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Abstract

Mammography is the best method for early mass
detection. In order to limit the search for abnormalities by
Computer Aided Diagnosis systems to the region of the
breast without undue influence from the background of the
mammogram, extraction of the breast contour and
pectoral muscle is necessary. Breast contour helps to find
the position of the nipple, which its position is important

for mass detection in the next stages and presence of

pectoral muscle in the mammogram could bias the
detection procedures. So during analysis, the pectoral
muscle should preferably be excluded from processing. In
this paper we propose one low-pass mask for detecting

breast contour and a new method for the identification of

the pectoral muscle in most medio-lateral oblique
mammograms based on Non-Linear Diffusion algorithm
which is an edge preserving smoother. Evaluation of the
breast contour and pectoral muscle detected in the
mammograms were performed by the Hausdorff Distance
Measure (HDM) and also the Mean of Absolute Error
Distance Measure (MAEDM) based on a distance
transform and image algebra between the edges identified
by radiologists and by the proposed methods. Then we
compare our results by other segmentation methods. Our
proposed algorithms show superior results in comparison.

1 Introduction

Mammography is the most widely used method to
screen asymptomatic women for early detection of breast
cancer. The large number of mammograms generated by
screening of population must be interpreted and diagnosed
by relatively few radiologists [1]. In order to improve the
accuracy of interpretation, a variety of computer-aided
diagnosis (CAD) systems have been proposed [2].

Interpretation of breast images involves two major
processes: Computer-Aided Detection (CADe) and
Computer-Aided Diagnosis (CADi). Detection is the
ability to identify potential abnormalities and classifying
regions of a mammogram as positive or negative.
Diagnosis is the ability to characterize or classify a
detected abnormal entity as being either benign or
malignant. However, long before CADe algorithms can
perform their task of identifying, pre-processing steps
must be taken. These include: mammogram orientation,
label and artifact removal, mammogram enhancement and
mammogram segmentation [3].

Generally, segmentation in digital mammogram
includes two stages: breast contour identification and
pectoral muscle segmentation [3].

The pectoral muscle represents a predominant density
region in most medio-lateral oblique (MLO) views of
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mammograms, and can affect the results of image
processing [4].

In this work, we propose two preprocessing algorithms,
one for the breast contour extraction and the other for
pectoral muscle segmentation.

The organization of the paper is as follows: In section 2
proposed algorithm for extraction of breast contour is
described. In section 3 Non-Linear Diffusion method is
introduced. Section 4 presents the proposed algorithm for
pectoral muscle segmentation. Section 5 discuses
experimental results and conclusions.

2 Algorithm for extracting the breast
contour

The block diagram for extracting breast contour
algorithm is shown in Figure 1. Here a short description of
each block is given.

| Original Mammogram |

v

| Histogram Equalization |

v
| Convolve with Mask |

v

Thresholding, Labeling and Selecting the Largest Region
v
| Modify Top of the Contour |

v

| Extracting Breast Contour |

Figure 1.
extraction

Block diagram of breast contour

2.1 Histogram equalization

Because this algorithm should operate similarly on
different mammograms, it is recommended to normalize
images before any processing. For having this, at the
beginning of the algorithm histogram equalization is used.

2.2 Convolve with mask

In this stage we propose the below mask for convolving
with the image.

00000 (1)
01110

MASK={01 1 10
01110
00000

This mask is acting like an integrator so it is a low-pass
filter. It goes without saying that the size of the mask is



dependent on the resolution of the image. In Figure 2
Fourier Transform of one mammogram and the proposed
mask is shown.

a b ¢
Figure 2:(a) Mammogram mdb004 from MIAS, (b)
Fourier-Transform of the mammogram, (c)
Fourier-Transform of the proposed mask

Because of that boundary of the breast is related to low
frequency, breast contour can be extracted by thresholding
the image which is resulted from convolving the
mammogram with the mask.

2.3 Thresholding and labeling

One suitable threshold for the image can be achieved
from the knee of the cumulative histogram. After having
binary image, some morphologic operations such as
closing and opening are used to remove small noises.
Larger noises are removed by labeling algorithm. The
breast region is subsequently identified as the largest non-
zero component.

2.4 Modifying ends of breast border

Usually, contrast between breast region and the
background in the top of the image is very low, which
leads to inaccuracy border detection. To fix this problem
we have added additional post-processing stage. Figure
3(a) shows only top part of a mammogram which its
detected border usually is very erroneous. Figure 3(b)
shows intensity of one row of image 3(a). Experimentally
we observed that the real border is located at the main
valley of the curve. This point has been circled in the
Figure 3(b). To detect this point we have designed the
following mask.
Mask=[1111110000000000-2-2-20000000
0000 0] 2)

This mask is convolved with the top of the
mammogram (see Figure 3(c)). Figure 3(d) shows
intensity of one row of figure 3(c). By scanning figure
3(d) from left to right, the first nonzero pixel corresponds
to the real border (Figure 3(e)). Candidate points finally
are fitted by a robust polynomial. The output is shown in
Figure 3 (f). This post-processing stage can be used for the
bottom part of the image as well.

3 Non-Linear Diffusion

One of the most important problems in image
processing is denoising. Usually the procedure used for
denoising, is dependent on the features of the image, aim
of processing and also post-processing algorithms [5].

Denoising by low-pass filtering not only reduces the
noise but also blurs the edges. On the contrary non-linear
diffusion is smoother which is edge preserving [6].

The non-linear diffusion is based on an analogy of
physical diffusion processes, like the temperature
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diffusion on a metal bar, or the diffusion between two
fluids put together. These physical diffusion processes are
modeled by the following differential equation [7]:

a b
- -
f

g
Figure 3. (a) Image of top of the mdb018; (b)
values of row 77; (c) convolved image ‘a’ and
proposed mask; (d) values of row 77 of
image ‘c’; (e) border extracted; (f) polynomial
fitted curve (smooth border)
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where U is the concentration (temperature), constant
D is the diffusivity (a conductance), V. is divergence
operator and V is gradient operator. Accordingly
concentration variation will be faster where the
concentration gradient is higher [7].

Relation (3) is linear and the procedure of diffusing acts
on noise and edges at the same time. Thus using a linear
diffusion would quickly destroy the borders [8].

To overcome this problem, non-linear diffusion is
introduced. The nonlinear diffusion makes the diffusivity
parameter, ID , no longer a constant value, but instead the
diffusivity becomes a function of the concentration

gradient which decreases for higher gradients as
following:
oU(x,t
g") = V.(D(x,£)VU(x,1)) @
t

This new formulation allows performing an image
denoising while preserving the borders.

4 Algorithm for extracting pectoral muscle

In this section the overall method used for pectoral
muscle detection is proposed. The flowchart of this
method is shown in Figure 4. Here a short description of
each block is given.

4.1 Definition of ROI

In order to define an appropriate region of interest
(ROI) containing the pectoral muscle, after obtaining



breast border approximately, five control points are
defined. These control points, N/ to N5, which are used to
define ROI are shown in Figure 5.

U=ROI;t=0; y(t)=U; Iteration=30;
v

Iteration of Non-Linear Diffusion

Convolve y(t) with Gaussian Filter
y(t)=conv2(y(t),gauss)

v
Calculate Gradient g=gradient(y(t));
v

Diffusion Function
d(g)=1-exp(-Cm/(g/k)"m)

A

dy/dt=div(d(g).g);
y(t+1)=y(t)+200*dy/dt; t=t+1

< t<Iteration

S

| Thresholding Image |

2

| Final Contour |

Figure 4: Flow chart of the procedure for
identification of the pectoral muscle

]

Figure 5: Approximate breast border and control
points, N/ to N5 used to limit the region of interest
(rectangle marked) for the detection of the pectoral
muscle

NI: top-left corner pixel of the breast contour.

N2: top-right corner pixel of the breast contour.

N5: lowest pixel on the left edge of the boundary

N3: mid-point between N/ and NJ;

N4: the point that completes a rectangle with N/,
N2, and N3

4.2 Non-Linear Diffusion

The diffusivity function, D(x,?), that is used in this
paper is given by:
C, )
( VU (X, t) )m
A
The constant C, is selected to make the flux,
VU (x,t)* D(x,t), ascending for VU (x,t) < A and
descending for VU (x,f) > A, as can be seen in Figure
6.

A is a contrast parameter (if the gradient is inferior to
A, the flux is increasing with the gradient and if the

D(x,1)=1-exp(- )

gradient is larger then A, the flux is decreasing as the
gradient grows).

Figure 6: Flux VU (x,¢)* D(x,t) for equation 5

m defines the speed of the diffusivity (and the flux)
changes for a variation in the gradient. Big values of m
make the flux change quickly [7].

In Non-Linear Diffusion block before calculating
gradient of image, it is denoised with Gaussian filter to
smooth partially the abrupt changes of pectoral muscle.

Implementing this algorithm for large number of
mammogram shows that suitable A and m for better
enhancing of the region which contains pectoral muscle is
3 and 100 respectively.

4.3 Thresholding Image

As it can be seen in figure 7(f), pectoral muscle region
can be extracted by thresholding. The threshold is selected
as average intensity of the up-left pixels in the image.

d e f
Figure 7: Results of iteration of non-linear
diffusion for the detection of the pectoral muscle on
ROI for mdb012 from MIAS

S Experimental Results and Conclusions

The proposed methods are applied to 90 mammograms
from Mammography Image Analysis Society (MIAS)
database [9]. Figure 8(a) shows the original mammogram
mdb028 and Figure 8(b) the convolved image. Figure 8(c)
shows the binary image. As it can be seen, border in the
top of the image has not been detected properly. Figure
8(d) shows the output image after amending the top of the
image by the final post-processing stage.

2] ]

Figure 8. Mammogram segmentation results for
MIAS image mdb028. (a) Original mammogram,;
(b) Convolved image; (c) Binary image; (d) Final
contour after modifying top of the Image.




We compare our results by hand drawn border lines
which are recognized by two expert radiologists.

Evaluation of the breast contour detected in the
mammograms was performed by the Hausdorff Distance
Measure (HDM) [10] and also the Mean of Absolute Error
Distance Measure (MAEDM) based on a distance
transform and image algebra between the edges identified
by radiologists and by the proposed method.

The comparison of error between our method and
Ferrari’s method [11] (based on active contour) and
Wirth’s method [12] (based on polynomial modeling of
the background) is shown in Figure 9. As it can be seen
our method outperforms two other methods.

Active Contour

Polynomial Model Using Mask

Polyncmlal Hedelrg

Ache Conior Usirg Matk

b
a
Figure 9. A comparison of error between our method

and other methods for 20 mammograms: (a) By
HDM, (b) By MAEDM

For evaluating proposed pectoral muscle segmentation
method, we compare our results by two other pectoral
muscle segmentation methods which are proposed by
Karssemeijer et al. [13] and Ferrari et al. [14]. The first
one is based on Hough-Transform and the second one is
based on Gabor-Filters.

Figure 10 shows the comparison of error between our
method, Hough-Transform method and Gabor-Filter
method for 20 mammograms with HDM and MAEDM
respectively. As it can be seen, our method outperforms
both of them.

b
Figurel0: Evaluated methods: (a) HDM, (b) MAEDM
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