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Abstract

In recent years, the mortality rate in women increases a lot due to occurrence of breast cancer. The challenging task in medical field is to
find breast cancer at an early stage. Because the detection of breast cancer at its early stage makes the treatments easy and increases the
survival rate of victim. In this review paper, a detailed explanation is given about the characteristics of micro calcification (ie its shape
and distribu-tion) and detailed literature survey is done that shows the techniques used previously to detect the Micro calcification from
different diag-nostic sources. Moreover, this review paper proposes a new algorithm, to detect micro calcification and to find its classifi-
cation (benign or malignant) from sono mammogram images at an early stage. First filtering will be taken place in order to enhance the
image. Second the image is to be binned and the affected area is to be separated (ROI) by edge detection. Then the size, shape, distribu-
tion and density of the ROI will be determined. From the characteristics of Rol, a mathematical model will be developed and signatures
to be found to confirm the occurrence of micro calcification and to find its classifications.
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Fig. 1: In Situ Cancer with Normal Cell. Fig. 3: Cervix Cancer Leading in 2008 Survey3.
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Among them the breast cancer is most common type of cancer
diagnosed in women. In economically developing countries, the
breast cancer is the one which causes more mortality in women.
Breast cancer will start in the cells of the breast. Then they invade
the neighboring tissues or metastasize to other areas of the body.
In 2008, about 1.38 million new cases of cancer have been diag-
nosed3. And out of which 23% are breast cancer as shown in Fig-
ure 3 . For a decade before cervical cancer was a deadly disease
but for the past few years this was changed and the breast cancer
leads the cervical cancer in a fasted manner. This was shown in
2012 report as in Figure 43. In 2015, about 2, 31,840 cases of
invasive breast cancer have been reported and 60,290 cases of
insitu breast cancer are diagnosed. The risk factors for the cause of
breast cancer are family history of breast cancer, early menstrua-
tion before age of 12, very late menopause after the age of 55,
alcohol habit, use of combined menopausal hormone like estrogen
and progestin, cigarette smoking, irradiation of breast region at the
early age, postmenopausal obesity etc 1.
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Fig. 4: Breast Cancer Leading in 2012 Survey3.

Types of Breast Cancer:

Insitu: [means “in place”]: Ductal carcinoma insitu [DCIS] is a
condition in which the abnormal cells replaces the normal cells of
the breast ducts and expand to the ducts and lobules. DCIS are
considered to a non-invasive form of breast cancer this is because
the abnormal cells will not grow beyond the layer of the cells of
the origin.

Lobular carcinoma insitu [LCIS], or also called as lobular neo-
plasia, refers to the cells which look like cancer cells growing
within the lobules of the breast. LCIS is much less common than
the DCIS.

Invasive: [Spreading]

Breast cancers are mostly invasive, or infiltrating. These invasive
cancers will break through the walls of the glands or ducts where
they have been originated and growing.

Invasive Ductal carcinoma [IDC] has hard tumor texture with
irregular shape or star-shape. There cell features also varies often.
Invasive Lobular carcinoma [ILC] having normal, slightly firm or
hard tumor texture. A cell often appears in single file order.
Diagonising Techniques:

Mammogram: A mammogram uses a machine to diagnose only
the breast tissue. It takes the x-rays at lower doses than usual x-
rays. Due to this the x-rays don’t go through the tissues of the
breast easily. So this gives a better image of the affected area. In
breast tomo synthesis or 3D mammogram the computer will put
the images together into a 3-dimensional image.

Breast ultrasound:[sonography]: It is imaging a technique that
sends high frequencies of sound waves and converts the echoes as
image. A gel is applied on the skin and the transducer is moved
across the skin. Then the echoes are converted into black and
white image. There is no radiation as in mammogram. It is better
than mammogram to see the changes of breast. It also helps to
differentiate between the solid masses and the fluid filled cysts.
The sono mammogram can be classified into mass and micro cal-

cification. Mass and micro calcification are further classified into
benign or malignant based on the characteristics and vulnerability.
In addition to mammogram and sonogram, the breast image may
be obtained by Computed Tomo graphy (CT) and Magnetic Reso-
nance Imaging(MRI) techniques 2.

Mass and Micro calcification:

Mass: Mass or tumor, may or may not have any calcification.
Masses are group of cells which is denser then the surrounding
cell. Masses can be any things which include cysts [fluid filled]
and non-cancerous solid tumors.

Micro calcification: They are tiny calcium deposits inside the
breast tissues. It looks like small white spots in the image as
shown in Figure 5. When more micro calcification is seen in an
area they are called as cluster which may indicate small cancer.
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Fig. 5: Micro Calcification Image.

This micro calcification is most common sign of ductal carcinoma
of in situ type. It is reported above 90% of the ductal carcinoma
insitu are associated with this micro calcification. Micro calcifica-
tion is associated with benign fibrocystic change or any change of
degeneration of breast such as old injuries, aging, Inflammation.
Tumors can be benign or malignant.

Benign tumor: They are slow in their growth. Benign don’t spread
to any other parts of the body. It is non-invasive in nature. Usually
oval or ellipsoid in shape.

Malignant tumor: Malignant are fast growing. It is invasive in
nature with infiltrate metastasize. There masses are hard, painless.
Irregular borders [3].

Shapes of Micro calcification:

It consist of round, linear, coarse, granular[fine], clustered.
Eggshell: These are thin, round, rim-like calcifications often seen
in the walls of cysts or in fat necrosis. This is shown in Figure 6.
Coarse and popcorn-like calcifications: These are calcifications
seen within degenerating fibro adenomas, as shown in Figure 7

Fig. 6: Egg Shell or Rim like Calcification.
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Fig. 7: Coarse and Popcorn-Like Calcification.

Distribution of Microcalcification:

Diffuse or scattered: multiple similar appearing clusters of calcifi-
cations throughout the whole breast.

Regional: scattered in a larger volume (> 2 cc) of breast tissue
Clustered : at least 5 calcifications occupy a small volume of tis-
sue

Linear: calcifications arrayed in a line, which suggests deposits in
a duct.

Segmental: calcium deposits in ducts and branches of a segment or
lobe.

The distribution of micro calcifications are shown below in the
Figure 8.
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Fig. 8: Distribution of Micro Calcification.

The works that has been done previously which is related to our
proposed work has been listed as follows.

The detection of micro calcification cluster has been done with
[2] methods. They are multi-branch standard deviation analysis
and with the texture-based analysis in breast tissue. Here they
have take image with size of 2510*2000 pixel and 10 bits for each
pixel. The result of this work is 70.8% accurate. In addition, they
have detected the individual micro calcification by surrounding
region dependence method [4].

A comparative study of surrounding region based on texture ana-
lyzes method to detect the micro calcification in breast image.
They have also followed another method like conventional texture
analysis method, spacial gray level dependence method, and gray
level dependence method. The regions of interest are extracted
from the textual feature method. Then the region of interest is
divided as positive region of interest and negative region of inter-
est. Positive region of interest contain micro calcification and the
negative region of interest contain normal tissues5.

The micro calcification analyses with two categories and the best
one is chosen by the multi variation cluster analysis of genetic
algorithm [GA]. The first category was the second order histogram
statistic features which representing the global texture and wavelet
decomposition features of the micro calcification. The second
category represent the first order gray-level histogram-based sta-

tistics which is to segment the micro calcification size, number,
distance features of the segmented cluster6.

The ultra-structural elemental micro analysis performed on breast
micro calcification confirmed the present of already-known types
of calcification, CO and HA. The micro calcification contain cal-
cium oxalate [CO] OF 81.1% and mg substituted hydroxyapatile,
[DAB] diaminobenzidine?.

A standard protocol is developed to acquire the breast thermal
image includes the design, construction and installation of me-
chanical apparatus. They have computed the breast temperature
for normal and micro calcification. Standardized breast image
thermal used in automated image processing8.

The filter design requires a largely depends on prior knowledge
with the types of noise in the image. Filters are average, order
statistics, Gaussian and wiener to reduce the noisy artifacts with
smoothing. The sharpening filters will make the image as non-
smooth and they also enhance the high frequencies. So a combina-
tion of these two filters is hebbian filter. They developed an algo-
rithm which will achieve the efficient learning from the neighbor
pixels9.

A thermo gram to create hot spot images. It is an accurate classi-
fied into malignant or non-malignant or benign or normal. Fea-
tures using the normalized bispectrum perform better for the be-
nign/normal classification. These classifications between benign
or normal cases, with 83% accuracy compared to 66% for the
original. Boundaries are extracted using canny edge detection and
elimination of inner edges. Breast images are the segmented using
fuzzy c-means clustering and the hottest regions are selected for
feature extraction10

In the multi-branch standard deviation analysis they have find a
correlation between the neighboring pixels and the local maxima.
They used Daubechie D4 wavelet transform to encode the poly-
nomial of two coefficients. Support vector machine used to obtain
maximum margin with optimal boundaries. There are two types of
margin. They are hard margin and soft margin. In this the support
vector machine is good to obtain the soft margin. The study was
about the detection of statistical based on maximum, mean, vari-
ance, coefficient of variation and the standard deviation [11]

The mid-fourier transform infrared [FTTR] spectroscope. The
content of carbonate of micro calcification was decrease when
progressing from benign to malignant. The correlation between
micro calcification chemical is P<0.001. The micro calcification
contains two types of chemical they are calcium oxalate and car-
bonate calcium hydroxyapatile. The mean value of invasive, insi-
tu, and benign of the calcification are 0.8278, 0.3717, 0.111412.
To enhance the image of low range without any undesired arti-
facts, a digital noval binning algorithm is used. A multiple pixel
values in the digital pixel binning can be accumulating without the
losing of spacital resolution. The intensity value is auto exposure
in the digital pixel binning. Noise-adaptive pixel binning can sup-
press the noise which was failed to do by context adaptive pixel
binning [13]

2. Materials and methods

This paper proposes a new automated algorithm to detect micro
calcification and its classification from sono mammogram images.
The flow for the proposed work is shown in the Figure 9.
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Fig. 9: Flow Chart for the Proposed Work.

Image Acquisition: The raw images were acquired from the clini-
cal center from the radiologist with the report of the doctor. These
images are processed in many steps to find the disorder or tumor
area. Micro calcification is basically a deposit of calcium. So in
the image, the lesion region will be viewed with varying intensity
than other region.

Image Enhancement: The filtering or enhancing is the process
which is used to extract information from the images. In this im-
age noise reduction techniques contain many filters to reduce the
noise of the image. The order statics minimum filter is used. These
filters are suitable for medical image because they preserve the

edges and the very fine details of the image then the conventional
filters.

If the order statistics vector is applied to a finite impulse filter, the
that becomes order statistics[OS] filter. The minimum filter selects
the smallest value within the pixel values. So first we have to find
the minimum value of the pixel in the image. It can be represented
as

F (xy)=min{g(s,)}

Binning of Image: The filtered image is divided into an n number
of blocks with x number of rows and y number of column in each
block. To obtain this the images are converted to matrix with the
command of mat and cell. Then display every block in the same
figure. Before that if the image is in rgb image means then it has
to be converted into gray-scale image.

Plotting 3D Graph: Graphs are unified representation for image
analysis and processing. Graph based methods is used to segment,
filter and to classify and cluster the image. The 3D graph is a pair
of G=(x,y,z), in which x stands for rows of the block, y stands for
column of the block, z stands for intensity of the cell. This graph
will fill in mesh with the facets. Surfl graph can produce realistic
appearance of surface in 3D.

Feature Extraction: The region of interest can be obtained by
many methods. Out of these we use edge detection by sobel meth-
od. The edges are usually occurring on the boundary of two re-
gions. Processing of edges in an image to be used as a fundamen-
tal asset in image analysis. By the edge detection the objects
boundaries, segments can be recognized.

Table 1: Comparison of Proposed Method and Previous Methods

Steps in proposed Technique used in pro-

SI.No Algorithm posed algorithm Techniques used in Literature Survey Inferences in Literature Survey
1) Adaptive median filter 1) Speckle noise reduced.
2) Local adaptive operators in- 2) Increase contrast
tegrated in the wavelet domain 3) Gray scale is increased
1 Image enhancement Order static filter 3) Wavelet decomposition and 4) Matches the human vision sys-
reconstruction tem better
4) Contrast measure 5) Image  enhancement  after
5) Wavelet domain compressing the JPEG 2000
D usedian alii] - el 1) Preliminary lesion boundary.
and region growth. - . .
2) Automatic and semi-automatic
2) Fussy models .
; detection.
; S 3) Decomposed in to sub band A . .
. Block processing[binning, A 3) Classification of micro calcifi-
2 Image segmentation graph] and reconstruction cation
4) Conyasion OF R IORRES Segmentation of distinct struc-
at multiple threshold levels.
: ture.
5) Ranking system based on fea- . . .
tures 5) Increase signal to noise ratio
1) Region of interest.
1) Seed point selection. 2) Intensity as discriminating fea-
2) Crisp-K-nearest neighbor ture.
3 Feature extraction No of high peaks 3) Filter bank implementation 3) Detection of optimized details
without down sampling. in sub bands
4) Pre whitening matched filter. 4) Detection of micro calcifica-
tion.
. - 1) Model of breast deformation.
g ';/ﬁ::{ll Ir_éggi'trt?cl)is;cgltheory. 2) Capture the statistic structures
Mathematical model ~ Gaussian model based on A 9 of smooth and singular region.
4 . h - 3) Hidden markov tree .
and signature intensity A T - 3) Texture and edge region are
4) Featuring linear time compu- captured
tation and processing algorithm 4 Reduce Bayesian inference.

3. Conclusion

As per the proposed flow chart, first the image is to be enhanced
by using an order statistic filter, and then the filtered image is to
be binned. Then the 3D graph for each bin is to be plotted by con-
sidering row ,column and intensity of each pixel in the bin as axis
parameter( x,y and z axis). To find Region of interest (Rol) the

number of peaks in each 3D graph will be calculated. The block or
combination of blocks which is having maximum peaks is to be
considered as Rol.

This paper proposed a new automated algorithm to detect the ex-
act location of micro calcification (Rol) in sono mammogram
images. From extracted Rol, the characteristics of microcalcifica-
tion are to be found and using the characteristics the occurrence of
early breast cancer will be identified. By developing a mathemati-
cal model of Rol, the signatures of micro calcification will be
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found. By comparing the characteristics and signatures, it will be
easy to find the classification of micro calcification. Since the
flow of proposed algorithm involves both the calculation of char-
acteristics of micro calcification and signature calculation definite-
ly will give better result than previous techniques.
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