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Abstract—Breast cancer detection remains a subject of
intense and ,at times, passionate debate. Mammography
and MRI are being the mainstay of the cancer detection
of breast and these are the two major screening test
proven to reduce mortality.Computer-aided
diagnosis(CAD) systems have the potential to assist
radiologists in the early detection of cancer. Many
techniques were introduced based on SVM classifier,
spatial and frequency domain, active contour method,
k-NN clustering method but these methods have so
many disadvantages on the SNR ratio, efficiency etc.
The quality of detection of cancer cells is dependent
with the segmentation of the mammography image.
Here a new method is proposed for segmentation. This
algorithm focuses to segment the image depth wise.
Here the identification of malignant and benign cells are
done more easily and also to increase the efficiency of
the mammogram images. In which the relative signal
enhancement technique is also done for high dynamic
range images. Markovian random process is been used
in the depth segmentation. This algorithm is also based
on coloured segmentation. Done with both the MRI and
mammogram images..Done with both the MRI and
mammogram images. An efficiency of 96.8 percentage

is obtained based on size of the tumor the stage of the
cancer growth can be calculated.

Index Terms—Mammogram; MRI; CAD; k-NN
clustering; malignant; benign; Markovian Random Field;

I. INTRODUCTION

Cancer is a continual multiplying of cells abnormally.
The cells divide uncontrollably and will grow into
adjacent tissue or unfold to distant parts of the body.
Carcinoma is a number one reason for cancer deaths
among women in many parts of the world. Breast
cancer continues to be the foremost common

diagnosed cancer among women in US. In the United
States, every year, approximately, 182,000 new cases
of breast cancer are diagnosed and more than 46,000
women die of it Since the causes of breast cancer still
remain unknown, early detection is the key to control
the breast cancer . Nowadays, mammography is
considered to be the most reliable imaging modality
for an early detection of breast carcinomas. If the
tumor is detected at an early stage, the chances of
successful treatment as well as patient survival rate
will increases considerably. A mammogram is
essentially distinct with four levels of the intensities
such as background, breast parenchyma, fat tissue
and calcifications with increasing intensity. Masses
develop from the epithelial and connective tissues of
breasts and their densities on mammograms blend
with  parenchyma patterns. Presently digital
mammography is the most efficient and widely used
technology for early carcinoma detection. The key
diagnosing elements like masses, lesions in the
digital mammograms are noisy and of very low
contrast. An efficient segmentation approach to
detect the early disease detection of breast cancer by
enhancing the images of tumor. Most of the
limitations of conventional mammography can be
overcome by using digital image processing. Thus, in
order to improve the correct diagnosis rate of cancer
the image enhancement techniques are widely used to
enhance the mammogram and assist radiologists in
detecting it. Some of the efficient enhancement
algorithm of digital mammograms based on wavelet
analysis and modified mathematical morphology.



LJIIE-International Journal of Innovations & Implementations in Engineering

(1SSN 2454- 3489) 2015 June Edition Volume 1

Adopt wavelet-based level dependent thresholding
algorithm and modified mathematical morphology
algorithm to increase the contrast in mammograms to
ease extraction of suspicious regions known as
regions of interest (ROIs) are used. Several
segmentation techniques are used like the gradient
vector flow snake (GVF Snake) with gradient map
adjustment to obtain the accurate breast boundary
from the rough breast boundary and an improved
multi-scale  morphological gradient watershed
segmentation method for automatic detection of
clusteredmicrocalcification in digitized
mammograms. And in the case of breast the
possibility to find these masses are not easy.Themostl
commonly used methods of diagnosis are

MRI and mammogram images.Here by changing the
contrast a radiologist can easily identify the tumour
in mammogram images while in the case of MRI this
is done by giving gadolinium which is a reagent
given as an injection to the patient.So that a contrast
image can be taken.In this paper a approach is taken
into consideration by a preprocessing follwed by a
segmentation in which a color based segmentation

is done by using the markovian random field and
function as the major part of segmenting
parameter.And finally the classification to find the
detection part whether the mass or tumour is
malignant or benign.And the analysis of the accuracy
and performance based on the graph.

II. PROPOSED METHOD
With increasing use of Computed topography (CT)
and Magnetic resonance (MRI) imaging for
diagnosing, treatment and clinical uses, it has become
nearly mandatory to use computers to help
radiological experts in clinical diagnosis, treatment
coming up with. Reliable algorithms are required for
the delineation of anatomical structures and other
regions of interest (ROI).The techniques obtainable
for segmentation of medical images are specific to
applications, imaging modality and kind of body part
to be studied. For example necessities of brain
segmentation are different from those of thorax. The
proposed method is based on a segmentation
technique in MRI images as well as high dynamic
range MRI images mainly focused on the breast
cancer detection. and also for the detection of benign
and as well as malignant tumors. Usually the
segmentation based on the lesions are done before
the analysis and enhancement so here propose a
technique based on the depth segmentation and then
detect the carcinoma tumor in the mammography
images.

Digital
mammogram

Preprocessing H Extraction h Segmentation

Results & 4 Detection 4 Classification
Analysis

And this can be proposed based on the markovian
depth segmentation and then finally enhanced, which
is nothing but the denoising of unwanted speckles
and noises. The artifacts,that have an effect on the
brain image,can be affected in the case of breast
images also.So an efficient denoising method can
also be done.

A. Methodology
As the method deals with the basic process steps of
the image processing the techniques used for this is
different which deals with the detection of

depth,densityetc of the tumor area in breast area.
MATLAB:Platform

Database Classification based

on kan classifier

(Mammogram & MRT)

i |
Filtering by Gaussian filter Detection of malignancy and benign
status found by kinelic parameiers

I and intensities
nEy H

T Density is cstimated hy the pixel arca

Tumour extraction by
WatershedTransform
&+

Segmentation by markovian
Random Field

1)  Preprocessing: The input images are
mammography images. These images were detaily
investigated and labeled by an experts based on
technical expertise and diagnostic test. The database
is chosen as a result for different cases.The database
consists of 30 images each of 40 patients of right and
left breast wherever 20 were diagnosed as malignant,
8 as benign and 12 as normal. The abnormalities are

classified as micro-calcification, mass, architectural
distortion, circumscribed mass and asymmetry .In
this study about322 mammogram images were
chosen. The  original ~mammograms  are
409x700pixels, and almost 50% of the image
comprised of the background with a lot of noise.
Within the planned CAD system, micro-calcifications
aren’t thought-about; solely circumscribed mass,
speculatedmass, architectural distortion, ill-defined
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mass, and imbalances are thought of. The
preprocessing part of digital mammograms refers to
the sweetening of mammograms intensity and
distinction manipulation, effect of noise reduction,
unwanted background removal, edge sharpening and
filtering. Filtering is often used to reduce noise within
an image or to produce a less pixelated image. Image
Filtering is a key technology of image enhancement,
which can remove noise in images. Excellent
Filtering algorithm can both remove various noises
and preserve details. In the proposed system Discrete
Wavelet Transform Technique is used for image
Filtering. These algorithms have the ability of
preserving details.And in this method the Sobel
smoothing and Gaussian filtering is done. For
mammogram images Sobel operator gives a best
output and has the maximum noise reduction
ratio.Along with this the Gaussian filter is again
treated to obtain a higher efficiency.The
mathematical equation for the smoothing and
filtering functions are: Since the Sobel kernels can be
decomposed as the products of an averaging and a
differentiation kernel, they compute the gradient with
smoothing. For example,Gxas the x-coordinate is
defined here as increasing in the right”-direction,
and the y-coordinate is defined as increasing in the
”down”-direction. At each point in the image, the
resulting gradient approximations can be combined to
give the gradient magnitude, using

2) Feature Extraction: Here the main portion or
region of interest is been detected for further process
and are done based on the thresholding .This method
is done to find the actual area of
tumorspreadedthroughout the breast lesionsare done
by selecting the region.For this the Thresholding
parameter of operation is varied manually as a trial
and error method.Normal and simple method that is
canny edge detection is done to find the edge features
so that the outline of the tumor is obtained and
through which the area of spreading of fibro-
glandular is detected.Noise Reduction:Since edge
detection is susceptible to noise in the image, first
step is to remove the noise in the image with a 5x5
Gaussian filter. Finding Intensity Gradient of the
Image:Smoothened image is then filtered with a
Sobel kernel in both horizontal and vertical direction
to get first derivative in horizontal direction (Gx) and

vertical direction (Gy). From these two images, we
can find edge gradient and direction for each pixel as
follows:

Edge gradient(G)=VG2+G2 )

Minu{G(u,f) = Tv(w) +5|lu=fI|. } @
Gradient direction is always perpendicular to edges.
It is rounded to one of four angles representing
vertical, horizontal and two diagonal directions.
Non-maximum Suppression:After getting gradient
magnitude and direction, a full scan of image is done
to remove any unwanted pixels which may not
constitute the edge. For this, at every pixel, pixel is
checked if it is a local maximum in its neighborhood
in the direction of gradient. Hysteresis Thresholding:
Any edges with intensity gradient more than maxVal
are sure to be edges and those below minVal are sure
to be non-edges, so discarded. Those who lie between
these two thresholds are classified edges or non-
edges based on their connectivity. If they are
connected to “sure-edge™’ pixels, they are considered
to be part of edges. Otherwise, they are also
discarded.

Edge Gradient (G) = IGxi + |Gyl 3)

That is based on the canny edge detection method to
sharpen the edges. And Sobel operator is also applied
as a part of preprocessing techniques

3) Watershed transform for segmentation: The most
commonly used method of segmentation for the
mammogram and MRI.So a brief idea of this method
is been illustrated.Performing on an image , the
system is usually applied on its gradient image. In
this case, each object is distinguished from the
background by its up-lifted edges.M1;M2; ;MRas the
sets of the coordinates of the points in the regional
minima of an (gradient) image g(x; y), and C(Mi) as
the

coordinates of the points in the catchment basin
associated with regional minimum Mi.The minimum
and maximum graylevels of g(x; y) are denoted as
min and max Denote T[n] as m the set of coordinates
(s; t) for whichg(s; t) < n. Flood the topography in
integer flood increments from n = min + 1 to n = max
+ 1 .At each flooding, the topography is viewed as a
binary image.Denotes Cn(Mi) as the set of
coordinates of points in the catchment basin
associated with minimum M;at flooding stage n.
Cn(Mi) = C(Mi) NT[n]

Cn(M)) =S T[n]

C[n]is defined as the union of flooded catchment
basin portions at stagen.

C[n] =U&_, C,(Mi)
And

10
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C[max + 1] =UR ,C(Mi)

Let C[min + 1] = T[min + 1].

At each step n, assume C[n -1] has been constructed.
The goal is to obtain C[n]from C[nl1].Denote Q[n] as
the set of connected components in T[n]. For each

q €QI[n], there are three possibilities:

(1 q€C[n-1] is empty (ql) A new minimum is
encountered as the q is incorporated into

C[n-1]to form C[n].

(2) q€Cln-1] contains one connected component of
C[n-1](g2). q is incorporated into C[n-1] to form
Cln].

(3) q€C[n-1] contains more than one connected
components of C[n -1](q3).

A ridge separating two or more catchment
basins has been encountered. A dam has to be built
within q to prevent overflow between the catchment
basins Repeat the procedure until n=max+1.Final
equation that is used as the watershed transform is

Wshed (f):Dn(Ui=1 CB (Ml)) 2

The steps involved in  watershed
segmentation are :
_ Gradient magnitude of image is detected and
watershed m transform is applied.
_ Opening-closing by reconstruction of the image is
determined.
_ Regional maxima of opening and closing by
reconstruction.
_Thresholding is done.
_ Object boundaries are marked. Colored watershed
label matrix is obtained through which the tumor is
segmented from the input image. Wherever Times is
specified, appearance to Times. Avoid using bit-
mapped fonts if possible. True-Type 1 or Open Type
fonts are preferred. Please embed symbol fonts, as
well, for math, etc.

4) Kinetic Parameters and kinetic Intensity: For
thediagnosis of cancer stage in mammography
images could lead to effective treatment.
Morphological features and kinetic parameters were
evaluated to predict the case of malignancy and
benign the foremost regular kinetic, morphological
and kinetic patterns on the mammogram and MRI
images of breast carcinoma are not easily predicted.
Database appeared most frequently as non-mass- like
lesions (12 lesions, 52.17%). The difference in the
frequency of lesion types was technically done by
significant of their kinetic morphology. The

morphological  patterns  were  detected and
morphologic  features,Fibro-glandular ~ mass-like
enhancement, segmental enhancement, segmental
enhancement in different shapes based on the regular
patterns of the mass or tumor. There was no
significant difference in the frequency of morpho-
kinetic patterns. The objective was to analyze the
morphological parameters and kinetic features of
images in the database to define the most frequent
morphologic and kinetic pattern.We obtain a graph
that shows the kinetic parameters based on position
and intensity of the mass region. The diagnosis based
on the intensity is also made so that the exact mass
lesion is identified for further treatment. The risk of
malignancy depends on the kinetic pattern, ranging
from 6% in type I and 64% in type II to 87% in type
IIT . Rapid uptake is most frequently related to DCIS
within the initial section, whereas all 3 sorts of curves
are seen within the delayed section, of that the image
segmentation mentioned here will be graded on the
idea of pertinence, suitableness, performance, and
process computational cost. Segmentation techniques
supported grey level techniques like thresholding,
and region based mostly techniques are the only
techniques and notice restricted applications.

I ﬁ Persistent

1
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4
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Fig. 1. Kinetic parameter based on intensity criteria response

u Delayed phasc

B. Markovian Random Function and Markovian
RandomField

Markov random fields (MRFs) have been widely
generated in the field of image processing is for
computer vision problems, like image segmentation
[10], surface reconstruction [6] and depth inference
[5]. As this a understanble and easy algorithm to
implement makes this a efficient algorithm.Different
steps of the algorithm are Convert the image to 2D
gray-level, finding the intensities based on the
Gaussian distributions and segments are labeled,
EM-Algorithm:Used to find the parameter set,
MAP-Estimation:Used for finding the sum of energy
function and to minimize the energy value. The
difference between MRF and HMRF is that, in

11
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HMRF, the parameter set is affected in an
unsupervised manner. In a HMRF image
segmentation bugs are formed, there is no training
set, and assumption for no prior knowledge is known
about the  foreground/background  intensity
distribution. Thus, a natural proposal for solving a
HMREF problem is to use the EM algorithm, where
parameter set _and label configuration X are learned
alternatively. It is a mathematically simple model and
can be computed efficiently. This method only uses
the intensity parameter for segmentation.

1) Intensities based on the Gaussian distributions: In
MRF based problems are usually done with the
parameter set & = 0;|l € L from the training data. For
example,in image segmentation problems, prior
knowledge of the intensity distributions of the
foreground and the background might be consistent
within a dataset, especially domain specific dataset.
Thus, we can learn the parameters from some images
that are manually labeled, and use these parameters to
run the MRF to segment the other images.

Y = (y4,.....yy) is the image ,where y;is the gray-
level intensities. Each part is considered as labels
X=(x1...... Xy),where x; € L According to the

MAP-criterion: X_= argmax P(Y IX,0)P(X),where
P(X) is the distribution and X¥is the label
configuration.

P(yilxi)- Gaussian distribution.d,;-parameter of
Gaussian distribution, where

exi= (:uiso-i)

0 (Parameter set) = (6,|leL) by this the parameters
Are found.

P(Y 1X,0) = ITiP(yilxi; 8xi)

2) EM Algorithm: Here the steps of this algorithm is
Practiced for detecting the parameter set and which
based on the algorithm steps illustrated below.Before
that this algorithm consists of E-step and M-
step.Where E-step is based on the iterations and M-
step is based on the maximizing of the energy
functions.

— Start with initial parameter set (0.

— Calculate the likelihood P(t)(yilxi;@xi).

— Using current parameter set 8 to estimate the
labels.

— X = argmax xexP(Y IX,01)P(X)

= argminxexU(Y 1X,0) + U(X)

— U(X)-Prior energy function.

— Calculate the distributions for all labels for all y;
pixels.

- Poy(y;) = X161, G(yi, 0, P(IxoNw )

— where

— Use Pw(lly;) to update.

le(f)(l|Yi)Yi=Mt+1
S POy L

(am))z_z POUY) @
! T POy

These are steps of the m-file type algorithm called
EMalgorithm.Based on which the dataset _ is
calculated andthe region of interest is detected.

3) MAP Estimation: This estimation is done for the
Detection of the prior energy function and also which
isused for the final step of the algorithm.This is based
on the neighborhood pixel comparison just like in the
case of the median filter.

— To start with initial estimate Xo©) from EM
algorithm.

— Provided X),for all 1<i <N xf+1=1

argmine; Uy, n+3 jeniVe (LX)

— Repeat from the second step until U(Y X ,0)+U(X)
stops changing significantly or a maximum k is
achieved.

4) GMM-Based HMRF: Gaussian mixture model
(GMM) made to make a powerful enhancement
modelingthe complex distributions than one single
Gaussian distribution.A Gaussian mixture model with
g componentscan be represented by parameters:

91= (#l’l’o-l’l’wl! 1) ------- (Hl» g,01. g, Wy, g)
comparing.

7Gmin(Z; 91) = Zlewl ,C

G(Z;uy, c,01c) the M-step ofthe EM-algorithm the
changes to a Gaussian mixturemodel fixes a problem.
The GMM fitting problem itselfcan be also solved
using an EM-algorithm. In the Estep,we determine
which data should belong to whichGaussian
component; in the M-step, we re-compute theGMM
parameters.

C. Parameters used in Database

— T1:Based on the longitudinal movement of protons.
— T2:Based on the transverse movement of protons.

— PD(Proton Density):based on the density of the
protonthat hits the surface.

— Gradient Echo:Based on the gradient field to
produce transverse movement in protons.

D. Density Estimation

This is done for the condition to detect and
classify the fatty and watery regions of the breast
anatomy and which deals with the simple path of the
volume detection.

12
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Fig. 2.Density Estimation
III. RESULTS AND DISCUSSIONS

Here it is seen that the extracted tumor based on the

watershed segmentation in which the image that
showingthe regional maxima is then implemented
based onthe kinetic parameter as it is plotted with the
positiongives that the tumor part shows a increase in
washoutparameters.

@
(8)

) (3) (4)
-
(M (8) (2

ﬂ

(L 12)
Fig. 3. (DInput image(2)Edged by Canny(3) Edged
Image(4)Gradient-magnitude(5)Watershed-Transform
Gradient(6)Opening,Operator(7)Openingby
reconstruction(8)Closing(9)Regional maxima of opening -closing
by reconstruction(10)Regional maxima superimposed in input
image(11)Markers andboundaries superimposed in input
image(12)Colored watershed label matrix.

)

(10)

The above response deals with a graph showing
the efficiency of specificity,accuracy and sensitivity
ofthe work based on the different parameter of MRI.

Fig. 4. Markovian based segmentation result
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Fig. 5.Malignant and benign detection by kinetic morphology.
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Fig. 6. Response Showing the sum of energy vs iteration
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(a)(b)(c)(d)are the output of T1-MRI,(e)(f)(g)(h) are
theoutput of T2-MRI,(i)(j)(k)(1) are the output of
PD-MRI,(m)(n)(0)(p) are the output of Gradient-MRI

Comparison of Results

Method Accuracy (%1
Propased M ethod 56.98
Disriminant Araksis Br.11
AMM 85.45
Decisior Tree 03 20
Logistic Regression 93.78
EVM 05.79
KN 54.78

Fig. 7. Comparison on proposed method
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Fig. 8. Efficiency Analysis

IV. CONCLUSION

A general introduction of the potential and challenges
of breast carcinoma detection was given. With digital

imaging taking part in an progressively outstanding
rolewithin the diagnosis and treatment of diseases,
the matterof extracting clinically useful data has
become vital.For instance, mammography facilitates
to outline thecharacter and extent of diseases, aiding
the diagnosisand treatment. Therefore, segmentation
of those featuresbecomes a key challenge for correct
analysis, visualization and quantitative comparison.
This has been themost focus of this treatise, i.e.,
segmentation of normaland abnormal features. From
each range and varietyof algorithms used for
carcinoma detection it had beenclear that there’s no
gold customary that solves entiredownside. It’s been
dedicated to the preprocessing andoutline of
mammogram databases wont to appraise the
Strategies.a number of the pictures were discarded
bydoctors before the identification. However such
pictureswere images within the database to ascertain
the enclosedof the developed system. Images that
suffered from non-uniform illumination and poor
contrast were subjected topreprocessing before they
are subjected to segmentation. This algorithm focuses
to segment the image depth wise.Here the
identification of malignant and benign cells isdone
more easily and also to increase the efficiency of the
mammogram images.A k-mean clustering in a
modifiedway is also called markovian function
method. In which

5LIo [T1 T2 il Extrzmity Gradient Density
Fatient-1 0.2195 20641 4.098  S.7790 9.997 G.02504

Fatient-2 8.1581 3603 5.755 12.7588 11.265 9.0C4
Hatient-3 | 10.5ibb 2294 f3b3) 12 /H/5  1/491/f  Luh43y

Fig. 9.Density Estimation of three different patients.

the relative signal enhancement technique is also
done forhigh dynamic range images. Markovian
random functioncan be wused in the depth
segmentation. For every imagewithin the database the
region of interest is well defined.Thus validation
prevents over fitting and goes how tomake sure the
relevance of the results to a wider set ofimages.As a
future work the density can be calculatedbased on the
sternum as the center,relatively removingthe fatty
masses and unwanted lesions of regions areremoved
and the density of the fibro-glandular mass canbe
obtained
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