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ABSTRACT
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ChanVese model segmentation has been applied for contour detection of mass region in mammogram in
our previous work. Available information of the desired object contour is used, in this paper, for B-spline
approximation. The mass region boundary (contour) is thereafter approximated by a B-spline curve. This
approach allows synthesizing the shape of the suspected mass appearing in the mammogram. Experimental
results show the accurateness of mass region contour in mammograms using B-spline approximation.

I. INTRODUCTION

REAST cancer is one of the leading causes of cancer deaths among

women in the world. Early detection is a key of the reduction of
women mortality. Although breast cancer incidence has increased over
the last decade, breast cancer mortality has declined among women
of all ages. People have the highest chance of survival if cancer could
be detected at the early stages and thanks to the development of both
breast cancer treatment and mammography screening. Some studies
have demonstrated that mammography may be particularly beneficial
for women who are 80 years of age and older [1, 2]. According to
the American Cancer society the death rate from breast cancer was
increasing until 1990 when the advent of widespread screening began
to have an effect on the population [3]. An abnormality detected on a
mammogram is the early sign of cancer. It can appear as an abnormal area
of density mass or calcification. The preferred screening examination
for breast cancer is mammography. Digital mammography, and other
imaging modalities such as magnetic resonance imaging (MRI), X-ray
computed tomography (CT), and ultrasound provide an effective means
for non invasively mapping the anatomy of a breast. Medical images
in their raw form are represented by arrays of numbers in the computer,
with the numbers indicating the values of relevant physical quantities
that show contrast between different types of body tissue.

Segmentation plays a significant role not only in image processing
but also in pattern recognition. Medical images with high resolution
and fine details are always needed and required in many visual tasks.

Image segmentation is defined as the subdividing of an image into
non overlapping component regions which are homogeneous with
respect to some characteristic such as intensity, color or texture [4, 5, 6].

In digital mammography, segmentation is typically performed for
detection or localization of tumors [7], micro calcification clusters [8],
or other indicators of pathology [9]. In delineating suspicious masses for
mammography, segmentation methods are typically employed in one
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of two ways. In the first way, the mammogram is initially segmented
into candidate regions which are then labeled as being suspicious or
normal [10]. In the second way, the image is first processed to detect
for the presence of pathology and segmentation is performed as a final
step to determine its precise location [11, 12].

Contour or shape extraction is a very important feature in medical
image processing. Many medical image analysis applications, like the
measurement of anatomical structures, require prior extraction of the
organ from the surrounding tissue.

In this paper, our special interest is the contour extraction of the
mammogram that contains masses or tumors. The mass can be benign
or malignant. The contour points extracted with Chan Vese model are
used as control points for B-spline curve for getting a better contour
result. The structure of this paper is arranged as follows. Section 2,
briefly introduces ChanVese model for segmentation. In Section 3, a
background of B-spline curve is presented. The simulation results and
discussion are shown in Section 4. This paper is concluded in Section 5.

II. CHAN VESE MODEL SEGMENTATION

Analysis and processing of medical images are useful in transforming
raw images into a quantifiable symbolic form for ease of searching and
mining, in extracting meaningful quantitative information to aid diagnosis
and make decision. One fundamental problem in medical image analysis is
image segmentation, which identifies the boundaries of objects.

Classical approaches to solve segmentation are divided into different
models: discontinuity approach, similarity approach, and variational
methods [4]. In medical images, active contour or snakes are used heavily
for boundary delineation or shape detection. Snake is defined as an energy
minimization whose energy depends on its shape and location within
the image. Shape of the snake is controlled by the internal forces and
external forces. The external force guides the snake towards the features
in the image, and internal force acts as smoothing constraint for the snake.
The deformable model or snake offers several options for medical image
analysis, especially mammographic images, delineation of suspect region
and assist radiologists in locating potentially cancerous cases [13].

When object contour is not clearly defined as mass region in

mammographic image region based model is more suitable such
as Chan Vese model. CV model is a based on global and statistical
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information to overcome the inhomogeneous intensity distribution, and
thus, to drive the evolving curve towards the true boundaries. Initially,
Chan Vese model aims to divide image into two parts inside Q. and
outside ©_ of contour I The goal of the segmentation algorithm will
be to minimize this energy function for a given image defined [14].

ET,c,c,)= Z]J.Qim |10(x, V) —cl|2 dxdy +

2

ZZJ‘% |Io(x,y)—c2| dxdy+v|F| (1

where 4,20, 14,20, and y > (), are fixed weight parameters,
I is the evolving contour, |F| is its length, and €} and C, are two
constants that approximate the image intensity in inside I' and outside
I . This model is not based on the gradient of the image /,(x,») for the
stopping process. In our previous work, we have used CV model for
mass delineation contour and extracted some shape descriptors [15]. In
this work, we are interested to segment a single part (mass) from the
whole image or background tissue.

II1. B-SpLINE CURVE REPRESENTATION AND APPROXIMATION

A. Motivation

B-splines descend from a larger family of functions named
piecewise polynomial interpolation functions. In reference [16],
authors study the use of continuous B-spline representation for signal
processing applications such as interpolation, differentiation, filtering,
noise reduction, and data compression. Among other polynomial
interpolators, B-splines have the capacity to give an approximated
representation of the signal [17]. Splines are useful in computer vision
because they allow accurate, manipulable internal models of complex
shapes [18].

The B-spline has the following important properties: i) it is a
piecewise polynomial curve with a given degree. This property makes
with lower degree polynomials to design a complex curve using
multiple segments joined with certain continuity constraints, ii) The
B-spline curve is contained in the convex hull of its control polyline
defined by the B-spline control points and it can be used to represent
the shape of the curve, iii) Changing of the position of the control points
only locally affects the curve, this property allows to B-spline curve the
flexible controllability, 4i) No straight line intersects the B-spline curve
more times than it intersects the curve’s control polyline, 5i) affine
transformation such as rotation, translation, and scaling can be applied
to the B-spline control points quite easily instead of to the curve itself.
This results in the affine invariance property [19-20].

In this work, we are interested to B-spline curves which play a
central role and are widely used in computer aided design. All those
properties hold for the B-spline curves and play an integral part in
image shape modeling for our work.

B. Basic Theory

In this section, we briefly give an explicit representation of B-spline
curve. The B-spline curve C(u) of order k,

(1<k <n+1),isdefined by

Cu) = Zn:PzBlk (u) wue [uk—l ’un+l] 2)

where :
+ P,,i=0,..., nare called control points or de Boor points.
* k is the order of the polynomial segments of the B-spline curve.
Order k means that the curve is made up of piecewise polynomial
segments of degree k — 1.

* The B/(u) are the “normalized B-spline basis functions”. They are

described by the order k and by a non-decreasing sequence of real
numbers Ug>U;5--sU, ;1 called the “knot sequence”. The B/ (u)
is defined recursively as follows:

=1lif u, <u<u,
BO uw) = i i+1
) {zO otherwis G)
Uu-—u. u. —Uu
B (u) =——— B (u) + —1—— B} ()
ik U i+p+l ~ Higl “)

The curve C(u) possess the following properties analogous to those
of the Bézier curves:

Endpoint interpolation property

Convex hull property: the basis functions have the properties of
non-negativity and partition of unity, as a consequence, the entire
B-splines curve segment must lie inside the control polygon
spanned by P ,...,P .
Variation diminishing property : no straight line intersects a
B-splines curve more times than it intersects its control polygon.

Convexity-preserving property: the variation diminishing property
means the convexity preserving property holds.

IV. RESuLTS AND DISCUSSION

A. Methodology

In order to evaluate our method, we have used image mammogram
extracted from MIAS database [22]. The Mammographic Image
Analysis Society (MIAS) MIAS is an organization of research groups
on mammograms of the United Kingdom (UK). The mammogram, in
original MIAS database, is digitized at 50 micron pixel edge and has
been reduced to 200 micron pixel edge padded so that every image is
1024 x1024 pixels. All images are held as 8-bit gray level scale images
with 256 different gray levels (0-255) and physically in portable gray
map (pgm) format. For each abnormal case (benign and malign),
MIAS database gives the coordinates of abnormality center and the
approximate radius of a circle enclosing this abnormality; it contains
322 images, where 207 images represent normal, while 64 and 51
images referred as benign and malignant cases respectively. The MIAS
database is limited on single view mediolateral oblique.

()
Fig. 1. (a) Original image, (b) image cropped and resized.

Original image from mammogram data is depicted in Fig.1(a), and
image obtained after cropping and resizing preprocessing is shown in
Fig.1(b) which contains a mass called region of interest (ROI). This
technique is needed for reducing cost computing and removing the
unnecessary data.

B. Contour Extraction using CV Model and B-Spline Curve
Approximation

After cropping and resizing mammographic image where mass
is isolated, we use ChanVese model for segmentation. Mass contour

points are used as control points. Then B-splines curve is used for
contour fitting. The results obtained are shown in Fig. 2.
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(b)

Fig 2. (a) Mass region segmented. (b) Zoom-in view of the region inside the
square.

Fig. 2(a) presents a mammogram (mdb184) where a circumscribed
mass is segmented with CV model (red curve). While the B-spline
curve used to fit the contour is represented in blue. Fig. 2(b) shows the
B-spline approximation of a given 10 control points.

It can be seen from Fig.2(b) the difference betwen contour obtained
with ChanVese model and B- spline curve approximation. As shown
in the zooming part of the contour, it is noted that the contour provided
by B-spline is a complementary processing of the contour detection
provided by CV model which give a realistic contour rather than a
curve line represented by a series of juxtaposed segments presented as
In the approximation, the B-spline curve does not have to pass through
all data points except the first and the last data points.

V. CONCLUSION

In this work, we have used the ChanVese model for mammogram
segmentation, in which the local image information is incorporated. CV
model is an efficient and accurate method to isolate and extract masses in
mammograms, and is better adapted to perform segmentation of regions
with weak boundaries and noise. The data points used in this work
are obtained from contours of the segmented regions after performing
mammogram segmentation. These contour points extracted are used as
control points for B-spline curve to give a realistic contour of the ROI.
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