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Abstract

This paper presents an automated method for segmentation of the
breast in mammography images. To do this, we used the images ob-
tained from the database digital mini-MIAS database [1]. The segmen-
tation was carried out by methods in the spatial domain of the image
and filters by using the histogram.
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1 Introduction

The extraction of various entities that make up an image, is a fundamental task
in image processing. This process, called segmentation, is frequently required
in all systems that handle artificial vision, and depending of the problem to
be solved, different methodologies have been developed to attack each of these
problems. In general, image segmentation is the process of isolating of the ob-
jects that composing an image, that is, the partition image in disjoint regions,
so that each region is homogeneous with respect to certain properties such as
gray levels, contrast, texture, etc. [2, 3, 4].

The medical image segmentation serves as an important tool for assessment
and clinical diagnosis [5, 6]. The results are useful to physicians to recognize
correctly organs and tissues, thus increasing the efficiency of diagnosis and
reducing the workload in medical image analysis. However, the segmentation
of medical images is particularly difficult due to the restrictions imposed by
image acquisition, pathology and biological variations [7, 8, 9].

This paper presents a methodology applied to a problem of medical image seg-
mentation, specifically addresses the problem of segmentation of the breast in
mammography images. The Mammography Image Analysis Society (MIAS),
is a research organization in the UK interested in understanding mammogra-
phy, and therefore have produced a database of digital mammography images
and made available for the development of scientific research in this area [1].
The database consists of 322 images of mammograms performed at different
women. Each mammogram is composed of the breast and pectoral muscle
section, and in some images, it shows a label at the top, corresponding to the
medical records held.
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Figure 1: Digital Image.

2 Basic concepts

2.1 Digital Image

A digital image is a two-dimensional function f(x, y) f the light intensity
(brightness) at a point in the space, where (x, y) are coordinates of that point
considering the origin at the top left of image [10]. Since a digital image is a
function f(x, y) discretized in both spatial coordinates and in brightness, often
commonly represented as a two dimensional matrix Fij = (fij)H×W , where H
and W represent the image size (H and W referring to height and width of
the image respectively) with fij = f(xi, xj) (figure 1).

2.2 Histogram of Image

The histogram of a digital image with gray levels in the range [0, 255] is a
discrete function Histo[k] it represents the number of colors for each gray
level (k = 0, . . . , 255). The graphical representation of this function for all
values of k provides a global description of the appearance of the image [10].
Although the histogram does not indicate anything specific about the content
of the image, provides useful information about the opportunity to emphasize
features of interest in the same.

2.3 Segmentation

An image segmentation consists of extracting properties or common charac-
teristics of a region of interest. The histogram segmentation reported in this
work consist to retain those pixels that are in a certain environment gray lev-
els histogram to find and extract the pectoral muscle, and subsequently the
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breast.

2.4 Greater Function Integer

It’s f : R → Z defined as f(x) = n, with n ≤ x < n + 1. The function
f is called Greater function integer less than or equal to x, and is denoted
f(x) = [x].

2.5 Standard Deviation

Given the histogram of an image, the variance is given by [11]:

σ2 =

∑255
i=0((i− µ)2 ×H[i])∑255

j=0H[j]
(1)

where µ =
∑255

i=0(i×H[i])∑255
j=0 H[j]

is average. Standard deviation is defined as the square

root of the variance.

3 Proposed Model

The breast segmentation process is based in applied methods to the spatial
domain by using filters which consist of the detection of certain pixels which
are at a determined threshold from the image histogram. The first step is to
segment the pectoral muscle; this is described in steps 1 to 4, then describes
the segmentation process of the breast.

Step 1: It is noted that in each of the mammograms, the pectoral muscle
intersects with the graph of the line L1 = {(30, y) : y = 1, . . . ,W}. Given an
image considering the function z = f(30, y) shown on the graph corresponding
to the gray level for the points located on the line L1. Figure 2 shows the
graph of the line L1 and the graph of the function z = f(30, y) applied to 5
mammography samples respectively.

Step 2: Given the function z = f(30, y), the first derivative is calculated with
the aim of detecting the edges of the image located on the line L1. The edges
detecting correspond to the pectoral muscle and label (if fitted) on the line L1.
Figures a-e.4) show the graphs of Figures a-e.3) and its derivatives so dotted
respectively. At those points where the light intensity change is dramatic cor-
respond to the location of the pectoral muscle and tags present in this case, we
observe that |f ′(30, y)| > 100. Consider the set M = {y : |f ′(30, y)| > 100}.
In the case of figures b.4) and c.4) the cardinality of M is one, this is true in
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Figure 2: Figures a-e.1) show five mammograms examples of bank mini-MIAS
images, figures a-e.2) show the graphs of the line L1 on mammograms, and
figures a-e.3) show the graphs function z = f(30, y) respectively.
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Figure 3: Shows the absolute maximum of the function z = f(30, y) and the
location of the point corresponding to the pectoral muscle. In a.4) the location
of the pectoral muscle is in y2 on the right, in d.4 is in y4 on the left, and in
e.4 is in y2 on the left.

situations where the graph of the line L1 cut only the pectoral muscle, and
therefore, the change of light intensity occurs when is found the position of
the pectoral muscle. Moreover, in the figures, 4), d.4) and e.4) we have that
the cardinality of M is greater than one; this is true in situations where the
line L1 cut the pectoral muscle and a label. In situations where the cardinality
of M is one, the value y1 of M gives us the precise location of the pectoral
muscle, however, where the cardinality of M is greater than one; you have to
specify which value corresponds to the position of the pectoral muscle. When
the cardinality of M is greater than one, there is the graph reaches a maxi-
mum absolute value at the points corresponding to the label, thus, to place the
element M corresponding to the pectoral muscle, m is calculated in the point
that the function z = f(30, y) reaches its absolute maximum, and calculated
the maximum element maxPm of the set Pm = {di = |m − yi| : yi ∈ M},
this value maxPm corresponds farthest point from the absolute maximum that
belongs to M , then the element yi of M corresponding to the pectoral muscle
is one that meets |m − yi| = maxPm . Figure 3 shows the absolute maximum
of the figures, a.4), d.4) and e.4), and ranks the value of M corresponding to
the location of the pectoral muscle.
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Step 3: Consider the point yi of M corresponding to the pectoral muscle.
Is mi = [f(30, yi)/2] with [x] the greatest integer function less or equal to x.
Function z = f(30, y) is a function that is not injective, and therefore there
may be different values yk such that f(30, yk) = mi. Is y the value closest to
yi such that f(30, y) = mi. Figure 4 shows the value of y near to yi for the
figures, a.5) and b.5). It cuts the mammogram image from y to yi, or from yi
to y depending if y < yi or y > yi respectively. Figure 4 shows the cropped
images of Figure a.1) and b.1).

Figure 4: Shows the process to cut the area where is localized the pectoral
muscle of mammograms a.1) and b.1) respectively.

Step 4: On the histogram of the cropped image, the result of step 3, val-
ues are filtered from f(30, yi) − σ to f(30, yi) + σ where σ is the standard
deviation. Given the cropped image, histogram is binarized by the following
way:

bin(x, y) =

{
255 si f(30, yi)− σ < f(x, y) < f(30, yi) + σ
0 otherwise

binarized image, component connected is extracted of larger area and thus
segmentation pectoral muscle is obtained. Figure 5 shows the removal of the
pectoral muscle by histogram thresholding by Figures a.1) and b.1).
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Figure 5: Shows the process of elimination pectoral muscle mammograms of
the figures a.1) and b.1.

Step 5: Once removed the pectoral muscle, is extracted from the image his-
togram. Figure a.14) and b.14) show the histogram of mammograms of the
figures a.13) and b.13) respectively. The obtained images in step 4 are images
in which the breast is localized and sometimes a blank label, however it is
noted that the area with the largest area is occupied by black pixels, this is re-
flected in the histogram of the image where the absolute maximum is obtained
at x = 0. After the black pixels zone, the zone with the largest area is the zone
occupies the breast, then to locate the zone in the histogram corresponding
to the breast, is sought relative maximum max that is between x = 50 and
x = 255. After finding the relative maximum, relative minimum min is sought
between x = 0 and x = max. Image is binarized as follows:

bin(x, y) =

{
255 if f(x, y) < min
0 otherwise

A resulting image is extracted connected component of the largest area and
thereby the breast is segmented mammography. Figure 6 shows the process of
segmentation of the breast after removal of the pectoral muscle.
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Figure 6: Shows the process of segmentation of the breast after removal of the
pectoral muscle of the mammograms in figures a.1) and b.1).

4 Experiments and Results

This study makes use of images obtained from the database mini-MIAS. The
bank consists of 322 digital mammography images, which were carefully se-
lected from X-ray film and scanned with a exploration densitometer Joyce-
Lobel with 50m × 50m, 8 bits to represent each pixel. Each image was reduced
and cut out, and finally the sample database shows image size 1024 × 1024
[12]. Each image is the result of a digital mammography applied to women.
The images are classified into normal or abnormal (depending on the presence
of a tumor), in turn, the abnormal classification is classified in benign and
malignant. There is also another classification, given the density of breast tis-
sue, this can be: fatty, fatty-glandular or dense-glandular. Figure 7, from (a)
to (e) show five examples of mammograms repertoire of mini- MIAS images,
and from (f) through (j) shows the segmentation of the breast respectively and
independently if in mammography appears a section label or not.

5 Conclusions

In this paper we present an automated method for segmentation of the breast
in mammography images. First is segmented pectoral muscle and then the
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Figure 7: (a)-(e) Original images database bank mini-MIAS. (f) - (j) segmented
images corresponding to (a) - (e).

breast of each mammogram using methods in the spatial domain of the image
using the histogram thresholding. This work may serve as a basis for those
research works that drive artificial vision, and make use of the database mini-
MIAS.
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