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Abstract: Digital mammography is used more and more
each day in comparison with screen film mammography
(SFM). Main advantage of digital mammography for
image processing is the use of images with few or no
artifacts that can occur on SFM images. Finding breast
border contour is therefore easier and gives more precise
results. On the other hand, detection of pectoral muscle
and breast abnormalities has almost the same results in
both cases. The presence of pectoral muscle can affect
results of lesion detection algorithms so it is
recommended to have it removed from the image.
Detection and segmentation of pectoral muscle can also
help in image registration for further analysis of breast
abnormalities such as bilateral asymmetry. Algorithm
presented in this paper uses hybrid method for the
pectoral muscle detection. Proposed method uses bit
depth reduction and wavelet decomposition for finding
pectoral muscle border. Algorithm has been tested on
the set of 40 digital mammography images.
Index Terms: Digital Mammography, Breast Border,
Pectoral Muscle, Segmentation, Wavelet Transform.

I. INTRODUCTION
In the preprocessing step of any algorithm for
automatic mammography image analysis the breast is
segmented in order to limit the search for
abnormalities without undue influence from
background of the mammogram. This step is needed
to be done only on digitized SFM images because
digital mammography devices perform this step
automatically during the image storing process. Breast
segmentation consists of breast border contour
extraction, pectoral muscle extraction and nipple
identification.
On images obtained directly from the digital
mammography devices segmentation process is much
easier. Previous work from many authors used
mammography image databases, especially MIAS [1]
and DDSM [2], both comprised of scanned and
digitized SFM images. First methods for breast border
contour detection were manual [3] and semiautomatic
[4]. In the manual methods segmentation is done by a
selecting device, like computer mouse, so those
methods probably can not be treated as something that
is considered to be segmentation today. Among fully
automatic methods, gray level thresholding or
histogram based methods are dominant [5-8]. Some
different approaches like Polynomial modeling [9],
Active contours [10, 11], Classifiers and Wavelet
decomposition [12] based methods have also been
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presented. In the paper, where dyadic wavelet
decomposition is used [12], importance of
decomposition level selection is stressed out. Level
selection depends mostly on shape and contours of an
object that is to be detected. Another important issue
is to choose the object that is going to be detected, the
larger object like pectoral muscle or something rather
small, like microcalcifications. For larger objects
approximation images from dyadic wavelet
decomposition are observed and for smaller objects
detail images are observed. The higher decomposition
level approximation images are chosen for detection
of larger objects because they have ability to detect
smoother curves. In detection of lesions a fourth level
decomposition proved to be the best choice because it
preserves enough details and at the same time gives
enough blurred image, so "roughness" of the image is
suppressed [12].
The pectoral muscle represents a predominant
density region in most mediolateral oblique (MLO)
views of mammograms and can affect the results of
image processing methods [13]. Pectoral muscle
appears at approximately the same density as the
dense tissues of interest in the image. Therefore,
segmentation of pectoral muscle is important in order
to limit the search for the breast abnormalities only to
the breast "soft tissue" region. For detection and
segmentation of pectoral muscle many different
approaches have been used. Karssemeijer [14] used
the Hough transform and a set of threshold values
applied to the accumulator cells in order to detect the
pectoral muscle. This method assumes that the edge
of the pectoral muscle is approximately a straight line
oriented in a certain direction. To ensure that the
correct peak is selected in the Hough space, gradient
magnitude and orientation, length of projected line
and corresponding pectoral area were taken into
account. Ferrari et al. [10] presented a technique to
detect the pectoral muscle also based upon the Hough
transform, which was a modification of the method
proposed by Karssemeijer [14]. The difference from
the Karssemeijer's method is the use of geometric and
anatomical constraints in order to reduce the number
of unlikely pectoral lines instead of using threshold
value. In their later work, Ferrari et al. [15] presented
a technique based upon the Gabor wavelet filter bank.
This method overcomes the limitations of a
straight-line representation of the pectoral muscle.
The method starts by convolving a group of Gabor
filters, specially designed for enhancing the pectoral
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muscle edge, with the region of interest containing the
pectoral muscle. Wavelet filters used to detect pectoral
muscle are chosen by knowing the approximate angle
of the muscle. Finally, a post-processing stage is used
to find the true pectoral muscle edge by selecting only
valid lines that are pectoral muscle boundary. In order
to segment the pectoral muscle region Aylward et al.
[16] used gradient magnitude ridge traversal algorithm
at a small scale and at multiple initial points. They
resolved the resulting multiple edge definitions via a
voting scheme. Raba et al. [8] presented an automated
technique for segmenting a digital mammogram into
breast region and background with pectoral muscle
suppression. They used region growing intensity
threshold estimation to locate the pectoral muscle.
Mirzaalian et al. [17] presented an approach for
pectoral muscle segmentation based on nonlinear
diffusion algorithm. Kwok et al. [18] proposed
adaptive algorithm that uses knowledge about the
position and shape of the pectoral muscle on
mediolateral oblique views. The pectoral edge is first
estimated by a straight line which is validated for
correctness of location and orientation. This estimate
is then refined using iterative "cliff detection" to
delineate the pectoral margin more accurately. Finally,
an enclosed region that represents the pectoral muscle
is generated as a segmentation mask.
This paper presents a method for breast skin-air
boundary and pectoral muscle detection on digital
mammography images. Breast skin-air interface is
determined by finding the breast border contour. The
border contour is found by a simplified region
growing algorithm which can be used because of very
good quality images. For pectoral muscle detection a
hybrid method is proposed. This method uses
reduction in image bit depth to obtain more contrast in
the image for easier edge detection. For the process of
edge detection, approximation images of the fourth
level dyadic wavelet decomposition are being used.
After edge detection that uses the Sobel filter a
smoothened curve is drawn to segment the pectoral
muscle area. In this way, segmented pectoral muscle
can easily be removed or its coordinates can be used
for image registration process. Test set of images is
obtained from digital mammography device. The
images are stored in compliance with the Dicom
standard in TIFF image format.
The rest of the paper is organized as follows: in
Section II breast segmentation technique is described.
In Section III algorithm for pectoral muscle detection
is explained. In Section IV experimental results are
presented. Section V draws the conclusion.
II. BREAST SEGMENTATION
Process of breast segmentation is the first step in
mammography image analysis. It is important to find
the skin-air interface, or the breast contour, and define
the region of interest (ROI) for further analysis. Breast
contour extraction is somewhat easier on higher

quality digital mammography images than on
digitized screen film mammography images. The
reason for that is the absence of objects outside of the
breast border and preprocessing that has been done by
the mammography device. Digital mammography
images are mostly stored in compliance with the
Dicom standard. That means that each image contains
a header with information about patient, procedure
and many technical details concerning imaging
device and operating conditions. In Dicom header it
is possible to find the information such as view
position of the breast and laterality to determine
whether the image of the left or the right breast is
viewed. That helps in finding proper coordinates of
the starting point for finding breast border. Our
algorithm for finding breast border contour proposed
in this paper is described by the flowchart shown in
Fig. 1.
Orientation
detection

Finding maximal
horizontal distance
from the edge

Finding maximal
vertical distance
from the edge

Finding intersection
point (x0,y0)

Scanning the region
in four directions to
get the breast contour
Fig. 1 – Breast border contour algorithm flowchart

In the first step it is important to determine
intensity value of the background to be able to find
pixels that create the border line. The first objective
in segmentation process is to determine the breast
orientation, if that information is not possible to
obtain from header of the image. Orientation is found
by scanning the centre horizontal line of the image
from the left and right side until pixel values are
higher than the background and determining which of
these two distances is shorter. After the orientation is
known, the centre of the breast must be found. Centre
of the breast is determined by the point of intersection
of two perpendicular straight lines, one horizontal and
one vertical. These lines are determined in a way that
each line is positioned at the coordinate where
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maximal distance of breast tissue from the image edge
is found, as shown in Fig. 2. The found coordinate is
named (x0,y0).

Region detection

y

(1,1)

Converting a 12-bit image
to a 3-bit image

Wavelet decomposition
(4th level)

(x0,y0)

Edge detection using
Sobel filter

x
Fig. 2 – Example of breast centre detection

The breast centre has been taken as the starting
point for a simple region growing algorithm. The
reason for making a simpler algorithm is rather large
size of each image (4084×3328) because of which
standard region growing algorithm takes too much
calculation time. This method works, as expected,
very well on digital mammography images. It gives
100% success ratio on our set of 40 digital
mammography images, from 20 different patients.

Averaging edge line and
removing edges from inside
of muscle area
Fig. 3 – Flowchart of pectoral muscle detection algorithm

A

B

C

D

III. PECTORAL MUSCLE
Pectoral muscle detection is one more challenging
task in the breast segmentation process. Reason for
detecting pectoral muscle is to remove it or to find
some key-points in mammography image so it can be
registered afterwards. Registration can help in some
auto detect procedures such as finding bilateral
asymmetry. The algorithm for pectoral muscle
segmentation proposed in this paper consists of few
steps as shown in Fig. 3.
Technique for segmenting pectoral muscle
presented in this paper uses wavelet decomposition,
image blurring and edge detection using the Sobel
filter. To detect pectoral muscle it is necessary to
know the breast orientation. If the breast orientation is
known, it is easy to select the region on which
segmentation technique will be applied. Segmentation
starts by automatically selecting the desired region.
The region of interest containing pectoral muscle is
determined by three points. For example, if the image
shows MLO view of the right breast, the first point A
is top left corner of the image with coordinates (1,1).
The second point B is determined by the contour of
skin-air interface and the third point C is chosen to be
approximately at half of image height while satisfying
the condition that xC equals to the power of two (2n).
This condition is helpful when using wavelet
decomposition, because it is important that image
height is multiple of 2n for proper use of wavelet
decomposition. By those three points a rectangle is
determined as shown in Fig. 4.
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Fig. 4 – Rectangle with the pectoral muscle

After determining the region where pectoral
muscle should be detected, the image of the region is
supplemented with zeros to get the image with size
2n×2n as shown in Fig. 5.

Fig. 5 – Pectoral muscle region image supplemented with
zeros to get the image with size 2n×2n

On a new 3-bit image a dyadic wavelet
decomposition of fourth level is being done using
algorithm described in [20]. Approximation image of
the fourth level wavelet decomposition gives the best
results for detecting larger structures, such as pectoral
muscle. Fig. 8 shows example of the third level
dyadic wavelet decomposition, where HP are high
pass components (detail images) and LP are low pass
components (approximation images).

count

Before proceeding with wavelet decomposition,
image intensity levels are grouped into 8 bins as
shown in Fig. 6. This gives a 3-bit image from a
12-bit start image. Reduction in bit depth helps in
better defining pectoral muscle region. That is
possible because muscle tissue is mostly uniform
density. Since original image is in TIFF image format
with 12 allocated bits and information in these images
is not contained in all 12 bits, it is necessary to make
"windowing" of amplitudes that contain information.
This has been done using the algorithm for displaying
mammography images correctly as described in [19].

count

amplitude

Fig. 8 – Example of the third level dyadic wavelet
decomposition

amplitude
Fig. 6 – Grouping amplitude ranges into discrete amplitudes

The fourth level decomposition gives the best
results because it preserves enough "rough" details
while at the same time does a very good job in
removing fine details like noise and granulation. Use
of different wavelet filter banks gives different
results. In this paper, a reverse biorthogonal spline
wavelet filter has been used, Fig. 9.

Grouping intensity levels to a few bins is a way of
contrast enhancement and results are visible when
comparing images shown in Fig. 7.
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Fig. 7 – The same image before and after converting
amplitude range to 8 discrete amplitudes

Fig. 9 – Reverse biorthogonal spline wavelet filter:
(a) decomposition lowpass filter, (b) decomposition
highpass filter
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The approximation image is then interpolated
using wavelet based interpolation technique [21] to get
the image that is the same size and brightness as the
original decomposed image. Fig. 10 shows the original
and the decomposed image after interpolation.
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Fig. 11 – Sobel gradient matrices for edge detection in
vertical (gx) and horizontal (gy) direction

Another smoothing is required to get cleaner
boundary after the edge detection. Edges that were
detected by the Sobel filter inside the pectoral muscle
region are removed by approximating muscle
boundary with a straight line (3) that connects upper
right corner and lower left corner of muscle region in
the case of the right breast image:
y − y1
y = y1 + 2
(x − x1 ) ,
x 2 − x1

(3)

where xi and yi are coordinates of points that create a
straight line.
Fig. 10 – Original image and interpolated approximation
image after the fourth level wavelet decomposition

Since the interpolated image is also granulated, a
blurring filter is used to get smoother edges before
thresholding and edge detection. For blurring an
averaging square filter of size 40×40 pixels has been
chosen, where each cell (αi,j) is defined by (1).

(α i, j ) = n1⋅ n ,

(1)

where n is matrix height and width.
Thresholding of the blurred image gives better
results because gray amplitudes are more evenly
spread, giving a straighter line, more similar to the
muscle boundary. After thresholding, gradient filtering
(2) using the Sobel filter with matrix size 3×3 shown
in Fig. 11 is used to detect muscle edges:
⎡ ∂f ⎤
⎡ g x ⎤ ⎢ ∂x ⎥
∇f = grad ( f ) ≡ ⎢ ⎥ = ⎢ ⎥ ,
⎣⎢ g y ⎦⎥ ⎢ ∂f ⎥
⎢ ∂y ⎥
⎣ ⎦

(2)

where f is image gradient defined by two orthogonal
components, gx and gy.
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This approximation works well because the
pectoral muscle border is either straight line or
slightly concave curve. The muscle contour is then
easily found and pixel values can be used for the
muscle removal in the original image or to calculate
parameters for the image registration.
IV. EXPERIMENTAL RESULTS
Algorithm proposed in this paper is tested on a set
of 40 MLO digital mammography images, from 20
different patients (2 images from each patient). Each
image has resolution of 4084×3328 pixels with 12
bits per pixel. The image format is uncompressed
TIFF. All images are stored in compliance with
Dicom standard. Mammography imaging device is
MAMMOMAT NovationDR, manufactured by
Siemens, that has α-Selenium direct conversion
detector and uses Wolfram/Rhodium anode/filter
combination [22].
Skin-air interface or breast border contour
detection gave excellent results with success ratio of
100%. Reason for this success lies in high quality of
our experimental image set (digital mammography
images commonly used in today's medical imaging).
Every image has well defined background, what
makes thresholding easier and simple region growing
in four directions from defined breast centre as a seed
point gives excellent results.

Fig. 12 shows example of breast border image
superposed to original image. The border contour is
defined as the first pixel with background intensity
outside of the breast region.

Pectoral muscle detection is a more complex
problem than breast border contour detection.
Technique presented in this paper uses wavelet
decomposition to obtain the image with less fine
details and smoother muscle line for edge detection.
In Fig. 14 an example of the approximation image
after the fourth level wavelet decomposition is
shown.

Fig. 14 – Approximation image of fourth level wavelet
decomposition

Fig. 12 – Breast border contour; breast segmentation from
the background

After wavelet decomposition the edges are found
using the Sobel filter. The resulting image is then
blurred using averaging filter to get smoother line and
the edges inside muscle area are removed. Result of
this process is shown in Fig. 15.

Fig. 13 shows a detail of detected border around
nipple region.

Fig. 13 – Detected breast border contour around nipple
region

Fig. 15 – Image obtained after edge detection and line
smoothing
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Results of segmentation process are shown in
Fig. 16 where pectoral muscle segmentation line is
superposed to the segment of the image that contains
detected pectoral muscle.

Fig. 16 – Pectoral muscle segmentation line superposed to
original image

Results of pectoral muscle segmentation are
divided in three groups and shown in Table 1. Total
percentage
for
"Good",
"Acceptable"
and
"Unacceptable" results are shown at the end of each
column.
Table 1. Pectoral muscle segmentation results
Result

Good

Acceptable

Unacceptable

Total No. (40)

19

15

6

Percentage

47.5%

37.5%

15%

85%

15%

V. CONCLUSION
In this paper a method for the detection of the
breast border contour and the pectoral muscle
segmentation is presented.
The proposed method for detecting the breast
border contour works well on our test set containing
40 digital mammography images. This method gave
100% success in detecting the correct skin-air
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interface. The main reason for that is very good
quality of tested images because of the preprocessing
stage done by the mammography device. Screen film
mammography image breast border detection would
not be near as successful as the same detection on
digital mammography images because scanned SFM
images are not preprocessed and film often contains
artifacts that can cause problems in automatic
detection. Advantage of this method is low algorithm
complexity and therefore short processing time.
Border contour can easily be used for the image
registration process and segmented breast region for a
histogram based image optimization. Our further
research will focus on detection of skin tissue outside
of the breast region in order to make even better
segmentation.
Pectoral muscle detection proved to be a more
challenging task because it is not very well
differenced from the surrounding breast tissue. Each
mammography image has different intensity variation
of the pectoral muscle and the surrounding tissue and
therefore contrast based methods have problems in
segmenting it correctly. The method proposed in this
paper uses contrast enhancement by converting
groups of intensities from original image to 8 discrete
values, creating a 3-bit image. This helps in making
edges easier to spot and to detect using gradient
filtering. Wavelet decomposition is used to make an
image that contains fewer details than the original one
that results in fewer detected edges. This approach
works well because pectoral muscle is rather large
object for detection. Further development concerns
smoothing of the pectoral muscle segmentation line
as well as finding the method that gives better results
in automatic thresholding before edge detection
filtering.
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