLO oriented

Figure 4: Result of the orientation for the image (mdb001.pgm
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3.2 Pre-processing

Typically, grayscale images are observed by imaggiiaition methods that exhibit noise from elecitodevices. We will
therefore, achieve an improvement by subjectihg & pre-treatment (noise reduction and artifactaeal). To improve the visual
quality of the image, the effects of noise (intezfece) must be eliminated by subjecting it to atireent called filtering. We thus
use a 2D median filter (Figure 5). After filteringe convert our gray level mammography image tinarly image using a given
threshold. This results in a binary black and whii@sk. Then, an opening operation is used to rertiev@abnormal spots in the
breast area (the white area). Note that artifaoth sis labels present on mammograms can be rerafteegerforming the image
threshold. To keep the large component connectedirgonent labeling process is then applied taisahe different classes in
order to extract the breast region and removeaattif We thus keep the part whose area is gréwtara certain threshold. The
threshold image is still called the initial breasisk and the one without artifacts is called thalfbreast mask (Figure 5).

3.3 Removal of the pectoral muscle

The algorithm applied for the removal of the peatanuscle uses the Hough transformation illustratetie following steps:
Step 1 First, we recover the oriented and preprocessedé.
Step 2 Find the region of interest containing the Holigk. To do this, we create a region of interesir @&gion of interest is
defined by the upper left quarter &f reprocessed image
Step 3 Contour detection Apply the Canny filter, the edtjve of which is to highlight all the contourstbé region of interest
(Figure 6)
Step 4 We perform linear aperture filtering to bring @b boundaries of the image.
Step 5 Line detection and creation of the Hough masgFe 6).
Here we use tlfidlowing Hough's algorithm adapted to the context of tieyst
Note that at this level, our regiorirdérest is 512 x 512 pixels in size and the regmétion of a line by the Hough
transformation is defined py (x-X)) Cosb+ (y-yo) Sin0 (Ferrariet al, 2004b).
(1) Start
(2) Quantify the parameter space (region of interefit) & maximum and a minimum for the 2 parameteos.a&=number of
points of 128, the parametéris included in the intervalBf, Omad andp included in the intervalphin, pmay With
Omin= 25pi / 180Pmax = 40pi / 180ppmin = 1 andpna = (O size (Imagef) *
(3) Initialize an accumulator A (dimg], dim ©)) to 0. For each pixel (x, y) of the image, cadtap = x * Cosb +y * Sin6
(4) Find the maximum (s) of matrix A
(5) Creation of the Hough mask.
The couplesp( 0) selected to characterize the lines of the pekiouscle.
(6) End
Step 8 Apply the Hough mask to the region of interesg(ife 6)
Step 7 The region of interest is recovered by doingnapde multiplication between the filtered image dhel final mask filtered
by a binary dilation. The resultinglme is superimposed in white on the filtered i@ggigure 6).

4. Results and discussion

4.1 Database

The approach proposed in this study was applieallt822 images in the MIAS database; these imagesnaPGM format and
corresponding to the left and right breast, fremhgilable online for scientific purposes (Rangaygaml, 2000). Each pixel is
described as an 8-bit word. Each image is thedid®24 x 1024. The 322 images are divided into 2&al images, 38 images
containing masses, and 169 images containing ati@mnalies.

4.2 Pre-processing

We applied the pre-processing procedure used herthen 322 images of the MIAS database. Figure Segms 5 images with
different noise levels, notably labels and artdadthe images resulting from the preprocessingga®are presented (Figure 5)
and are based on the steps of the process ugedr{fil (2D median filter), binairization of the igmusing a given threshold, these
two operations give us a binary mask in black ah@tenThen the operations (opening on the imagenwre the abnormal points
in the breast region, the threshold to remove ttifaets and labels), and at the end, we will rexahe preprocessed image).
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Figure 5: Pre-processing result

In the previous figure, we can observe three of rtt@n types of noise that are removed from ourioailgimage: the clear
rectangular labelymdb002.pgm, mdb012.pgm, mdb112.pgm, and mdbO0)y.abm weak labels intensitymdb002.pgm,
mdb007.pgm, and mdb119.pgrmtensity sweep lines and artifaglmdb012.pgm, mdb112.pgm, mdb119.pdivi¢ can observe
that all these different noises have been perfetityinated. In addition, the contrasts have begroved.

4.2 Removal of the pectoral muscle

In this part, we will see the results of theuattdeletion. Thus, removal is of good qualityhietpectoral muscle is correctly
removed and the removal of artifacts is satisfac{@igure 6). On the other hand, removal is nogobd quality if part of the
muscle has remained after removal or the removaldfi@cted part of the breast (Figure 6). Note thahis study the muscle
appears in a mediolateral view and representedtaargle in an upper corner of the image. Thus method realizes the spots
(looking for the orientation of the image, in thiase, we use the left orientation then reorientapposite case, identify the
dividing line between the muscle and the breastiisand finally apply the Hough mask to removentinscle to extract the region
of interest). Our algorithm, shown in Figure 4,aeers the region of interest from the preprocessieg before applying the
Hough algorithm, in order to have a mask (Houghkhadowever, there is a problem at this step whscHue to the size of the
region of interest which is sometimes difficultapply on some images. The results are presentEjime 6, our method tested
on all the images of the MIAS database providegibly acceptable result. Note that the removakpdure has a lower success
rate than the pre-processing procedure. Howeveganemanually improve the results of the erronémages, so we will simply
have to play on the size of the region of intesestcted in order to facilitate the task of ouoaitihm used.
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Figure 6: Removal pectoral muscle result
4.3. Comparison of results with existing methods

In this work, our results have been grouped imio categories (acceptable and unacceptable). ckeptable image if the
pectoral muscle is correctly or the majority of ghectoral muscle is removed and the removal ofaatt is satisfactory, and an
image is not acceptable if most of the muscle tsramoved or not removed at all. Table 1 presemisnaparison of the proposed
method with some methods in the literature which the same performance evaluation methods. Frasrtahle, it can be seen
that this method gives good results compared terathethods in the literature. This result indicatest our algorithm defines
more pixels as being a pectoral muscle region whey are not. In contrast, the lowest unacceptihtee rate is achieved using
our proposed approach. Also, out of all 322 imatesapproach gets better quality results, inclgidimaller errors.
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Table 1.Comparison between proposed work and previous works

Methods Images|  Acceptabl¢ Unacceptable
Mustraet al.(2009) 40 85% 15%
Vaidehi and Subashini (2013 120 85% 15%
Alam and Islam (2014) 322 90.3 9.7 %
Yoonet al (2016) 322 92.2% 7.8%
Our method 322 93.8% 6.2 %

5. Conclusion

In this article, we present a method that reradie pectoral muscle on digital mammograms udiegHough transformation.
Mammography images acquired from MIAS databaseg teen preprocessed to reduce noise and remofac@rtso that the
removal process can work accurately. Next, we abthia mask using the Hough algorithm which we apptd the resulting
region of the pretreatment step to get our mamnmgkithout the pectoral muscle. The deletion acourate is approximately
93.8%. However, the algorithm could not effectivedéynove some images. Nonetheless, it is expectddhb proposed method
will be complemented by the use of a metaheurtstioptimize image removal. In the future, the resdithe proposed method
should be useful for cancer diagnostic supporesgston mammograms.
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