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Abstract— This paper proposes an approach referred as: iterative refinement of possibility distributions by learning (IRPDL)
for pixel-based image classification. The IRPDL approach is
based on the use of possibilistic reasoning concepts exploiting
expert knowledge sources as well as ground possibilistic seeds
learning. The set of seeds is constructed by incrementally updating and refining the possibility distributions. Synthetic images as
well as real images from the RIDER Breast MRI database are
being used to evaluate the IRPDL performance. Its performance
is compared with three relevant reference methods: region
growing, semi-supervised fuzzy pattern matching, and Markov
random fields. The IRDPL performance (in terms of recognition
rate, 87.3%) is close to the Markovian method (88.8%) that is
considered to be the reference in pixel-based image classification.
IRPDL outperforms the other two methods, respectively, at
the recognition rates of 83.9% and 84.7%. In addition, the
proposed IRPDL requires fewer parameters for the mathematical
representation and presents a reduced computational complexity.
Index Terms— Possibility theory, incremental learning, possibilistic seeds, possibilistic decision rule, pixel-based classification.

I. I NTRODUCTION

A

CRUCIAL task in image classification is the representation of the thematic classes contained in the analyzed
image. An important difficulty related to this task stems from
the inability to have a representative knowledge of these different thematic classes. This is mainly due to the lack of solid
models capturing the representative constraints of the available
knowledge [1], [2]. The quality of this “representativity” can
significantly influence the performance of the classifier to be
used for the image representation [3].
Starting with limited initial prior knowledge, an efficient
classifier is assumed to have the capacity to extract additional
knowledge, with a high degree of confidence, while preserving
the previously acquired knowledge. That is called incremental
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learning [2], [4], [5]. In learning based systems, initial prior
knowledge is generally expressed by the expert as a set of
samples or learning areas, called ground seeds, representing
the “certain” knowledge expressed by an expert about the
different classes in the image. Additional knowledge can be
extracted by locating new learning areas for different classes in
the analyzed image. This additional knowledge is “appealed”
to offer a better representation (or discrimination capability)
for classification purpose.
The description given by the expert about the thematic
classes is often imprecise and ambiguous. For example,
according to medical experts on digitized mammograms,
contrast is the most relevant characteristic for extracting the
over-density regions of interest in an analyzed image. Indeed,
over-density areas can have various contrast levels according
to the nature of the breast (dense or clear). This leads to an
ambiguous description of these areas and brings imprecision
in the delimitation of their contours. On the other hand, the
description given by the expert can be vague or uncertain. For
instance, on digitized mammograms, normal tissue may have
a contrast level close to that of the cancerous tissue, especially
in noisy or low contrast images.
Various models can be used to represent different forms
of knowledge imperfections [6]–[11]. It is well established
that the probability theory [6] possesses the necessary toolset
for optimal decision making [12] in classification problems
dealing with uncertainty. However, in several applications,
it is generally impossible to get the required knowledge to
attain that optimality such as in conditions of poor data
or incomplete knowledge environment. Belief functions or
Dempster-Shafer theory [7], [8] has been used to express
imprecise and uncertain knowledge. However, for incomplete,
vague as well as the knowledge expressed by human experts,
possibility theory [10], [11] constitutes a more appropriate
and flexible tool. In fact, possibility theory is useful to represent uncertainty when the available knowledge is affected by
different forms of imperfections: imprecision, incompleteness,
vagueness, etc. It is worth noticing that even when the previously acquired knowledge is perfect, the additional knowledge
extracted through any incremental learning process will likely
be affected by those different forms of imperfection [13].
A set of possibility distributions can be used to represent
thematic classes present in an image. Defining these distributions in terms of standard shapes with their associated
parameters is generally not an easy task, especially with
limited prior knowledge. The approach proposed in this paper
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is for that. Class representation using possibility theory is a
non-trivial task due to the lack of consensus on the definition
and interpretation of possibility distributions as well as the lack
of measures to evaluate their goodness, their correctness or
to attach a physical meaning to those distributions [14]–[16].
Several methods based on possibility theory suffer from the
choice of too many parameters that has a great influence on
the classification performance. Therefore, especially in noisy
environments [4], [17], the representation of the thematic
classes remains an important challenge in image classification.
This paper presents an incremental and iterative approach
for possibility distributions refining for pixel-based image
classification. This approach is thereafter referred as Iterative
Refinement of Possibility Distributions by Learning (IRPDL).
Prior knowledge is assumed to be given as an initial and
small set of learning ground seeds areas extracted from the
considered image. These ground seeds are supposed to correspond to an expert point of view about an initial definition
of the M considered classes. The first step in the proposed
IRPDL approach consists on enriching the initial set of the
learning areas and class representation with an incremental
learning process exploiting spatial knowledge. The second step
in IRPDL approach aims at reducing the number of parameters
used in the mathematical representation of different classes
exploiting probability-possibility transformations [18]–[21].
The paper is organized as follows. Section 2 presents related
work on pixel-based image classification methods within the
context of limited prior knowledge. Section 3 introduces
the notions of possibility theory that are being used in the
description of the proposed IRPDL approach of section 4.
Section 5 presents IRPDL performance results obtained on
both synthetic and real images when compared with three
reference methods: region growing, semi-supervised fuzzy
pattern matching, and Markov random fields. Section 6 is the
conclusion.

different class histograms obtained from small size learning sets into possibility distributions using the Dubois-Prade
Pr-π transformation [19]. It uses reference class patterns to
match each new pattern to the different predefined classes.
When a new pattern is “accepted” as one of the predefined
classes then the class histogram and its possibility distribution are adjusted. This method does not exploit additional
spatial contextual information neither consider the decision
confidence in its classification process.
The Markov random field (MRF) - Iterative Conditional
Mode (ICM) classifier is based on using the supervised fuzzy
C-means algorithm [25]–[27] for performing initial labeling [28]. This method extracts additional spatial knowledge
in order to eliminate possible ambiguities, to recover missing
information, and to correct classification errors [28]. The use
of the spatial context has proven to be effective in improving
classification results. However, class representation remains
a serious problem for these methods in addition to other
limitations like computational complexity and sensitivity to
classifier parameters.
In the possibilistic framework, class representation is done
via a set of possibility distributions encoding knowledge
about the real world: the thematic classes of interest. Several
methods have been proposed in the literature in order to
estimate the possibility distributions from a limited prior
knowledge to represent the thematic classes. These methods can be divided into two categories. The first category
reproduces fuzzy set theory concepts by using the standard
and predefined membership functions. They apply Zadeh’s
postulate for which possibility values numerically duplicate
the membership ones [29]–[32]. In fact, Zadeh’s postulate
transforms membership degrees to a fuzzy set describing an
ambiguous concept into possibility degrees that represent the
uncertainty concept. This first category is well adapted to the
case where the available expert’s knowledge is expressed using
an ambiguous description over the set of thematic classes that
can be modeled by the standard membership forms. The second category of methods is based on the use of statistical data
methods such as: probability-possibility transformations [33],
histogram based methods [15], [34], learning based methods
such as Fuzzy C-means [4], nearest neighbour techniques [35],
neural networks [15], [36]–[38], etc. A representative example
of this second category is the histogram based method of
Roux and Desachy [34]. They simply normalize the class histograms in order to obtain the possibility distribution for pixelbased image classification without taking into consideration
neither the contextual information nor the decision confidence.
The proposed IRPDL approach takes into account both
contextual information and decision confidence. IRPDL also
aims at reducing the number of parameters used in the
representation process. To this specific end, the probabilitypossibility transformation method [18] is adopted. The
Kernel Density Estimation (KDE) approach [39], [40] is first
used to estimate the M probability density functions which
then, are transformed into M possibility distributions using
Dubois-Prade transformations. The novelty of IRPDL does
not reside in the use of the Pr-π transformation but rather
in the integration of an incremental learning process through

II. IRPDL AND OTHER C URRENT P IXEL -BASED
M ETHODS W ITHIN THE C ONTEXT OF
L IMITED P RIOR K NOWLEDGE
In pixel-based image classification, several methods have
been proposed in the literature to cope with limited initial prior
knowledge. Among them, the method of image segmentation
by region growing [22] is to select manually the “seeds”
designating anchor points for the initialization of the segmentation process: partitioning the image into multiple regions.
According to a criterion of similarity measure, a region grows
iteratively by merging adjacent pixels similar to starting seeds.
Fan et al. [23] present an extensive and comparative study on
seeded region growing approaches. According to [23], these
semantic image segmentation approaches suffer from two main
problems: the automatic selection of seeds and the sorting
and ordering of pixels (for labeling). These approaches are
called ‘semantic’ because they involve high-level knowledge
of image components in the seeds selection procedure as in
the case of our proposed IRPDL approach.
Another method that has been used, in the context of limited
initial prior knowledge, is the semi-supervised Fuzzy Pattern
Matching method [24]. This method is based on transforming
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the application of possibilistic reasoning concepts on the
M possibilistic maps. Follows the estimation refinement of
the M possibility distributions that characterize the ambiguity
between classes in the analyzed image. A confidence criterion
is used to measure the degree of certainty that each sample
belongs to a class. The extraction of new learning samples
is conducted using possibilistic spatial information applied to
different possibilistic maps. This extraction process is thus
highly inspired from the region growing image segmentation
approaches that select similar spectral values from representative locations [41]. The extraction process is then iteratively
repeated until there are no more new learning samples that
can be extracted and added to the incremental process.
III. P OSSIBILITY T HEORY
Possibility theory is a relatively new theory devoted to handle uncertainty in the context where the available knowledge
is only expressed in an ambiguous form. This theory was first
introduced by Zadeh in 1978 as an extension of fuzzy sets and
fuzzy logic theory, to express the intrinsic fuzziness of natural
languages as well as uncertain information [11]. It is well
established that probabilistic reasoning, based on the use of a
probability measure, constitutes the optimal approach dealing
with uncertainty. In the case where the available knowledge is ambiguous and encoded by a membership function,
i.e. a fuzzy set, defined over the decisions set, the possibility
theory transforms the membership function into a possibility
distribution π. Then the realization of each event (subset
of the decisions set) is bounded by a possibilistic interval
defined by a measure of possibility, , and a measure of
necessity, N, [42]. The use of these two dual measures makes
the main difference compared with the probability theory.
In the following subsections, some basic concepts related to
possibility theory and exploited for the classification problem are briefly recalled. For more details about the possibility theory, the reader is invited to consult the following
references [10], [18], [43], [44].
A. Knowledge Representation With Possibility Theory
Let  = {C1 , C2 , · · · , C M } be a finite and exhaustive set
of M mutually exclusive elementary decisions (e.g. thematic
classes). Exclusiveness means that one and only one decision
may occur at one time, whereas exhaustiveness states that the
occurring decision belongs to . Possibility theory is based
on the notion of possibility distribution denoted by π, which
maps elementary decisions from  to the interval [0, 1],
thus encoding “our belief or state of knowledge” about
the possible occurrence of each element Cm ∈ . The
value π(Cm ) represents to what extent it is possible for Cm to
be the unique occurring decision.
B. Properties of Possibility and Necessity Measures
Based on the possibility distribution concept, two dual set
measures, possibility, , and a necessity, N, are derived. For
every subset (or event) A ⊆ , these measures are defined by:
 (A) = max [π(Cm )]
Cm ∈ A
 
N (A) = 1 −  Ac = min c [1 − π(Cm )]
C m ∈A
/

(1a)
(1b)

TABLE I
P ROPERTIES OF P OSSIBILITY AND N ECESSITY M EASURES

where Ac denotes the complement of the event A
(i.e. A ∪ Ac =  with A ∩ Ac = ∅).
The possibility measure (A) estimates the level of consistency about the occurrence of event A given the available
knowledge encoded by the possibility distribution, π. Thus,
 (A) = 0 means that A is an impossible event while
 (A) = 1 means that the event A is totally possible. The
necessity measure N( A) evaluates the level of certainty about
event A occurrence, involved by possibility distribution π.
N (A) = 0, means that the certainty about the occurrence
of A is null. On the contrary, N (A) = 1, means that the
occurrence of A is totally certain. The necessity and possibility measures satisfy the properties listed in Table I. These
properties, ∀A, B ⊆ , clearly distinguish from probabilistic
measures.
Thus, the uncertainty related to occurrence of each event
A ⊆  is characterized by the interval [N (A) ,  ( A)] which
allows bounding the occurrence probability of the event A
(i.e. N (A)  Pr(A)   (A) [42], [43]. These properties are
essential to understanding the decision-making behavior in a
possibilistic environment. For a pattern recognition problem,
where each decision Cm refers to a given class or category,
the case where all events A are composed of a single decision
(Am = {Cm } , m = 1, . . . , M), is of a particular interest.
In this case, the possibility, (·), and the necessity, N(·),
measures are reduced to:
 (Am ) =  ({Cm }) = π(Cm )


N (Am ) = N ({Cm }) = 1 −  {Cm }c
= 1 − max π(Cn )
n =m

(2a)
(2b)

C. Estimation of Possibility Distributions Based
on Pr-π Transformation
A key issue in possibility theory applications is the determination of possibility distributions. Recall that a possibility
distribution encodes our state of knowledge about the real
world. The appropriate estimation of the possibility distribution shape and parameters to do this encoding is generally a
difficult task. In this study, the available expert’s knowledge
is expressed through the definition of small learning areas
representing different thematic classes, i.e. statistical data.
One of our objectives is to reduce the number of parameters
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in the representation process. Therefore, the transformations
probability-to-possibility Pr-π [45] become appealing.
Several Pr-π transformations are proposed in the literature.
Dubois et al. [19] suggested that any Pr-π transformation
of a probability density function, Pr, into a possibility distribution, π, should be guided by the two following principles: the probability-possibility consistency principle (“what
is probable is possible”) and the preference preservation
principle (Pr (A) <Pr (B) ⇔  (A) <  (B) , ∀A, B ⊆ ).
Verifying these two principles, a Pr-π transformation turning
a probability distribution Pr, defined by probability values
Pr ({Cm }) , Cm ∈ , m = 1, 2, . . . , M into a possibility distribution π, defined by  ({Cm }) , Cm ∈ ,
m = 1, 2, . . . , M, has been suggested by Dubois et al. [19].
This Pr-π transformation has proven to give good results in
pattern recognition and classification problems [24]. For this
reason, this transformation, called symmetric Pr-π transformation, is being adopted for this work. The transformation is
expressed as:
π (Cm ) =  ({Cm }) =

M



  
min Pr C j , Pr ({Cm })

(3)

j =1

where 2 denotes the power set of  i.e. the set of all subsets
of . For an event A, this index ranges from −1 to +1:
• I nd (A) = −1iff (A) = N (A) = 0 (the occurrence of
A is totally impossible and uncertain);
• I nd (A) = +1iff (A) = N (A) = 1 (the occurrence of
A is totally possible and certain).
The application of this measure can be restricted to events Am
having only one decision Am = {Cm }. In this case, I nd (Am )
measures the difference between the possibility measure of the
event Am and the highest possibility degree of all decisions
contained in (Am )c (the complement of Am in ):
I nd (Am ) =  (Am ) + N (Am ) − 1

D. Possibility Decision Rules
Decision-making within the framework of possibility theory
is discussed in Aliev et al. [12] who present a classification
of decision situations and their associated decision models in
the presence of imperfect information. This section limits the
discussion here to the two existing decision making criteria
that are being used in IRPDL. These criteria are borrowed
from two distinct families of decision rules: R1, based on
the direct use of information encapsulated in the possibility
distribution π, and R2, based on the use of uncertainty
measures associated with this possibility distribution.
1) Maximum Possibility Decision Rule: (R1): The decision
rule based on the maximum of possibility is certainly the
most widely used in possibilistic classification - decision
making applications. This rule is based
on the selection of the

elementary decision Am 0 = Cm 0 ⊆  having the highest
possibility degree of occurrence:
(R1) : Deci si on


≡ Am 0 if and only if  Am 0 =

Fig. 1. Confidence indices associated with different decisions ( Am 0 : event
having the highest possibility degree, Am 1 : event with the second highest
possibility degree).

max (Am )

m=1,...M

(4)

Notice that this decision rule, strongly inspired from probabilistic decision reasoning, does not provide a decision
mechanism when several elementary decisions have the same
maximal possibility measure.
2) Maximum Confidence Index Decision Rule: (R2): The
most frequently applied decision rule (based on the use of
uncertainty measures) has been proposed by Kikuchi and Perincherry [46]. This decision criterion is based on the maximization of the confidence index Ind defined as a combination
of the possibility and the necessity measures for each event
∀A ⊆ , given a possibility distribution π(·):
I nd:2 −→ [−1, +1] ; A −→ I nd (A)
=  (A) + N (A) − 1

(5)

= π (Cm ) − max π(Cn )
m =n

(6)



Therefore, if Am 0 = Cm 0 is the
 event having the
 only
highest possibility measure value π Cm 0 , then, Am 0 will be
the unique event having a positive confidence index value.
As illustrated in Fig. 1, all other
 events will have negative
values where we assume π Cm 0 > π (Cm ) , ∀m = m 0 , and,
Cm 1 refers to the decision having the second highest possibility
degree.
The decision rule associated with the maximum confidence
index can be formulated by:
(R2) : Deci si on


≡ Am 0 iff I nd Am 0 =

max [I nd (Am )]

m=1,...M

(7)

The main difference between decision rules (R1, Eq.4)
and (R2, Eq.7) lies in the fact that rule (R1) is only based
on the maximum possibility degree; whereas, rule (R2) is
based on the difference between the two highest possibility
degrees associated with the elementary decisions. Notice that
if several elements are associated with the same highest
possibility degree, then the highest confidence index will be
null. This shows the real capacity of this uncertainty measure
for decision making. This decision rule associated with (R2)
can be more severe
 by accepting the decision only when the
index value I nd Am 0 exceeds a predefined threshold called:
possibilistic confidence threshold.
IV. T HE P ROPOSED IRPDL M ETHOD
The proposed Iterative Refinement of Possibility Distributions by Learning (IRPDL) approach consists of two main
steps. The first step consists on enriching the initial set of
the expert’s knowledge learning areas and class representation
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where π̄ P0 (Cm ) , m = 1, 2, . . . , M, represents the possibility
degree, for the pixel P0 , to belong to the class C M . This
possibility degree is extracted by the application, on the m t h
possibilistic map, of an operator  (e.g. mean operator) as
follows:


(9)
P M I,Cm (P)
π̄ P0 (Cm ) = 
P∈V ( P0 )

where V (P0 ) refers to the considered spatial neighborhood
of the pixel P0 and P M I,Cm is the m t h possibilistic map,
m ∈ {1, . . . , M}.
Using the spatial possibility distribution π̄ P0 , a spatial
¯ can be computed for each class C M
confidence index I nd
according to:
¯ (A M ) = π̄ P0 (Cm ) − max π̄ P0 (Cn )
I nd
n =m

Fig. 2.

The proposed IRPDL approach.

samples set S0 (as illustrated in Fig. 2) with an incremental learning process exploiting the spatial knowledge. This
enrichment is conducted by means of possibility distributions
in order to deal with both vagueness and uncertainty in the
expert’s description. Prior knowledge is assumed to be given
as an initial and small set of learning ground seeds areas
extracted from the considered image. These ground seeds are
supposed to correspond to an expert’s point of view about
an initial definition of the M considered classes. At iteration
“n”, the application of the possibilistic seeds extraction rule
produces the additional set of seeds Sn+1 . This seeds set is
then used to enrich the samples set S = n+1
k=0 Sk used for
the possibility distributions estimation. The seeds enrichment
process is then iteratively repeated until no more seeds are
added to the set Sn+1 .
The second step in IRPDL approach aims at reducing
the number of parameters used in the mathematical representation of different classes. This is done via probabilitypossibility transformations. In the IRPDL method, as shown
in Fig. 2, the transformation process starts with the Kernel
Density Estimation (KDE) approach [39], [40] to estimate
the M probability density functions which are, then transformed into M possibility distributions using Dubois-Prade
transformations [18]–[21]. The KDE approach is a nonparametric estimator used particularly in the case of a small
size sample set. The application of the M class possibility
distributions onto the considered image I will lead to M
possibilistic maps P M I,Cm , m = 1, . . . , M. A possibilistic
map, P M I,Cm , encodes the possibility degree of different
image pixels belonging to a thematic class Cm , m = 1, . . . , M.
A. Possibilistic Seeds Extraction
This section describes the possibilistic seeds extraction
process presented in Fig. 2. Each pixel P0 from the analyzed image I can be associated with a spatial possibility distribution defined on the set of M thematic classes
 = {C1 , C2 , · · · , C M } according to:


(8)
π̄ P0 = π̄ P0 (C1 ) , π̄ P0 (C2 ) , π̄ P0 (C3 ) , . . . , π̄ P0 (C M )

where Am = {Cm }m=1,...,M

(10)

In the case of  = I P0 (identity operator and
V (P0 ) = {P0 }), the spatial possibility distribution is restricted
to the following possibility distribution:


π̄ P0 = π̄ P0 (C1 ) , π̄ P0 (C2 ) , . . . , π̄ P0 (C M )


(11)
= π P0 (C1 ) , π P0 (C2 ) , . . . , π P0 (C M )
where π P0 (Cm ) = P M I,Cm (P0 ) is the possibility degree,
for the pixel P0 without taking into consideration the spatial
context to belong to class Cm . The pixel P0 is called a
Cm -possibilistic seed if the state of the available possibilistic
knowledge allows to confirm with high certainty that this pixel
is a candidate for belonging to the class Cm . In [47], using  as
¯ as well as I nd in
a mean operator mean , the behavior of I nd
seeds extraction has been studied as a function of a threshold
S ∈ [0, 1]. In the case of low discrimination complexity,
seeds were extracted without errors for a threshold S = 0.5.
Accordingly, P0 was considered as Cm -possibilistic seed if its
¯ (A M ) to belong to the
highest confidence index value, I nd
class Cm , exceeds the threshold S = 0.5. In order to deal with
high discrimination complexity in noisy environment or low
contrast images, the IRPDL approach suggests the use of two
operators, mean and I P0 , on each possibilistic map, P M I,Cm .
Hence, the pixel P0 is considered as a Cm -possibilistic seed if
¯ (A M ) and I nd exceed the threshold S = 0.5.
and only if I nd
B. Possibilistic Knowledge Projection and Decisions
The application of possibility theory into pixel-based image
classification is conducted in two successive steps: possibilistic knowledge projection and decision mechanisms (Fig. 2).
The step, possibilistic knowledge projection, considers the
expert’s predefined set of M thematic classes contained in the
analyzed image,  = {C1 , C2 , · · · , C M } as well as the set of
M possibility distributions:
πCm : D → [0, 1] and x (P) → π Cm (x (P))

(12)

where D refers to the definition domain of the observed
feature x (P) of the pixel P (e.g. D = [0, 255]). For each
class Cm , πCm (x (P)) associates each pixel P ∈ I , observed
through a feature x (P) ∈ D, with a possibility degree of
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belonging to the class Cm , m = 1, . . . , M. Given an input
image I (H × W ), the application of these M possibility distributions πCm (·) , m = 1, . . . , M, on the image I allows the
possibilistic expert’s knowledge projection leading to M possibilistic images, called possibilistic maps P M I,Cm (H × W )
and written as:
P M I,Cm (i, j ) = πCm (x (P (i, j )))

(13)

The second pixel-based image classification step consists of
the application of decision mechanisms (e.g. R1 or R2) on the
M possibilistic maps in order to compute the thematic image
where each pixel is associated with a class label. It is worth
mentioning that the expert tends generally to describe the
different thematic classes by the delimitation of small learning
sample sets belonging to these classes with high certainty.
Once this knowledge (i.e. learning sample sets) is injected
into the pixel-based possibilistic image classification process,
the expert can only appreciate the resulting thematic image.
If this appraisal presents a gap with respect to his expectations
then the expert has to revisit the knowledge that has injected
and the whole process is launched again. The proposed IRDPL
approach tackles precisely to reduce this gap.
C. Possibilistic Knowledge Diffusion (Pkd) Process
The extracted seeds from the refining process enrich the
current knowledge representation. Indeed, these seeds form a
set of “benchmarks” which guide the discrimination process
between classes in the analyzed scene. In any method based
upon the knowledge diffusion principle like “region growing,”
neighboring pixels that have similar properties to those seeds
(gray level, texture measurement, etc.) are added. At the end
of the diffusion operation, the segmented image will consist
of a set of homogeneous regions.
Note that the knowledge diffusion principle establishes a
kind of analogy with human reasoning in the perceptual
analysis of an image. Indeed, the human interpretation of
image content (in terms of its segmentation into homogeneous
regions) is to identify reference areas of each class and then
enrich these areas in an incremental way. This is done by
analyzing their spatial neighborhood in order to refine the
possibilities of belonging to different classes. This enrichment process becomes more important for the discrimination between classes in the context of high discrimination
complexity.
In order to evaluate the refining process, a possibilistic
knowledge diffusion step (PKD) is conducted after the seeds
extraction process has been completed. This process is inspired
from the region growing method and is applied to the space
of possibilistic knowledge representation (possibilistic maps)
instead of the space of gray levels. In this step, the possibilistic knowledge available for each pixel on the image
is analyzed in order to reduce the uncertainty encountered
in the classification decision. Many diffusion methods have
been studied in [48]. The Nagao filter [49] produces relatively the low error rates when considering the maximum
possibilistic classification for almost all levels of contrast and
noise. In addition, this filter allows the preservation of objects
contours. For these reasons, this filter has been adopted for

Fig. 3.

Nagao filter used in the PKD process.

the IRPDL knowledge diffusion step. This is implemented
through a set of nine (9) new “sub-windows or cliques”
f = { f 1 , f2 , f3 , . . . , f9 } (Fig. 3) in the neighborhood of
each pixel considered in each possibilistic map P M I,Cm (P0 )
at the end of the refining process. Secondly, the winning
clique f g among the nine cliques is the clique that has the
maximum possibilistic mean value. Hence, the knowledge
diffusion is performed by a Nagao filter at iteration n+1 as:
P M I,Cm (P0 , n + 1). This process is repeated until stabilization of the possibilistic maps.
The proposed algorithm is listed in Table II below. In this
table, x(i,j) denotes the gray value of the (i,j)th pixel in the
original image of size H × W , p.d.f stands for probability
density function, KDE refers to the Kernel Density Estimation
method, D-P refers to Dubois-Prade Pr-π transformation,
and P M I,Cm denotes the possibilistic map of the thematic
class Cm .
V. E XPERIMENTAL R ESULTS
The performance evaluation of the proposed IRPDL
approach has been conducted for two main cases: low discrimination and high discrimination complexity between classes
in the analyzed image. The study is conducted using both:
a set of synthetic images and two sets of real images. Performance of the IRPDL approach is being compared to three
reference methods of pixel-based classification: region growing [22], semi-supervised fuzzy pattern matching (FPM) [24],
and Markov random field (MRF) [50]. The performance is
evaluated by computing the average of maximum possibilistic
pixel-based recognition rate for the three reference methods
and comparing these rates with the IRPDL recognition rate.
A. Performance on Synthetic Data
For the experimental evaluation purpose, a 96×128 pixel
synthetic image, given in Fig. 4, is generated. This synthetic
image is composed of two thematic classes {C1 , C 2 }. Class C1
is assumed to represent circular-form objects of interest of
four different sizes; class C2 constitutes the image background.
Pixels from C1 and C2 are generated as two Gaussian distributions G (m 1 , σ1 ) and G (m 2 , σ2 ). 10×10 pixel learning areas
positioned by the expert (as being representative areas of the
considered thematic classes) are also illustrated on the generated images. Using the learning areas, the initial estimation
of the class probability density functions are established using
the Kernel Density Estimation (KDE) approach [4], [40]. The
application of the Pr-π Dubois-Prade’s transformation allows
obtaining the initial possibility distributions.
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TABLE II
A LGORITHM FOR R EFINING P OSSIBILITY D ISTRIBUTIONS

Fig. 4. Synthetic image composed of two classes generated using Gaussian
distributions.

Fig. 5. Synthetic images composed of two thematic classes generated as
Gaussian distributions, and, the initial, the refined, and the reference possibility
distributions in the two following cases: (a) low discrimination complexity;
and (b) high discrimination complexity.

1) Behaviour of the Iterative Refining Approach: The quality of the refined possibility distributions is evaluated using
the synthetic image generated using two Gaussian distributions

and given in Fig. 5. This image is considered for two cases:
first, with means m 1 = 140 and m 2 = 100 and standard
deviations σ1 = 15, σ2 = 20 (low discrimination complexity)
and, second, the same mentioned parameters except for mean
m 1 = 120 (high discrimination complexity). The intentional
low contrast between these two thematic classes is assumed
to reproduce difficult pixel-based classification situations.
As the probability density function of the original generated
image is a priori known, the possibility distribution obtained
by the application of Pr-π Dubois-Prade’s transformation is
considered the reference possibility distribution to be estimated
through the refining process. This assumption is of great
importance since it gives place to a “physical interpretation”.
The class possibility distribution as being the Dubois-Prade’s
symmetric probability distribution that has the “physical significance of the frequency of occurrence”. The impact of this
assumption is clarified below.
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TABLE III
R ECOGNITION R ATE IN F OUR C ASES : L OW C OMPLEXITY

TABLE IV
R ECOGNITION R ATE IN F OUR C ASES : H IGH C OMPLEXITY

Fig. 6. (a) Case
seeds and (right)
in PKD; (b) Case
seeds and (right)
in PKD.

Considering the expert knowledge as being expressed
through learning areas delimitation (Fig. 4), the obtained
results are illustrated in Fig. 5. Three possibility distributions
are plotted for each considered case in Fig. 5: the reference, the
initial and the refined possibility distributions. A close analysis
of the obtained results shows two different situations. First,
when the proposed approach is applied for the estimation of
the possibility distributions in the case where thematic classes
are relatively “easy” to be discriminated, then, the refined
possibility distributions converge towards the reference possibility distribution (Fig. 5a). The effect of the refining process
becomes more significant in the case of high discrimination
complexity (Fig. 5b). This situation is encountered when the
thematic classes are difficult to be discriminated, i.e. high
overlapping degree among their probability density functions.
In this case, the proposed approach tends to extract, mainly,
the discriminative seeds at the tail-end of distributions. This
in turn leads to a certain deviation of the refined possibility
distributions from the reference ones.
The possibilistic pixel-based classification, using the maximum rule, is applied to this synthetic image in four cases:
before refining without PKD, before refining with PKD, after
refining without PKD, and finally, after refining with PKD. The
synthetic image is generated 100 times. The mean and standard
deviation of the recognition rates are used as evaluation criteria
of the refining process (Table III and Table IV).
The increase in the recognition rate of about 3% (case of
low discrimination complexity, TABLE III) after the refining process and the possibilistic knowledge diffusion (PKD)
compared to the one before refining shows the importance

of low discrimination complexity (left) number of selected
mean squared error between successive possibilistic maps
of high discrimination complexity (left) number of selected
mean squared error between successive possibilistic maps

of refining process in order to characterize the classes in the
analyzed image. An improvement of about 10% (case of high
discrimination complexity, TABLE IV) in the recognition rate
is obtained after the refining process compared to that obtained
before the refining process. These results raise the important
question of the physical significance of the possibility distribution used for pixel-based image classification and constructed
through the iterative statistical/spatial possibilistic reasoning
approach. In fact, in the first situation (low discrimination
complexity), the refined possibility distributions encapsulate
a characterization significance of different classes; whereas,
in the second situation (multi-class relatively complex to
be discriminated), the significance of the refined possibility
distributions can be interpreted as being class discriminationbased possibility values.
Fig. 6 shows the number of selected seeds (respectively,
mean square error between successive possibilistic maps in
the PKD process) as function of the iteration number. The
first result shows the relatively rapid convergence of the
refining process with PKD). Indeed, we note that the number
of selected seeds has reached a value close to zero in less
than five iterations in the two cases of low discrimination
and high discrimination complexity. For the PKD process, the
mean square error (and this for the class of interest and the
background image class) has reached a value close to zero in
less than fourteen iterations in the two cases.
2) Comparison of the Proposed IRPDL Approach and
the Markovian Random Field (MRF): The proposed
IRPDL approach and the Markovian Random Field (MRF)
method [50] are applied on 100 synthetic images while
considering two cases: Gaussian with low complexity of
discrimination between classes and Gaussian with high discrimination complexity (Table V). Note that the Markovian
approach uses the ICM algorithm for the following parameters
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TABLE V

TABLE VI

M AXIMUM P OSSIBILISTIC P IXEL -BASED R ECOGNITION
R ATE FOR MRF AND THE IRPDL

M AXIMUM P OSSIBILISTIC P IXEL -BASED R ECOGNITION R ATE FOR
R EGION G ROWING , FPM, MRF AND THE IRPDL A PPROACH

Fig. 7. Region of breast lesion (left) and the segmentation identified by a
radiologist (right).

(8-connections, isotropic parameter β = 1.5). The convergence time of the proposed approach is 1.98s (low complexity)
and 1.62s (high complexity) whereas the Markovian approach
tends to converge in 2.79s (low complexity) and 4.04s (high
complexity) (DELL Precision T1600, Intel(R) Xeon(R) CPU,
E31225 @ 3.10 GHz, 8-Gb RAM).
B. Experimental Results Using Real Medical Images
1) Breast MRI Images (Case of Low Discrimination Complexity): In this section, the performance of the proposed
IRPDL approach is evaluated using the Breast MRI dataset
RIDER (http://www.cancerimagingarchive.net/ ). This dataset
includes breast MRI images and their Ground Truth (GT)
manually identified by radiologists. Due to space limitation,
two images for the same patient are given in Fig. 7. Two
7×7 pixel initial learning areas are positioned by the expert
as representative zones of the two classes: Normal Tissue and
Tumor (see Fig. 8). The initial as well as the refined possibility
distributions related to the two test images (given in Fig. 7),
are also illustrated in Fig. 8.
As it can be clearly noticed, the refined possibility distributions present smoother shapes than the initial possibility distributions. In other words, the refined possibility
distributions ensure the class characterization. In order to

show the quality of the results obtained by the IRPDL
approach, these results are compared with the results obtained
using the image segmentation by region growing [22], semisupervised Fuzzy Pattern Matching (FPM) suggested in [24]
and with the Markov Random Field (MRF) classifier Iterative
Conditional Mode (ICM) using the supervised fuzzy C-means
algorithm [50].
The four methods (region growing, FPM, MRF, IRPDL)
have been implemented. The results using the two test images
are given in Fig. 9. The same initial learning areas have
been considered. Fig. 9 illustrates the resulting tumor zone
contour after applying the maximum possibility segmentation
and can be compared with the radiologist identified contours.
As can be witnessed in Fig. 9, the results of the proposed
IRPDL approach fit much better with the radiologist manually
identified tumour zone contours.
The four methods: region growing, semi-supervised FPM,
MRF and the IRPDL approach are applied on 30 images
extracted from Breast MRI dataset RIDER and the average
of the maximum possibilistic pixel-based recognition rates
are computed and given in Table VI. As it can be noticed,
IRPDL produces recognition results close to that produced
by MRF and better than the results obtained using region
growing and semi-supervised FPM. This is due to the use
of spatial knowledge and the incremental concept to enrich
learning samples serving in the class representation.
2) Mammographic Images (Case of High Discrimination
Complexity): In this section, the performance of the proposed
approach for classifying regions of interest, i.e. over-density
areas in the mammary gland, is evaluated. This objective is
carried out without making the diagnosis of detected abnormal regions. Such a diagnosis remains the responsibility of
medical experts. It should be noted, however, that on digitized
mammograms, an over-density corresponds to a region of
high contrast. This imprecise description is quite characteristic of reality. Indeed, over-density areas can have various
contrast levels according to the breast nature (dense or clear).
Nevertheless, and according to medical experts, the contrast
is the most relevant characteristic to extract these regions of
interest. For this purpose, a set of three images is used. Each
image is composed of two classes: Tumor and Normal tissue
(Fig. 10a) and they are extracted from the Mammographic
Image Analysis Society (MIAS) image database provided by
the British society [51].
Using these three images, the possibility distributions are
illustrated before and after the refining process. The obtained
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Fig. 8.

Two breast MRI test images with the initial learning areas (a) initial possibility distributions (b) and refined possibility distributions.

Fig. 9. Resulting tumor zone contour and the radiologist identified contours results: (a) Image segmentation by region growing, (b) Semi-supervised fuzzy
pattern matching, (c) Markov random field and, (d) IRPDL approach.

results in this case (case of high discrimination complexity)
show the tendency of the proposed approach to extract,
mainly, discriminative seeds at the tail-end of initial possibility
distributions (Fig. 10c). The quality of the results obtained
by the proposed approach is compared to that of the results
obtained using the image segmentation by region growing,
semi-supervised Fuzzy Pattern Matching (FPM), and the
Markov Random Field (MRF) classifier. Iterative Conditional
Mode (ICM) uses the supervised fuzzy C-means algorithm.

The obtained results using the three test images are given in
Fig. 11 (the same initial learning areas are considered). This
figure illustrates the resulting tumour zone contour (after the
maximum possibility segmentation). A visual analysis of the
obtained results shows that the performance of the proposed
approach is very similar to that of Markov random field (MRF)
in terms of contour localization. However, in the proposed
approach, the possibilistic seeds integration in the possibility
distribution refining and possibilistic knowledge diffusion are
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Fig. 10. Effects of possibility distributions refining (a) Mammographic test images (with learning areas) (b) Initial possibility distributions (c) Refined
possibility distributions.

Fig. 11. Resulting tumor zone contour: (a) Image segmentation by region growing, (b) Semi-supervised fuzzy pattern matching, (c) Markov random field
and, (d) Our IRPDL proposed approach.

a fully automatic processes that do not require the intervention
of the expert to determine the request parameters as in the case
of region growing or MRF. Indeed, the proposed approach
exploits the spatial knowledge in the extraction of additional
knowledge, but in a simple way leading to reduce in the
computational complexity compared to MRF. In addition, the

refining process conjointly with the possibilistic knowledge
diffusion allows eliminating small regions (false alarm).
VI. C ONCLUSION
An incremental and iterative approach for possibility distributions refining for pixel-based image classification, referred
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as the IRPDL method, has been presented. Starting from a
limited initial prior knowledge expressed by the expert and
represented by possibility distributions using Dubois-Prade’s
transformation. The expert’s initial knowledge is then enriched
by spatial information during an incremental learning process
that leads to a better representation of the considered classes.
The proposed approach implies no expert intervention except
for the selection of the initial possibility distributions (learning
areas). Synthetic images as well as real images have been used
to evaluate the IRPDL performance. The performance analysis
has been done using the possibilistic recognition rate criterion
and compared favorably to three reference methods: region
growing, semi-supervised fuzzy pattern matching, and Markov
random field. The IRDPL recognition rate has shown to be
very close to the Markovian method and has outperformed the
other two methods. In addition, the IRPDL approach possesses
the interesting property that it requires fewer parameters
for the mathematical representation and presents a reduced
computational complexity. Future work will be to extend the
validation of these results with a larger set of criteria and on
various types of images with more than two classes and to
study the impact of the operator  about class representation
(e.g. by texture measurement).
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