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Abstract — A novel approach for digital mammograms
segmentation is proposed. This approach aims to
segment the mammograms using an iterative fusion
process of information obtained from multiple sowes of
knowledge (contextual, image processing algorithma,
priori knowledge, etc). Initial Fuzzy Membership Nba
(IFMMs) of different thematic classes are first estated
using available information. These IFMM’s are then
interpreted as Possibility Distribution Maps (PDMs)
which represent the possibility for each analyzedgd to

be one of the different thematic classes in the siofered
image, these possibility values are then iteratwel
updated using contextual (spatial) information. An
additional class called “Rejection” is used to maga
ambiguity and to delay the segmentation operatiomtil
the establishment of high level possibility degrefs
these pixels. The segmentation results are givenaas
thematic map as well as a confidence curve evalogti
the segmentation result quality.

Keywords: Mammography, Fuzzy Segmentation,
Iterative Fusion, Possibility Theory.

1 Introduction

* Pixels intensity difference between ROIs and
surrounding tissues can be extremely low.
This last point is moreover amplified by the preseof
noise, inherent to most medical images acquisition
systems. Furthermore, mammogram histograms are
usually not bimodal, thus leading to class overiliagp
problems [7,8].
The CAD system, proposed in this study, is basethen
use of fuzzy sets and possibilistic reasoning,eigetbped
in order to represent and manage such ambiguous
situations. The tackled problem is to assign eaixelp
from the analyzed mammogram to one of the three
following classes of interest: Background, Tumonda
Benign Tissue.
The main idea of the proposed approach is to censice
mammogram images segmentation as a fuzzy
classification problem and to refine the membershaps
(to different thematic classes) in an iterative wahis
refinement is conducted by: A. Interpreting the
membership values as possibility degrees, B. Apglyhe
maximum possibility decision rule in order to editsb
“intermediate” segmentation results (i.e. thematiaps),
and then, C. Gradually eliminating unclassifiedgtéx as
it has been proposed in [9] (by the integration of
multisensor data and contextual information to

Mammography is considered as the main investigationcharacterize landscape parcels).

tool to detect breast cancer [1-4]. Early tumoredgon is

The use of this approach is justified by the fduatt

the key for improving breast cancer prognosis. This mammographic images hold diagnostic informationhwit

detection relies on
calcifications that both indicate suspicious regifs]. On
mammograms, tumor regions often correspond to taigh

locating masses and micro- SOme natural degrees of fuzziness [5,10]. Thisrss due

to the nature of mammography and breast structure.
fact, gray levels of mammogram pixels correspondto

pixels than the surrounding tissues [6]. Simple eye Mixture of several tissues. Such pixels are céifectels”

examination of mammograms is often considered asepr
to detection errors [2]. For this reason Computated
Detection (CAD) techniques have been developedist
the radiologists in the analysis of the difficulaises, to
reduce the number of useless biopsies in

recommendation of biopsies and to confirm diagn{&is

[11]. Besides, we have to consider the radiologist’
analysis and decision as the truth reference fa th
evaluation of any CAD approach. The radiologistsrian
reasoning for establishing the diagnostic inforovatis

theambiguous due to the inherent fuzziness in human

perception [5,10]. That is, a pixel or a region dam

5]. In spite of advances in medical imaging, some Partially classified as tumor or benign tissue,afefing on

difficulties remain in the analysis of mammograms,
mainly due to following points [5]:
* Regions of interest (ROIs) are often extremely §mal

several knowledge sources (as, for the
surrounding tissues).

The fuzzy set theory is considered as a powerfol to

instance,

- The ROIs of different sizes also have various shape €Present such imprecise and ambiguous informgtizh

and “fuzzy” boundaries.

The major advantage of fuzzy sets on the traditieea
theory is the ability to allow the pixels to posses



intermediate grades of membership to different #it&an  In [17], an initial thresholdt is defined as the global

classes of the image (Figure 1). intensity mean of the mammogram. Then, the mean
A intensities of pixels beyond and below the thredhahre
1 G G calculated and denoted respectively by andm,. The
Hx(C1)

threshold valuet is then updated in a recursive manner,
with (m, +my)/2. This updating procedure is repeated

X until the “convergence” of the threshold value (i.e.
leading to non significant results modification).
Threshold estimation techniques can be classifiealtivo
categories: Global Threshold (GT) estimation [1§ di&d
Local Threshold (LT) estimation [16].

None of these thresholding techniques are efficaotugh
to separate masses, neither micro-calcificatiomemf
surrounding tissues [3]. Actually, outputs of b@h and

As alread tioned. th f ibilisti . LT are mainly used as a starting point for sevetaker
S already mentioned, the use ol possIbIIStC oady segmentation algorithms, such as Markov random
mechanism is used through the proposed approachﬁeId [3]

Several reasons justify the use of this approach:
1. Representing the ambiguous nature of 2.2 |terative segmentation using region
imperfection of the observed pixels; .
2. Offering a homogeneous and solid framework growing
for reasoning and for the integration of different The basic idea of region growing techniques isrtd & set
knowledge and information sources like the of seed pixels that will be considered as the esfee
important contextual source of information value of the searched region, and then to itergtive
[13-15]; integrate surrounding pixels to this ROl accordinga
3. Making intermediate classification decision sjmilarity criterion based or.g. grey level, texture or
through the use of different potential decision color [19,20].
rules starting by the simple maximum possibility The major asset of this approach is to naturallpange the
rule to more sophisticated rules integrating spatial context of the pixels [3]. Neverthelessge th
decision constraints. computation complexity makes this approach diffical
This paper is organized as follows. Section 2 gavésief  yse on images where small regions from differeasss

review of existing iterative methods used for image are highly interlaced and influenced by noise [R,11
segmentation. Section 3 details the proposed segtiwn

approach. Results concerning the application of the2.3 Iterative segmentation using edge
proposed method to a reference mammogram datalbmse a detection
given and discussed in section 4. Conclusion and
perspective are discussed in Section 5. The edge detection technique depends on the boundar
) ) ) based attributes instead of region based attrib\Masous
2 Overview of mammogram iterative edge detection operators have been proposed sych as
segmentation methods Roberts gradient, Sobel, etc. [21]. Some applicaticave
been tested in this direction [22], but results angd the
effects of possible low contrast between searclipects
and surrounding tissues, poorly defined and veegislar
boundaries [19].
To address this problem, an improved active contour
algorithm has been proposed in [23]. This algorithas
been considered as an iterative technique for conto
extraction where an initial contour is placed nélae
expected boundary and the contour converges ietati
to final expected position. Applying of this contiemal
2.1 lterative threshold based segmentation algorithm is useful to treat such problems in which
contrast is low and the contour is ambiguous [23].
Thresholding is the first image segmentation meti&d. Nevertheless, the time and the complexity of the
The threshold value is either fixed by the user, or computation are limited to initial contour, becai¢he
automatically determined by an optimization progedu initial contour is not initialized near the expetténal
with respect to given performance criterion. Theuleof position, the convergence is not guaranteed, armd th
this procedure can be iteratively refined and imptb computation time becomes expensive.

ux(cl)

F 3

“-x(cl)
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Figure 1. The fuzzyvs.hard spaces partition

Many techniques, mostly dedicated to breast cancer
detection, can be found in the literature. In g@stion, we
present the major iterative methods in order to mwan®
their concepts and performances with the proposed
iterative scheme. The main reason of using itegativ
approaches is due to their similarity with the hama
reasoning while analyzing images. A particularrgton is
made here to methods relying on the use of sirfilzzy
concepts.



2.4 lterative segmentation using Markov

fields

Mammography segmentation based on Markov fields has

been used to extract the ROIs from the surrountigsges
[24]. This class of methods corresponds to staikti
approaches. It aims to estimate a maximum a positeri

2.5.2 Fuzzy c-means clustering segmentation

The FCM is based on the use of fuzzy set theodefne
the image classes, where all the classes are ¢tharad

by their centre of gravity and every pixel has its
membership degree to every class [33]. The detextioim
of the different class centers of gravity is cortddc

Map function and to maximize the posterior probability through the optimization of a cost function J

function of the segmented image This function is
expressed as:

Yuap = argmax, (P/(Y =y/ X =x) (1)
WhereY, X : denote respectively the original image and
the segmented image. In fact, image segmentatisedba
on Markov fields is capable of representing the gema

spatial context [25], but on the other hand, theetof the
maximization process is expensive [3].

2.5 lterative segmentation based on fuzzy

set theory

Due to the particularity of the mammograms, thessila
segmentation methods might not lead obtaining attex
result [3]. The Fuzzy set theory pioneered by Ldeta
[26] has been introduced for mammograms segmentatio
Fuzzy set theory supplies us with a powerful mathtéral
tool for modeling the human ability to reach coisabns
when the information available is imprecise, incoetg
and not totally reliable.

Given the univers@z{xl,xz,..,xn}, a fuzzy setA
over Q is defined as the set of ordered pairs
A:{(X,,uA(X)),X DQ}Where Ha(X) D[O,l] denotes the
membership function of the elemexto the fuzzy sef .
An important difference with the classic (crisp) geory

is that all the elements$ of the universeQ “belong” to
the fuzzy sefA. Concerning image segmentation

Mathematically, the standard FCM cost function is

expressed as:
N

m
Jwm =Z ilj.l||Xi—Cj||21Sm<0°
e

i=1

@)

m, u; denote respectively, any real number greater than 1
and the membership of the pixg| to the classc; and |[*|

is any norm expressing the similarity between the
measured data and the center. The classificatiamg us
FCM s iteratively achieved by optimizing the prews
cost function. The results of segmentation usingFC
prove to be effective to detect simple objects &mdbe
more effective for high resolution images [34].
Furthermore, the FCM method is considered as a semi
automatic algorithm because it requires a prionkedge

of the number of classes and the time of the mepdtiun

is expensive [34].

The aforementioned methods present some major
drawbacks: They are based on statistical featulias,
complex images, the identified ROIs may be not #xac
detected. Furthermore, some methods are complex,
expensive time consuming and they could not effebti
treat the ambiguity concept existing in mammogra8ts.

the proposed system takes advantage of these nsetbod
overcome the ambiguity existing in mammograms.tlyirs
instead of using the intensity value to represbkatpixel,

approaches, there are basically two kinds of fuzzy the possibility value is used to better characterie
iterative methods segmentation which are: the fuzzy property of mammograms. Secondly, an iteratively

threshold segmentation and the fuzzy c-means ciogte
(FCM) algorithm.

2.5.1 Fuzzy thresholding segmentation

Classical thresholding techniques are effectivedgment
the objects with clear boundaries. Few methods gusin
fuzzy thresholding are proposed in the literatuoe f
solving this problem. These methods are basedsimgle
optimization of fuzzy measures to find the optimal
threshold, such as the fuzzy entropy, the compastaed
the fuzzy index [7, 27-31]. In fact, the thresholotained
by a simple optimization of fuzzy measures is not
effective, because “it is difficult to determine aocurate
membership function for a fuzzy set, because tie=mn
uncertainty in its shape, its location or in itshet
parameters” [32]. Consequently, it is necessaryefe
the membership function and the threshold value.

possibilistic  knowledge
processes are used.

integration and propagation

3 Proposed segmentation system

The main target of the segmentation process issiga
each pixel from the analyzed mammogram to a paaticu
class of interest, such as background, tumor, amdgh
tissue. The image resulting from the pixels lalglis
henceforth referred to as a thematic map. An ingoort
issue is rarely addressed through segmentatioeragstit
concerns the fact that the segmentation result& lac
additional information related to the degree oftaiety
associated with each thematic class decision. k& th
proposed system, a pixe{ is described as a vector in an
N dimensional space:

X :[xl,xz,...,xn], X, 0S,,n=12...,N ,where S, denotes

the n"knowledge source observation anN is the



number of sources. The universal &tis the Cartesian
product representing the multisource observati@csplf
C:[Cl,Cz,..,CM] is the set of M image predefined
classes, then, based on the fuzzy set theory, elasis
Cyis defined as a fuzzy set overS with
Uy (Crn)ym=12....M denoting the membership degree
for which the pixel X 0S may be treated as belonging to
the clas€,, .

Possibility theory was introduced by Zadeh [1511878,
and developed by Dubois and Prade [35] in 1988, it
represents a tool allows to represent uncertaiintyet
with imprecise information in order to enable redaag on
imperfect information by the use of a possibility
distribution7z(x) . The possibility distributionsz(x) of a
singletonx 01Q is mapping7z:Q - [0,1]. The possibility
distribution of x shows the possibility value of its
occurrence such asr(x) =1 means thatx is completely
possible and 77(x) =0 means thatx is completely
impossible. To characterize an evAnttwo measures are
also defined: the possibility measyiéA) and the
necessity measuié(A). The possibility measure is
defined as follows:

[1(A) = max,qa 77(X) 3)

This measure shows the degree to which the everns
possible onQ .

On the other hand, the necessity measure is defased
following:

N(A) =1-T(A) =1-maxg,(L-77(x) (4

Where A denotes the complement &f This measure
shows the degree to which is certain onQ such as:
N(A)=1 means that A is completely certain and

N(A) =0 means thatA is completely uncertain.

The proposed segmentation system, depicted indiguis
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Figure 2. The proposed system
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3.1 Image pre-processing system

The image preprocessing system constitutes thiesfiep

at the pixel level. It presents an additional krexge
source which aims to provide different texture mfation

of mammograms and to extract informative elemerts f
the original image. This system may include simple
filtering or edge detection, etc. In our system,otw
knowledge sources may be used: the Wiener filtdrtha
3x3 mean filter scanning the original image. The o$
these filters intends to achieve an image smoothing
operation. The Wiener filter produces better restitan
the mean filter in terms of preserving the edges @iher
high frequency parts [36]. Notice that, the termuixe" is
used in this study in order to indicate differarfbirmation

or provided data. This data may be the originah dad
well as a data issued from processing image algostor

an iterative image segmentation system based on thény Néw features computed over them.

concept of “possibilistic’ knowledge propagation.
Assuming the number of thematic classes containdle
analyzed image, is given as a prior knowledge
(corresponding to the closed world assumption in
classification systems), the proposed system can b
decomposed into the following sub-systems:

Image preprocessing system;

Fuzzy class membership estimation system;
Fuzzy membership fusion system;

Possibilistic decision system:;

Iterative possibilistic knowledge propagation
system.

aogrwONE

€

3.2 Fuzzy class membership estimation
system

The aim of the fuzzy membership estimation systenoi
exploit the output of the preprocessing system &nd
determine the membership degree, (C,,,) of each

pixel x , to each thematic cla€y, , over the n™source
universeS,. The estimation process can be based on

experimental knowledge or on the use of some algos
dedicated to optimize an objective function [9].

Among the proposed estimation methods, [37] comside
the probability distribution as a possibility dibtition or
as the membership function [38]. Other proposedous,



are based on the optimization of some objectivastfans

Where pixelX is characterized by a feature valuéfor

related to the image properties or based on fuzzysimplification purpose, the contextual possibilialue

measures, such as, the fuzzy entropy [5,7,27,314, t
compactness [39] and the fuzzy index. Hence, the
estimated membership function and its parametersgus
these methods generally depend on the parametére of
image.

We propose to use here an estimation process lwsed
the maximization of the fuzzy entropy [40]. The
optimization is carried out using the Simulated Aalng
Algorithm [41]. The estimated membership function
representsd priori” information that can be considered as
the expression of a fuzzy proposition, in relatigith the
event % belongs to classC,,”. Moreover, such a fuzzy
proposition induces a possibility distribution [1#jat
characterizes the realization of the above event,

with 7z, (Cm,n) = Hx (Cm,n) :

3.3 Fuzzy membership fusion system

The fusion process aims at combining pieces of
information, each one suffering from some impeites
that hinders the decision process, to obtain inftion of
better quality that allows taking a better decisiBo, the
theory of possibility allows managing informatiororn
different sources, even of heterogeneous natured, a
offers numerous fusion operators, generally classiin
four categories [14,42], with respects to the baravhen
processinge.g. pieces of information in conflict: 1)
conjunctive operators, 2) disjunctive operatorsadrage
operators, and 4) tradeoff operators. In this study
disjunctive operator F([)] is applied to possibility
distributions associated with the different knovged
sources during the estimation stage, to provideraque
distribution for each thematic class:
M«(Cm) = F(77(Coun))n=1.N (5)
The interest of such operator is: its indulgentayédr that
is the ability to preserve high possibility degre8s, the
information about all possible classes of a pixelkeéept

will be referred by its general ternf’(C,,) in the

following). Superscript represents the temporal evolution
of possibility degrees in the iterative updatingpqass
(iteration index).

At t=0,&l(C,,) = M4 (C,,) , where[1,(C,,) is the fused

possibility measure. Based on this possibility éegrthe
decision rule used for the initial pixel assignmeast
defined as followsx is assigned to class,,, if:

&+(Ciy) > &x(C)m # mg ,and
&c,,)=0,m#my,and
&4(Cpyy ) 209

(7)

When a pixelX of valuex verifies these conditions, its
membership to clasfm0 is reinforced by setting the

possibility value¢, (C,,,) to 1 and its possibility value to

all other classes to 0.

A problem arises for pixels which have close pabsib
values to different classes. In this case, the eomd site
cannot be assigned with certainty to a given cthss to
the partial nature of membership degrees associated
“mixels”. To solve this problem, we define an adutial
class, called “rejection”, corresponding to pixils which
the decision is postponed. The output of the dewisi
system is thus a thematic image contaikingM +1
classes.

3.5 lterative possibilistic knowledge

propagation system
The proposed system integrates the spatial cordéxt
image pixels (neighborhood) into the decision pssci
order to improve the segmentation result (decision
concerning “mixels”,etc) iteratively. Considering PDMs

unchanged until next processing stage, where moremaps with K classes, the possibility updating systelies

complex information (spatial context of the pixe§
available to refine the decisioof(section 3.5).

3.4 Possibilistic decision system
A decision rule has to be applied to the fused ipditg

degrees associated with each pixel to determine its

thematic class. Leté, (C,,) be the possibility value

associated with sitX (contextual possibility value). The
possibility degree from equation (5) thus becomes:

£ (Cr) =M% (Cp) (6)

on the following general principle: facing a diffic
decision é.g. classifying a “mixel”), a human expert
would examine homogeneous regions surrounding the
considered pixel. The principle of the possibilifgdating
system is to model this reasoning process by cerisigl
possibility degrees in a 3x3 neighborhood around th
pixel. Actually, these local neighborhoods are used
update possibility values associated with the e¢pixel.

The possibility of a pixel to belong to class,, is

processed as follows:

t+1
X

Cn) =52, 1 (Co) ®



where x; are pixels features in the neighborhood of the
considered pixel. Consequently, a validated degisio
concerning a given pixel is iteratively propagatedits
surrounding region. Another consequence is that the
robustness of the decision-making process is also
improved by integrating a new knowledge sourceteela

to ROI homogeneity. For t >0, the decision ruleths
same than equation (7), with a threshold of 0.8%eiad of

0.9 to ensure a quick convergence of the algorithm.
Moreover, since possibility degrees are iteratively
averaged in a given neighborhood, pixels initially
belonging to other classes in this neighborhood mok
disturb significantly the decision making process.

@) (b)

Figure 3. (a) Image mdb010 from the test image base and
(b) Related possibility distribution

(@) (b)

. Background class . Benign tissue class

Tumor class Rejection class

context

Figure 4. (a) Possibility map of the tumor class and (b) The
thematic map at t=0

three thematic classes: C1: background, C2: lesiO8s
benign tissues.

Figure 3.b shows possibility distributions obtairfed an
example image from the base. Based on these pligsibi
distributions and the decision rule detailed by
equation (7), figure 4.b shows the segmentationltres
t=0. Onthis image, about 10% of pixels are considered as
“mixels” (labeled in green). This result confirntetfuzzy
nature of mammograms and the difficulty to classifg
“mixels” when the decision is taken from distrilmris
only. Intermediate results obtained during the alige
updating process are shown on figure 5.

The convergence threshold was fixed to 0.03% of-non
labeled “mixels”. With the example of image mdb018,
iterations of the updating process were suffictergatisfy
this condition (Fig.5.d).

(©
t=11

(d)

Figure 5. (a, b, c) Different thematic images from the
image mdb010 during the updating process, anché) t
quality evaluation curve

Iterative updating of possibility values using theatial
makes regions to be more and more
homogeneous. The final thematic maps correspontding

several images from the database (including image
mdb010) are shown on figure 6.
3.6 Image quality evaluation system For a first qualitative evaluation of the system

performances, the process has been applied torfages

In addition to the thematic image, we intend tovte an
indication about the quality of the decision. Wee uke
percentage of non-classified “mixels” as an evaduabf
the segmentation quality. Furthermore, the evotutid
this quality along the updating process is alsaduse a
convergence criterion to stop the algorithm (Fid).5At
the end of the iterative process, possibility valaee 0 or
1, and remaining “mixels” are affected to the majtass
in their neighborhood.

4 Results and discussion

(Fig.6), and results have been compared with those
obtained in [20]. Results show that the proposetiesy is
more robust for the detection of suspicious regidfar
instance, the system proposed by Zhatgl. failed to
detect malignant masses integrated into fatty éisson

mages mdbl141 and mdb010 (Fig. 6.a and 6.c), as

described by object coordinates provided with thst t
database. Thanks to the management of the spatitdxt

of these ambiguous objects,
successfully segmented by the system describedhisn t

both of them were

paper.

The proposed system was applied to the image base
supplied by the “Mammographic Image Analysis Sgtiet
(MIAS) [43]. Mammograms are considered to contain



(a, b, c,d)

(e.f.g,h)

Figure 6. (a) Image mdb010, (b) Image mdb091, (c) Imageiddi{d) Image mdb145
and (e-h) Related final thematic Images

5 Conclusions and perspectives

segmentation system which aims at detecting brea
tumors. The proposed system is based on an iterati

propagation of possibilistic knowledge. The advgeta

offered by this system are:

1. Possibility values of the “mixels” are computedlie
iterative contextual classification phase and noird)
the initial decision phase.

cases, as defined in table 1, either in random R®Dtbe
image for a technical analysis, or on the wholegenfor a

—+

TP Masses present and detected by the system

FN Masses present but not detected

TN Absence of masses confirmed by the system

FP The system detects masses even if no one is
present

2. The proposed system allows modeling the concepts of
ambiguity and “hesitation” when some pixels can 6 References

belong to several classes and not to a single one.
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