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Abstract. In this paper we propose a supervised method for the seg-
mentation of masses in mammographic images. The algorithm starts with
a selected pixel inside the mass, which has been manually selected by an
expert radiologist. Based on the active region approach, an energy func-
tion is defined which integrates texture, contour and shape information.
Then, pixels are aggregated or eliminated to the region by optimizing
this function allowing to obtain an accurate segmentation. Moreover,
a texture feature selection process, performed before the segmentation,
ensures a reliable subset of features. Experimental results prove the va-
lidity of the proposed method.

1 Introduction

Breast cancer is considered a major health problem in western countries, and
indeed it constitutes the most common cancer among women. Recent studies [1]
show that in the European Community, for example, breast cancer represents
19% of cancer deaths and fully 24% of all cancer cases. In absolute terms, this
data means that approximately 10% of women will develop breast cancer during
the course of their lives. Mammographic screening is the main method to identify
early breast cancer, because it allow identification of tumour when it is not yet
palpable. However, of all lesions previously diagnosed as suspicion and sent to
biopsy, approximately 25% were confirmed malignant lesions, and approximately
75% were diagnosed benign lesions. This high false-positive rate is related with
the difficulty in obtaining an accurate diagnosis [2]. In this sense, computer-
ized image analysis are going to play an important role in improving the issued
diagnosis. The effort in such computerized schemes have been carried out for
detection of two major signs of malignancy, named clustered microcalcifications
and masses.

In this sense, in a previous work we proposed the use of selected shape-based
features in order to classify clustered microcalcifications between benign and
malignant [3]. The computerized analysis of microcalcifications was divided into
four steps: 1) digitization of mammograms and enhancement of images; 2) de-
tection and localization of suspicious areas using a region growing segmentation
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algorithm based on Shen proposal [4]; 3) extraction of shape-based features for
every segmented microcalcification; and 4) analysis of the features using Case-
Based Reasoning techniques. More recently, we have studied how to characterise
clusters of microcalcifications, due to its demonstrated relevance for issuing a
diagnosis [5]. It has been observed, in a great number of malignant diagnosed
mammograms, that the only indicator used to issue a diagnosis was the number
of microcalcifications and their distribution inside every cluster.

On the other hand, masses also contain important signs of breast cancer and
are hard to detect as they often occur in dense glandular tissue. In this sense,
a number of researchers consider the computer analysis of masses to be more
challenging as compared to that microcalcifications because masses are normally
indistinguishable from the surrounding tissues [6].

Sahiner et al. [7] analysed and summarized a whole set of mass segmentation
methods. Several works are focused on the use of texture and shape features. For
instance, Kilday et al. [8] applied seven morphological features, while Petrosian
et al. [9] investigated the usefulness of texture features based on spatial gray-level
dependence matrices. Rangayyan et al. [10] used an adaptative method of edge
profile acutance, and shape measures of compactness, Fourier descriptor, and
moment based measure. On the other hand, Wu et al. [11] selected 14 features
from a total of 43 for classification of malignant and benign masses and applied
artificial neural network.

In this paper we propose a novel method for masses segmentation based on
the principle of active region that takes into account texture, contours, and shape
features. A set of 80 texture features are extracted and then selected according
its homogeneity behaviour in order to choose an appropriated subset for the
segmentation. Furthermore, an energy function is then defined which integrates
all these sources of information. Then, the active region starts to grow optimizing
this function in order to segment the mass region. The remainder of this paper
is structured as follows: Section 2 describes the proposed segmentation approach
detailing the selection of the texture features as well as the segmentation process
based on the active region model. Experimental results proving the validity of
our proposal appear in Section 3. Finally, conclusions are given in Section 4.

2 Proposed Segmentation Method

The method is grounded on the observations: 1) that masses in mammographic
images have approximately uniform textures across their interiors, 2) the mass
edges coincide with maxima in the magnitude of the gray level gradient, and
3) that changes in masse profile shape are small.

Taking these observations into account our proposal is based on the definition
of an energy function, which integrates all these sources of information. Roughly
speaking, the method starts from a connected set of pixels known to occupy the
mass interior, which have been provided by the user (expert radiologist). Then,
the algorithm is composed by two basic stages. Firstly, best texture features to
segment the mass are selected; and secondly, the region grows by optimizing the
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energy function, which ensures the homogeneity inside the region, the presence
of edges at its boundary, and the similarity of the region shape with those of
previously-determined regions.

Furthermore, our proposal is based on the active region model, which has
been recently introduced as a way to combine region and boundary information.
This model is a considerable extension on the active contour model since it
incorporates region-based information with the aim of finding a partition where
the interior and the exterior of the region preserve the desired image properties.
The underlying idea is that the region moves through the image (shrinking or
expanding) in order to contain a single, whole region. The works of Chakraborty
et al. [12], Hibbard [13] and Sahiner et al. [7] are good examples of active regions
applied to the segmentation in medical images.

2.1 Texture Features Selection

One of major problems of texture segmentation is the selection of adequate tex-
ture features to model the homogeneity of regions, which are able to provide us
the information required to perform the segmentation. In order to solve this dif-
ficulty, we use the knowledge provided by the user selecting an area of the image
which is known of belonging to the region, and features which are homogeneous
in this neighbourhood are selected.

Co-occurrence matrices proposed by Haralick et al. [14] are used in this work.
Some of the most typical features, contrast, energy, entropy and homogeneity,
are computed for distances from one to five and for 0◦,45◦,90◦ and 135◦ orien-
tations, providing a set of 80 features. Then, the homogeneity of each feature
inside the initial region is tested by measuring its match with a normal distri-
bution using a skewness and kurtosis test, which many authors recommend by
its simplicity [15]. Hence, a small subset of k texture features which present an
homogeneous behaviour inside the region are selected for the next step of the
segmentation process.

2.2 Active Region Segmentation

The combination of region, edge and shape information represents more accu-
rately boundaries in medical images than either region growing or edge detection
alone was compellingly argued by Chakraborty et al. [12]. With the aim of in-
tegrating all these kinds of information in an optimal segmentation, the global
energy is defined with three basic terms. Region terms measures the homogene-
ity in the interior of the region by the probability that these pixels belong to the
region. Boundary term measures the probability that boundary pixels are really
edge pixels. And finally, shape term measures the similarity of the contour shape
with those of previously determined cases.

Some complementary definitions are required: let ρ(R) be a partition of the
image into two non-overlapping regions, where R0 is the region corresponding
to the background region and R1 corresponds to the mass region. Let ∂R1 be
the current region boundaries of the growing region R1. The energy function is
then defined as
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E(ρ(R)) = α
∑1

i=0 − logPRegion(j : jεRi|Ri) + β(− logPBoundary(j : jε∂R1))
+(1− α − β)(− logPShape(Ri))

(1)
where α is a model parameter weighting the region term and β weights the

boundary term. The influence of these parameters on the segmentation results
will be analised in Section 3.

Region Information

The region term measures the homogeneity of the pixels into a texture region
which is modelled by a multivariate Gaussian distribution. Hence, the probability
of a pixel j characterized by the selected texture features −→xj of belonging to the
region R1 is

PRegion(−→xj |R1) =
1√

(2π)k|Σ1|
exp{−1

2
(−→xj −−→µ1)T Σ−1

1 (−→xj −−→µ1)} (2)

where −→µ1 is the mean vector of the region and Σ1 its covariance matrix. The
background is treated as a single region having uniform probability distribu-
tion P0.

Boundary Information

The second term in equation 1 depends on the coincidence of the region boundary
with the image edges appearing as coherent features in the scalar gradient of the
gray levels. Hence, we can consider PBoundary(j) as directly proportional to the
value of the magnitude gradient of the pixel j.

Shape Information

Region shape is specified from Fourier descriptors, which use the Fourier trans-
form over the points that define the contour of the region, where each point
(x, y) is defined as a complex number (x + jy). Thus, we have a sequence of
complex numbers that represent the region contour. Nevertheless, the Fourier
transform algorithm requires an input array whose length is an integral power
of 2. So, if the number of points of the contour does not satisfy this condition, we
need to follow the contour until the condition is true. Due to the periodic rate
of the Fourier transform, this will have no effect on the result. There are other
changes that must be applied to the Fourier descriptors to eliminate their depen-
dence on position, size, orientation and starting point of the contour. A change
in the position of the contour alters only the first descriptor, so we initialize
this descriptor to null. A change of size only requires multiplying by a constant.
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Fig. 1. Sequence of the region growth. The region starts to grow from the
interior area selected by the user, competing for the image pixels in order the
segment the whole mass

A rotation on the region requires multiplying each coordinate by exp(jφ) where
φ is the rotation angle.

NFD(k) =




0 k = 0
A(k)
A(1) k = 1, 2, ..., N/2
A(k+N)

A(1) k = −1,−2, ...,−N/2 + 1
(3)

With these Fourier descriptors we achieve a set of points that characterizes
the region. However, a solely value would be advisable. In this sense, we use the
measure defined by Shen [4] that gives a single descriptor for each region.

FF =

∑N/2

k= −N
2 +1

‖NFD(k)‖
|k|

∑N/2

k= −N
2 +1

‖ NFD(k) ‖
(4)

Hence, the match of the region shape and the model shape, which is re-
lated to previously determined cases, is given by the difference between their
corresponding FF descriptors.

Optimization

The energy function is then optimized by a region competition algorithm [16]
which takes the neighbouring pixels to the current region boundary ∂R1 into
account to determine the next movement. Specifically, the region aggregates
a neighbouring pixel when this new classification decreases the energy of the
segmentation. Intuitively, the region begin to move and grow, competing for the
pixels of the image until an energy minimum is reached. A sequence of the region
growth is shown in Figure 1.

3 Experimental Results

Twenty mammographic images including sixteen circumscribed-benign and four
circumscribed-malignant were selected from the Mammographic Image Analysis
Society (MIAS, UK) database. The spatial resolution of the image is 50µm x
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(a) (b) (c)

(d) (e) (f)

Fig. 2. Segmentations results using different weights (α) and (β) on the terms of
the energy function. (a) Original mass, and segmentations obtained considering
(b) texture, (c) contour, (d) texture and shape, (e) contour and shape, and (f)
all three terms

50µm. The optical density is linear in the range 0− 3.2 and quantized to 8 bits.
The boundary of each mass was traced by an expert radiologist specialized on
mammography and were used as the basis for visual evaluation of the segmented
results obtained by the proposed mass detection algorithm.

The influence of the three terms which are considered in the energy function
(region, boundary and shape) was analised. Figure 2 shows segmentation results
obtained with different weights of these terms. As is stated, all sources provide
us useful information to perform the segmentation. However, best results have
been achieved considering all three terms together.

An expert radiologist was the responsible to provide an initial placement
inside the mass to segment. Some segmentation results obtained then by our
proposal are shown in Figure 3. As is stated, the technique allows to correctly
segment the masses and results have been considered very positive for radiolo-
gists.

4 Conclusions and Further Work

This paper has presented a segmentation method for the identification of masses
in mammographic images. The technique is based on the integration of texture,
contour and shape information in the segmentation process. Hence, an energy
function which considers all these sources together has been defined. Then, the
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Fig. 3. Mass segmentation results

growing of the region by optimizing this function allows to obtain an accurate
segmentation. Furthermore, the a-priori selection of the most adequate texture
features to segment the mass has been described.

Experimental results over 20 images from the Mammographic Image Analysis
Society database demonstrate the effectiveness of the proposed algorithm in
estimating mass regions and their boundaries with high accuracy.

Further work is focused on two different directions. First, the inclusion of an
automatic module of mass detection and seed placement in order to perform an
unsupervised segmentation. And second, the extension of our proposal to deal
with spicular masses.
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