
Automated Segmentation Scheme Based
on Probabilistic Method and Active
Contour Model for Breast Cancer
Detection

Biswajit Biswas, Ritamshirsa Choudhuri and Kashi Nath Dey

Abstract Mammography is one of the renowned techniques for detection of breast
cancer in medical domain. The detection rate and accuracy of breast cancer in
mammogram depend on the accuracy of image segmentation and the quality of
mammogram images. Most of existing mammogram detection techniques suffer
from exact continuous boundary detection and estimate amount of affected area. We
propose an algorithm for the detection of deformities in mammographic images that
using Gaussian probabilistic approach with Maximum likelihood estimation
(MLE), statistical measures for the classify of image region, post processing by
morphological operations and Freeman Chain Codes for contour detection. For
these detected areas of abnormalities, compactness are evaluated on segmented
mammographic images. The validation of the proposed method is established by
using mammogram images from different databases. From experimental results of
the proposed method we can claim the superiority over other usual methods.

Keywords Mammographic images � Segmentation � Breast cancer

1 Introduction and Literature Review

In image analysis, segmentation is the partitioning method for digital image to
break into multiple segments. The purpose of segmentation is to simplify or change
the demonstration of an image that is more significant for image analysis. Image
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segmentation is potentially used to locate all the objects and boundaries in images
[1]. The performance of an object detection and classification scheme should be
consistent and perfect segmentation for the interest of object image [2]. Most
important application of image segmentation and classification in mammogram
images is for diagnosis of early stage of breast cancer [3]. Mammography is crucial
in viewing and diagnosis of breast cancer. So the perfection biopsy using
computer-aided methods are advantageous for the detection and classification. We
concentrate on image processing for segmentation of breast cancer and estimate the
presence of suspicious area based on the image information [4].

There are a number of methods devised towards segmenting human anatomical
structures such as variants of active contours [5] and active shape models [6]. The
major disadvantages of these methods are they need manual control point initiali-
zation and require predefined control [5, 6]. In recent times geometric active con-
tours were established based on theory of curve evolution and geometric flows with
level set method [7, 8]. These techniques can detect only the outer boundaries of
objects defined by the gradient with well defined structured image. K-means clus-
tering (KM), Fuzzy C means (FCM) clustering are also common for the segmen-
tation of suitable anatomical structures [9]. Markov random field (MRF) based
approaches are used for segmentation [10] but uses prerequisite information for
segmenting an anatomical structures. Another approach for segmentation is spectral
graph clustering method [11], which usually uses for MRI image segmentation [9]. It
is a well known robust segmentation method and is commonly used for segmenta-
tion applications [2, 4]. A notably different method is proposed in [12]. Commonly a
useful image segmentation method is watershed segmentation method that requires
exact information about selected pixel set from detected regions [13, 14].

Here we use a probabilistic based segmentation algorithm for the mammogram
image to detect breast cancer. This consists of parameter estimation, determine
probability distribution of intensity for every pixel in the image, then threshold
selection and threshold image creation, morphological processing on segmented
region and the active contour model for segmentation of mammogram images. We
present a statistical classification method to choose characteristics that satisfies
classification condition without from misclassification on observation model [2].
The proposed segmentation approach is applied to various breast cancer images and
the results are compared to watershed segmentation method from the related
research works. Key steps of proposed method are as follows:

• Find the probability distributions of intensity in image with Gaussian model and
estimate Maximum likelihood estimation (MLE) for parameters (Mean and
variance).

• Using probabilistic model is prepared a classification method for pixel
classification.

• Use morphological operation and Boundary Chain Codes (BBC) for defined
active contour map of images.
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The organization of the paper is as follows: Sect. 2 deals with background
concepts in Probabilistic model, parameter estimation, pixel classification, mor-
phology operations on image, Boundary Chain Codes (BBC) for active contour
model and the proposed algorithm has been explained. Section 3 covers the results
analysis followed by conclusion on Sect. 4.

2 Proposed Methodology

The lists the various steps of the detection algorithm which are emphasized in detail
in the following subsections. The block diagram illustrated in Fig. 1.

2.1 Parameters Estimation and Probability Distribution

The first step of the proposed technique is to estimate the probability density of
intensity distribution of each pixel in the input gray scale image IðM; NÞ where
M; N are number of rows and columns of image I. This task is done by the use of
Gaussian probability density function Iðl�; r�2Þ of image I based on Maximum
likelihood estimation of parameters. Here parameters are sample mean l� and
variance r�2. Let xi; j denotes the intensity of the pixel at ði; jÞ in the image
Iði � M and j � NÞ. The value of h is unknown for the probability density function
(PDF) f Iðx; hÞ of image I. We estimate h based on the sample pixel x ¼ xi; j where
xi; j 2 I. We define the following function of h, with x for discrete random variable
x 2 I, which is called the likelihood function [12]:

LxðhÞ ¼ pI x; hð Þ

where any value of h that maximizes the likelihood function is known as a
maximum-likelihood estimate (MLE) and denoted as ĥ:

ĥ ¼ argmax
h

Lx hð Þ ð1Þ

Fig. 1 Main steps of the proposed segmentation scheme for cancer detection
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If the likelihood function is differentiable with respect to its parameter, a nec-
essary condition for an MLE to satisfy is

rhLx hð Þ ¼ 0; i:e:;
dLxðhÞ
dm

¼ 0; m ¼ 1; 2; � � � ; M ð2Þ

where the rh is the differential operator (1). The logarithmic function is a mono-
tonically increasing and differentiable function, h that defined the conditions (1) as

@ log LxðhÞ
@hm

¼ 0; m ¼ 1; 2; � � � ; M ð3Þ

We select the solution that gives the largest value of LxðhÞ. Where the function
log LxðhÞ is called the log-likelihood function, and its partial derivative with respect
to h is called the score function, denoted as sðx; hÞ:

sðx; hÞ , @ log LxðhÞ
@h1

;
@ log LxðhÞ

@h2
; . . .;

@ log LxðhÞ
@hm

� �
ð4Þ

The score function specifies the rate at which log LxðhÞ changes as h varies.
Let n independent samples are taken from a common Gaussian normal distri-

bution Iðl; r2Þ, where both mean and variance are unknown, and we find an MLE
of these parameters based on x 2 Iði; jÞ. By setting h ¼ ðl; r2Þ, we have the
likelihood function

Lx hð Þ ¼ I x; hð Þ ¼ 1

2pr2ð Þn2 exp �
Pn

i¼1 ðxi � lÞ2
2r2

" #
ð5Þ

Then from expression (5) using Eq. (4), yields

1
2r2

Xn
i¼1

ðxi � lÞ ¼ �nrþ 1
r3

Xn
i¼1

ðxi � lÞ2 ¼ 0

from which we have

l� ¼
Pn

i¼ 1 xi
n

; r2� ¼
Pn

i¼ 1 ðxi � l�Þ2
n

; r2 � ’
Pn

i¼ 1 ðx2i � l�2Þ
n

ð6Þ

where l� and r2� are estimated parameters.
We used these estimated parameters, viz such as mean l� and variance r�2 in

normal Gaussian PDF Iðl; r2Þ to estimate probability density of every pixel x of
the given image Iðx 2 IÞ. The probability of intensities of image I are used to pixel
classification (background and foreground) and image segmentation for next pro-
cess. The main necessary steps of parameters estimation is given as follows 1.
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Algorithm 1 : Parameters estimation
Input: Gray scale image I;
Parameters: Gaussian PDF, unknown parameter μ and σ;
Output: Probabilistic image image P;
Step 1: Read gray image image S;
Step 2: Estimate meanμ and standard deviation σ using
equations (6) on image I successively;
Step 3: Evaluate the probability image P using equation (5);

2.2 Pixel Classification and Threshold Image

In order to separating a pixel as an object to background and foreground classes, we
label the classes p1 and p2 where p1, p2 are background and foreground class. We
assume that if any pixel belong to class p1 then that pixel assigned by 0 and 1 for
class p2. The pixels are classified on the value of probability p associated the
random variables x 2 Iði; jÞ. Thus the background class will be the population of x
values for class p1 and foreground class as population of x for class p2. We
represents these two population by probability density function g1ðxÞ 2 p1 and
g2ðxÞ 2 p2 respectively. Let X is collection of all observations of x. We define the
sets R1 ¼ xjx 2 p1 and R2 ¼ xjx 2 p2 clearly, R2 ¼ X � R1.

To classify a pixel object in class p2 with respect class p1, we define conditional
case, that is

P X 2 R2jp1ð Þ ¼
Z
R2

f2ðxÞ@x

and similarly classify a pixel object in class p1 with respect class p2

P X 2 R1jp2ð Þ ¼
Z
R1

f1ðxÞ@x

However an object pixel can be belong to either R1 or R2 with basis of a
threshold. We estimate threshold parameter g from probability matrix and con-
structed threshold image based on following rules:

R1 :
X g1ðxÞ

g2ðxÞ
\ gjx 2 p1 ¼ 0;R2 :

X g1ðxÞ
g2ðxÞ

� gjx 2 p2 ¼ 1 ð7Þ

where g is threshold value defined as g ¼ 1 � 1
2

ffiffiffiffi
r�
l�

q
with estimated parameters r�,

l�. The overall steps for construction of threshold image represented as follows 2:
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Algorithm 2 : Threshold image construction
Input: probability image P ;
Parameters: threshold η;
Output: Binary or threshold image B;
Step 1: Read probability image S;
Step 2: Estimating threshold η;
Step 3: Classifying pixel object using (7), (7);
Step 4: Construct threshold image;

2.3 Morphological Image Processing (Post Processing)

The shape based image processing operations known as morphology. The ele-
mentary operations of morphology are dilation and erosion. In dilation pixels are
added to the boundaries of objects in an image. On the other hand, in erosion pixels
are removed from object boundaries [15].

Algorithm 3 : Morphological operation
Input: Binary image B and morphological filter S;
Parameters: Structure elements with size 3× 3;
Output: Binary morphological image M;
Step 1: Read binary image S and morphological filter T;
Step 2: Applying erode and dilate operator (8), (9) on image B in order;
Step 3: Construct binary morphological image M;

The binary dilation of a given binary image X by structure element Y, denoted
X � Y, is defined as the set operation:

X � Y ¼ fpjðbYp \XÞ 6¼ /g ð8Þ

where bXp is the reflection of the structuring element X and it is the set of pixel
locations p, where the reflected structuring element overlaps with foreground pixels
in Y when translated to p. Similarly, the binary erosion of X by Y, denoted X�Y,
is defined as the set operation

X�Y ¼ fpjðcYp 	Xg ð9Þ

where, it is the set of pixel locations p, where the structuring element translated to
location p overlaps only with foreground pixels in X [16].

The proposed scheme first applies erode operator on binary image to remove
unwanted shapes of the object and dilate is used to operator for filled edge gap in
object boundary respectively. Algorithmic steps are as follows 3:
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2.4 Active Contour Map Generation (Boundary Chain
Codes)

We use Freeman chain code method on binary image to find all contour hierarchy
[15, 16]. The contour hierarchy is a polygonal like representation as a sequence of
steps in one of eight directions; each step is designated by an integer from 0 to 7
[16]. The closed contour of a region R, is described by the sequence of points
sR ¼ ½p0; p1; . . .; pM�1
 with pk ¼ hxk; yki. We create the elements of its chain
code sequence s0R ¼ ½c00; c01; . . .; c0M�1
 by c0k ¼ CODEðDak; DbkÞ where

ðDak; DbkÞ ¼ ðakþ1 � ak; bkþ1 � bkÞ; for 0 � k � M � 1;
ða0 � ak; b0 � bkÞ; if k¼M � 1;

�

and CODEðDak; DbkÞ being defined by Table 1.
For each point on the contour, only the initial point is recorded. The remaining

points are encoded by 3 bits. Hence eight directional values can be stored.
Algorithmic steps are as follows 4 (Fig. 2):

Algorithm 4 : Chain code operation
Input: Binary image B and a vector of contours C;
Output: Contour image CI;
Step 1: Read binary image S;
Step 2:Get chain coded from image B using CODE ;
Step 3:Draw all retrieved contour on image B;
Step 4: Construct contour image CI;

Table 1 An 8-connected
neighborhood

Da 1 1 0 −1 −1 −1 0 1

Db 0 1 1 1 0 −1 −1 −1

CODE ðDak ; DbkÞ 0 1 2 3 4 5 6 7

Fig. 2 Results of proposed approach: a source image, b segmented image, c post processing,
d active contour map
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3 Result and Analysis

In this paper all experiments are conducted on images of 30 women diagnosed with
breast cancer [17]. The proposed algorithm detects the affected regions in an
effective way and the resulting images are shown from Figs. 2, 3, 4, 5, 6 and 7. In
each figures the first image is original mammogram, the second image is the
threshold image, third is the image after applying morphology (post processing),
and last one is the active contour map of cancer detected image. From the detected
image, the affected area of breasts could be identified. In order to verify the

Fig. 3 Results of proposed approach: a source image, b segmented image, c post processing,
d active contour map

Fig. 4 Results of proposed approach: a source image, b segmented image, c post processing,
d active contour map

Fig. 5 Results of proposed approach: a source image, b segmented image, c post processing,
d active contour map
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effectiveness of segmentation methods, we used various region descriptors for
performance accuracy. These region descriptors are as follows [15, 16]:

• Area of a region in the image plane AðRÞ ¼ P
i

P
j Iði; jÞ where I image and A

(R) the area is measured in pixels.

• The perimeter of an image is PðRÞ ¼ P
i

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxi � xi�1Þ2 þ ðyi � yi�1Þ2

q
where xi and yi are the co-ordinates of the ith pixel of region.

• Compactness—compactness is an often expressed measure of shape given by

the ratio of perimeter to area. That is, CðRÞ ¼ 4pAðRÞ
P2ðRÞ

• Dispersion is the ratio of the maximum to the minimum radius of curve region.

That is, CðRÞ ¼ max
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxi � xi�1Þ2 þðyi � yi�1Þ2

p
min

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxi � xi�1Þ2 þðyi � yi�1Þ2

p where xi and yi are the co-ordinates of

the ith pixel of region.

The performance of the proposed segmentation method is tested on benchmark
image database [17] and compared with the most popular segmentation algorithm
watershed method [13]. From these experiments, we conclude that the proposed
scheme in this work presents excellent and accurate segmentation results compared
with the watershed algorithm.

Fig. 6 Results of proposed approach: a source image, b segmented image, c post processing,
d active contour map

Fig. 7 Results of proposed approach: a source image, b segmented image, c post processing,
d active contour map
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Experimentally Tables 2 and 3 has display the performance of proposed seg-
mentation method on different selective benchmark images. Table 2 presents esti-
mation accuracy for individual benchmark image set. For comparative analysis the
proposed method and watershed method both are applies on benchmark image sets.
The simulation results for proposed scheme w.r.t. the different region descriptor
evaluation area (A), perimeter (P), compactness, dispersion are shown in Table 2. In
Fig. 8, we have compare the estimated results of proposed method with the existing
and popular segmentation technique watershed segment method for the benchmark
images (7). From Table 3, it can be observed that proposed segmentation method
presents best values (bold faced) w.r.t statistical data of different region descriptor
evaluation parameters of segmented output images.

These experiments clearly show that the proposed algorithm excels the limita-
tions of the traditional method by poor structured region and detecting the exact
area. The conventional watershed algorithm is suffer from miss-categorization of
background and foreground object image in case of poor structured anatomical

Table 2 Assessments of segmentation results of the breast cancer image of proposed scheme

Contour Image Regional shape descriptors

Perimeter Area Compactness Dispersion

Figure 3d 99,978 56,939 0.00073 26.7809

Figure 4d 30,046 45,822 0.00068 67.2463

Figure 5d 174,960 15,515 0.00637 47.9097

Figure 6d 158,690 51,532 0.00026 5.9064

Figure 7d 30,046 45,822 0.00068 67.2463

Table 3 Assessments of regional description parameters of proposed and watershed segmentation
scheme

Method Image Area Perimeter Compactness Dispersion

Watershed Figure 8 48,040 38,258 0.00142 42.3725

Proposed Figure 8 30,046 45,822 0.00068 67.2463

Fig. 8 Results of watershed approach: a source image, b segmented before watershed, c active
contour map, d watershed image
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image. Consequently, the shape and the size of segmented area are fairly accurate.
In contrast, the proposed method gives a good partition of image objects without
losing any discontinuous boundary. As we can observe in the result sets, the shape
and the size of separating boundary of segmented region are detected correctly. In
addition, our method gives the precisely continuous and smooth boundaries for
image objects.

4 Conclusions

In this paper, we have conceptualized and simulated a probabilistic segmentation
algorithm for breast cancer images. To detect abnormalities, the statistical param-
eters estimation and a classification method is used. All the parameters of the
proposed model are estimated automatically from the images. In order to segment,
morphological for operation are applied post processing and active contour map for
smooth boundary of detected regions. Our method provides a good segmentation of
affected cancer regions and smooth borders with continuous active contour
map. The experimental results show that aforesaid parameters quantifies the breast
abnormality.
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