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1 Introduction

This specific action aims at extending CCV Ontology with aspects related to imprecise knowledge rep-
resentation in cognitive vision, to tools and methods for dealing with imprecise spatial information, and
to information fusion issues and methods.

It appears in CVOnline, that in the fusion section, there is nothing on non-probabilistic methods
such as fuzzy sets and possibility theory, or belief function theory. Since these theories are important in
cognitive vision when several sources of information are available, this could appear also as a part of the
Reasoning section of CCV Ontology (Section 3). This can be further subdivided in general consideration
on fusion for cognitive vision problems (Section 3.2: Issues), and in formal method description (Section
3.3: Methods). This includes also an important aspect of dealing with spatial information in fusion
problems. Moreover, dealing with imprecision in images is a very important issue for cognitive vision,
and could be addressed at the level of Knowledge representation (Section 2 of CCV Ontology), and of
Reasoning (Section 3.3 in particular).

Contributions on all these aspects will significantly extend the material available in CCV Ontology.
It can be very useful for students, mostly at graduate levels, as well as to young researchers involved in
these areas.

In this work, we concentrate on Issues (fusion) and Methods (Bases of Fuzzy sets and possibility
theories, and Fuzzy sets and possibility theory in image processing and vision), which could be included
in Sections 3.2 and 3.3 respectively.

2 General definitions of information fusion for decision making

THIS SECTION COULD PROBABLY BE INCLUDED IN THE REASONING PART OF CCV ONTOLOGY, SEC-
TION ISSUES (3.2).

2.1 Choice of a definition

The increasing development of research in information fusion in several domains is motivated by the
multiplication of sources of knowledge and data, and of techniques for their acquisition. The huge
volume of data to be processed and the more and more complex problems that are addressed induce a
real need in the development of fusion techniques.

In particular, data (or information) fusion appeared in the domain of image processing, computer
vision and cognitive vision a few years ago, as a necessary stage for several applications like medical
imaging, aerial and satellite imaging, quality control, robot vision, vehicle or robot guidance. The need
for information fusion in these domains originates from the increasing number of information sources,
mostly images issued from different sensors, but other types of information as well (maps, atlases, expert



knowledge, cognitive information, etc.). Imprecision and fuzziness being inherent to these pieces of
information to merge, information fusion methods have to take this specificity of images into account, in
order to improve the decision.

We consider here the term “information” in a broad sense. In particular it covers data (for instance
measurements, observations, images, etc.) and pieces of knowledge (on the data, on the domain, on
constraints, etc.), which can be either generic or specific.

The definition that we will use here is the following [36, 39]: Information fusion consists in combining
pieces of information issued from several sources in order to improve the decision making step.

This definition has the interest to focus on the combination and decision steps, which can take different
forms depending on the problem at hand and on the considered application. For each type of problem
and application, this definition can be made more specific, by answering a number of questions: What is
the aim of fusion? How is the decision expressed? What are the pieces of information to be combined?
Where are they originating from? What are their characteristics? Which methodology should be chosen?
How to evaluate and validate the method and the results? Which are the main difficulties, limitations?
etc.

Let us compare this definition to a few others proposed by some working groups that tried to unify
terminology and concepts in the fusion community.

This definition is slightly more specific than the one proposed by the European working group FUSION
[32], which worked on fusion in different domains from 1996 to 1999. Resulting from discussions in the
working group, the proposed informal definition is as follows: fusion consists in conjoining or merging
information that stems from several sources and exploiting that conjoined or merged information in
various tasks such as answering questions, making decisions, numerical estimation, etc. In this definition,
which is also focused on combination and aims, the aims are more general. Here we restrict to the
amelioration of knowledge about how the world is, and do not refer to how we would like the world be,
a problem addressed for instance in fusion of preferences.

A unified terminology has been proposed by the Joint Directors of Laboratories Data Fusion Working
Group. This group was created in 1986 in US and tried to codify the data fusion terminology, producing
a Data Fusion Lexicon [1]. The proposed model is dedicated mainly to military applications (such as
target tracking, automatic target recognition and identification) and is functionally oriented, identifying
processes, functions and techniques. It focuses mainly on a description of a hierarchy of processing steps
in a system. Here we take another point of view which is adapted to fusion problems in several domains,
including engineering (e.g. in signal and image processing for pattern recognition, diagnosis and decision
making in non military applications). Instead of focusing on the system, we define data fusion as the
process that combines information issued from different sources in order to take a decision, and therefore
we focus on techniques for combining information towards a specific goal.

Another European working group, of EARSeL. (Association of Remote Sensing Laboratories), has
extended the JDL definition to the more general domain of satellite imaging [173]: data fusion constitutes
a formal framework in which data issued from different sources are expressed; it aims at improving
information quality; a more precise definition of quality depends on the application. This definition
includes several definitions proposed in satellite imaging, summarized in [173]. The definition used here
goes farther, since it includes the decision step as ultimate goal.

2.2 General characteristics of imperfect information

Fusion problems occur in particular when the information is imperfect and when several pieces of infor-
mation have to be gathered or merged in order to overcome the limitations due to these imperfections.



2.2.1 Types of information

A first characteristic concerns the type of information to be combined. It can consist of direct observations,
of processing results on these observations, of more or less generic pieces of knowledge, of expert opinions,
etc. These pieces of information can be expressed in numerical or symbolic form. A particular attention
has to be paid to the scale used for representation. It does not necessarily has to have an absolute
meaning, but at least some commensurability or normalization has to be guaranteed. A more detailed
description of different types of information and their representation can be found in [32].

The level of information is also an important aspect. Depending if the information is considered at
low level (typically the original data), or at higher level, which often calls for preliminary processing,
constraints and difficulties that arise are not the same.

Other distinctions can be underlined, since they lead to different types of modeling and processing,
for instance distinction between frequent and rare data, between static and dynamic (evolving in time)
information, between generic or factual information (the second one being often more specific than the
first one). Typically generic information can be ignored if it contradicts a reliable factual (observed) in-
formation. On the contrary if no observation can be made, or if it is not reliable, then generic information
has to be used, and is then considered as a “default”.

Information involved in a fusion process consists on the one hand of pieces of information to be com-
bined, and on the other hand of additional knowledge, which serves to guide or help the combination. It
can be information about the information to be combined as information about sources, their dependen-
cies, their reliability, about preferences, etc. It can also be contextual information, on the domain. This
additional knowledge is generally not expressed in the same formalism as information to be combined.

2.2.2 Imperfection of information

One important characteristic of information in fusion is its imperfection. It is always present (otherwise
fusion would not be necessary). It can take different forms, that are briefly described in this Section.
Note that there is no real consensus about these definitions in the literature. The ones that are given
here are certainly not universal, but are well adapted to fusion problems.

Uncertainty Uncertainty is related to the truth of some information, characterizing its adequation to
reality [71]. It refers to the nature of the considered object, to its quality, or to its occurrence.

Imprecision Imprecision concerns the content of information and describes a quantitative defect of
knowledge or measure [71]. It concerns the lack of precision in quantity. This notion is often
included in a larger sense of uncertainty, but it may be useful to distinguish between them. More
refined classes of uncertainty have also been proposed (e.g. [108]).

Incompleteness Incompleteness of information issued from each source is the main reason that moti-
vated the fusion. Information provided by a source is generally partial, and gives only one point of
view or one aspect of the observed phenomenon.

Ambiguity Ambiguity of information extracted from each source has also to be taken into account. For
instance an imprecise measurement can prevent to distinguish between two different situations, or
incomplete information can induce confusions between objects or situations. One of the objectives
of fusion is therefore to solve ambiguities using additional sources of information and knowledge.

Conflict Conflictual situations occur often in fusion problems, and are usually difficult to solve. First,
detecting conflicts is not easy. They can be confused with other types of imperfection, or even with
complementarity between sources. Then their identification and typology is a question that often
arises, but differently depending on the domain. At last, solving conflict can take different forms.
It can rely on the elimination of non reliable sources, on introducing additional information, etc.
In some cases, it is preferable to delay combination and wait for more information, or even not to



fusion at all (for instance if conflict appears because the sources actually do not speak about the
same phenomenon). These issues are addressed in details in [32].

2.2.3 Redundancy and complementarity

Other characteristics of information are more positive, and can be exploited in order to limit or reduce
imperfections.

Redundancy Redundancy between sources comes from the fact the they give information about the
same phenomenon. Ideally, redundancy should be exploited in order to reduce uncertainties and
imprecisions.

Complementarity Complementarity between sources comes from the fact that they usually look at
different aspects of the observed phenomenon. Ideally, complementarity should be exploited to get
a more complete information and to solve ambiguities.

2.3 Numerical / symbolic

There have been large discussions in the fusion community about the duality between numerical and
symbolic fusion. Our aim here is not to go deeply in this discussion but rather to present the different
levels at which this question may be addressed. Since most of the discussions originate from the fact that
the concepts are confusing if this level is not specified, this type of presentation may help to clarify these
concepts. The three levels at which we would like to make a distinction between numerical and symbolic
are (i) the type of data to be treated, (i) the type of processing applied to these data, (iii) the role of
representations. Examples are taken mainly from the image processing and computer vision domain.

2.3.1 Data and information

By numerical information, we mean data directly given as numbers. These numbers may represent various
features, typically physical measures, grey levels, response to an image processing operator, etc. They
may be directly read from the sources to be fused, or attached to the domain or contextual knowledge
(e.g. wave lengths in satellite imaging, acquisition times in medical imaging, etc.).

By symbolic information, we mean all information given as symbols, propositions, rules, etc. Such
information can be related to the data to be combined (e.g. graphical information in a map or in an
anatomical atlas, attributes computed on data or objects previously extracted from the images) or related
to the domain knowledge (e.g. propositions about the properties of the problem at hand, structural
information stating for instance that a road network can be represented as a graph using roads and
cross-roads, propositional knowledge stating general rules about the scene like “the ventricles are always
inside the white matter”, etc.).

The classification of data and information in symbolic and numerical classes cannot always be done in
a crisp way. We may have to deal with “hybrid” kind of information, where numbers are used for coding
information that is not necessarily of numerical nature. This is typically the case for the evaluation of
some data or treatment, for the quantification of imprecision or uncertainty. In such cases, the absolute
values of these numbers are not important, this is rather the ranking which plays an important role.
These numbers may be attached to symbolic information as well as to numerical information. In image
processing, examples can be found for quantifying the quality of a detector, the evaluation of some
symbolic data, of source reliability, of confidence in some measurement or numerical value, etc.



2.3.2 Processing

As far as processing of information is concerned, we mean by numerical treatment any computation on
numbers. In data fusion, it concerns approaches that combine numbers by some formal calculus. Note
that such kind of treatment does not make any assumption on what kind of data is represented by
numbers. Data may be originally of numerical as well as of symbolic nature.

Symbolic types of treatment include formal computation on propositions (logic is but one example),
possibly taking into account numerical knowledge. Structural approaches, like graph-based approaches
often used in structural pattern recognition, can be considered as belonging to this class.

We consider as hybrid types of treatment the methods where prior knowledge is used in a sym-
bolic way to control numerical treatments, for instance by stating some propositional rules that sug-
gest/allow /prevent specific numerical operations. Typically, a proposition stating in which cases sources
A and B are independent can be used in the way probabilities are combined, or knowing that the recog-
nition depends only on some local or contextual knowledge may lead to an appropriate modeling of the
scene as a Markovian field. Such kind of hybrid processing is widely used in image processing and image
fusion.

2.3.3 Representations

As it appears from the two previous subsections, the representations and their type may play very different
roles. Numerical representations can be used for intrinsically numerical data as well as for evaluation
and quantification of symbolic data. An important use of numerical representations in data fusion is
for quantifying imprecision, uncertainty or reliability of the information (this information may be of
numerical as well as of symbolic nature), therefore representing rather information about the information
than the data themselves. We will focus on such kind of representations in the description of the main
numerical approaches for image fusion. Numerical representations are also often used for degrees of belief
attached to numerical and/or symbolic knowledge, and for degrees of consistency or inconsistency in a
database. Note that the same (numerical) formalism can be used for representing very different kinds of
data or knowledge: the most obvious example is the use of probabilities for representing data as different
as frequencies, subjective beliefs, etc. [20].

Symbolic representations can be used in logical systems, or knowledge-based systems, but also as prior
knowledge for guiding numerical treatment, as a structural support for image fusion (see e.g. [123]), and
of course as semantics attached to the manipulated objects.

In several examples, a strong duality can be observed between the roles of numerical and symbolic
representations.

2.4 Fusion systems and types of architecture

A general fusion problem can be stated in the following terms: given [ sources S; representing heteroge-
neous data on the observed phenomenon, take a decision D; on an element z, where x can be for instance
a pixel in image processing or any other object, and D; belongs to a decision space D = {D;,...,D,}
(or set of hypotheses). As opposed to symbolic fusion methods (see e.g. [164, 126, 86]), in numerical
fusion methods, the information relating x to each possible decision D; according to each source S; is
represented as a number Mz] having different properties and different meanings depending on the math-
ematical fusion framework. The global fusion scheme consists in taking a decision on z as a function
of all M],1 < i <n,1<j<I Typically, M] evaluates how much source j supports decision i. In
this scheme, all information is taken into account, but is complex and hardly tractable. Therefore, two
degraded systems are often defined, that will be be referred as centralized and distributed schemes in the
following.

In the distributed scheme, decision is taken locally on each source S; separately, from MZJ ,1<i<n.



Then the local decisions are merged in a global one. Many distributed systems have been developed for
real-time and military applications, since partial decision are taken as soon as information is available.
This scheme is also called decision fusion [166, 58]. Methods in distributed decision often assume 2
possible decisions only Dg or D1 (or sometimes 3, the third one representing no decision). In this case,
the problem amounts to find an application f from {Dg, D1} into {Dg, D1} [143]. The main methods
rely on probabilistic models, empirical estimations based on samples, nearest neighbor rules, etc. In this
scheme, imprecision can be taken into account for each sensor or each information source separately.
Models are then designed adaptively for each type of information, and the addition of a new source of
information is easily done. However, no process in such schemes leads to a cooperation between sensors
for reducing imprecision or ambiguity provided by one source by using information provided by another
one, except at the decision level, which is quite rough for this task. Moreover, conflicts between local
decisions are difficult to solve, since all numerical information on information imperfections is lost!.

In the centralized scheme, the measures related to each possible decision ¢ and provided by all sources
are combined in a global (still numerical) evaluation of this decision, taking the form, for each i: M; =
F[M}, M2, ..., M}], where F is a fusion operator. Then a decision is made from the set of M;,1 < i <
n. In this scheme, the final (binary) decision is issued at the end of the processing chain. Therefore
we avoid to make decisions at intermediate steps with partial information only, and thus we diminish
contradictions and conflicts, which usually require a difficult control or arbitration step. In centralized
schemes, imprecision and more generally imperfection of information is combined at a numerical level,
and therefore fusion between sources can be better exploited to reduce these imperfections before the
final decision is made.

The centralized scheme is often the most efficient when real time decision is not mandatory?. The
main steps of fusion can then be described as [36, 39]:

1. modeling information and its imperfections,

2. estimation of the Mf ,1 <i < n according to the chosen mathematical framework,

3. combination, i.e. choice of an appropriate fusion operator F' [21],

4. decision.

Although the final aim is decision, the previous steps are very important and should be designed
properly in order to exploit as well as possible the specific properties of the data, their complementarity
and redundancy. Different choices in the modeling and combination steps may lead to drastically different
decisions.

3 Fusion in image processing and cognitive vision

THIS SECTION COULD PROBABLY BE INCLUDED IN THE REASONING PART OF CCV ONTOLOGY, SEC-
TION ISSUES (3.2).

3.1 Objectives

Fusion in image processing and cognitive vision is closely linked to decision making, and has actually
little to do with registration, that can be considered as but a preliminary step.

1One possible solution consists in keeping several possible individual decisions for each source, and in considering all of
them for the fusion.

2A scheme that can be seen as intermediary between centralized and distributed decision consists in choosing the
necessary information among the Mf ,1 <2< mn,1 <j<1!in order to solve some specific decision problems. Such hybrid
schemes often involve expert knowledge and are mainly used in rule-based and multi-agent systems.



Decision can take various forms, ranging from hypothesis evaluation, to classification, object recogni-
tion, scene interpretation and understanding, reasoning about events and structures, etc.

Several decision tasks can benefit from fusion of multi-source data, including estimation, hypoth-
esis testing, or model validation. Decision can also take the form of detecting the presence of some
phenomenon (e.g. a particular form of an electrocardiogram, or some rupture in a statistical model).

A field where data fusion has been widely used concerns tracking, i.e. the decision consists in assessing
the movement of some objects. This task may include several partial decisions like detection of the objects
of interest, localization, and possibly recognition.

An important field concerns diagnosis, classification, and pattern recognition. In such problems, the
decision consists in labeling objects in a scene, in attributing each pixel or object in an image to a class,
in detecting unexpected features, etc. In image fusion, classification and recognition is probably one of
the most typical type of decision we may find in the literature. This is a problem closed to multi-criteria
aggregation problems. These tasks are part of the more general problem of scene interpretation. The
aim of fusion is then to get a global point of view on a scene, by gathering the different points of view
provided by the different sources (the sources are then considered as experts or observers, each of them
looking at the scene under a different aspect, using its own criteria and specificities). The sources can be
different images but also different features extracted from the same image using image processing tools
dedicated to specific aspects of the image. Under this form, signal and image fusion can be compared
to expert opinion pooling problems. Another part of scene interpretation concerns updating, which aims
at improving the information using additional sources, i.e. at getting more precise and more reliable
information about the scene. In the case of dynamic scenes, evolving in time, updating also involves
processes able to introduce new information or changes in the objects in the global interpretation.

3.2 Fusion situations

Depending on the application at hand, fusion problems can occur in very different situations, where
different types of information are available. The main fusion situations are the following:

e Several images from a unique sensor: this can typically be the case of several channels of one satellite,
of multi-echo images in magnetic resonance imaging (MRI), or of image sequences in dynamic scenes.
Data are then quite homogeneous since they correspond to similar physical measures.

e Several images from different sensors: this is the most frequent case, where different physical prin-
ciples lead to different and complementary points of view on the scene. Let us mention for instance
fusion of SPOT and ERS images, of US and MRI data, etc. Heterogeneity is then a major feature
of the data. Each image provides a partial view and are not informative about characteristics they
are not dedicated to (for instance an anatomical MRI does not provide functional information).

e Several pieces of information extrated from one image: this refers to situations where several de-
tectors, operators, classifiers, etc. are applied on the image in order to extract various pieces of
information. They rely on different data characteristics which usually make the data to be combined
rather heterogeneous. The extracted information can concern the same object (fusion of contour
detectors for instance), or different objects and then a global interpretation of the scene is searched.
Information can be obtained at different levels (local or more structural when dealing with spatial
relationships between objects).

e Image and another source of information: the additional source of information can be a model,
which can be either particular as a map, or generic as an anatomical atlas, knowledge bases, rules,
expert information, etc. Again the pieces of information are heterogeneous, both in their nature
and in their initial representation (image for a digital map, but also knowledge bases, linguistic
descriptions, etc.).
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3.3 Data and knowledge characteristics

In this Section, we summarize some aspects of image information that have to be taken into account in
image fusion. Some of them are very specific to image processing and vision, and have to be introduced
in fusion schemes and mathematical frameworks, which are generally issued from other domains.

First, the information to handle in image fusion is often heterogeneous. In several applications,
several imaging techniques have to be used together to answer a specific question. They provide dif-
ferent aspects and different points of view on the problem by exploiting different physical properties.
For instance when planning some surgical operation in medical imaging, necessary images can be as
heterogeneous as anatomical images (provided by MRI or CT), angiographic images (MRA, spiral CT,
etc.), functional images (PET, functional MRI). These images are not informative about the features
they are not dedicated to. Similar examples can be found in other domains, in particular in satellite
or aerial imaging. An additional cause of heterogeneity comes from the fact that image information
needs to be combined with external information to make sense. This can be information on acquisition
conditions, on the observed phenomenon, or more generally expert knowledge related to the problem
at hand. This knowledge can be expressed either in “iconic” terms, under the form of atlases or maps,
or in “propositional” terms, under the form of linguistic expressions or rules. This is an aspect that is
quite specific to vision. Indeed, unlike in other domains where data fusion is used, especially in artificial
intelligence, symbolic information is not only the information injected in the process by the expert in a
propositional way, but it may also be derived from graphical documents since such representations carry
a rather abstract interpretation of the objects contained in the scene. Such information is considered as
symbolic, as opposed to the numerical information constituted by location, intensity, etc. that may be
found in images.

Duality between numerical and symbolic information emerges at this level. Let us take the
example of a map and an aerial image of the same area [123]. The numerical information carried by the
image provides a quite accurate description of the scene, but the interpretation attached to it is hard to
derive. For instance, it is generally difficult to assess the type of a building, although its drawing on the
image is accurate. On the contrary, the map carries symbolic information as a semantic meaning of the
objects represented on the map but its shape is often sketchy. Here lies also an example of duality between
imprecision and uncertainty (imprecision on location and uncertainty on the nature of the objects). This
example illustrates how imprecision may be quite different depending on the level of representation (pixel
in an image, object in a map for instance).

The situation is even more complex if we include in this scheme image processing algorithms used
to extract information about objects, and the attributes describing the objects. These attributes can
be numerical or symbolic, and they contribute to the nature of the objects. Therefore, the information
we have to deal with is embedded in a complex net, where images, objects, algorithms, measures, in-
terpretations are closely related to each other. Imprecision can be attached to any of these elements.
One of the problems to be solved is therefore to understand and model the influence, on the nature of
one element, of the imprecision associated with the others. In particular, in order to define accurately
these imprecisions and their relationships, we found it difficult to provide some reasonable constructive
intermediate between generic definitions and naive instances.

Numerical-symbolic fusion and it specificities when applied to image information under imprecision
is a very complex problem, that still did not find a definite solution and that remains a very active field
of research.

However, a first step towards understanding and management of imprecisions and their relationships
can be performed by studying the different causes of imprecision. Indeed, imprecision in image
information may be due to several factors, ranging from the observed phenomenon to the algorithms
artifacts. In biology, a soft transition between tissues (e.g. healthy and pathological tissues) is surely
a cause of imprecision inherent to the nature of the observed objects. Also, if tissues have similar
characteristics, images that represent these characteristics will poorly discriminate these tissues. This
will result in an uncertainty on the belonging of a pixel to one or the other tissue. Another cause of
imprecision is due to the discrete nature of numerical images, resulting in a delocalization of information
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contained in a small volume at only one point. The partial volume effect (the presence of several tissues
in one pixel or voxel) belongs also to this type of spatial imprecision. Other image imperfections can be
caused by numerical reconstruction algorithms in computed imaging. One example is the Gibbs effect
that may appear in MRI around sharp transitions. At the processing level, imprecision is often induced
by the chosen algorithms (e.g. filtering, contour detection, registration between images, etc.), another
place where the duality between imprecision and uncertainty can be found [159].

Another aspect that is quite specific to image processing and vision, as compared to other application
domains of data fusion, is the complexity of the information. This is partly due to the previously
mentioned characteristics but also to the increasing number of acquisition techniques and to the huge
data sets that have to be dealt with. Typically, one MRI brain image contains 256 x 256 x 128 voxels,
one satellite image contains 6000 x 6000 pixels, and several images of this size have to be combined in
a fusion process. The large data volumes, and the statistical measures that are therefore made possible,
may explain the use of statistical approaches in most image fusion schemes. The complexity of the fusion
process also comes from the simultaneous redundancy and complementarity between images, closely
related to the heterogeneity aspects. One of the main tasks of image fusion is to exploit redundancy, in
order to increase the global information, and complementarity, to improve certainty and precision. The
decision is thus improved by the fusion in terms of both quantity and quality.

The main information in image processing and vision, which is specific to this domain, is the spatial
information. The previous examples have already shown how it appears at all levels, and the types of
imprecision attached to it. When using a fusion method, often issued from another domain, we thus have
to incorporate spatial information in the process.

3.4 Constraints

From the architecture point of view, centralized systems are rarely imposed. The most frequent case is
off-line fusion, where all information is simultaneously available. Centralized systems can then be used.

Real-time constraints are quite rare too, except in surveillance or multimedia applications.

On the contrary, strong constraints are linked to the spatial characteristic of the data. Spatial consis-
tency is a strong aspect that deserve important research work. It can be achieved either at a local level,
using the local spatial context, or at a more structural level, using spatial relations between structures of
objects in the scene.

The huge volume of data can impose computation time and algorithmical complexity constraints.
Therefore at pixel level, only simple operations are usually implemented. More sophisticated operations
often require higher level information as well as structured representations.

The complexity and quantity of data also imposes to make some choice in the information and the
knowledge to be fused. This choice is of course mainly guided by relevance criteria with respect to the
decision objectives, but also by criteria on the relative ease in the access and representation of information
and knowledge, as well as on their quality.

Finally one of the main problems in image fusion (like in other fields of image processing) concerns
the validation and evaluation of methods. Although the truth generally more or less exists, it is often

difficult or impossible to access®.

3.5 Numerical and symbolic aspects

In image fusion, like in most image processing and vision domains, several levels of information repre-
sentation are distinguished. At the lowest level, information carried by each pixel is considered. Fusion
schemes at this level aim at taking a decision for each pixel, e.g. attributing each pixel to a class of

3In that sense, aerial or satellite imaging is probably a better field of investigation than medical imaging. At least, it
allows an easier evaluation.
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interest. All raw image information is then used, but such schemes are lacking in structural informa-
tion and spatial coherence [52]. A precise registration between all images to be combined is generally
considered as unavoidable at this level. At an intermediate level, the fusion is performed on features
extracted from each image using some image processing tools. These features are typically segments,
contours, or regions. Precise registration is then crucial. At the highest level, objects extracted from
images are combined. This involves a preliminary recognition step and is therefore related to decision
fusion. Structural information can be easily introduced at this level, and therefore makes registration
less mandatory. However, the richness of the basic numerical information is lost, and conflicts may be
difficult to solve, unless some numerical evaluation is attached to the objects and structures extracted
from each image. Applications where segmentation results are fused (e.g. [55], [50]) can be considered
as intermediate level fusion if the segmented regions or contours have no semantic interpretation (i.e. no
real decision is taken on each image), or as high level fusion otherwise.

3.6 Fusion in vision vs. fusion in other domains

Let us now briefly illustrate another reason why image fusion is so different from other application domains
of data fusion (see [32] for a description of fusion problems in several domains). Of course, the nature
of information is an important point, and the spatial aspects as well. But, to our opinion, with respect
to multi-criteria aggregation and optimization, the main difference relies on the fact that in that field,
the aim is to try to find a solution that satisfies as well as possible some flexible constraints. In image
fusion, the sensors do provide (more or less explicitly) a degree of satisfaction (of membership to classes
for instance) and the decision amounts rather to choose the best one. With respect to voting problems,
the difference is that in those problems, no truth exists, and that probably subjectivity has more to be
taken into account, but according to some “ethic” rule. Subjectivity is also part of combination of expert
opinions. In that domain, information is moreover usually more sparse, which makes learning perhaps
more difficult than in image processing. However, this last problem is probably the closest one to our.

4 Bases of fuzzy sets and possibility theory

THIS SECTION COULD PROBABLY BE INCLUDED IN THE REASONING PART OF CCV ONTOLOGY, SEC-
TION METHODS (3.3).

This part intends to provide the reader with the bases of fuzzy set and possibility theory. It contains
the basic definitions and properties that are needed in the following when dealing specifically with spatial
information.

Many papers and books have been published that extensively present the bases of fuzzy set theory.
Beside Zadeh’s seminal paper [186], the reader may refer to [103, 67, 191].

This part is organized as follows. In Section 4.1, the basic definitions of fuzzy sets are given, as long as
the original fuzzy set operators proposed by Zadeh and the concept of fuzzy number. In Section 4.2, fuzzy
measures are introduced, along with some examples. This leads in Section 4.3 to a short introduction
to the possibility theory. More fuzzy operations are summarized in Section 4.4. They can be seen as
set operations, as well as combination operators in information fusion systems. They also provide a
theoretical basis for logical operators. The concepts of linguistic variable and of modifier are introduced
in Section 4.5. Fuzzy relations are defined in Section 4.6. The examples of similarity and ordering
relations are detailed, since they are the starting point of several studies in fuzzy image processing, in
particular for pattern recognition and scene interpretation applications. The principles of fuzzy logic
and approximate reasoning are shortly given in Section 4.7. Finally we present the main methods for
extending crisp operations to fuzzy ones in Section 4.8.
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4.1 Definition of fuzzy set fundamental concepts
4.1.1 Fuzzy sets

Let U be the universe, i.e. the space of objects of interest. It is a classical (or crisp) set. We denote by z,
y, etc. its elements (or points). In image processing, I can be typically the space S on which the image
is defined (usually Z™ or R*, with n = 2,3,...)%. Then the elements of & are the points of the image
(pixels, voxels). The universe can also be a set of values taken by some image characteristics, for instance
the scale of grey levels. Then z is a value (a grey level). The set U can also be a set of features or objects
extracted from the images (e.g. segments, regions, objects), leading to a higher level representation of
the image content.

A subset X of U is defined by its characteristic function px, such that:

ux(x)Z{(l) zj: ﬁ;§ (1)

The characteristic function px is a binary function, specifying the crisp membership of each point of U
to X.

Fuzzy set theory aims at dealing with gradual membership. A fuzzy subset of U is defined through
its membership function y from U into [0,1]°. For each z of U, u(x) is a value of [0, 1] representing the
membership degree of x to the fuzzy subset, i.e. to which extent x belongs to it. Although the correct
terminology would be to speak of “fuzzy subset”, commonly the simplified term “fuzzy set” is used. We
keep this term in the following, for sake of simplicity.

Various notations are used for denoting a fuzzy set. A fuzzy set is completely defined by the set:

{(@, u()),z € X}, (2)
which can be noted as:
| wa)ss 3)
u
or in the discrete case: N
> ulwi)/z; (4)
i=1

where N denotes the cardinality of U.

Since the set of all couples (z, u(x)) is completely equivalent to the definition of the function u, we
have chosen here to simplify notations and to refer always to the functional notation p as a function of
U into [0, 1], where p will be called indifferently fuzzy set or membership function.

The support of a fuzzy set u is the set of points that have a strictly positive membership to u (it is a
crisp set):
Supp(p) = {z € U, p(x) > 0}. (5)

The core of a fuzzy set u is the set of points that belongs completely to p (it is a crisp set):
Core(n) = {o € U, p(x) = 1}. (6)
A normalized fuzzy set p is such as at least one point belongs completely to p (i.e. Core(u) # 0):

Az el, p(z) =1. (7

A unimodal fuzzy set p is such that there exists a unique point x such that u(z) = 1. A less
constraining definition allows the core of u to be a compact set and not only one point.

4In the following, U will denote a general space, while S will denote more specifically the spatial domain.
5The interval [0, 1] is the most used. However, any other interval, or other set (typically a lattice) could be used.
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4.1.2 Set operations: original definition of L. Zadeh

Since fuzzy sets have been introduced by L. Zadeh in [186] in order to generalize sets, the first operations
that have been proposed are set operations. We recall here the original definitions proposed by L. Zadeh.
Further operations are defined later, in Section 4.4.

The equality of two fuzzy sets is defined by the equality of their membership functions:

p=v&Vrel,u(z) =v(z). (8)

The inclusion of a fuzzy set in another one is defined as an inequality on their membership functions:

pCrveVrel,u(z) <v(z). 9)

The intersection (respectively union) between two fuzzy sets is defined as the pointwise minimum
(respectively maximum) of their membership values:

Ve € U, (pNv)(z) = min[u(z), v(z)], (10)
Ve € U, (pUv)(z) = max[u(z), v(z)]. (11)
The complementation of a fuzzy set is defined as:

Vo e U, uC (z) =1 — p(z). (12)
The main properties of these definitions are the following:

e they are all consistent with binary set operations: in the particular case where the membership
functions only take values 0 and 1 (i.e. they are crisp sets), these definitions reduce to the classical
binary definitions; note that this property is important since it is the least we can ask to the fuzzy
extension of a binary operation;

e u=v& uCvandvCy

N =p;

e the fuzzy complementation is involutive: (u
e intersection and union are commutative and associative;
e intersection and union are idempotent and mutually distributive;

e intersection and union are dual with respect to the complementation: (uNv)¢ = u®uv®;

o if we consider the empty set () as a fuzzy set having membership values all equal to 0, then we have
uNO=0and uUOD = p, for all fuzzy set p defined on U;

e if we consider the universe as a fuzzy set having membership values all equal to 1, then we have
pNU =pand pUU = U, for all fuzzy set u defined on U.

These properties are the same as the corresponding binary operations. However, some binary prop-
erties are lost, in particular the excluded-middle and non-contradiction laws, since:

puUu £U, (13)

pnpC # 0. (14)
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4.1.3 Structure and types of fuzzy sets

Let us denote by C the set of all crisp subsets of U, and by F the set of all fuzzy subsets of U. The set
C is a Boolean lattice for intersection and union (i.e. a complemented distributive lattice). It can be
considered as the lattice induced by the structure of {0,1}. The interval [0, 1] is a pseudo-complemented
distributive lattice (in the lattice terminology, the complementation to 1 is a pseudo-complementation),
which induces a pseudo-complemented distributive lattice structure on F.

Several types of fuzzy sets can be considered. Until now, we considered that membership functions take
values that are numbers. These are called type-1 fuzzy sets. But membership values are not necessarily
numbers. They can also be fuzzy sets, by making use of the lattice structure of the set of fuzzy sets. A
type-2 fuzzy set is a fuzzy set whose membership values are type-1 fuzzy sets. More generally a type-m
fuzzy set is a fuzzy set whose membership values are type-(m — 1) fuzzy sets (for m > 1). Such extensions
of fuzzy sets are particularly useful when the membership value that we can attach to an element is
imprecisely defined. In the sequel, mainly type-1 fuzzy sets are considered. The operations that are
defined below can be generalized to type-m fuzzy sets, using the extension principle which is introduced
in Section 4.8.

4.1.4 o-cuts
The a-cut of a fuzzy set p is the crisp set defined as:
po ={z €U, p(z) > a}. (15)
Strict (or strong) a-cuts are defined as:

pa ={z €U, p(z) > a}. (16)

A fuzzy set can be considered as a “stack” of its a-cuts. It can be reconstructed from them using
different formulas, the main ones being:

1
u(z) = / o) dar, (17)
(@)= sup min(a,ua(o)), (18)
a€]0,1]
w(@) = sup (apa(2)). (19)
a€]0,1]

Let us now look at the links with Zadeh’s operators. The following relationships hold:

V(Nay)ejﬂa p=v & Va €)0,1], po = Va, (20)
Y(u,v) € F2, p C v & Va €]0,1], ta C Va, (21)
Y(u,v) € F2, Ya € [0,1], (uNv)o = fa N Vy, (22)
Y(p,v) € F2, Va € [0,1], (uUv)q = g U vy, (23)
Ve F, Ya € [0,1], (1) a = (11-a)°. (24)

We draw the reader’s attention to the last equation, which is not as straightforward as the previous ones.

Taking the a-cut of a fuzzy set, for some given value of a, amounts to select the elements of U/ that
belongs at least to the degree a to the fuzzy set. It is therefore a kind of thresholding process on the
membership function. It can also be seen as a “defuzzification” process, i.e. a mean to return in the
domain of crisp sets, which is used for instance to take a decision in a fuzzy system.
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4.1.5 Cardinality

In this Section, we consider only fuzzy sets that are defined over a finite universe, or that have a finite
support. This is not restrictive when applying fuzzy sets theory to image processing, since in this domain,
we are working mainly with finite (discrete) universes.

The cardinality of such a fuzzy set u is defined as:

ul =" ula), (25)

zeU
or, if U is not finite but the support of p is finite:
ul= Y u@. (26)
zE€Supp(p)

Again this definition is consistent with the cardinality of a crisp set. It can be interpreted as counting
each point for an amount corresponding to its membership to the fuzzy set. It is also called the power of
the fuzzy set (e.g. in [122]).

This definition can be extended to the case where U{ is not finite but measurable. Let M be a measure
on U (such that [, dM(x) =1). The fuzzy cardinality of y is defined as:

= [ ww)in(a). (27)

4.1.6 Convexity

In this Section, the universe U is a real Euclidean space (of any dimension).

The convexity of a fuzzy set is defined from its a-cuts: a fuzzy set u is convex iff its a-cuts are convex
(for all a in [0,1]). This definition is not equivalent to the convexity of the membership function in an
analytical sense®. The analytical equivalent expression for fuzzy convexity is: p is convex iff:

V(z,y) € U?, YA € [0,1], min(u(z), u(y)) < p(Az + (1 = N)y). (28)

4.1.7 Fuzzy numbers

In this Section, we set U = R.

A fuzzy quantity is a fuzzy set g on R. A fuzzy interval is a fuzzy quantity which is convex (i.e. its
a-cuts are intervals). There is an equivalence between the upper-semi-continuity of p and the fact that
its a-cuts are closed intervals.

A fuzzy number is a fuzzy interval upper-semi-continuous (u.s.c.) with compact support and unimodal.
An example of fuzzy number representing “about 10” is shown in Figure 1.

Less strict definitions are also considered in the literature, in particular by accepting not only one
single modal value, but an interval of modal values, i.e. there exist four reals a, b, ¢, d, witha < b < c¢ < d
such that p(z) = 0 outside the interval [a,d], increasing on [a, b], decreasing on [¢,d] and equal to 1 on
[b, ] [91, 92].

A fuzzy number can be interpreted as a flexible representation of an imprecise quantity, which is more
general than a crisp interval.

Let us return to the definition of the fuzzy cardinality. It has been defined previously as a number.
However, when considering a fuzzy set, it can be interesting to define it as a fuzzy number, since the

6The convexity of a function f is defined as V(z,y), f(Az + (1 — N)y) > Af(z) + (1 — \) f(y).
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Figure 1: Fuzzy number representing “about 10”.

cardinality of an imprecisely defined set may be considered as imprecise too. The cardinality of a fuzzy
set as a fuzzy number (see [67]) is defined as:

lulg(n) = sup{a € [0,1], |pa| = n}. (29)
This constitutes a first example of fuzzy number.

A widely used type of fuzzy numbers is called L-R fuzzy numbers. They are defined through a
parametric representation of their membership function. A L-R fuzzy number p is defined as:

m—z)
Ve € R, u(x) = { é((wgm)) ;Z: i § z (30)

B

where o and f are strictly positive numbers called left and right spreads, m is a number called mean
value of the fuzzy number and L and R are functions (referred to as the reference functions of the fuzzy
number) having the following properties:

e Vz € R L(z) = L(—x),
e L(0) =1,

e L is non-increasing on [0, +00],

and similar properties for R.

One of the main advantages of such fuzzy numbers is that they have a compact representation and
computations on fuzzy numbers can be made easily.

4.2 Fuzzy measures

In this Section, fuzzy measures are introduced, following the approach by Sugeno [165], and several
examples of fuzzy measures are given. More details can be found in [165, 67].

4.2.1 Fuzzy measure of a crisp set

A fuzzy measure is a function f from C (i.e. defined on crisp sets) into [0, 1] satisfying the following
conditions:

1. f(@) =0;
2. fU) =1
3. monotonicity: V(A, B) € C2, AC B = f(A) < F(B);
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4. continuity:
Vie NNVA; €C, Ay CAs... C Ay...or Ay D As... D A,

> Jim 40 = 1 (Jim 4.).
Noticeable properties of fuzzy measures are:
V(4,B) € C?, f(AU B) > max[f(4), f(B)], (31)
V(4,B) € C?, f(AN B) < min[f(A), f(B)]. (32)
Note that the definition of a fuzzy measure does not assume any additivity constraint. It could also

be called non-additivity measure, since the link with fuzzy set theory is rather loose.

4.2.2 Examples of fuzzy measures

Several families of fuzzy measures can be found in the literature. Among the most used, let us mention:

e the probability measures;
e the A\-fuzzy measures, obtained by relaxing the additivity constraint of a probability measure as:
Y(A,B)e€C? ANB=0= f(AUB) = f(4) + f(B) + A\f(A)f(B) (33)
with A > —1;
e the belief functions and plausibility functions, used in the evidence theory of Dempster-Shafer [158];

e the possibility measures [189], that are introduced in Section 4.3.

Links between several types of fuzzy measures have been investigated by Banon [7] (see also [67]).

4.2.3 Fuzzy integrals

Fuzzy integrals [165, 95] are the counter-part of Lebesgue’s integrals when the integration of a function
is made with respect to a fuzzy measure. Two types of fuzzy integrals are distinguished.

The Sugeno’s integral of a measurable function f, defined from i into [0,1], with respect to a fuzzy
measure 4 is defined as:

Su(f) = / fou= sup minfa, u({z € U, f(z) > a})]. (34)

a€l0,1]

In the finite case (|| = N), this expression is equivalent to:
N .
Su() = [ £ = nlixminl o,5), (40, (35)

where p is a permutation on {1,2...N} such that:

0 < flapw) < - < f(@pev)
and where A; = {SL',,(1), ""mP(N)}'

The Choquet’s integral of a measurable function f, defined from U/ into R*, with respect to a fuzzy
measure 4 is defined by:

+oo
Culf) = / fdu= / u({z, f(x) > a})do. (36)
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In the finite case, we obtain:

Culf) = [ Fdu= 3" (@p) = Fapion) (42, @)

with f(zp(0)) = 0.

The properties of these integrals have been studied by several researchers [165, 131, 95]. The main
ones in the finite case are the following:

o for the measure pmin defined as VA C U, A # U, pmin(4) = 0 and pmin(U) = 1, S,,...(f) and
Cliin (f) are equal to the minimum of the values taken by f;

e for the measure fumax defined as VA C U, A # 0, imax(A) = 1 and pmax (@) = 0, S, (f) and
Cliar (f) are equal to the maximum of the values taken by f;

e for any two measurable functions f and f’ and any fuzzy measure p, the following monotony
property holds:

et f@) < @) = { @) S A (39)

this property being also true in the infinite case;

e for any measurable function f and any two fuzzy measures p and p', the following monotony
property holds:

wcusn svin= {54 £ 1)

this property being also true in the infinite case;

e as can be deduced from the previous properties, the following inequalities hold for any measurable
function f and any fuzzy measure u:

N

min f(;) < S,(f) < mix f(2:); o)
rgjl:\irglf(a:i) < Culf) < I?Zalx F(2); "

e for any additive measure (or o-additive in the infinite case), the Choquet’s integral coincides with
the Lebesgue’s integral; in this sense, fuzzy integral can be considered as an extension of Lebesgue’s
integral;

e for any fuzzy measure u, Sugeno’s and Choquet’s integrals satisfy the following continuity property:
for any sequence of measurable functions f, on U such that:

we have:
im S, (fa) = Su(h), (12)
im_Culf) = Cul)). (43)

Applications of fuzzy integrals can be found in multi-criteria aggregation, data fusion, pattern recog-
nition.
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4.2.4 Measure of fuzzy sets

In the previous Sections, the measures were always applied on crisp sets. If we now consider fuzzy sets,
we may also need measures to provide a quantitative evaluation of a fuzzy set. Such measures are called
fuzzy set measures [45] or evaluation measures [75]. There is no real consensus on the definition of such
measures. We consider here the less constraining one, as proposed in [45].

A fuzzy set measure is a function M from F into Rt such that:

1. M(0) = 0;
2. V(u,v) € F?, pCv=>Mu) <M_).

One or several of the following requirements may also be added, depending on the application:

M takes values in [0, 1];

Simple examples of fuzzy set measures are fuzzy cardinality, cardinality of the support of y, supremum
of i, etc. Measures of fuzziness, as described in the next Section, are additional examples.

4.2.5 Fuzziness measures

One question related to the evaluation of a fuzzy set concerns the degree of fuzziness. De Luca and
Termini [122] have proposed to define a degree of fuzziness as a function f from F into Rt such that:

1.Vue F, f(u) =0« p € C (i-e. crisp sets are completely non-fuzzy and they are the only ones
that satisfy this property);

2. f(up) is maximum iff Vo € U, u(x) = 0.5;

3. Y(u,v) € F2, f(u) > f(v) if v is more contrasted than y (more crisp), i.e.:

v(z) > p(x) if p(z) >05
veel, { v(@) > p(z) if plz) <05

4. Vu € F, f(u) = f(u©), i.e. a fuzzy set and its complement are equally fuzzy.

In the same paper, De Luca and Termini proposed a function, called entropy of a fuzzy set [122], as
degree of fuzziness, in the finite case. It is defined as:

E(p) = H(u) + H(p®), (44)
where H(u) obeys a similar definition as Shannon’s entropy:

N
H(p) = =K 3 p(a:) log p(x:)- (45)

Obviously, E satisfies the axioms of a degree of fuzziness. Moreover, the following relationship holds:

H(max(p, v)) + H(min(u,v)) = H(p) + H(v), (46)
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and
E(max(u,v)) + E(min(p,v)) = E(n) + E(v). (47)

A lot of other measures of fuzziness have been proposed in the literature, sharing similar properties.
Let us mention the most used ones:

e the Hamming distance to the closest binary set, which is nothing else than the 0.5-cut [103]:
N
F) =Y @) = paja(ea); (48)
i=1

e the Hamming or quadratic distance between p and its complementary set [178] or more generally:
N 1/P
flw) = lz (i) — uc(wi)l”] (49)
i=1

N 1/p
lz 2u(z:) — 1IP] ;

i=1

e the measure proposed by Kosko [111], that compares the intersection of y and u© with their union

using the following formula:
| min(/,t, NC)| . (50)
| max(, u©)|’

e the generalized entropy defined using some generating function, either in an additive form or in a
multiplicative one[11]:

— the additive form is defined as:

N

F) =" glu(@)] + g1 — p(@:)] (51)

i=1
where g is a function from [0, 1] into R* such that:
vt €10,1], ¢"(t) <O.

Examples of generating functions are g(t) = te'™, g(t) = at — bt? (with 0 < b < a), g(t)
—tlogt (this last form leads to the fuzzy entropy has defined in [122]).

— the multiplicative form is defined as:

N
F) = glulw)]gll — p(s)] (52)
=1

where g is a function from [0, 1] into Rt such that:
vt € [0,1], ¢'(t) > 0and g"(t) < 0.

Examples of generating functions are g(t) = te! %, g(t) = t°.

4.3 Elements of possibility theory

Possibility theory is derived from fuzzy set theory. It has been first introduced by Zadeh in [189], and
then widely studied by several authors, in particular Dubois and Prade [67, 71].
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4.3.1 Necessity and possibility
A possibility measure is a function II from C into [0, 1] such that:

1. TI(0) = o,
2. TI(U) = 1,
3. VI CN,VA4; C U(’L S I), H(Uie]Ai) = SUP;cy H(A,)

In the finite case, a possibility measure is a fuzzy measure. It appears as a limit case of equation 31
which was deduced from the continuity property of a fuzzy measure.

By duality a necessity measure is defined as a function from C into [0, 1] such that:
VYA CU, N(A) =1-TI(A%). (53)

This duality means that if an events is necessary, its contrary is impossible.

The necessity measure satisfies the following properties:

1. N(®) =0,
2. NU) =1,
3. VI C N,VA, C U(’L € I), N(ﬂieIA,') = infieI N(Az)

Conversely, from any measure satisfying these properties, a possibility function can be derived which
satisfies the duality relationship.

Additional useful properties of possibility and necessity measures are:

e VA C U, max(TI(A),TI(A)) = 1, which expresses the fact that either one of the two subsets A and
A% is completely possible;

e YA C U, min(N(A), N(A®)) = 0, which expresses that two contrary events cannot be simultane-
ously necessary;

e YACU, TI(A) > N(A) (an event has to be possible before being necessary);
e VACU, N(A) > 0= TI(4) =1 (since N(A) >0 = II(A°) < 1, and max(TI(A),TI(A%)) = 1);
e VACU, II(A) <1= N(A4) =0;
e VACU, N(A) + N(A®) < 1;
o YA CU, TI(A) +T(A%) > 1.
The two last properties are non-additive properties. It means that given II(A), it is not enough to

determine completely N(A) (this contrasts with probability theory). Therefore the uncertainty attached
to an event is expressed as two numbers and not only one.

4.3.2 Possibility distribution

A possibility distribution is a function 7 from U into [0,1] with the following normalization condition:

sup 7 (). (54)
zeU
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A possibility measure can be derived from a possibility distribution in the finite case as:

VA € C, TI(A) = sup{n(),z € A}. (55)
Conversely, a possibility measure induces a possibility distribution by:
Ve e U, n(z) =II({x}). (56)

By duality, we have the following relationship between necessity and possibility distribution:

VA€, N(A) =1 —sup{n(z),z ¢ A} =inf{l — n(z),z € A°}. (57)

These definitions find a simple interpretation if we consider the problem of representing the value
taken by a variable. Then U represents the domain of variation of this variable. A possibility distribution
on U describes the degrees to which the variable can take each possible value. It is actually a fuzzy
set, i.e. the fuzzy set of all possible values for this variable. The membership degree of each value to
this set corresponds to the degree of possibility that the variable be equal to this value. A possibility
distribution may therefore represent the imprecision attached to the exact value of a variable. Typically
a fuzzy number is a possibility distribution describing the possible values that can take this number.

Let us consider for instance a classification problem in image processing. We give below a few examples
where possibility distributions can be defined (they are of course far from being exhaustive):

e Let U be the set of classes. A possibility distribution on U, defined for each object to be classified
(point, region, etc.), may represent the degrees to which this object possibly belongs to each of the
classes.

e Let U be a characteristic space (e.g. the grey-level scale). A possibility distribution on ¢ may be
defined for each class and represents, for each grey-level, the possibility that this class appears in
the image with that grey-level.

e Let U be the image space. A possibility distribution on U can be defined for each class, and
represents the possible locations of this class in the image.

The normalization corresponds to the fact that one value at least is considered as completely possible.
Non-normalized possibility distribution can also be useful. In such cases, we do not have II({{) = 1
anymore. Also the properties N(A4) > 0= II(A) = 1 and II(4) < 1 = N(A) = 0 do not always hold.

In the above definition, we always considered possibility and necessity of crisp subsets of &/. Now
if we consider a fuzzy subset p of U (u € F), the notion if possibility has to be extended [189]. This
corresponds to the following interpretation: given a possibility distribution 7 on U, associated with a
variable X taking values in U, we are interested in knowing to which extent “X is u”. This is defined as:

I(p) = sup min(u(z), 7(z)). (58)

The possibility of p therefore combines the degree to which the variable X takes the value z and the
membership degree of z to the fuzzy set under evaluation.

4.3.3 Semantics

Membership functions and possibility distributions can have several semantics, the main ones being the
following:

e similarity degree semantics (based on the notion of distance, to a prototype for instance);

e plausibility degree semantics (plausibility that an object from which only an imprecise description
is known is actually the one we want to identify);

e preference degree semantics (a fuzzy class is then the set of “good” choices), this interpretation
being close to the notion of utility function.
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4.4 Operators

After the early work of Zadeh [186], a lot of operators have been proposed in the fuzzy set theory, to
combine membership functions, or possibility distributions?. This operators are also named connectives,
aggregation or combination operators. Several review papers summarize the main classes of operators

(e.g. [70, 181, 21)).

The following Sections provide the definitions of the main classes of operators, examples of the most
used forms in each class, and simple interpretations (according to [70, 71]). Further interpretations in
terms of set operations and in terms of data fusion can also be provided.

Since most operators work pointwise (i.e. combine membership degrees or possibility degrees at the
same point of U), it is enough to define the operators on the values taken by membership functions or
possibility distributions. They are therefore defined as functions from [0, 1] or from [0, 1] x [0, 1] into [0, 1].

4.4.1 Fuzzy complementation

A fuzzy complementation is a function ¢ from [0, 1] into [0, 1] such that:
1. ¢(0) =1,
2. ¢(1) =0,
3. ¢ is involutive, i.e. Vz € [0,1],c(c(z)) = =,
4. c is strictly decreasing.
The most obvious example is the one introduced in Section 4.1 as:

Vz €[0,1], ¢(z) =1 —x. (59)

The general form of continuous complementations is:
vz €[0,1], e(z) = ¢! [1 - p(z)], (60)

where ¢ is any function from [0, 1] into [0, 1] such that:

* ¢(0) =0,
° (1) =1,
e ¢ is strictly increasing.
If, for some n, ¢ takes the form:
Vz € [0,1], p(z) = 2", (61)
then the derived complementation is:
Yz € [0,1], e(z) = (1 — z™)M/™. (62)

This form becomes more binary when n increases (for n > 1) or when n decreases (for n < 1). In the
first case, almost all values (but those close to 1) have a complement close to 1, and in the second one,
almost all values (but those close to 0) have a complement close to 0.

"We draw the reader’s attention to the fact that since a possibility distribution and a membership functions have similar
mathematical expression and since there exist some links between them, the same operators can apply on both of them.
However, they have different meanings and origins, and this should not be under-estimated.
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If, for some real a in ]0,1], ¢ takes the form:

axr

1 = — 63
Vo€ [0,1) ¢(o) = g (63)
then the derived complementation is:
1—=x

Another example, depending on four parameters a, b and ¢ such that 0 < a <b<c¢ <1, and n, is:

1 if 0<z<a
_ ) 1=l if a<a<b
0 if c<zx<l1

(1-x74)"0.25

e(x)

(11025

Figure 2: Several examples of fuzzy complementations.

4.4.2 Triangular norms and conorms

In the context of stochastic geometry ([127, 156]), a t-norm ¢ is defined as a function of two variables
from [0, 1] x [0,1] to [0, 1] satisfying the following properties:

1. commutativity, i.e. ¥(z,y) € [0,1]%, t(z,y) = t(y,);
2. associativity, i.e. V(z,y, 2) € [0,1]3, t[t(=z,y), 2] = t[z, t(y, 2)];

1 is unit element, i.e. Vz € [0,1], t(z,1) = t(1,2) = z;

- W

increasingness with respect to the two variables:

Y(z,z',y,y") €[0,1]*, (z <2’ and y < ') = t(z,y) < t(=',y").
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From these properties, limit conditions can be derived: ¢(0,1) = ¢(0,0) = ¢(1,0) = 0 and #(1,1) =1,
and it can be easily shown that 0 is null element (Vz € [0, 1],%(z,0) = 0).

A continuity property is often added to these properties.

T-norms generalize intersection to fuzzy sets, as well as logical “and”. Examples of t-norms are
min(z,y), zy, max(0,z +y — 1).

It is easy to prove the following result: for any t-norm ¢, the following inequality holds:
V(z,y) € [0,1]%,t(z,y) < min(z,y). (66)

This shows that the “min” is the greatest t-norm and that any t-norm has a conjunctive behavior (an
operator is said conjunctive if the result of the combination is less than each of the combined values).

On the opposite, any t-norm is always greater than g, which is the smallest t-norm, defined as:

z if y=1
V(z,y) € [0,11%, to(z,9) =< v if =1 (67)
0 else

Moreover, the following inequalities hold between the mentioned t-norms:
V(z,y) € [0,1]%, to(z,y) < max(0,z +y — 1) < zy < min(z,y). (68)
Some parametric functions allow to vary between some of these common operators. For instance the
t-norm defined in [179] as:
V(z,y) € [0,1, t(z,y) = 1 —min[L, [(1 - 2)” + (1 - y)"]"/7] (69)
varies from Lukasiewicz t-norm max(0,z +y — 1) for p = 1 to the min for p = +o0.

Examples of t-norms are shown in Figure 3.

Given a t-norm t and a complementation ¢, another operator T can be defined by duality, called

t-conorm:
V(z,y) €[0,1?, T(z,y) = c[t(c(z), c(u)]. (70)

A t-conorm satisfies following properties:
1. commutativity, i.e. ¥(z,y) € [0,1]%, T(z,y) = T(y, z);
associativity, i.e. V(z,y,2) € [0,1*, T[T (z,y), 2] = T[z,T(y, 2)];

0 is unit element, i.e. Vz € [0,1], T(z,0) = T(0,z) = z;

- W N

increasingness with respect to the two variables:
V(z,2',y,y") €[0,1]*, (z <2’ and y <y') = T(z,y) < T(2',y");

5. limit conditions: 7(0,1) = T'(1,1) = T(1,0) = 1 and T(0,0) = 0;
6. 1 is null element (Vz € [0,1],7(z,1) = 1).

T-conorms generalize union to fuzzy sets, as well as logical “or”. Examples of t-conorms are max(z, y),
z +y — zy, min(1l,x + y). For any t-conorm T, the following inequality holds:

V(z,y) € [0,1)%, T(z,y) > max(z,y). (71)

This shows that the “max” is the smallest t-conorm and that any t-conorm has a disjunctive behavior (an
operator is said disjunctive if the result of the combination is greater than each of the combined values).
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Figure 3: Four examples of t-norms. Upper row: ty (smallest t-norm) and Lukasiewicz t-norm. Lower
row: product and minimum (largest t-norm).

On the opposite, any t-conorm is always less than Ty, which is the largest t-conorm, defined as:

z if y=0
V(z,y) € [0,1]%, To(z,y) =< v if =0 (72)
1 else

Moreover, the following inequalities hold between the mentioned t-conorms:
V(z,y) € 0,1, To(z,y) > min(1,z +y) > = +y — zy > max(z,y). (73)

Examples of t-conorms are shown in Figure 4.

Further useful properties of t-norms and t-conorms are:

e any t-norm or t-conorm is distributive with respect to min and max, i.e. equalities of the following
type hold:

Y(z,y,2) € [0,1]3, t[x, min(y, 2)] = min[t(z,y), t(z, 2)]; (74)
e the only t-norms and t-conorms that are mutually distributive are min and max;
e the only t-norm that is idempotent is the min, and the only t-conorm that is idempotent is the

max;
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Lower row: algebraic sum and maximum (smallest t-norm).

e given any t-norm ¢ and any continuous strictly increasing function h from [0, 1] into [0, 1] such that
h(0) = 0 and h(1) = 1, the following function #' is a t-norm [155]:

V(z,y) € [0,1]%, t'(z,y) = h ' [t(h(z), h(y))]- (75)

This shows how families of t-norms can be generated from a given one.

Several works have been dedicated to the precise description of specific families of t-norms and t-
conorms, for which generic definitions could be found [70]. Two of them are particularly useful: Archi-
median t-norms and nilpotent t-norms.

An Archimedian strictly monotonous t-norm is a t-norm ¢ such that:
Vz € [0,1], t(z,z) < z, (76)

and
V(z,y,y") € 0,173, y <y = t(z,y) < t(z,y"). (77)

Similarly an Archimedian strictly monotonous T-conorm T satisfies the two following properties:
vz € [0,1], T(z,z) > =, (78)

Y(z,y,y") € 0,1, y <y = T(z,y) < T(z,y'). (79)
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Any Archimedian strictly monotonous t-norm ¢ can be expressed in the following form:

V(z,y) € (0,1 t(z,y) = f7'[f(2) + f»)], (80)

where f, referred to as “generating function”, is a continuous decreasing bijection from [0, 1] into [0, +00]
such that f(0) = +oc0 and f(1) = 0.

The associated t-conorms take the form:

V(z,y) € [0,1%, T(z,y) = ¢~ '[o(z) + ()], (81)

where the generating function ¢ is a continuous increasing bijection from [0, 1] into [0, +o0] such that
»(0) =0 and (1) = +o0.

Such t-norms and t-conorms never satisfy the non-contradiction and excluded-middle laws. These
laws are expressed as:
Vz €[0,1], ¢z, c(z)] =0, (82)

and:
Vz € [0,1], T[z,c(x)] = 1. (83)

These two statements do not hold for Archimedian strictly monotonous t-norms and t-conorms.

An Archimedian strictly monotonous t-norm (respectively t-conorm) can be defined by a multiplicative
generating function as well, both expressions (the additive one and the multiplicative one) being equivalent
[54]. It is then expressed as:

V(z,y) € [0,1]%, t(z,y) = h ™" [h(2)h()], (84)

where h is a strictly increasing function from [0,1] into [0,1] such that h(0) = 0 and h(1) = 1. The
equivalence with the additive form is simply obtained by setting:

h=e"f (85)

where f is the additive generating function introduced previously.

The most used t-norms and t-conorms of this class are the product and the algebraic sum:

V(w,y) € [07 1]27 t(x,y) =Y, T('Tay) =z+y—zy. (86)

The only rational t-norms of this class are the Hamacher’s t-norms, defined as [96]:

Ve9) €017, e Ty (87)

where 7 is a positive parameter (for v = 1 the operator coincides with the t-norm product). They are
illustrated in Figure 5.

Another parametric family of this class is made of Frank’s functions, defined as [82]:

V(o,y) € 0,17, ta,y) = log[1 + =Dy (39)

where s is a strictly positive parameter. These t-norms and their dual t-conorms satisfy the following
remarquable equality (and they are the only t-norms and t-conorms satisfying this relation):

Y(z,y) € 0,1, t(z,y) + T(2,y) =z +y. (89)

Examples of Frank’s t-norms are shown in Figure 6. If s is small and tends towards 0, the t-norm tends
towards the minimum. If s tends towards +oo, the t-norm tends towards the Lukasiewicz t-norm. If
s = 1, the t-norm is equal to the product.
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Figure 6: Four examples of Frank’s t-norms. Upper row: s = 0.1 and s = 2. Lower row:

s = 1000.

s = 10 and

Another useful family of t-norms and t-conorms si constituted by the nilpotent ones, taking the

following general form:

V(z,y) € [0,1]%, t(z,y) = F*[f(2) + f(v)],
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where f is a decreasing bijection from [0,1] into [0,1], such that f(0) =1, f(1) =0, and f*(z) = f (=)
if z €[0,1]. f*(z) =01if z > 1. The general form of nilpotent t-conorms can be derived by duality. They
satisfy the excluded-middle and non-contradiction laws.

The most used t-norm and t-conorm of this class are the Lukasiewicz operators:
Y(z,y) € [0,1), t(z,y) = max(0,z +y — 1), T(z,y) = min(1,z + y). (91)
Examples of generating f functions have been proposed e.g. by Schweizer and Sklar [155] or by Yager
[179].

Finally, combinations of t-norms and t-conorms are also useful. For instance, compensation operators
have been introduced in [192] and take the form:

V(a:,y) € [07 1]27 C’Y('T7y) = t(may)l_’yT(way)’ya (92)

where « is a parameter in [0, 1].

4.4.3 Mean operators
A mean operator is defined as a function m from [0, 1] x [0, 1] into [0, 1] such that:

1. m # min, m # mazx,

2. the result of the combination is a compromise between the smallest and the largest value: V(z,y) €
[0, 1], min(z,y) < m(z,y) < max(z,y),

3. m is commutative: Y(z,y) € [0,1]%, m(z,y) = m(y, z),
4. m is increasing with respect to both arguments:

Y(z,z',y,y") € [0,1]*, (z <z’ and y < y') = m(z,y) < m(2',y").

A consequence of this definition (and more precisely of the second property) is that any mean operator
m is idempotent, i.e.:
Vz € [0,1], m(z,z) = =.

Note that associativity is generally not satisfied by mean operators. The only associative mean
operators are the median operators defined as:

z if y<zx<aora<z<y
V(z,y) € [0,1]%, m(z,y) = med(z,y,0) = y if z<y<aora<y<uz (93)
a if y<a<zozx<a<y

where « is a parameter in [0, 1].
Examples of median operators are shown in Figure 7.

Several mean operators satisfy an additional property, called bisymmetry, that can be considered as
a counter-part of associativity:

V(z,y,2,t) € [0,1]*, m[m(z,y),m(z,1)] = m[m(z, z), m(y,1)]. (94)
The general form of bisymmetrical, continuous and strictly increasing mean operators is as follows:

¥(zy) € 0,1, mie, )k (FOTFW) (95)

where k is a continuous and strictly monotonous function from [0, 1] into [0, 1].
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m(x,y)

m(x.y)
n(x,y)

Figure 7: Three examples of median operators for a equal to 0.1, 0.5 and 0.8.

e m(z,y) comment
—oo | min(z,y) limit value

-1 j% harmonic mean

y

0 (xy)~/? | geometrical mean
+1 2ty arithmetical mean
+2 A/ # quadratic mean
+oo | max(z,y) limit value

Table 1: Examples of bisymmetrical, continuous and strictly increasing mean operators. For the harmonic
mean, we use the convention m(0,0) = 0.

Classical mean operators are found in this class, for k& defined as:
Vz € [0,1], k(z) = =%,
where a € R. In particular, harmonic, geometrical, arithmetical, and quadratic means are obtained for
a equal to -1, 0, 1 and 2 respectively. Table 1 summarizes these results.
Examples of mean operators are shown in Figure 8.
Other mean operators involve weights. This amounts to take the values to be combined into account
at different levels. One particularly interesting weighted operator has been proposed by Yager [180], as

an ordered weight average operator (OWA). Weights are defined according to the ranking of the values

to be combined. If these values are denoted by a1, a2, ...an, they are ordered in a sequence a;, ,a;,,...a;,
such that:

aj, < aj, < ... < aj,

Then, for a set of weights w; such that:
» wi=1, Vi, 1<i<n,w; € [0,1],
i=1

the OWA operator is defined by the expression:

OW A(aq,as, ...,an) = Zwiaji. (96)
i=1
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Figure 8: Four examples of mean operators. Upper row: harmonic and geometrical mean operators.
Lower row: arithmetical and quadratic mean operators.

Fuzzy integrals also belong to the class of mean operators [94]. Indeed, both Choquet’s and Sugeno’s
integrals are idempotent, continuous, increasing, and between the minimum and the maximum. They
include as particular cases order statistics, and therefore minimum, maximum, and median. Choquet’s
integral defined with respect to an additive measure p is equivalent to a weighted arithmetical mean,
where the weight w; affected to the value z; is equal to p({z;}).

The OWA operators can also be seen as a particular class of Choquet’s fuzzy integrals, where the
fuzzy measure is defined as:

i—1
VA, |A| =i, p(4) = anfj-
7j=0

Conversely, any commutative Choquet’s integral is such that u(A) only depends on |A| and is equal to
an OWA operator the weights of which are:

n
wp = 1-— E Wi,
i=2

Vi>2, wi = p(An—iv1) — p(An—i)

where A; denotes any subset such that |A;| = i.

These properties among other have been extensively studied in [95, 94].
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4.4.4 Symmetrical sums
A symmetrical sum is defined as an operator o from [0,1] x [0,1] into [0, 1] such that:

1. ¢(0,0) =0,

2. o is commutative,

3. o is increasing with respect to both arguments,

4. ¢ is continuous,

5. V(z,y) € [0,1%,1 —o(z,y) =0o(1 —z,1 —y).

The last property means that the scale of values can be reversed without changing the conclusions
that may be drawn from their combination. This has been used for instance for expert opinion pooling,

where saying that 0 means “bad” and 1 means “good” or saying the reverse should not be important.
citer qqch de Dubois ici. This property can also be expressed using other fuzzy complementations.

Other property hold, that can be deduced from the others:

e o(1,1) =1,

o Vz €]0,1[,0(z,1 — ) = 1,

e the only symmetrical sum that is both associative and a mean operator is the median with parameter

L
3

The general form of symmetrical sums depends on an increasing, positive, continuous function g such
that ¢(0,0) = 0:

Vo) € DIP (o) =~ SO0 (9o7)

It is easy to verify that this form satisfies all properties of a symmetrical sum.
If Vz € [0,1],9(0,2) =0, 0(0,1) is undefined, otherwise 0(0,1) = %

The general form of associative, strictly increasing symmetrical sums is:

V(z,y) € 0,1, 0(z,y) = ¢~ [(2) + $©)], (98)

where 1 is a strictly monotonous function such that ¢(0) and (1) are non-bounded and Vz € [0, 1], (1 —
z) + 9(z) = 0. It follows that the values 0 and 1 are null elements, while } is the unit element.

Typical examples of symmetrical sums are given in Table 2. They are obtained by taking t-norms or
t-conorms for the generating function g.

| 9(=zy) | o(z,y) | property |
Ty oo(z,y) = % associative
z+y—zy | op(x,y) = % not associative
min(z,y) | Omin(z,y) = % mean operator
max(z,y

max(z,y) | omax(®,y) = T4, —,7 | mean operator

Table 2: Examples of symmetrical sums, defined using t-norms and t-conorms as generating functions.
For ¢, we use the convention o¢(0,1) = 0¢(1,0) = 0, and for o, we set omin(0,1) = omin(1,0) = 0.

These operators satisfy the following order property:

V(m,y) € [Oa 1]2737 +ty<1l= O’o(:lf,y) < Umin(xay) < UmaX(may) < U+(1’,y), (99)
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Y(z,y) € [0,1%,2+y > 1= 00(z,y) > omin(2,y) > Omax(2,y) > 0y (2, 7). (100)

Examples of symmetrical sums are shown in Figure 9.
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Figure 9: Four examples of symmetrical sums. Upper row: op and 4. Lower row: omin and omax-

4.4.5 Adaptive operators

A lot of other operators have been proposed in the literature. Among them, operators that are adaptive
with respect to some contextual information are of particular interest. This contextual information
can be for instance a conflict between possibility distributions (e.g. extracted from different sources of
information), or a reliability attached to each of the pieces of information to be combined.

We give some examples of operators depending on conflict between possibility distributions, according
to [74]. In the following equations, m; and 75 represent two distributions of possibility to be combined in a
global distribution 7', 1—h(m1, m2) represents a global measure of conflict between these two distributions,
and t denotes a t-norm:

,1—h(7r1,7r2)] 5 (101)

+1-— h(7T1,7i'2):| ; (102)

7' (s) = t[m1(s), m2(s)] + 1 — h(m1, m2), (103)
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min(7r1,7r2)

h
In [74], the proposed measure of conflict is defined as 1 — h with:

7' (s) = max ,min[max(my,ms),1 — h]| . (104)

h= sgpt[m(s),@(s)]. (105)

This measure, which assures that the resulting distribution 7’ is normalized, is well adapted for trapeze-
shaped possibility distributions.

The last form (Equation 104) is illustrated in Figure 10 for two possibility distributions with increasing
conflict.

Tt
S
Tt
= S
Tt
n T
1 . e 2
/ \ 1 \
/ \ Y \
/ \ P \ ,
/ \ p \ U
/ \ P \/
/ \ 1 \
/ \ 1/ \
/ \ 1 \
. \J P \
/ \, h=0 / \
1 \ P \
7,,,/ \771 e S

Figure 10: Example of adaptive operator varying from a t-norm for no conflict to a t-conorm for a high
conflict between two possibility distributions.

4.5 Linguistic variables

It may happen that numerical representations are not adequate to describe one situation. For instance,
if a variable has a large range of variation, we can hardly attach one value to any specific situation and
we may prefer to use a qualifier issued from the natural language to group coarsely some typical subsets
of interest. For instance, to describe the size of an object, it may be more convenient to use only a
few terms having rough frontiers, like large, medium, or small. This corresponds to a granulation of
the information. According to [190], the concept of granule is the starting point in “computing with
words”, and it is defined as “a fuzzy set of points having the form of a clump of elements drawn together
by similarity” (quoted from [190]). A word is then a label of a granule. When it comes to compute
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with these representations, specific tools are needed. Such representations are particularly useful in
approximate reasoning.

Such representations are called linguistic variables. They are variables whose values are words or
sentences [188].

The advantage of such representations is that linguistic characterizations may be less specific than
numerical ones (and therefore need less information) [188].

4.5.1 Definition

The concept of linguistic variable has been introduced by Zadeh [188] and is described by several authors,
e.g. [67, 191]. Formally, a linguistic variable is defined as a quintuple (z,T(z),U,G, M), where z is the
name of the variable, T'(x) the set of values of z (called “terms”), U is the universe of discourse on which
the values of z are defined (as fuzzy variables), G is a syntactic rule for generating the name X of values
of £, and M is a semantic rule, M (X) being a fuzzy set of U representing the meaning of X.

Such a definition represents a symbolic-numerical conversion, and establishes links between a language

and numerical scales.

4.5.2 Example of linguistic variable

Let us consider the example of the size of an object. In numerical terms, this size can be expressed
by a value ranging over a domain U (typically U is a subset of Rt). In linguistic terms, the size can
be expressed with a few terms: very small, small, medium, large, very large. Figure 11 illustrates the

linguistic variable “size”.

size linguistic variable
- T \\\ .
T N syntactic rules
’// // ! AN \\\
£ v\ N\ N
{very small, small, medium, large, very large} terms

\
\

T
]
N / / I \ .
I semanticrules

V

membership
functions

Figure 11: Illustration of the linguistic variable “size”, its terms and the associated fuzzy sets. The
arrows from the linguistic variable to the set of terms represent the syntactic rules, while the second set
of arrows represents the semantic rules, that translate terms in membership functions.

4.5.3 Modifiers

The meaning of a term of a linguistic variable can be modified by operators called “hedges” or “modifiers”.
If A is a fuzzy set, then the hedge or modifier h generates a composite term h(A) which is a fuzzy set on
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the same universe of discourse &/. The most common operators that are used for defining modifiers are

the following;:

e normalization:
_ palu)

 Sup, ey pa(v)’

where 4 denotes the membership function of A and u any value in U;

Hnorm(A) (u)

e concentration: ficon(a)(u) = [pa(u)]?;

o dilation®: figya)(u) = [pa(u)]*;
e contrast intensification:

2 .
CUCRHE e

These functions are illustrated in Figure 12, for a simple triangular-shaped membership function.
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Figure 12: Tllustration of some operations used for defining hedges, on a triangular shaped initial fuzzy

set. Dotted: concentration, dashed: dilation, dot-dashed: contrast intensification.
Typical hedges derived from these operators are [67):

very A = con(A),

e more or less A = dil(A),

plus A = A5,

and a complementation respectively.

8Note that it is not a dilation in the morphological sense.
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Let us mention, as a nice application of modifiers, the explanation of the Golden Proportion using
fuzzy logic, as proposed in [110]. The author that the concept of something being pleasing often depends
on an optimum of some variable. For instance, if someone puts a little bit of a nice perfume on, this will
increasing the attractiveness. But if the person puts to much perfume, it does not smell good. In this
example, and in several others, it appears the the degree z to which something is pleasing follows the
following rule: if it increase too much, the opposite effect is obtained. Therefore we have, in linguistic
terms:

very(z) = not(x)
Since very(z) is expressed as z2 and not(z) as 1 — x,  happens to be the solution of:
?=1-zx
the solution of which being the golden proportion, i.e. @

4.6 Fuzzy relations

The concept of relation has been extended to fuzzy sets in [186, 187] to model interactions between some
elements. This extension endows fuzzy sets with comparison and structural assessment tools, and is
therefore important for image processing, cognitive vision and image interpretation, since it will allow to
compare shapes of objects, to establish spatial relationships, etc.

4.6.1 Definitions

Let U; and Uy be two universes. A fuzzy relation R on U; x Us is a fuzzy subset of Uy x Us:

R = {((Ul,UQ),,U,R(Ul,’U,Q))l(Ul,’ILQ) €Uy x UQ} (106)

This definition of binary relation extends directly to n-ary relations.

Let 1 and py be two fuzzy sets defined respectively on Uy and Us. A fuzzy relation on py X py is
defined as a fuzzy set on U; X Us such that:

V(u1,u2) € Us X Us, prr(ur,uz) < minfp (ur), p2(u2)]. (107)

The projection of a fuzzy relation R on U; is defined as a fuzzy subset of U; as:

proj[R,Ui] = {(u1, sup pr(ui,us))lus € Us}. (108)

u2 EUz
The projection on Us is defined in a similar way.

In case of n-ary relation, defined on U X ... x U,, the projection can be defined on any product space
of some of the U;, as a fuzzy relation on this product space.

The cylindrical extension of a fuzzy relation on a product space U;, X ... xU;, , where {iy...i} C {1...n},
is defined as the “largest” fuzzy relation on Uy X ... X Up:

¢(R) = {((u1, ey tn), pR(Wig s ooyt )| (U1, oy ttn) € Us X oo X Up }. (109)

A fuzzy relation is called fuzzy restriction if it represents an elastic constraint on the values (in U; xUs)
that can be assigned to a variable v defined on U; x Us.

4.6.2 Properties of fuzzy relations

The extension of relation properties to fuzzy relations leads generally to several possible definitions. We
mention here the most common ones, for a binary relation in U x U.
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Reflexivity A fuzzy relation R in U x U is reflexive if [187]:

Ve e U, pr(z,z) = 1. (110)
It is e-reflexive if [183]:
Ve elU, pr(z,x) > €. (111)
It is weakly reflexive if [183]:
Ve e U,Vy €U, pr(z,x) > pur(z,y). (112)

Symmetry and anti-symmetry A fuzzy relation R in U x U is symmetric if:

V$€u7v:l/€u7 HR('T;Z/) :NR(yam) (113)

A fuzzy relation R in U x U is anti-symmetric [103] if:

either pr(z,y) # pr(yY, T)
VeelU,Vy elU, = ’ ’ 114
! Y vy { or rr(z,y) = pr(y, ) =0 (114)
A fuzzy relation R in U x U is perfectly anti-symmetric [187] if:
Ve e U,Vy eU, z # yand pr(z,y) > 0= pgr(y,z) = 0. (115)

The relationships between both definitions of anti-symmetry is as follows: perfect anti-symmetry
implies anti-symmetry.

Transitivity Transitivity usually expresses that the relation between two elements should be at least
as strong as indirect relations between these elements (i.e. going through other elements).

This idea is translated in fuzzy terms as follows: a fuzzy relation R in ¢ x U is max-min transitive if:
V(iﬂ,yaz) € u37 NR(waz) > min[uR(ar,y),,uR(y,z)]. (116)

This definition has a more general form, called max-* transitivity, where z xy is defined as one of the
following expressions:

1. zy,
2. max(0,z+y — 1),

z+
3. 5%
4. max(z,y),
S5. T4y —uay.

4.6.3 Composition of relations

The most common way to compose two fuzzy relations R and S defined respectively on U; X Us and
Uy x Us is called the max-min composition, and is defined as:

Yuy € Us,Vug € Us, pRros(u1,us) = sup min[ur(ur,us), ps(us, us)]. (117)
uz EUs
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The composition R o S is a fuzzy relation on U; x Us.

Instead of the min, another operator can be used, leading to the max-* composition. The operator *
can be for instance the product or the arithmetic mean [144].

If the operator * is associative and increasing with respect to both arguments, then the max-* com-
position is associative, distributive over union and increasing with respect to inclusion.

Since the composition is obtained by considering the “strength” of all paths between u; and ug, there
is some link with the max-min transitivity: a fuzzy relation R on U XU is max-min transitive iff RoR C R.

A similar equivalence holds between max-* transitivity and max-* composition.

4.6.4 Similarity relations

Similarity relations constitute a particular class of fuzzy relations, particularly useful for pattern recog-
nition, comparison between objects, between relationships, between elements and models, for case-based
reasoning, for recognition based on models or prototypes, etc.

A similarity relation is a fuzzy relation S on U which is [187):

1. reflexive,

2. symmetrical,

3. max-min transitive.

Reflexivity can be too restrictive, and can then be replaced by e-reflexivity, or weak reflexivity. Other
variants use max-* transitivity, instead of max-min transitivity.

Since transitivity may be difficult to achieve, a useful fuzzy relation is “tolerance” or “proximity”
relation, which is only reflexive and symmetrical.

From a similarity relation S, a dissimilarity relation D can be derived, as:

A dissimilarity relation satisfies the following properties:

1. anti-reflexivity:
Vz € U, up(z,z) =0,
2. symmetry,
3. min-max transitivity:
V(z,y,2) € U°, pp(,z) < max{up(z,y), uo(y, 2)]-
The membership function up(z,y) represents a distance function on ¢/, which is moreover an ultrametric,

thanks to its last property.

Zadeh has shown [187] that a similarity relation S can be represented as a tree, called partition-tree
or similarity-tree. Each level of the tree corresponds to the partition of ¢/ induced by an a-cut of S. If
II, denotes the partition induced by S, then Ilz is a refinement of Il if 3 > a. Therefore the partitions
for different levels are nested.
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Let us take the example provided in [187], where U = {z1, ...x¢}, and the similarity relation is defined
by the following matrix:

1 02 1 06 02 06
02 1 0.2 02 08 0.2
| 1 02 1 06 02 06
BS=1 06 02 06 1 02 08
02 08 0.2 02 1 0.2

06 02 06 08 0.2 1

(119)

The partition-tree corresponding to this similarity relation is depicted in Figure 13.

Xl X3 X4 XG 77777777 Sl
1% X4 XG‘ ”””” Sos

Figure 13: Partition tree corresponding to the similarity relation defined by Equation 119 (from [187]).
For @ = .2, the a-cut Sp.2 provides only one class, where all z; are similar up to th degree 0.2. For
a = 0.6, two classes are obtained, etc.

4.6.5 Order relations

On the contrary to similarity relations, order relations are not symmetrical. Several types of fuzzy
orderings can be defined.

A fuzzy pre-order relation is a fuzzy relation that is:

1. reflexive,

2. max-min transitive.
A fuzzy order relation is a fuzzy relation that is:

1. reflexive,
2. anti-symmetric,

3. max-min transitive.
A perfect fuzzy order relation [103] or fuzzy partial ordering [187, 67] is a fuzzy relation that is:

1. reflexive,
2. perfectly anti-symmetric,

3. max-min transitive.
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A total fuzzy order relation [103] or fuzzy linear ordering [187, 67] is a fuzzy partial ordering R such
that:
Y(x,y) € U?, either pr(z,y) > 0 or pr(y,z) > 0. (120)

A fuzzy partial ordering R on a finite universe I/ can be represented equivalently by a triangular matrix
and by a Hasse diagram (oriented graph whose arcs are valued by pg). Antisymmetry and transitivity
of R lead to a graph without cycle. Let us illustrate these representation with the example provided in
[187], for U having 6 elements. The matrix defining the fuzzy partial ordering is:

1 08 02 06 06 04
01 0 0 06 0
00 1 0 05 0

PE=10 0 0 1 06 04 (121)
00 0 0 1 0
0O 0 0 0 0 1

The Hasse diagram corresponding to this partial order relation is depicted in Figure 14.

Figure 14: Hasse diagram corresponding to the fuzzy partial order relation defined by Equation 121 (from
[187)).

4.7 Fuzzy and possibilistic logics

The development of fuzzy logic is directly linked to the specificities of human reasoning: it is more
flexible than classical propositional logic, it can deal with imprecision and allows to derive deductions
even from imperfect data and knowledge. It can handle graduate predicates, issued either from continuous
referentials or from the notion of typicality (a situation can be more or less typical of known situations
and this should be taken into account in similarity-based reasoning).

When reasoning on propositions, uncertainty (to be understood in a large sense) corresponds to the
incapacity to decide if a proposition is true or false, either because the information is incomplete, vague,
imprecise, or because it is contradicting or changing.

In the first case, a possibility-based modeling allows us to account for this type of uncertainty, while
in the second case, a probabilistic modeling is well adapted.

Another important distinction is between degree of certainty and degree of truth. Fuzzy logic handles
propositions endowed with truth degrees, while possibilistic logic rather handles propositions endowed
with uncertainty degrees. Both perspectives are succinctly described below.

4.7.1 Fuzzy logic

In fuzzy logic [67, 66], the reasoning is performed on fuzzy elementary propositions such as:

XisP
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where X is a variable taking its value in the reference space ¢ and P is a fuzzy subset of U, with
membership function pp.

The truth degrees of such propositions are defined as values in [0, 1] from pp.

Logical connectives are defined in a simple way, by using the same operators as their set theoretical
equivalents. For instance, the truth degree of a conjunction of the type:

XisA and Y is B

is defined using a t-norm ¢ by:
panB(,y) = tlpa(z), pe(y)]-

Similarly, a disjunction such as:
XisA or YisB

has a truth degree defined using a t-conorm 7:

pave(z,y) = Tpa(z), ps(y)],

and a negation has a truth value defined using a fuzzy complementation:
p-a(z) = clpa(z)).

In the case of variables taking values in a product space, X taking values in U, and Y taking values
in V, then conjunction is interpreted as a Cartesian product. The corresponding truth degree of:

XisA and Y is B

can then be written as:
paxe(z,y) = t{ua(z), pe(y)]-

Let us now consider the implication. In classical logic, we have:
A= B & (BormnotA),

which means that implication can be expressed using a disjunction and a negation. By using the same
equivalence in the fuzzy case, we define a fuzzy implication from a t-conorm (disjunction) and a com-
plementation (negation). Let us first consider non-fuzzy A and B. The degree to which A implies B is
defined by:

Imp(A, B) = T[c(A), B]

where T is a t-conorm and ¢ a complementation.

Now if A and B are fuzzy, we have:

Imp(A, B) = inf Tle(ua(x)), 15 ()]

The following table summarizes the main fuzzy implications found in the literature on approximate
reasoning;:

T(z,y) = max(z,y) max(1 — a, b) Kleene-Diene
T(x,y) = min(l,z +y) min(1,1 —a + b) Lukasiewicz
T(x,y)=z+y—xy 1—a+ab Reichenbach

In all cases, the implication reduces to the classical one in extreme cases of true (1) or false (0)
propositions, i.e. taking binary truth values:
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These defintions allow us now to define fuzzy equivalents of the main reasoning modes: modus ponens,
modus tollens, syllogism, contraposition. As an example, let us consider modus ponens. In classical logic,
it is written as:

(AN(A= B)) = B. (126)
Its fuzzy equivalent is defined as:

e Let us consider the rule:
if Xis A then Y is B;

e and the knowledge:
Xis A
where A’ is an approximation of A;

e then we derive the conclusion:
Y is B
where B’ is an approximation of B, with the degree:

pp (y) = suptlia=p(z,y), par(2)]

We can now model and handle fuzzy rule based systems. Let us for instance consider the following

rule:
IF (zis A AND yis B) THEN zisC

and « the truth degree of x is A, B the truth degree of y is B, v the truth degree of z is C. The truth
degree (or satisfaction degree) of the rule is obtained by combining the fuzzy connectives defined earlier:

Imp(t(a, 8),7),

or:
T(e(T(a, )),7)]-
Similarly for the rule:
IF (zis A OR yis B) THEN zisC
its satisfaction degree is:

Imp(T(a, 8),7) = T[e(T(a, B)), 7)]-

Such rules can be used for describing in a qualitative way the graph of a fuzzy function using a small
number of rules. For instance, a function such as the one in Figure 15 can be described, at a somewhat
coarse granularity level, by:

IF X is small THEN Y is small

IF X is medium THEN Y is large
IF X islarge THEN Y is small
These rules involve the notion of linguistic variable defined earlier and the semantics of the values
“small’, “medium”, “large” are defined by fuzzy sets on the definition domains of X and Y.

Fuzzy rule based systems have been used in many domains, mainly in fuzzy control, but also for
approximate reasoning, for modeling flexible criteria in image processing and for their fusion, etc.
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4 ' :X

Figure 15: Example of a function graph

4.7.2 Possibilistic logic

Possibilistic logic relies on the definition of a possibility measure II on a Boolean algebra of formulas B
[66]:

II:B—[0,1]
such that:
o II(L)=0;
e II(T)=1;

* Vo, ¢, I(p Vv ¢) = max(Tl(p), () ;

e Yo, II(Fzp) = sup{Il(p[a|z]),a € D(z)} (where D(x) is the domain of the variable z, and ¢[a|z]
is obtained by replacing the occurrences of z in ¢ by a).

Let now Q be the set of interpretations and 7 a normalized possibility distribution:
m: Q= [0,1]

such that:
Jw e Q, m(w) =1.

The possibility of a formula is then expressed by:

II(p) = sup{r(w), w = ¢}
where w = ¢ should be read “w is a model of ¢” and means that ¢ is satisfied in the world w.

Similarly as for sets, a necessity measure is defined on formulas by duality as:
N(p) =1-T(=¢).
The following property holds:

Vi, ¢, N(p A1) = min(N(p), N(¢)).

This formalism allows us to deal with numerous situations by modeling them in a simple way. For
instance a default rule such as “if A then B” that can have exceptions can be expressed by:

II(AAB) >II(AA—B)
Similarly, possibilistic modus ponens reasoning can be modeled by:

e if we have the rule: N(4A = B) =«
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e and knowledge written as: N(4) =4

e then the conclusion can be expressed by: min(a, 8) < N(B) < a.

The formalism of possibilistic logic is used in a lot of domains, for instance to represent preference or
utility models as ordered knowledge bases, and then to reason on these knowledge bases [77].

Let an ordered knowledge based denoted by:
KB = {(pi,a;),i = 1..n}

where «; is a certainty or priority degree associated to formula ; (representing a knowledge element).

The satisfaction of this set of formulas in each world is represented by a possibility distribution defined
as follows. If the knowledge base contains only one formula, we have:

1 if wg= o
T(p,a) (W) = { 1—a otherwise

More generally, for a set of pieces of knowledges with priorities, we have:

Trp(Ww) = zLr%mn{l —a,wE i} = zir%mnmax(l —a;,i(w)).

This formula can be interpreted as follows: if a formula is important (a; close to 1), then the satisfac-
tion degree of this formula in the world w is taken into account. If, on the contrary, it is not important
(a; close to 0), then it does not play any role in the global evaluation of the knowledge base. The min
corresponds to the fact that we are trying to know to which extent the formulas of the knowledge base
are simultaneously satisfied in w.

The degree of inconsistency of the base KB can be measured by the following expression:

1 — max7wgp(w).

A base is said to be complete if it allows us to decide for any formula if it is true or if its contrary is
true: either KB F ¢ (KB allows us to deduce ¢), or KB I - (KB allows us to deduce —).

If a base is not complete, it leads to some ignorance about some formulas ¢: KBt/ ¢ and KB If —.
Possibilistic logic leads to a very simple representation of this situation:

() =II(=y) =1

while there is no such simple model in probability theory for instance.

4.8 General principles for constructing fuzzy operations from binary ones

In this section, we present some common and generic methods that can be used for defining a fuzzy
operator or relationship from their equivalent binary ones. These methods can be categorized in three
main classes. The first type relies on the “extension principle”, as introduced by Zadeh [188]. The second
class relies on computation on a-cuts. These two classes of definitions explicitly involve the operations
or relations on crisp sets. The third class of methods consists in providing directly fuzzy definitions of
the operations or of the relationships, by substituting all crisp expressions by their fuzzy equivalents.
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4.8.1 Extension principle

Definition Originally, the first generic method for extending binary operators to fuzzy ones is due to
Zadeh [188] and known as the extension principle.

Let us first consider a function f from U to V. Let u be a fuzzy set defined on . The extension of f
to a fuzzy set is a fuzzy set ' defined on V. It is constructed as follows:

SUP, cu|y=1(z) H(T) otherwise.

Yy eV, uy) = {

For an injective function, this equation reduces to:

P Y if ' (y) =0,
eV wly) = { plf ()] :)therwig{se. (139)

Let us now consider the more general case where f is defined on a product space Uy X Uz X ... X Uy,
Let py,...ut, be n fuzzy sets defined respectively on Uy, ...U,,. The extension of f on the pu; provides a
fuzzy set of V defined as:

VyeV, u(y) = . :
VEV W) =\ by, oyttt lyms(ers oy TR (1), coin (5)]  obherwise.

If the supremum is attained, i.e. if:
Vy € V,3(z1,...Tn) € Us X .. x Uy, | ¢ (y) = min[uq (1), .- pin(T0)], (141)
then the fuzzy extension of a function commutes with the a-cuts. i.e.:

Va € [0,1], [f (1, --pn)]a = Fl(11)ay - (ttn)al- (142)

Other extensions principles can be defined, using for instance the product instead of the minimum
[67].

The extension principle is illustrated in Figure 16 for an injective function defined on a 1D space.

u

u

Figure 16: Extension principle. Starting from any point A with y as coordinate, B is obtained on the
graph of f. B provides z = f~!(y), the absissa of the point C, on the graph of u(z) at position z. With
y as absissa and p(z) as coordinate, point D of the looked for curve u'(y) is obtained.
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Application to the compatibility of two fuzzy sets A typical example of application of the ex-
tension principle is the compatibility between two fuzzy sets, as defined by Zadeh [185]. Let us consider
a fuzzy set p on U. The value p(x) may be interpreted as a degree of compatibility of z with the fuzzy
set p [67] (u being for instance a fuzzy value, or a linguistic variable). The compatibility of a fuzzy set
p' of U with g can be evaluated using the extension principle as a fuzzy set peomp on [0, 1]:

_[o0 if W) =0,
Ve € [0,1]; peomp(t) = { SUDP, cu|t=p(z) M (¥) otherwise. (143)
The construction of the fuzzy compatibility set is illustrated in Figure 17. Note that compatibility is
not symmetrical in p and pu'.

Figure 17: Construction of the compatibilty function between two fuzzy sets p and p'. Starting from any
level ¢, we determine on the graph of 4 (which has been drawn up-side down for the sake of interpretation),
the two points A and B so that u(z) = t. The two points C and D are obtained on the graph of p'(z),
and D is chosen as pu(D) > u(C). The final point E with coordinates ¢ and p(D) is drawn, belonging to
the looked for graph of ficomp(t).

Application to fuzzy numbers One of the most important applications of the extension principle in
the literature concerns the operations on fuzzy numbers, like addition, multiplication, etc. [67]. If pa
and pp are two fuzzy numbers (convex, normalized fuzzy sets on R), and * any operation on numbers,
the extension of * is defined as:

Vz € R, pass(z) = sup minf[pa(z), ps(y)]- (144)

(z,y)ER?[z*ry=2

The extension of a commutative (respectively associative) operation is commutative (respectively
associative).

The computation of such extended operations can be performed using simple algorithms especially in
the case of L-R fuzzy numbers, as shown in [67]. For instance let p; and ps two fuzzy numbers defined
as:

L(M) for = <my,

Yz ER, u(w) = { R(zg’j’“) for x>m. (143)
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L(™2=2)y  for z<m,
v R — a2 - ’ ].4:6
T e N, NQ(x) { R(z—ﬁ;nz) fOT’ z > mo. ( )
The sum of y; and py is a L-R fuzzy number with parameters m; + msq, a3 + a3 and 31 + fo.
Figure 18 illustrates the difference and the sum of two fuzzy numbers obtained by the extension
principle.

H HaB

y

N
’ \
/N ’ \\
7 \ 7\
’
’ \

y

2a b+c

Figure 18: Application of the extension principle to the computation of two fuzzy numbers A and B. In
the upper right corner, the difference A— B; in the lower row, the addition A+ B. The three boxes present
three different configurations of pa(x) and pp(z — z) for low, average, and high values of z. Note that
the shapes of the 2 resulting functions are the same, but translated from a distance supp(A) + Supp(B).

4.8.2 Combination of operations applied on a-coupes

Reconstruction from a-cuts One way to define crisp sets from a fuzzy set consists in taking the
a-cuts of this set. Conversely, a fuzzy set can be reconstructed from its a-cuts, as seen in Section 4.1.4.
Therefore a class of methods for defining fuzzy operations from crisp ones relies on the application of
the crisp operation on each a-cut and then combining the results to reconstruct a fuzzy operation by
stacking up the a-cuts.

Unary relations Let us denote by p the membership functions of a fuzzy set defined on the space
U. Let us consider a crisp set function Rp (or operation on sets) taking values in a space V. The fuzzy
equivalent R of Rp is then defined as a function from F in V (see e.g. [65, 114, 38]):

1
R(w) = [ Ra(jia)do. (147)
0
Other fuzzification equations are possible, like [38, 88]:
R(p) = sup min(e, RB(pa)), (148)
a€l0,1]
if the relation takes values in [0, 1], or:
R(u) = sup (aRB(pa))- (149)
a€l0,1]

These equations may provide different results. But there also exist some links between them as shown
later.
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Binary relations Let us now consider a crisp operation Rp having two arguments (typically a relation
between sets). The fuzzy equivalent R of Rp, applied to two fuzzy sets u and v of U, is defined as a
generalization of the previous equations:

R(j,v) = / Ri(tta va)da, (150)

or, in this case, by a double integration as:

Rie0) = [ [ oo, vs)dods. (151)

The other fuzzification equations (148 and 149) can also be directly extended to operations on more than
one fuzzy set.

The extension to n-ary operators is straightforward.

Extension principle based on a-cuts Another method for combining the results on a-cuts is similar
to the extension principle [188]. In general it leads to a fuzzy set on V. For instance if ¥V = R, the
crisp relation provides real values, the corresponding fuzzy relation using previous equations provides
also numbers, while the following one provides fuzzy numbers. For a binary relation, we have:

Vn €V, R(u,v)(n) = sup  a. (152)

R (fta,Va)=n

We have similar equations for unary or n-ary relations.

If the relationship to be extended only takes binary values (0/1, or true/false), then this equation
reduces to:
R(u,v) = sup  a. (153)
Rp (Il«a a”a)zl

The extension principle based on the a-cuts can be interpreted as follows: taking an a-cut of the sets
corresponds to taking a binary decision on the boundaries of the objects. Then we look at the obtained
value of the crisp relationship for this decision. If the same value of the relation can be obtained from
different values of a, then the highest value of « is retained.

4.8.3 Translation of binary expressions into fuzzy ones

A last class of methods consists in translating binary equations into their fuzzy equivalent. This approach
completely differs from the two previous ones in the sense that it does not use explicitly the crisp relation
or operation. Indeed, in the extension principle as well as in a-cuts based approaches, the definition of
a fuzzy operation is a function of the corresponding crisp operation. Here, a fuzzy operation is given
directly by an equation involving fuzzy terms, that just mimics crisp equation.

This translation is generally done term by term. For instance, intersection is replaced by a t-norm,
union by a t-conorm, sets by fuzzy set membership functions, etc. This translation is particularly straight-
forward if the binary relationship can be expressed in set theoretical and logical terms. Table 3 summarizes
these main crisp concepts involved in set equations, and their fuzzy equivalent.

The many possibilities to translate for instance set union using a t-conorm induce that many definitions
are issued from this method, depending on the choice of the fuzzy operators used for translating the crisp
corresponding ones.

Let us take a simple example to illustrate this method. As defined before, a fuzzy set p is said to be
included in another fuzzy set v if:
Ve e U, u(z) < v(x).
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crisp concept equivalent fuzzy concept
set X fuzzy set / membership function p
complement of a set fuzzy complementation ¢
intersection N t-norm ¢
union U t-conorm T
existence 3 supremum
universal symbol VY infimum

Table 3: Translation of crisp concepts in their fuzzy equivalents.

This is a crisp definition of inclusion of fuzzy sets. We may also consider that if two sets are imprecisely
defined, their inclusion relationship may be imprecise too. Therefore inclusion of fuzzy sets becomes a
matter of degree. This degree of inclusion can be obtained using the translation principle.

In the crisp case, the set equation expressing inclusion of a set X in a set Y can be written as follows:

XcY & Xuy=u (154)
& Veeld,ze XOUY. (155)

Using the equivalence of Table 3 for each term, we have:

VeeUd +« inf, (156)
zeU
reX? & dul), (157)
z€eY & v(zx), (158)
XCUY & Tle(w),v] (159)
Finally, the degree of inclusion of y in v is defined as:
T(u,v) = inf Tle(u(z), v(2)) (160)

where T is a t-conorm and ¢ a fuzzy complementation.

4.8.4 Comparison

The extension principle has been originally defined for functions. The approaches presented in Section
4.8.2 deal mainly with operators (set operators, relationships between sets, etc.). Links between extension
principle and combination of a-cuts using Equation 148 have been established in [88]. Let f be a function
from Uy x ... x Uy, to V, and Ry a set operator defined as:

Rf(Xl,XQ, Xn) = {f(.%'l,."l,'z, Z’n)|.’L'1 € Xi,...ky, € Xn}, (161)

where X, ...X,, are subsets of Ui, ...U,. Then the extension of Ry using Equation 148 coincides with
Zadeh’s extension of f (Equation 140).

Other links exist between definitions of Section 4.8.2. For instance if Rg is a crisp relationship
taking values in {0, 1}, its extension using Equation 153 is a value in [0, 1] and is equivalent to the two
fuzzification procedures given by equations 148 and 149.

Let us take the example of extending union between sets, using the methods of Section 4.8.2. Let p
and v be two fuzzy sets on U. Using the integration over a-cuts, we get:

1
(WUV)@) = / (o U i) (2)dic

max[u(z),v(z)]
= / ldo
0

max[p(x), v(x)],
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since (1o U vy)(z) = 1 iff p(z) > a or v(z) > a. This extension leads exactly to the fuzzy union as
defined originally in [186]. Exactly the same result is obtained using other fuzzification methods, e.g.
with Equation 148 or 153.

Using formal translation of equations as described in Section 4.8.3, we may obtain the same results
as using some combination of a-cuts. Examples will be seen later, e.g. for fuzzy connectivity.

The question of which extension should be used does not have a definite answer until now. Extension
principle is well adapted for translating analytical expressions, while formal translation is well adapted
if the operators to be extended can be expressed using set theoretical and logical terms. The properties
of the obtained extended operators have to play an important role in the choice of a method, since they
may vary depending on the method. For instance, as will be seen later, using simple integration on the
a-cuts (Equation 150) for extending a distance between sets to a distance between fuzzy sets endows the
fuzzy distance with the same properties as the crisp distance, while using a double integration (Equation
151), some properties may be lost.

5 Fuzzy sets and possibility theory in image processing and vi-
sion: tools for spatial reasoning under imprecision

THIS SECTION COULD PROBABLY BE INCLUDED IN THE REASONING PART OF CCV ONTOLOGY, SEC-
TION METHODS (3.3).

5.1 Introduction

Imprecision is often inherent to images, and its causes can be found at several levels: observed phenomenon
(imprecise limits between structures or objects), acquisition process (limited resolution, numerical recon-
struction methods), image processing steps (imprecision induced by a filtering for instance). Fuzzy sets
have several advantages for representing such imprecision. First, they are able to represent several types
of imprecision in images, as for instance imprecision in spatial location of objects, or imprecision in mem-
bership of an object to a class. For instance, partial volume effect, which occurs frequently in medical
imaging, finds a consistent representation in fuzzy sets (membership degrees of a voxel to tissues or
classes directly represent partial membership to the different tissues mixed up in this voxel, using their
proportions, leading to a modeling very close to reality). Second, image information can be represented
at different levels with fuzzy sets (local, regional, or global), as well as under different forms (numerical,
or symbolic). For instance, classification based only on grey levels involves very local information (at
the pixel level); introducing spatial coherence in the classification or relationships between features like
parallelism involves regional information; and introducing relationships between objects or regions for
scene interpretation involves more global information. Third, the fuzzy set framework allows for the
representation of very heterogeneous information, and is able to deal with information extracted directly
from the images, as well as with information derived from some external knowledge, like expert knowledge
for instance. This is exploited in particular in model-based pattern recognition, where fuzzy information
extracted from the images is compared and matched to a model representing knowledge expressed in
fuzzy terms.

5.2 Representation of spatial information
5.2.1 Fuzzy spatial objects
Here, the space U is the image space, typically Z2 or Z3 for digital 2D or 3D images, or, in the continuous

case, R? or R?, and we will denote it S (to refer to the spatial domain). We are interested in the objects
of the image that we may describe as fuzzy sets. Thus we often call them fuzzy image objects.
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A fuzzy image object is a fuzzy set defined on S, i.e. a spatial fuzzy set. Its membership function p
represents the imprecision in the spatial extent of the object. For any point  of S (pixel or voxel), u(x)
is the degree to which x belongs to the fuzzy object.

Figure 19: MR image of a brain (one slice of a 3D volume).

As an illustrative example, a slice of a brain image is shown in Figure 19. It is obtained using a T1
weighted acquisition in magnetic resonance imaging (MRI). A few internal structures are represented in
Figure 20 as spatial fuzzy sets, where membership degrees are represented using grey levels. The use of
fuzzy sets may represent different types of imprecision, either on the boundary of the objects (due for
instance to partial volume effect, or to the spatial resolution), or on the individual variability of these
structures, etc.

. | ( f )

ch2 V2 vl cnl

pl

Figure 20: Top: 5 fuzzy objects representing internal brain structures of the image shown in Figure 19
(membership values rank between 0 and 1, from white to black). From left to right: right caudate nucleus
(cn2), right lateral ventricle (v2), left lateral ventricle (v1), left caudate nucleus (cnl), left putamen (p1).
Bottom: superposition of these fuzzy objects (the maximum membership value is displayed at each point).

One of these structures (v1) is represented in Figure 21, along with its support, its 0.5 a-cut, and its
membership function as a 3D graph.

5.2.2 Set operations

Once we have defined spatial fuzzy objects, we can now address the question of defining operations on
such objects. Basic operations are set operations. Some of these have been defined in Section 4.1. The
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membership values

Figure 21: A fuzzy image object (v1), its support, its 0.5 a-cut, and its membership function represented
as a 3D graph (two axes represent the spatial coordinates, while the third one represents the membership
values).

point of view that was taken was to construct a fuzzy set which is the result of the combination of two
fuzzy sets by a set operation. Now, we take another point of view, which addresses the question: are
two fuzzy sets satisfying some set relationships? For instance: is y included in v? In the crisp case, such
questions receive binary answers. When the objects are fuzzy, imprecisely defined, the answer to such
questions becomes a matter of degree, and amounts to define a degree to which the relation is satisfied.
The example of degree of inclusion was given in Section 4.8, and is further detailed here. We also define
degrees of intersection, union, and equality, by making intensive use of the different extension methods
presented in Section 4.8.

Degree of intersection

Crisp case Saying that two sets X and Y intersect translates in the fuzzy case as a degree pin: (, v)
to which two fuzzy sets p and v intersect. The set equation expressing that two crisp sets intersect is:

XNY #0. (162)

This equation is equivalent to:
JxeS, zeXnNY. (163)

On the other hand, the fact that X and Y do not intersect is expressed by the non-satisfaction of this
equation. These two possible states in the crisp case correspond to a binary “degree” of intersection,
which is equal to 1 if the equation is satisfied, and to 0 if it is not.
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Direct extension In the fuzzy domain, this binary degree becomes a degree in [0, 1], which expresses
the degree of satisfaction of this equation. It can be defined for instance using the formal translation
method. The simplest fuzzy translation (see Table 3) provides:

pine(,v) = sup Hu(z), v(@)], (164)

where t is any t-norm. This expression may vary from 0, which corresponds to no intersection at all

(typically if g and » have disjoint supports) to 1 if at least one point x belongs completely to both u and
V.

Note that in this case, the other fuzzification methods (combination of a-cuts, extension principle,
as seen in Section 4.8) provide the same result, or a particular case where ¢ = min. For instance, if we
consider the integration over the a-cuts, we have:

1
Nint(/Jf;V) = / 1uaﬁua¢0da7 (165)
0

where 1, ¢ is the binary function expressing intersection, equals 1 if uo Nv, # @ and 0 else. Since
we have:
Y(a,a') € [0,1]%, a < o' = pior C fio and vy C vy, (166)

it follows that:
Pot NVor 0 = o Nvg £ 0. (167)

Therefore, it is enough to consider only the supremum of the values of « such that p, Nv, # 0, and the
following equalities hold:

1
pin (1) = [ Luwsada (168)
0
= sup « (169)
o NVa#£D
= Supmin[aaluaﬂua:ﬁ@] (170)
= SuP[aluaﬁuayém] (171)
= sup minf[u(z), v(z)]. (172)
Tz€S

From the degree of intersection, a degree of empty intersection (or of disjunctness) is then derived as:

H—int (N; V) = C[Nint (IU'J V)]a (173)
where ¢ is a fuzzy complementation (for instance defined as Va € [0,1],¢(a) =1 — a).

This form has already been widely used in the fuzzy set literature. In particular, it is often interpreted
as a degree of conflict between two fuzzy sets or two possibility distributions [74].

Introducing the volume of the overlapping domain However this form is not always adequate
for image processing or vision purposes since it does not include any spatial information. This may even
lead to counter-intuitive results. The expression sup,¢s t[(), v(x)] only represents the maximum height
of the intersection. Although it is generally low for fuzzy sets that have almost disjoint supports, its value
does not account for different overlapping situations, as illustrated by Figure 22 (for sake of clarity, S is
represented in 1D only).

The degree of intersection and of non-intersection can therefore be reformulated in order to better
represent the notion of spatial overlapping. Another solution, that may be better for some applications,
consists in defining a degree of intersection by considering the fuzzy hypervolume V,, (in a space of
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Hine (K, V)
=M (V)

space coordinates

Figure 22: Low discrimination power of the definition of degree of intersection between two fuzzy sets
using the maximum of intersection: pine(,v') = pine(p,v), although p and v’ strongly overlap and
should be considered as more intersecting than p and v.

dimension n) of the intersection. This also corresponds to a translation process, in the sense that we
have:
XNY =0 & V(XnY)=0. (174)

For defining the hypervolume of a fuzzy set, we simply use the classical fuzzy cardinality. This provides
for a fuzzy set p (having bounded support) in the discrete case:

Vo) = > p(x), (175)
z€S
and in the continuous case:
Valw) = [ nta). (176)
T€ES

From the hypervolume of ¢(u, v), we can derive a degree of intersection in [0, 1]. It should be equal to
0 if 4 and v have completely disjoint supports, be high if one set is included in the other, and increasing
with respect to the hypervolume of the intersection. The following definition satisfies these requirements?®:

) = Valt0)
ST A PNAT) ()

Again a degree of non-intersection can be derived from this expression using equation 173.

In the example shown in Figure 23, i and v have the same degree of intersection according to equation
164 (maximum of the intersection, equal to 0.63 in this case) than p and v'. Using the fuzzy volume as
in definition 177, we obtain pine(u,v) = 0.31 and pin:(p, v') = 0.66. This corresponds well to the fact
that p and ' have a larger overlap than p and v.

Properties An important property of these various definitions is that the intersection degrees de-
fined by Equation 164 and Equation 177 are both consistent with the binary definition. Moreover, they
satisfy the following properties:

e symmetry: V(,ua V) € ‘7:27 Nint(ﬂ’a V) = ,uint(ya /,L);

o reflexivity (equation 164) if the fuzzy sets are normalized: 3z € S, pu(z) =1 = pine(p, ) = 1; for
Equation 177, reflexivity holds if ¢ = min;

e if one of the sets is empty (Vz € S,v(z) = 0), then the degree of intersection is always 0;

90ther definitions leading to similar properties are possible.
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Figure 23: p and v have the same degree of intersection than g and v’ using the maximum of the
intersection, while they have a lower one using the fuzzy hypervolume.

e if one of the sets is equal to S (Vz € S,v(z) = 1), the degree of intersection is always equal to 1
using Equation 177, and to 1 for normalized fuzzy sets using Equation 164;

e invariance with respect to geometrical transformations (translation, rotation).

Application to the non-contradiction principle In the crisp case, we have for any set X:
XNnX=0 (178)

which is a set equation equivalent to the logical principle of non-contradiction.

In the fuzzy case, the degree of intersection between any fuzzy set p and its complement is:

Hint (ll’a C(/,L)) = Slelgt[li(@a 1- u(x)]a (179)

if we take c¢(a) = 1 — a for the fuzzy complementation.

In general this degree is non zero. However, for the Lukasiewicz t-norm (see 4.4), we have:

Wint (1, c(p)) = sup max[0, u(z) + 1 — p(z) — 1] = 0. (180)

This extends to sets the conclusion drawn for values in Section 4.1: in general a t-norm does not lead to
the non-contradiction principle, but the Lukasiewicz t-norm does.

Degree of union When union is concerned, the question is raised in different terms from what is done
for intersection. Here, it is not interesting to look to which degree two sets have a non-empty union: it
is always satisfied. More interesting is the degree to which the union of two sets covers the whole space.
This will be useful for instance for looking at the excluded-middle law.

In the crisp case, we have for two sets X and Y:

XUY=8S§&Vzes$, ze XUY. (181)

As for intersection, the binary satisfaction of this equation is replaced by a degree in [0, 1] in the fuzzy
case. Using the formal translation principle, we get:

Hunion (B, V) = zirelgT[u(m),V(m)], (182)
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where T is a t-conorm. The same result (and in particular with T = max) is obtained using the other
fuzzification principles.

The properties of this definition are:

e consistency with the binary definition;

e symmetry: V(Na V) € -7:27 Num‘on(ﬂa”) = Num‘on(V; M)Q

e if one of the sets is empty (Vo € S,v(z) = 0), then pypnion is always 0 for bounded support fuzzy
sets;

e if one of the sets is equal to S (Vz € S,v(x) = 1), funion is always equal to 1;

e invariance with respect to geometrical transformations (translation, rotation).

Let us now look at the excluded-middle law. In the crisp case, we have for any set X:
Xux9=s (183)

which is a set equation equivalent to the logical principle of excluded-middle.

In the fuzzy case, the degree of union between any fuzzy set p and its complement is:
Panion (1, c(n)) = inf Tlp(z), 1 — u(z)], (184)

if we take c¢(a) =1 — a for the fuzzy complementation.

In general this degree is not equal to 1. However, for the Lukasiewicz t-conorm, we have:

/J/union(,uﬂ C(/,L)) = wlrelg min[]-a /J/(x) +1- M(IL')] =1 (185)

This extends to sets the conclusion already obtained for values in Section 4.1: in general a t-conorm does
not lead to the excluded-middle law, but the Lukasiewicz t-conorm does.

Degree of inclusion

Inclusion from other set operations In the crisp case, we have for two sets X and Y

XCY & XnY®=90 (186)
& X9uy=S. (187)

These two equivalences show that inclusion is simply expressed either by an intersection or by a union.
The extension to fuzzy sets can therefore directly use the degrees of intersection and union as defined in
this Section.

Using the degree of intersection, we obtain for the degree of inclusion of y in v:

Z(p,v) = clpine (1, c(v))] = C[iggt[u(w), c(v(@))]l; (188)

where t is a t-norm and ¢ a fuzzy complementation.

Using the union, we obtain:

Z(p, v) = Hunion(c(p),v) = inf Tc(u(z)), v(2)], (189)

where T is a t-conorm.
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Actually, due to the duality between t-norms and t-conorms, these two definitions are equivalent. Let
t and T be a pair of dual t-norm and t-conorm according to the complementation ¢. Then we have:

inf Tle(u()), v(@)] = it cftlu(@), e(v(@))] = cfsup tlu(z), c(v(@)], (190)

T€ES
which proves the equivalence between both formulas.

This definition has the same drawback as degrees of intersection and union: they basically may depend
on one point only. Here again, the coverage between both fuzzy sets could be taken into account.

The properties of the degree of inclusion are directly derived from those of intersection and union:

consistency with the binary definition;

o if pis empty (Vo € S, u(z) = 0), then Z(u, v) always equals 1

e if v is empty, then Z(u,v) is equal to 0 for normalized fuzzy sets;

e if yisequal to S (Vz € S, u(x) = 1), Z(u,v) is equal to 0 for bounded support fuzzy sets;
e if vis equal to S, Z(u,v) is always equal to 1;

e invariance with respect to geometrical transformations (translation, rotation).

Axiomatization of fuzzy inclusion Other methods for defining a degree of inclusion rely on a
set of axioms and on the determination of functions satisfying these axioms. This is the method adopted
for instance in [161] and in [184].

The axioms of [161] are the following:

1. Z(p,v) = 1iff p C v in Zadeh’s sense, i.e. Vx € S, u(z) < v(z).

T(s,v) = 0 iff Core(1) N [Supp()]° # 0.

7 is increasing in v: if v; C va, then Z(u,v1) < Z(u,va).

T is decreasing in p: if gy C po, then Z(uy,v) > Z(uz, v).

7 is invariant under geometric transformations like translation, rotation, etc.
(s, v) = T(e(v), (k).
(pUp',v) = minl[Z(p,v), Z(4',v)].

T(,v () = minlZ(, ), Z(u, "))

Z(p, v Uv') 2 max(Z(p, v), I(p, v')].

7

.@90.\19’9’":“9’!\’

Some additional properties are proposed in [161], but not as mandatory ones:

10. Z(p,v) +Z(p, c(v)) > 1.
11. Z(pUc(p),pNe(p)) <Z(wUc(v),vNe(v)) if p is a refinement of v.
12. Z(p,v) > 0.5 if p is weakly included in v (i.e. Vz € S either u(z) < 0.5 or v(z) > 0, 5).

The degree of inclusion proposed in [161] according to their axioms is defined as:

¥(,v) € F2, T, v) = inf min[1, M((2)) + A(1 - v(2)) (191)

where ) is a function from [0, 1] into [0, 1] such that:
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e ) is non-increasing,
A(0) =1,
A1) =0,

the equation A\(xz) = 0 has a single solution,

Va € [0.5,1], the equation A(z) = a has a single solution,
Va € [0,1], Ma) + A(1 —a) > 1.

A typical example for A is: A(a) = 1 —a", with n > 1. In particular, for n = 1, the degree of inclusion

becomes:
T(n,v) = inf min[1, 1 - p(z) + v(2)] (192)

which is exactly the inclusion obtained from intersection or union (Equations 188 and 189) for the
complementation ¢(a) = 1 — a and for the Lukasiewicz t-norm and t-conorm.

Despite the apparent similarity between Equation 191 and 189, they are not equivalent. Indeed, the
function defined as:
min[1, A(1 — a) + A(1 - b)], (193)

which plays in Equation 191 the same role as the t-conorm 7" in Equation 189, is actually not a t-conorm,
since it it not associative and it does not admit 0 as unit element, except for A(a) = 1 — a [38]. This
induces a loss of properties of the inclusion degree in comparison to those of inclusion derived from a true
t-conorm, as will be seen for instance for fuzzy mathematical morphology (Section 5.3).

Another axiomatization has been proposed in [184]. The axioms for degree of inclusion are the
following;:
1. Z(p,v) = 1iff p C v in Zadeh’s sense, i.e. Vo € S, p(x) < v(z); this is the same as the first axiom
of [161].

2. Let v be such that Vz € S, v(z) =0.5. If v C p, then Z(u,c(p)) =0iff u =S (i.e. Vz € S, u(z) =
1); this contrasts with the second axiom of [161].

3. if v C py C o, then Z(uy,v) > Z(us2,v), which is weaker than axiom 4 of [161]; if v; C v», then
I(p,v1) < I(p,v2), which is axiom 3 of [161].

These axioms are weaker than the ones of [161]. They lead to weaker properties of the degree of
inclusion, and also to weaker properties than the degree of inclusion derived from t-norms and t-conorms.

Inclusion and fuzzy entropy Links between degree of inclusion and fuzzy entropy have been
studied by several authors, including [111, 184]. These links are expressed as:

Vp € F, Z(pUc(p), pNe(p) = E(p), (194)
where E(u) denotes the fuzzy entropy of u [122].
The definition of degree of inclusion of [111], defined for finite S, is:

Ty < 1107 _ o minl(a), v(@)) (195)

|l"’| Zzes IJ/(.'L')
with the convention Z(u,v) = 1if Vz € S, u(z) = 0.

The corresponding fuzzy entropy is then:

(196)

B(u) = Daes min[p(z),1 - u(w)]]

Yses maxu(z), 1 — p(z)]’
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Another example is the degree of inclusion of [93], defined for finite S, as:

I(p,v) = % Z min[l,1 — u(z) + v(z)]. (197)

E(p) = 5] > minfu(@), 1 - p()], (198)

which is the fuzzy entropy of [103].

This degree of inclusion is similar to the one of [98], that relies on the same combination operator but
using a different type of normalization:

inf,csmin[l,1 — p(z) + v(z)]
SUP,es () '

T, v) = (199)

In [184], it is proved more generally that if 7 is an inclusion degree that satisfies the 3 axioms of [184],
then the measure defined by:

Vu€F, E(p) =Z(pUc(p), pNe(p)) (200)

is a fuzzy entropy measure on S.

Inclusion from fuzzy implication Finally, inclusion can be defined from implication [6, 177, 184],
as:

L(p,v) = inf Implu(z), v(z)], (201)
x
where Imp[u(z),v(z)] denotes the degree to which u(z) implies v(z).
The degrees of implication defined earlier can be used for this purpose. For instance, if we use:
Imp[p(z),v(z)] = Tle(u(=)), v(z)], (202)

we recover exactly the same definition of degree of inclusion as the one obtained from a t-conorm (Equation
189).

Degree of equality The degree of equality between two fuzzy sets p and v can be simply defined from
the inclusion degree. In the binary case, we have:

X=Y&eXCYandY CX. (203)

Therefore, in the fuzzy case, the degree of equality between p and v is defined as:
£, v) = minfZ(u,v), (v, ), (204)
or more generally, for any t-norm ¢:

E(u,v) = (1, v), Z(v, ). (205)

For a degree of inclusion defined from a t-norm or equivalently from a t-conorm (Equations 188 and 189),
we obtain:

E(,v) = tinf Tle(u(@)),v(@)], inf Tle(v(z), w(@)]) (206)

The properties of the degree of equality are the following:

63



e consistency with the binary definition;
e reflexivity if T is such that the excluded-middle law holds (e.g. for the Lukasiewicz t-conorm);
e symmetry: £(u,v) = E(v, p);

o if y is empty (Vo € S, u(z) = 0), then E(u,v) = inf,cs c(v(z)), which is equal to 0 for normalized
fuzzy sets;

o if yisequal to S (Vo € S, u(z) = 1), Z(u,v) is equal to 0 for bounded support fuzzy sets;

e invariance with respect to geometrical transformations (translation, rotation).

5.2.3 Geometrical fuzzy sets

Fuzzy points and lines Fuzzy points are an extension in the n-dimensional space of fuzzy numbers.
Indeed, a fuzzy number can be considered as a fuzzy point of the real line [191]. Two methods can be
used for defining a fuzzy point from a fuzzy number [48]. The first one consists in defining a fuzzy number
on each axis, let say pi,...4n. A fuzzy point is then the set (u1,...4n), where p; is a fuzzy number on
the i-th axis. The second method consists in defining a fuzzy point as a fuzzy set on S, through its
membership function y, that has to satisfy a set of properties extending the fuzzy number ones:

1. p is upper semi-continuous;

2. Azg €8, Ve €S, u(x) =1 < x = 9, which expresses the unicity of the modal value of u; the
fuzzy number is said to be centered at zg;

3. Ya €[0,1], pq is a compact and convex subset of S; note that this is equivalent to say that u is a

convex fuzzy set.

This second definition is more convenient since a fuzzy point is a fuzzy object in the image space, which
is in accordance with the notion of fuzzy image object. An example of fuzzy point is shown in Figure 24
according to this definition.

Several definitions of fuzzy lines have been proposed in [48]. They are summarized below for a 2D
space (extensions to higher dimension is straightforward):

1. Let pa, up and pc be the membership functions of three fuzzy numbers. A fuzzy line is defined
as the set of all fuzzy numbers p; and ps that are solutions of the following equation:

papin + pBR2 = fic. (207)

The resolution of such equations calls for fuzzy arithmetic [154], and does not always have solutions.
Therefore, this definition is not further considered.

2. Let pua and pup be the membership functions of two fuzzy numbers. A fuzzy line is the set (1, p2)
where p; is any fuzzy number and us is obtained by the following equation:

P2 = paps + 4B, (208)

where the sum and product of fuzzy numbers is computed using the extension principle as shown in
Section 4.8. However, this definition does not lead to a fuzzy object in S. One of the consequences
mentioned in [48] is that it cannot be visualized (as pictures or graphs as in Figure 24).

3. Let pa, up and pc be the membership functions of three fuzzy numbers, such that the modal
values of pua and pp are not both zero. A fuzzy line is defined as a fuzzy set on S through its
membership function pj, as:

V(z,y) €S, pr(z,y) =sup{a € [0,1] |az +by =c, a € pay,b € PB4y € € oy} (209)

This definition corresponds to the extension principle applied on the definition of a crisp line, and
extending it by considering that the coefficient defining the line are fuzzy.
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Figure 24: Example of fuzzy point in the 2D space represented using grey levels (white for a zero mem-

bership value), its support and its a-cut for @ = 0.5. Second line: 3D representation of the membership
values.

4. Another definition is obtained using the same method as for the third definition, but using the
equation y = ax + b, which is another form of the equation of a crisp line.

5. Similarly, another definition is obtained using the slope form of a line: y — b = ¢(z — a).

6. The last definition uses two fuzzy points u4 and pup of S and uses again the extension principle:

]ly—m V2 — V1

= , (u1,v1) € pagy, (u2,v2) € uB,yt. (210)

(x,y) €S, ,UL(JUay) sup{a € [ ’ T — U Uy — U1

Definitions 3-6 are in agreement with the concept of fuzzy image object. The two other ones are not
further considered here. Note that definitions 3-6 all rely on the same principle, and just use different

analytical expressions of a crisp line. Any other expression could be used, and would lead to a definition
of fuzzy line.

It is shown in [48], that under certain conditions (such that 0 does not belong to the support of up
in definition 3), definitions 3 to 6 may provide the same fuzzy line.

The properties of ur according to definitions 3-6 are:

e the a-cuts of ur are closed, connected and arc-wise connected, but not necessarily convex;

65



e 4y, is normalized, and there is at least one crisp line in pp,q;
e 45, is upper semi-continuous.
Let us take an example, where we use the equation y = ax + b and where only b is extended to a fuzzy

number up, a remaining crisp. Then the a-cuts of the fuzzy line are bands in the direction of a, and the
width of which is exactly the width of up at level a, as illustrated in Figure 25.

y

Figure 25: Example of fuzzy line in the 2D space, where only b is fuzzy in the equation y = ax +b. Three
a-cuts are shown. The fuzzy number up is represented on the left.

Fuzzy rectangles and fuzzy convex polygons Let us give another example of fuzzy geometrical
structure, that extends the notion of rectangle, and, more generally, of convex polygon, as defined in
[146].

We consider here again a 2D space S. A fuzzy set p on S is separable if there exists a coordinate
frame (z,y) such that u can be expressed as the conjunction of two fuzzy sets p, and p, defined on the
z-axis and y-axis respectively:

V(z,y) € 8%, p(z,y) = minfus (z), ty (y)]. (211)

Note that instead of the minimum, any t-norm could be used, which makes the definition more gen-
eral. Moreover, using the t-norm product, the classical definition of a separable function, as defined in
functional analysis, is obtained.

From this notion of separable fuzzy set, the one of fuzzy rectangle is derived. A fuzzy set p on S is
a fuzzy rectangle if it is separable and fuzzy convex. It is proved in [146] that for a separable fuzzy set,
the three following properties are equivalent:

1. p is fuzzy connected, i.e. V(P, Q) € 82, there exists an arc from P to @ such that for each point R
in the arc, we have:

p(R) > min[u(P), u(Q)]-

We will elaborate on this notion of fuzzy connectivity later on.

2. p is fuzzy convex, i.e. for each R on the segment joining P to ), we have:
p(R) > min[pu(P), u(Q)]-

3. w is fuzzy orthoconvex, i.e. we have the same equation as for convexity whenever P and () have
the same z-coordinate or the same y-coordinate (when they form a vertical or horizontal segment).
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A fuzzy rectangle can be characterized as follows: u is a fuzzy rectangle if and only if there exist two
fuzzy convex sets in 1D, u, and p,, such that:

V(z,y) € 8%, p(z,y) = min[u, (z), m, (y)]- (212)

Another characterization is that u is a fuzzy rectangle if and only if all a-cuts of u are crisp rectangles.
Therefore a fuzzy rectangle appears as a “stack” of crisp rectangles, as illustrated in Figure 26.
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Figure 26: Example of fuzzy rectangle. Left: p, and p, and a few a-cuts of p. Right: 3D representation
of p.

In a more general way, fuzzy convex polygons are defined as intersections of fuzzy half-planes. A fuzzy
set p is a fuzzy half-plane if there exists a direction x and a 1D fuzzy set v such that:

V(z,y) € 82, u(z,y) = v(z), (213)
and v is monotonically non-increasing:
21 < 29 = v(z1) > v(22)- (214)

A fuzzy set p of S is a fuzzy halfplane if and only if the a-cuts of u are (possibly degenerate) nested
half-planes. An important property is that a fuzzy half-plane is fuzzy convex.

Let us now consider k fuzzy half-planes puq,...ur of S, whose associated directions are denoted by
x1,..-Zr, and are given in cyclic order modulo 27. If every pair of successive directions (for i < k,
(zi,7ir1) and (zy,x1)) differs by less than 7, then the fuzzy set u defined on S as:

p = min(gin, p2, - i) (215)

is a fuzzy convex polygon. It is indeed fuzzy convex, as the intersection of fuzzy convex sets. Again a
characteristic property is that p is a fuzzy convex polygon if and only if its a-cuts are nested convex
polygons.

It can be proved that a fuzzy rectangle is a fuzzy convex polygon.

Fuzzy disks A fuzzy set p of S is a fuzzy disk if there exists a point P of S such that the membership
of any point only depends on its distance to P. The point P is called the center of the fuzzy disk. In
polar coordinates in a 2D space, say (r,6), a fuzzy disk has a membership function that is a function of
r alone.

A fuzzy disk is convex if and only if u(r) is non-increasing in r. Moreover, we generally assume that
1 has a bounded support. The a-cuts of a convex fuzzy disk are nested crisp disks. If the fuzzy disk has
a unique modal value (i.e. a unique point  such that p(x) = 1), then it is a fuzzy point.

Two examples of fuzzy disks are shown in Figure 27, one being convex and the other not.
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Figure 27: Two examples of fuzzy disks. The left one is convex, the right one is not. Their a-cuts for
a = 0.5 are also shown. The second line shows 3D representations of these two fuzzy disks (the third
axis represents the membership values).

5.2.4 Geometrical measures of fuzzy objects

Several geometrical measures are useful for describing, characterizing and recognizing shapes, as perime-
ter, area, compactness, as well as more complex measures like symmetry, parallelism, etc. In this Section,
we present how to compute such measures on fuzzy objects.

Area of a fuzzy set The area of a fuzzy set p defined on the space S is defined as [146]:

MM=LM@M, (216)

and in the case where S is finite:

= 3" ula). (217)

€S
Note that this is nothing else but the fuzzy cardinality of u.

For the two examples of fuzzy disks shown in Figure 27, we obtain respectively a(u) = 3168.62 for
the convex one, and it has 6325 points in its support, and a(u) = 4567.99 for the non-convex one (which
has 6349 points in its support, i.e. approximately the same as for the first one).
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More generally for a fuzzy disk, where p is a function of r only in polar coordinates, the area is equal
to:

27 +oo +o00
a(p) = / wz,y)dedy = / / ru(r)drdd = 271'/ ru(r)dr. (218)
(z,y)es 0 0 0

Further examples are shown in Table 4, for the brain structures shown in Figure 20.

Fuzzy object | size of support | fuzzy area
ncl 512 239.40
nc2 451 192.55
pl 535 244.10
vl 636 224.86
v2 295 77.98

Table 4: Some examples of fuzzy areas, for the objects shown in Figure 20. For each fuzzy object, the
cardinality of its support (i.e. the number of points having a strictly positive membership value) and its
fuzzy area are given.

Perimeter of a fuzzy set The perimeter of a fuzzy set has been defined in [148], again in the 2D case.
Let us first consider the case where S is finite, and where the fuzzy set u is piecewise constant. Note that
this is the case that is useful in image processing, and corresponds to a quantization of the membership
values, that can take a finite number of values p; (¢ = 1...n) in [0,1] (i.e. only a finite number of a-cuts
are different). In such cases, there exists a partition of S in regions U; on which y is constant and equal
to p;. Let us denote by U;; the common boundary of U; and Uj, that is written as:

U, =0 NT;, (219)
where U; denotes the closure of U;. It is composed of a set of arcs, denoted by Ak, k = 1...ny;, that are
rectifiable, and the length of which is denoted by [(A;;x). The perimeter of p is then defined as:

nij

p) =" 3 D lmi — il (Ar)- (220)

i=1 j=i+1 k=1
If p is crisp, this definition is equivalent to the classical perimeter of a crisp set.

Let us now consider the continuous case, and assume that the fuzzy object has a membership function
u that is differentiable. The gradient of p is then defined, and its magnitude is written as:

Oy Opy,
= — =)= 221
Vi)l =1/ (G + (5 (221)
Then the perimeter of u is defined as:
s = [ |Valey)ldsdy, (222)
(z,y)ES

if this integral exists.

It is shown in [148] that both definitions, in the continuous case and in the piecewise constant case,
coincide in the limit. Moreover, they are both special cases of a more general formulation in the framework
of generalized functions.

In the convex case, then the a-cuts of p are nested convex crisp sets, and therefore simply connected.
The boundaries U;; are then just curves. The fuzzy perimeter is then a weighted sum of the length of
these curves (see Figure 28).
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Figure 28: Computation of the perimeter of a convex fuzzy set: it is a weighted sum of the lengths of the
curves C; delimitating the a-cuts of .

An important property is that if u and v are piecewise constant fuzzy convex subsets of S such that
p < v, then p(u) < p(v).

In the case where u is a fuzzy disk, then, with u/(r) denoting the derivative of p with respect to r,
we have:

+o00
p() = 2 / | (r)\dr- (223)

It comes out that a fuzzy disk may have an arbitrarily large perimeter (typically if p oscillates rapidly),
while having a small area. It is interesting to note that this phenomenon, that is not surprising for crisp
sets, can also be observed for disks in the fuzzy case.

In the case of a convex fuzzy disk, we have:

W ()| = = (r), (224)

since p is decreasing in r. Then the perimeter becomes:

+oo +oo +oo
p(p) = 271'/ —ryu'(r)dr = 27 [/ [—ru(r)]'dr +/ p(r)dr] . (225)
0 0 0

If we further assume that p decreases fast enough so that:

i rp(r) =0, (226)
then we have: oo
s =2m [ ) (227)
0

Table 5 provides the perimeter of a few fuzzy 2D objects. The computation is performed on a discrete
grid, and the neighbors are determined using both 4- and 8-connectivities (the standard types of discrete
connectivity used in image processing on a square grid). These results show for instance that for the two
fuzzy disks of Figure 27, the non-convex one has a much larger perimeter, although the size of its support
is about the same as for the convex one, due to the non-convexity of its membership function.

Compactness of a fuzzy set The compactness of a fuzzy set is defined as [146]:

() = A (228)



Fuzzy object fuzzy perimeter (4¢) | fuzzy perimeter (8¢)

convex fuzzy disk 144.35 168.93
non-convex fuzzy disk 243.86 285.39
ncl 54.25 60.72

nc2 44.20 51.29

pl 60.54 67.46

vl 70.35 78.42

v2 32.48 35.06

Table 5: Some examples of fuzzy perimeters, for the two fuzzy disks of Figure 27 and for the objects

shown in Figure 20. For each fuzzy object, the perimeter in 4-connectivity and in 8-connectivity are
given.

In the crisp case, the compactness is the largest for disks, where it is equal to ﬁ (isoperimetric
inequality), which means that the perimeter cannot be small while the area is large. In the fuzzy case,
we do not have the same inequality. However, it can be shown that if p is a convex fuzzy disk, then we
have:

ap) o 1

p(p)? ~ 4r’
It means that among all possible convex fuzzy disks, the compactness is smallest for a crisp disk.

(229)

Table 6 shows the values of compactness obtained for the fuzzy objects of Figures 27 and 20.

Fuzzy object fuzzy compactness (4c) | fuzzy compactness (8¢)

convex fuzzy disk 0.15 0.11
non-convex fuzzy disk 0.08 0.06
ncl 0.08 0.06

nc2 0.10 0.07

pl 0.07 0.05

vl 0.05 0.04

v2 0.07 0.06

Table 6: Some examples of fuzzy compactness, for the two fuzzy disks of Figure 27 and for the objects
shown in Figure 20. For each fuzzy object, the perimeter in 4-connectivity and in 8-connectivity is used

for computing the compactness. The obtained values should be compared to % ~ 0.08.

Height, width and diameter of a fuzzy set The height and width of a fuzzy object p in a 2D space
are defined respectively by [146]:

() = [ lsup pa.)ld (230)

w(p) = / up ()} (231)

These equations correspond to the integral of the maximum membership value on horizontal (respectively
vertical) lines. In the finite case, these equations become:

h(w) =) max u(z,y), (232)

w(p) =Y max p(z,y). (233)
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The following relationship holds with the area:
a(?) < h(p)w(p). (234)
The extrinsic diameter of a fuzzy object u is defined as the supremum of the integrals of its projections
[146]:
elp) = sup | sup (u,)ld (235)
where v and v are the coordinates in a frame formed by any pair of two orthogonal directions.

The extrinsic diameter is related to the area by the following inequality:
a(p?) < [e(w)]. (236)

Let us now consider the case of a connected fuzzy object u, i.e. such that all its a-cuts are connected
in the crisp sense. Then the intrinsic diameter of u (in the finite case) is defined as:

i(p) = max[min z,y)dzdy], 237
R e (257)

where the max is taken over all points P and () in &, and the min is taken over over all paths Ppg
between P and () such that:

Y(z,y) € Ppq, m(z,y) > min[u(P), u(Q)]-

The connection of p guarantees that such paths always exist. If u is crisp, i(u) is exactly the intrinsic
crisp diameter, i.e. the greatest possible distance between two points in p, computed along paths that
are completely included in p. In the crisp case, we have e(u) < i(u). In the convex crisp case, we have
e(p) =4(u). In the fuzzy case, we can have e(u) > i(p), even in the convex case. However, if u is convex,
the two following inequalities hold:

; (238)

(239)

Intersection and parallelism between fuzzy lines These notions have been introduced in [48]. Let
pr, and pr, be two fuzzy lines. A measure of parallelism between these two fuzzy lines if defined by

p(,U/LUNIu) =1- /\(NL17NL2), where:

A(,U/L1 ) ,U/LQ) = sgp[min(,uLl (Z‘, y)7 MLo ('%.7 y))] (240)

This is nothing but the height of the intersection between pr, and pr,. If the supports of the two fuzzy
lines do not intersect, then the lines are completely parallel. In the crisp case, the degree of parallelism
is equal to 1 iff the lines are parallel in the standard sense.

5.2.5 Fuzzy geometrical measures of fuzzy objects

In the previous definitions, the geometrical measures of fuzzy objects were defined as numbers. If the
objects are imprecisely defined, we can also expect their geometrical measures to be imprecisely defined
too, i.e. to be fuzzy numbers instead of numbers. The extension principle can be used for this purpose
(see Section 4.8).

Let M be any geometrical measure (area, perimeter, etc.). The extension principle leads to:

VA eRY, M(p)(\) = M(su;)) )\a. (241)
Ua )=
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For instance for the area, the obtained definition is equivalent to the cardinality of a fuzzy set defined
as a fuzzy number [67].

Since the a-cuts of p are nested, their area decreases when « increases. It follows that the fuzzy area
has a decreasing membership function.

The definition of fuzzy area as a fuzzy number is illustrated in Figure 29 for the two fuzzy disks shown
in Figure 27, and in Figure 30 for the brain structures shown in Figure 20.
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Figure 29: Area of a fuzzy set as a fuzzy number, illustrated on the two fuzzy disks shown in Figure 27.
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Figure 30: Area of fuzzy sets as fuzzy numbers, illustrated on the brain structures shown in Figure 20.

This definition of fuzzy geometrical measure applies for any measure. It is illustrated for the perimeter
in Figures 31 and 32. Note that in this case, the variation of the perimeter of the a-cuts with respect to
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« is no longer monotonous, and therefore the resulting fuzzy set is not necessarily convex.
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Figure 31: Perimeter of fuzzy sets as fuzzy numbers, illustrated on the two fuzzy disks shown in Figure
27.
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Figure 32: Perimeter of several fuzzy sets as fuzzy numbers, illustrated on the brain structures shown in
Figure 20.

This form can be useful for further processing, like evaluating propositions such as “the measure is
large, small, etc.”, where “large” or “small” are values of linguistic variables. Such an evaluation can
be performed by comparing the membership functions of the geometrical measure and of the linguistic
variable, using pattern matching, or compatibility fuzzy set.
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5.2.6 Crisp and fuzzy geometrical transforms

In this Section, we deal with geometrical transformations of fuzzy sets, like translation and rotation. We
distinguish two cases, for well defined transformations, and for fuzzy transformations respectively.

Transformation of a fuzzy set by a crisp operation Let 7 be any geometrical transformation
(translation, rotation, symmetry, scaling). Here we assume that 7 is well defined, i.e. the parameters
that define the transformation are crisp. Let p be a fuzzy object defined in S (in any dimension). The
transformation of yu by 7 is then simply defined as:

Ve €S, T[T (#)] = (@), (242)

or equivalently:

Vo €S, T(p)(z) = ulT ()], (243)

In the discrete case, T (z) may not belong to S (i.e. may not coincide with one of the discrete points).
The problem is similar to the one encountered in classical image processing, and similar interpolation
methods can be used [140]. The transformed fuzzy set is then computed as:

Ve €S, T(p)(z) = Interpol{u(y),y € V(T 1(z))}, (244)

where Interpol denotes any interpolation function, and V(7 ~!(z)) denotes a neighborhood of 7~1(z),
composed of points of S (i.e. discrete points that are closed to the, possibly not discrete, point 7 ~1(z)).
Typically, V(7 ~1(z)) can be the nearest neighbor of 7~!(z), or the 4 closest points in 2D (or 8 closest
points in 3D), etc..

Transformation of a fuzzy set by a fuzzy operation Now we assume that the transformation is
imprecisely defined. Let T be the fuzzy transformation, depending on a set of parameters py, ...p,, each
one being fuzzy. Let u,, be the membership function associated to the parameter p;. We denote by
Tpu,...p, the crisp transformation obtained for precise values of the parameters.

Let us first consider a point y in S. Its transformation by 7 is a fuzzy set, the membership function
of which is defined using the extension principle [42]:

Vz € 87 BT (y) (Z) = sup t[/"pl @1)7 ---Mp, (pn)]a (245)

Py Pn|Tpy,on (Y)=2

where t is a t-norm!9.

This is interpreted as follows: for a given set of parameter values, the transformation of y by 7p,...p.
gives rise to a point Tp, .. p. (y) with membership values [y, (p1), ---Ltp, (Pn)]- If several parameter values
provide the same point, the supremum of the membership values is taken.

Let us now extend this definition for one point to a fuzzy set u. Then the membership values of u(y)
have to be combined to the ones of pr(,). This leads to the following definition of the transformation of
p [42]:

Vz €S, T(p)(z) = sggt[u(y),ur(y) (2)]. (246)
y

In practice, the computation of such transformations is not always straightforward. One solution
consists in applying directly the extension principle, which might be computationally heavy. Another
solution could be to derive some analytical expressions using parametric representations of the fuzzy
parameters defining the transformations. An example of such computation has been given in Section 4.8
for operations on L-R fuzzy numbers. However, such derivation is not straightforward for any type of
operations, and for chained operations where the same variable can be involved several times.

10Tn such expressions t(a, b, ¢) stands for ¢[t(a, b), c]. This notation is adopted for sake of simplicity and justified since any
t-norm is commutative and associative. This extends to the combination of n values.
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In the discrete case, another solution can be developed [42]: the definition domain of each parameter
can be discretized, and for each possible value of the parameters, the corresponding point can be computed
according to Equation 246, along with its membership degree.

5.3 Fuzzy mathematical morphology

Several operations have already been defined on spatial fuzzy sets. Among the operations often used
in classical image processing, mathematical morphology operators gained a large importance. Therefore
its extension to fuzzy sets is interesting. Moreover, mathematical morphology serves as a basis for
defining several spatial relationships between objects, as will be seen later. Objects can be recognized
in a scene using their own characteristics, but also, and this is very important, using their relationships
to other objects of the scene. Extending mathematical morphology to fuzzy sets also leads to extensions
of such relationships between fuzzy objects, and to applications in structural pattern recognition under
imprecision.

Fuzzy mathematical morphology appears as a logical consequence of the research efforts that have
been made to process imprecise spatial information. Indeed, since the introduction of fuzzy sets in
1965 by Zadeh [186], elementary set operations have been defined (intersection, union, complementation,
inclusion, etc.) [186, 70, 181, 21], followed by several concepts useful in image processing and cognitive
vision such as topological [145] or geometrical [146] operations, etc. These developments motivated
further extensions of image processing operators to fuzzy sets, in particular mathematical morphology
operators. Several definitions have been proposed since a few years. Some of them just consider grey
level as membership functions [90, 89, 116, 62, 63, 132], or use binary structuring elements [146]. Here we
restrict the presentation to really fuzzy approaches, where fuzzy sets have to be transformed according
to fuzzy structuring elements. Initial developments can be found in the definition of fuzzy Minkowski
addition [68, 104]. Then this problem has been addressed by several authors independently [34, 37, 38,
160, 4, 3, 5, 139, 162]

Attention will be paid here only on the 4 basic operations of mathematical morphology (erosion,
dilation, opening, closing), but it should be clear for the reader that for every definition, a complete set
of morphological operations could be derived.

For the sake of clarity, we call binary mathematical morphology (denoted by BMM) the morphology
which uses binary sets and binary structuring elements; grey level mathematical morphology (GMM) will
stand for classical morphology with a function (or a grey level image) and a binary structuring element,
whereas functional mathematical morphology (FMM) will represent classical mathematical morphology
on functions with functional structuring element. Links between FMM and BMM are obtained by con-
sidering the umbra or subgraph of the functions. Links between GMM and BMM comes from the fact
that the binary dilations (for instance) of the thresholds of a function by a binary structuring element are
equal to the thresholds of the dilation using GMM. We are interested in developing a fuzzy morphology
(®MM). As said before, considering a fuzzy set as a grey level function does not allow to use FMM as
a ®MM (see Table 7) since, for instance, the dilation of a set defined in [0,1] by a set defined in [0, 1]
provides a new set defined in [0, 2].

| Set [ Structuring element | Classical MM | dMM |
Binary Binary BMM possibly compatible
Fuzzy Binary GMM possibly compatible
Fuzzy Fuzzy FMM not compatible

Table 7: As binary sets are special fuzzy sets, we may expect ®MM to be compatible with classical
mathematical morphology, when at least one of the two sets is binary. On the contrary, FMM cannot
guarantee this internal property (except in very particular cases).
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5.3.1 Definitions

Fuzzy morphology using the a-cuts Let us first consider the fuzzification method based on the
integration of the equivalent crisp operation over all a-cuts [37, 35].

For two fuzzy sets p and v, the dilation of y by v is obtained by fuzzification over u, followed by
fuzzification over v, or, equivalently, by the converse (see Equation 151):

1 1 1
D,(W)(@) = / D (u5) (x)df = / / D,,. (up)(z)dadp (247)

[ Pw@aa= [ [ D, wasa (248)

A straightforward derivation provides:

1
Ve €S, D,(u)(x) =/ sup u(y)da. (249)
0 Z/E("a)z
In the same way, the erosion of y by v is obtained by:
1
VoeS, Bw@= [ inf u)da, (250)
0 YEVa)w

where (v,), denotes the translation of v, at z.

These definitions guarantee that D, (u) and E,(u) are the membership functions of fuzzy sets (i.e.
taking values in [0,1]). By construction, if v is crisp, the definitions coincide with the classical ones (in
the GMM framework).

Using the other fuzzification principles (Equations 148 and 149), we obtain respectively:

Vz €S, D,(p)(z) = sup min[u(y), v(y — )], (251)
Vo €S, Ey(u)(x) = inf max{u(y),1 - v(y —2)]- (252)
and:
Vz €S, Dy(p)(z) = zlelg[u(y)V(y - )], (253)
Vo €S, By (p)(w) = inf[u(y)v(y —2) +1-v(y —2)] (254)

The proofs of these derivations can be found in [14].

The extension principle applied to the a-cuts (Equation 153) leads also to:

Vz €S, Dy(p)(z) = sup minfu(y), v(y — )], (255)
Vo €S, Ey(u)(w) = inf maxfu(y), 1 —v(y —2)]. (256)

These equations happen to be particular cases of the definitions obtained by formal translation, as
will be seen in the next paragraph.
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Fuzzy morphology by formal translation based on t-norms and t-conorms Another way to
build ®MM is to base the initial definitions on the translation of set operations (inclusion, intersection,
union) into functional terms, i.e. to exhibit, for each operation, functions from [0, 1] x [0, 1] to [0, 1] which
satisfy some given limit conditions expressing the compatibility with binary set operations. Several
definitions exist, that may receive a unified presentation by means of t-norms (and associated t-conorms)
as they can be interpreted respectively as fuzzy intersection and fuzzy union (from which a fuzzy inclusion
can be derived). This follows exactly the formal translation principle described above. The corresponding
definitions have been proposed in [15, 38], and coincide with the definitions independently developed in

[5]-
The construction calls for formal translation of intersection and inclusion. From the following set
equivalence (where Eg(X) denotes the erosion of the set X by B):

r€Ep(X)eB,CX e XUB=SeWeS, ye XUBY, (257)
a natural way to define the erosion of a fuzzy set u by a fuzzy structuring element v is:
Vo €8, By (p)(z) = inf Tle(v(y — ), ny)] (258)
In this equation, the union U has been translated in terms of a t-conorm 7' and the universal symbol ¥
by an infimum. This corresponds to the extension of inclusion described before.

By duality with respect to the complementation ¢, fuzzy dilation is then defined by:
Vz €S, Dy(p)(z) = sggt[V(y =), 1(y)], (259)
y

where t is the t-norm associated to the t-conorm 7' with respect to the complementation c .
This definition of dilation corresponds to the following set equivalence:
z€Dp(z)y B, NX#0& eSS, yeB, NX. (260)
Here, intersection N has been translated in terms of a t-norm ¢ and the existential symbol by a supremum.

This form of fuzzy dilation and fuzzy erosion are very general, and several definitions found in the
literature appear as particular cases: for instance, the definitions proposed in [34, 15, 5, 4], correspond
to Equations 258 and 259, for ¢ = min and 7" = max:

Ve €S, D,(u)(x) = 21612 min[u(y), v(y — )], (261)
Vo €S, E,(u)(w) = inf maxfu(y), 1 —v(y —2)]. (262)

The definitions introduced in [34] correspond to Equations 258 and 259, for the product as t-norm
and the algebraic sum as t-conorm:

Vo €8, Dy()(w) = suplu)vly — ) (263)
Vi €S, Bu(n)(z) = ok [u(y)vly — o) + 1 vy — )] (264)

The definitions introduced in [160] correspond to Equations 258 and 259, for Lukasiewicz t-norm and
t-conorm:

Ve eS, D,(u)(z) = sgg max[0, u(y) + v(y — z) — 1], (265)
Ve €S, E,(u)(x) = inf min[1, 1+ pu(y) — v(y — )] (266)

It is straightforward to see that the definitions proposed in previous works for particular cases [146,
104, 90] fall within the general definitions using t-norm and t-conorm.

Finally, fuzzy opening (respectively fuzzy closing) is simply defined as the combination of a fuzzy
erosion followed by a fuzzy dilation (respectively a fuzzy dilation followed by a fuzzy erosion), by using
dual t-norms and t-conorms.
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Using weak t-norms and t-conorms If we replace, in the previous construction, the t-norm by
a weak t-norm, and the t-conorm by a weak t-conorm (which are not associative and do not admit 1
(respectively 0) as unit element, in general), Equations 258 and 259 appear as a generalization of the
definitions proposed in [161]:

vz €S, Dy(p)(z) = supmax{0, 1 = Aluly)) = A(v(y - =) (267)
Yy
Vo €S, By(p)(#) = inf minfl, AL = p(y)) + A(v(y —2))]; (268)

with A a function from [0, 1] to [0, 1] satisfying the 6 following conditions:

A(z) is a non-increasing function of z,
A(0) =1,
A(1) =0,

1.

2.

3.

4. the equation A(z) = 0 has a single solution,

5. Ya € [0.5,1], the equation A\(z) = «a has a single solution,
6.

Vz € 0,1, A(2) + M1 — 2) > 1.

The weak t-norm and t-conorm involved in these definitions are:
Y(a,b) € [0,1]?,t(a,b) = max[0,1 — A(a) — A(b)], (269)
Y(a,b) € [0,1]%,T(a,b) = min[1, \(1 — a) + A(1 — b)]. (270)
The case where A(z) = 1 — z = A\g(z) leads to a true t-norm and t-conorm. The corresponding

definitions for fuzzy dilation and erosion exactly correspond to Equations 259 and 258 for the Lukasiewicz
operators (i.e. Equations 265 and 266).

We will see in Section 5.3.2 that the definitions using weak t-norm and t-conorm have weaker properties
than the ones using true t-norm and t-conorm.

Fuzzy morphology using residual implications Fuzzy implication is often defined as [72]:
Imp(a,b) = T[c(a),b)]. (271)
Fuzzy inclusion is related to implication by the following equation:
Z(v, u) = inf Imp[v(2), u(2)], (272)
which allows to relate directly fuzzy erosion to fuzzy implication, leading to the general definition using
t-conorm, and by duality also fuzzy dilation.

This suggests another way to define fuzzy erosion (and dilation), by using other forms of fuzzy impli-
cation. One interesting approach is to use residual implications:

Imp(a,b) = sup{e € [0,1],t(a,&) < b}. (273)
This provides the following expression for the degree of inclusion:
I(v, 1) = infres sup{e € [0,1], t(v(), ¢) < p(a)}. (274)

This definition coincides with the previous one if ¢ is an Archimedian t-norm with nilpotent elements,
typically Lukasiewicz t-norm: t(a,b) = max(0,a + b — 1) (the corresponding t-conorm being T'(a,b) =
min(1,a +b)).

The derivation of fuzzy morphological operators from residual implication has been proposed in [3].
One of its main advantages is that it leads to idempotent fuzzy closing and opening.
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5.3.2 Properties

The detail of properties for various definitions can be found in [38], with the main proofs in [14]. We
summarize here the main properties. The general definition using t-norms and t-conorms satisfies most
properties:

e erosion and dilation (respectively opening and closing) are dual with respect to the complementation
&

e if the structuring element is binary, the same definitions as in GMM are obtained;
e compatibility with translations;

e local knowledge property;

e continuity if the t-norm is continuous (which is most often the case);

e increasingness of all operations with respect to inclusion;

e extensivity of dilation and anti-extensivity of erosion iff #(0) = 1 (this corresponds to the condition
that the origin should belong to the structuring element in the crisp case);

e extensivity of closing, anti-extensivity of opening and idempotence of these two operations iff
t[b, u(c(b),a)] < a, which is satisfied for Lukasiewicz t-norm and t-conorm;

e commutation with union of dilation (with intersection for erosion);

e iteration property of dilation.

For the definitions obtained by integration over the a-cuts, extensivity of closing, anti-extensivity of
opening, idempotence of opening and closing, commutation with union of dilation (with intersection for
erosion), and iteration property of dilation are lost, the other properties being kept.

For the definitions derived from weak t-norm and t-conorm, several properties hold only for the case
where A = ).

For the definitions derived from a residual implication, opening and closing are idempotent and anti-
extensive (respectively extensive).

5.3.3 Examples

A few examples of fuzzy dilations and erosions are illustratred in Figure 33, on synthetical bidimensionnal
fuzzy objects.

Let us now briefly describe a real application, where fuzzy dilation is used to model spatial impreci-
sions. The problem concerns 3D reconstruction of blood vessels by fusion of angiographic and echographic
data [42, 136]. The aim of the fusion is to avoid the limits inherent to each modality: 3D reconstruction
from two angiographic projections is imprecise because of the hypotheses that have to be done, and recon-
struction from endovascular echographic slices is limited by physical factors and also calls for simplifying
hypotheses that induce imprecisions. Figure 34 provides an example of data.

The fusion of both modalities requires to register all data in the same coordinate frame. For instance,
the position of each echographic slice is defined by three translation parameters and three rotation
parameters. Their estimation is performed with the help of the control radiographies. The reconstruction
of both modalities in the common reference frame leads to contradictions between them, due to the
imprecision on the estimated parameters. Instead of considering them as numbers, they can be modeled
as fuzzy numbers. Taking all imprecisions into account for the six parameters leads to the definition of
fuzzy structuring elements representing the possible locations of each point of the vessel surface. Fuzzy
dilation appears then as an appropriate tool to introduce these imprecisions in a controlled way, by
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Figure 33: Illustrations of some definitions of fuzzy dilations and erosions on a 2D example. First line:
fuzzy set and structuring element defined on R?, dilation and erosion by integration over the a-cuts;
second line: dilation and erosion with the t-norm min and the t-conorm max, and with the Lukasiewicz
operators.

Figure 34: Images used for the reconstruction. Echographic slice, control radiography (used to estimate
the position and orientation of the echographic slices), left and right angiographies. The frame indicates
the area in which reconstruction will be performed.

keeping good properties. The fact that dilation commutes with union allows us to process the surface
globally as a set of points, and the iteration property allows us to introduce successively imprecisions in
rotation and in translation. Let Vj;, be the binary surface (without imprecisions), and ¥ the imprecision
in rotation at point z (indeed these imprecisions are not spatially invariant). Then a first fuzzy vlume is
obtained by:

pv; (@) = sup{v} (@) | y € Viin}.

In a second step, a dilation by the fuzzy structuring element v representing the imprecisions in translation
(which are spatially invariant) is performed and provides:

Vi = (Db, 06 ({2}) | @ € Voin} = Du (V).

Figure 35 shows an axial slice of the reconstructed vessel at different steps (the method is actually applied
directly in 3D).

Once this procedure is applied on both modalities, the two reconstructions contain explicitly all
imprecisions and are no more conflicting. A conjunctive fusion, typically using the min operator, can
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(b) (©)

Figure 35: Axial echographic slice of the reconstructed vessel. (a) Binary reconstruction. (b) Fuzzy
reconstruction including rotation imprecisions. (¢) Fuzzy reconstruction after dilation by v» (this recon-
struction includes all imprecisions).

then be performed, in order to find a consensus between both modalities and to reduce the imprecisions.
The final binary decision is obtained by a watershed surface (3D extension of the classical watershed),
which provides a surface with the required topology (here a cylindrical one) and going through the points
with the highest membership values to the combined volume. The result is illustrated in Figure 36.
Contradictions between both modalities are solved in a satisfactory manner: in areas where there was no
conflict, the same result is obtained, while in areas where the two binary reconstructions were conflicting,
an intermediate position is obtained.

Figure 36: Superimposition of the fuzzy volume after fusion and of the watershed surface (in black) on a
few slices of the vascular segment.

5.3.4 Conclusion and extensions

From the basic transformations presented above, a lot of other ones can be built, such as geodesic opera-
tions [27], filters [162], operations by reconstruction, convexity measures [138], etc. Various applications
appear in the literature, either in vision, or in other domains. For instance, applications in data analysis
have been developed in [169]. Duality properties of the morphological operations allows us to use them to
define dual operators in other domains, such as in belief function theory [22], in rough sets theory [28], ot
in logics [33, 30]. In vision and structural pattern recognition, fuzzy morphology also provides powerful
tools for defining spatial relations in imprecise situations [26], as will be seen in the next sections.

5.4 Fuzzy topology
This Section is dedicated to simple fuzzy topological notions, such as connectivity or adjacency, which are

very important in vision and image processing, both locally in the neighborhood of a point and globally
when spatial relationships between objects have to be assessed.
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5.4.1 Fuzzy connectivity and neighborhood

The notion of connectivity is the core of several transformations, of measures, of analysis and recognition
methods. Their fuzzy extension therefore calls for a fuzzy extension of connectivity. Moreover, it is useful
for travelling from one point to the other in a fuzzy set, which can be exploited for defining fuzzy geodesic
distances [17] and geodesic morphological operations [27].

Several definitions of fuzzy connectivity have been proposed, which mainly differ by their behavior in
the case of plateaus [146, 171, 172]. We present here the definition of [146], and assume that the space S
is a digital bounded space, on which a digital connectivity is defined.

The degree of connectivity between two points z and y in a fuzzy object p in a finite discrete space
is defined as [146]:
cu(z,y) = max, min p(ts) (275)
where L, is any path from z to y. It takes values in [0, 1]. By considering the membership degrees as a
relief on S, ¢,(z,y) corresponds to the minimal altitude on the path from z to y by descending at least
as possible.

The notion of fuzzy connected component associated to a point z is defined as the following fuzzy set:

Vy €S, TL(y) = cu(,y). (276)
The degree of connectivity has the following properties:

1. ¢, is weakly reflexive: V(z,y) € 82, c,(z,z) > cu(z,y) and c,(z, z) = p(z),
2. ¢, is symmetrical,

3. ¢, is transitive, in the sense of the max-min transitivity:
V(z,2) € 8%, cu(,2) > maxyep[min(cu(z, y), cu(y, 2))];

4. ¢,(c,y) is obtained by descending as least as possible in the membership values when going from
to y, and is linked to the membership values of z and y, in particular: ¢,(z,y) < min[u(z), u(y)].

In the above definitions, the neighborhood is the one of the digital topology defined on S. Fuzzy
neighborhoods can also be defined, as well as a degree n,, to which two points z and y are neighbors.
Several definitions have been proposed [60, 40], which are typically decreasing functions of the distance

between both points:

1 _ 1+ exp(—b) (277)

Ngy = —————, OF Ngy =
Y 1+ d(z,y) T 1 exph(dep=t )

where b and S are two positive parameters which control the shape of the curve. Other functions can be
used, like S-functions for instance.

5.4.2 Boundary of a fuzzy object

If an object is fuzzy, it is natural to consider that its boundary is fuzzy too. The definition can be simply
obtained by translating the expression “a point belongs to the (internal) boundary of a set if and only if
it belongs to the set and it has at least one neighbor outside the set”. The internal fuzzy boundary of a
fuzzy set p is then defined by the membership function bft as:

Va € S,b),(z) = tu(z), sggt[C(u)(Z),nzz]], (278)

where t is a t-norm, ¢ a fuzzy complementation, and n,, the degree to which x and z are neighbors.
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The fuzzy boundary of a fuzzy set u can also be expressed in morphological terms, since the points
of the boundary are the one that are not in its erosion (or equivalently which are in the dilation of its
complement). It is then defined from fuzzy dilation as:

by, (z) = t[u(z), D, (c(u))(z)] (279)
where B, is either the elementary structuring element or a fuzzy structuring element.

External boundary can be defined in a similar way.

5.4.3 Adjacency between two fuzzy objects

Rosenfeld and Klette [149] define a degree of adjacency between two crisp sets, using a geometrical
approach based on the notion of “visibility” of a set from another one. This definition is then extended
to degree of adjacency between two fuzzy sets. However, this definition is not symmetrical, and probably
not easy to transpose to higher dimensions. Another approach consists in using the notion of contours,
frontiers, and neighborhood [60, 40]. We present here this second approach. The space S is endowed
with a discrete connectivity c.

In the crisp discrete case, two image regions X and Y are adjacent if:
XNY =0 and Jz € X,y €Y : n.(z,y), (280)

where n.(z,y) is the Boolean variable stating that = and y are neighbors in the sense of the discrete
c-connectivity.

A consequence of this definition is that, if X and Y are adjacent, then any z € X and y € Y that
satisfy n.(z,y) belong to the boundary of X and Y respectively.

Therefore the fuzzy extension of definition 280 can be obtained either by considering only the con-
straint on the neighborhood, or by considering also the constraint on the boundary

Definition 280 can also be expressed equivalently in terms of morphological dilation, as:
XNY =0 and Dp (X)NY #0, Dp.(Y)NX #0, (281)

where Dp_ (X) denotes the dilation of X by the structuring element B., since the following equivalence
holds (for z # y):
ne(w,y) & x € B.y &y € B, (282)

where B., denotes the structuring element B, translated at point x.

This will provide a third way to extend the definition to fuzzy sets, either directly from fuzzy dilation,
or by means of distance computation, which is closely related to dilation (equation 281 means that the
minimum (nearest point) distance between X and Y is equal to 1).

Using neighborhood constraint The extension of this definition, as detailed in [40], involves the
definitions of a degree of intersection p;,¢(u, V) between two fuzzy sets p and v defined on S, as well as
a degree of non-intersection pi—nt(1t,7), and a degree of neighborhood n,, between two points z and y
of §. All these notions have been introduced previously. This leads to the following definition for fuzzy
adjacency between u and v:

adj (1, V) = t{fi—int (11, V), sup sup t{u(x), v(y), Ney]]- (283)
rzeS YeS

This definition is symmetrical, consistent with the discrete binary definition (i.e. in the case where p
and v are crisp and ngy = n.(z,y)), and decreasing with respect to the distance between the two fuzzy
sets. It is invariant with respect to geometrical transformations (for scaling, only if n,, is itself invariant).
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Figure 37 illustrates the results obtained with definition 283 with the t-norm minimum. Using the
maximum of the intersection we obtain fiqq;(1, v) = 0.36 and faq;(p, v') = 0.35, which are very similar
values. On the contrary, using the fuzzy hypervolume to define the degree of intersection, definition 283
accounts for the differences in intersection and provides pqaq;(p,v) = 0.67 and pqeq;(p, v') = 0.34, which
are this time very different.

Membership values

nu’

R

R

o

Space coordinates

Figure 37: Tllustration of definition 283 when using different definitions for the degree of intersection.
Using the maximum of the intersection we obtain p,q;(p,v) = ai(= 0.36) and paq; (@, v') = asz(= 0.35),
and using the fuzzy hypervolume pq.q;(p, v) = a2(= 0.67) and pqq; (1, v') = as(= 0.34).

Adding boundary constraints The translation of definition 280 along with the property on boundary
leads now to the following definition of the degree of adjacency between p and v:

Madj (/J’a V) =t M—int (/J/a V)a sup sup t[b,u (.’17), bll (y)a nwy] . (284)
zeS yesS

This definition has the same properties as the previous one.

Using fuzzy morphological operators The degree of adjacency between p and v involving fuzzy
dilation is defined as:

Hadj (1t V) = t [Hmint (1, V), pint [D . (1), V], ptint [Dp, (v), ] - (285)

This definition represents a conjunctive combination of a degree of non-intersection between g and
v and a degree of intersection between one fuzzy set and the dilation of the other. B, can be taken
as the elementary structuring element related to the considered connectivity, or as a fuzzy structuring
element, representing for instance spatial imprecision (i.e. the possibility distribution of the location of
each point). Again the same properties are satisfied.

The adjacency degrees between some of the fuzzy objects shown in Figure 20 are given in Table 8.
The results are in agreement with what can be expected from the model (crisp adjacency between atlas
objects). In this case, crisp adjacency would provide completely different results in the model and in the
image, preventing its use for recognition. This suggests that fuzzy adjacency degree can indeed be used
for pattern recognition purposes, of course combined with other spatial relationships.
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Fuzzy object 1 | Fuzzy object 2 | degree of adjacency in
adjacency | the model (crisp)
vl v2 0.368 1
vl cnl 0.463 1
vl pl 0.000 0
vl cn2 0.035 0
v2 cn2 0.427 1
cnl pl 0.035 0

Table 8: Results obtained for fuzzy adjacency. Labels of structures are given in Figure 20. High degrees
are obtained between structures where adjacency is expected, while very low degrees are obtained in the
opposite case.

5.5 Distances

The importance of distances in image processing and cognitive vision is well established. Their extensions
to fuzzy sets can be useful in several parts of image processing under imprecision. Let us mention a few
possible applications of these distances for problems where imprecision has to be taken into account.
Distance from a point to a fuzzy set can be used for classification purposes, where a point has to be
attributed to the nearest fuzzy class. When considering distance from a point to the complement of a
fuzzy set u, we obtain the basic information for computing a fuzzy skeleton of u. Mean distance is useful
for registration: if we want to register a fuzzy set with respect to another one, we may use this distance
as a minimization criterion, that can be optimized over all possible positions (typically translation and
rotation) of the one fuzzy set with respect to the other.

5.5.1 Representations

The most used representation of a distance between two fuzzy sets is as a number d, taking values in Rt
(or more specifically in [0, 1] for some of them). However, since we consider fuzzy sets, i.e. objects that
are imprecisely defined, we may expect that the distance between them is imprecise too. This argument
is advocated in particular in [69] and [147]. Then the distance is better represented as a fuzzy set, and
more precisely as a fuzzy number (a convex upper semi-continuous fuzzy set on R* having a bounded
support).

In [147], Rosenfeld defines two concepts that will be used in the sequel. One is distance density,
denoted by §(u,v), and the other distance distribution, denoted by A(u,v), both being fuzzy sets on R .
They are linked together by the following relation:

A, v)(n) = / " 5, (Y. (286)

While the distance distribution value A(u,v)(n) represents the degree to which the distance between p
and v is less than n, the distance density value d(u,v)(n) represents the degree to which the distance is
equal to n.

Finally, the concept of distance can be represented as a linguistic variable. This assumes a granulation
[185] of the set of possible distance values into symbolic classes such as “near”, “far”, etc., each of these
classes being defined as a fuzzy set. This approach has been drawn e.g. in [8, 114, 13].

Although we may speak about distances between image objects in a very general way, this expression
does not make necessarily the assumption that we are dealing with true metrics. For several applications
in image processing, it is not sure that all properties are needed. An important use of distances is related
to the comparison of shapes, which reinforces the interest of deriving distances from similarities. The
concept of similarities between objects, in particular image objects, contains some subjective aspects. As
already stated by Poincaré at the beginning of the century, and underlined by several authors in the fuzzy
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sets domain (see e.g. [101, 73]), subjective similarities does not require to be transitive. This induces
a loss of triangular inequality in the derived distance. In cognitive vision, typically for applications
where image objects have to be compared to models, the triangular inequality is of no use, since the
two arguments of the distance function belong to two different sets of objects. For such applications,
semi-metrics or even semi-pseudometrics may be sufficient.

5.5.2 Distance from a point to a fuzzy object

As a number Distances from a point to a fuzzy set can be defined using a weighting approach or using
a fuzzification from a-cuts. In this way, they are defined as numbers. The idea in the weighting approach
is that a point that has a low membership value to p should have less influence in the computation of
the infimium (or minimum). Therefore the distance between z and p may be defined as:

d(z, p) = inf[ds (@, y)f ()], (287)

where f is a decreasing function of u (e.g. f(u(y)) = ﬁ) such that f(1) < 400 (in order to guarantee
that if = belongs completely to u, i.e. if u(z) = 1, the distance is attained for y = z), and with the
convention 0f(0) = +oo. If p(z) = 0, i.e. if z is completely outside of u, this definition leads to
satisfactory results. However, if u(z) > 0, it leads always to 0, on the whole support of u. This can be
seen as a strong drawback of this definition, since we would intuitively rather expect that d(z, 1) depends

on the membership degree of x to u.
Generally speaking, it is required that d(z, 1) be a strictly decreasing function of u(z), with d(z,u) = 0
if p(x) = 1.

Defining a fuzzy function from its crisp equivalent applied on the a-cuts is a very common way to
proceed, which has already been used for defining several operations on fuzzy sets [65]. The two following
equations express different combinations of the a-cuts for defining d(z, p):

d(z, ) = / d(@, o) dar, (288)
da,p) = sup [ad(z, wa)- (289)
@€]0,1]

The first one consists in “stacking” the results obtained on each a-cut, while the second one consists in
weighting these results by the level of the cut, d(z, u,) being the classical distance from a point to a crisp
set.

Equation 289 does not lead to convenient results, since the obtained distance is always the distance
from z to the core of y, i.e. d(z, ) = d(zx, u1), and therefore does not depend on u(z) if u(z) # 1.

Equation 288 does not share the same disadvantage, since all a-cuts are explicitely involved in the
result. For instance for 4 and v having the same core and u(z) > v(x), we have d(x, u) < d(z,v) which
is intuitively desired, while equation 289 provides the same distance value.

As a fuzzy number an original approach for defining the distance d(z, u) from a point z of S to a
fuzzy object p as a fuzzy number has been proposed in [16], by translating crisp equations into their
fuzzy equivalent. Standard expressions for the distance involve concepts that are not set theoretical
ones, and are therefore not trivial to translate. Therefore, the easiest way to perform this translation is
to find a formalism where distances are expressed in set theoretical terms. This formalism is provided
by mathematical morphology, since the distance from a point to a set can be expressed in terms of
morphological dilation, as well as several distances between two sets. The translation of dilation in fuzzy
terms can be achieved with good properties using the framework of fuzzy mathematical morphology we
developed in [38].
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In the crisp case, and in a finite discrete space, we have respectively for n = 0 and for n > 0:
dz,X)=0 & z€X (290)
dz,X)=n ¢ z€D"(X)andz¢ D" (X) (291)

where D" denotes the dilation by a ball of radius n centered at the origin of S (and D%(X) = X) (see
e.g. [44] for a study of discrete balls and discrete distances in the crisp case). In this case, the extensivity
property of the dilation holds [157], and = ¢ D"~'(X) is equivalent to Vn' < n,z ¢ D™ (X). Equation
291 is equivalent to:

z € DM(X)N[D" }(X)]°, (292)
where A€ denotes the complement set of A in S. This is a pure set theoretical expression, that we can
now translate into fuzzy terms. This leads to the following definition of the degree to which d(z,u) is
equal to n:

a(z,u) (0) = ,U,(.’L'), (293)
O(a,m) (1) t{Dy (1) (2), [ Dy~ (1) ()], (294)

where ¢ is a t-norm (fuzzy intersection), ¢ a fuzzy complementation (typically ¢(a) =1 —a for a € [0,1]),
and v a fuzzy structuring element used for performing the dilation. Several choices of v are possible.
It can be simply the unit ball, or a fuzzy set representing for instance the smallest sensitive unit in the
image, along with the imprecision attached to it. In this case, v has to be equal to 1 at the origin of S,
such that the extensivity of the dilation still holds [38].

The properties of this definition are the following [16]:

o if p(x) =1, 0(5,,)(0) = 1 and Vn > 0,8, ,)(n) = 0, i.e. the distance is a crisp number in this case;
e if ;4 and v are binary, the proposed definition coincides with the binary one;

e the fuzzy set d(, ,) can be interpreted as a density distance, from which a distance distribution can
be deduced by integration;

e finally, d(,,,) is a non normalized fuzzy number (in the discrete finite case).
Figure 38 presents an example of fuzzy numbers d(, ,)(n) obtained for different points, the spatial
domain being reduced to a one dimensional space in this example. The point z; is outside the support

of p and at a larger distance from it than x3. The results correspond to the intuition, since the fuzzy
number 4(,, ,)(n) is more concentrated around very small values of n than &, ,(n).

Fuzzy set (X, W)

Menbership valnes
Membership valnes
.25 o0.50 o.78

i X1

Plxg x2 . ‘

Space coordinates Distances

Figure 38: Fuzzy numbers representing d(,,,) (4 being shown on the left) for two different z.

T,

From this definition of a point to a fuzzy set, distances between two fuzzy sets can be derived using
supremum or infimum computation of fuzzy numbers using the extension principle [67]. The details are
given in [16]. Since the nearest point distance for instance is simply a minimum over distances from a
point to a fuzzy set, the fuzzy minimum taken over points in a fuzzy set leads directly to a fuzzy nearest
distance between two fuzzy sets (as a fuzzy number). Similarly the Hausdorff distance can be directly
derived from the distance from a point to a fuzzy set using the maximum of fuzzy numbers.
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5.5.3 Distance between two fuzzy objects

Several definitions can be found in the literature for distances between fuzzy sets (which is the main
addressed problem). They can be roughly divided in two classes: distances that take only membership
functions into account and that compare them pointwise, and distances that additionally include spatial
distances.

The presentation given below is directly inspired by the classification proposed in [193], but adapted
to image processing and vision purposes, by underlining for each definition the type of image information
on which it relies. A complete review can be found in [31].

Comparison of membership functions In this Section, we review the main distances proposed in
the literature that aim at comparing membership functions. They have generally been proposed in a
general fuzzy set framework, and not specifically in the context of image processing. They do not really
include information about spatial distances. The classification chosen here is inspired from the one found
in [193]. Similar classifications can be found in [53, 135, 99].

The functional approach is probably the most popular. It relies on a L, norm between u and v,
leading to the following generic definition [102, 69, 121]:

=1 lntw) - v@p, (205)

oo (1, 7) = sup |1s(x) — ()| (206)
€S

In the discrete finite case, these definitions become:

=) lul@) —v(@)P]'?, (297)
z€S
oo, v) = max () = v(2)]. (298)

A noticeable property of d, is that it takes a constant value if the supports of 4 and v are disjoint,
irrespectively of how far the supports are from each other in S.

Among the information theoretic approaches, based on their definition of fuzzy entropy E(u),
de Luca and Termini define a pseudo-metric as [122]:

d(p,v) = |E(u) — E(v)|- (299)

This distance does not satisfy the separability condition. This can be overcome by considering the
quotient space obtained through the equivalence relation y ~ v < E(u) = E(v). However this is not
suitable for image processing. Indeed, since the entropy of a crisp set is zero, two crisp structures in an
image belong to the same equivalence class, even if they are completely different. One main drawback of
this approach is that the distance is based on the comparison of two global measures performed on y an v
separately: there is nothing linking points of p to points of v, which is of reduced interest for computing
distances.

Entropy functions under similarity [182, 46] combine this approach with the membership comparison
approach. It has been applied in decision problems (in particular for questionnaires) but to our knowledge
not in image processing.

Based on a similar approach, a notion of fuzzy divergence (which can be interpreted as a distance)
has been introduced in [12], by mimicking Kullback’s approach [115]:

d(p, v =15 S| zes Dy (v, p)] (300)
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with: () . ()
u(x — p(z
D,(u,v) = p(z)log —= + (1 — p(x)) log ————,
a(p,v) = p(z) & @) (1 - p(2)) 8T )
and the convention % = 1. This distance is positive, symmetrical, but does not satisfy the triangular
inequality. Moreover, it is always equal to 0 for crisp sets.

In the set theoretic approach, distance between two fuzzy sets is seen as a set dissimilarity function,
based on fuzzy union and intersection. Examples are given in [193]. The basic idea is that the distance
should be larger if the two fuzzy sets weakly intersect. Most of the proposed measures are inspired from
the work by Tversky [170] that proposes two parametric similarity measures between two sets A and B:

0f(ANB) —af(A— B) - 8f(B—A4), (301)

and in a rational form:
f(ANB)
f(ANB)+af(ANB) +Bf(BNA)’
where f(X) is typically the cardinality of X, a, 8 and 6 are parameters leading to different kinds of
measures, and B denotes the complement of B.

(302)

Let us mention a few examples (they are given in the finite discrete case). A measure being derived
from the second Tversky measure by setting & = 8 = 1 has been used by several authors [67, 135, 99,
53, 57, 176, 193]:
>pes minu(z), v(z)]
> oes max(u(z), v(z)]’

This distance is a semi-metric, and always takes the constant value 1 as soon as the two fuzzy sets have
disjoint supports. It also corresponds to the Jaccard index [57]. With respect to the typology presented
in [45], this distance is a comparison measure, and more precisely a dissimilarity measure. Moreover,
1 — d is a resemblance measure. Applications in image processing can be found e.g. in [174], where it
is used on fuzzy sets representing objects features (and not directly spatial image objects) for structural
pattern recognition on polygonal 2D objects.

d(p,v) =1— (303)

A slightly different formula has been proposed in [175], which however translates a similar idea:
1 .
dp,v) =1- = Y min[u(z), v(z)] (304)

with the convention % = 1. It is a semi-metric. It takes the constant value 1 if the two fuzzy sets have
disjoint supports, without any other condition on their relative position in the space.

Another measure takes into account only the intersection of the two fuzzy sets [99, 53, 193]:
(s, v) = 1 — max minfu(z), v(2)]. (305)
TE
It is a semi-pseudometric if the fuzzy sets are normalized. Again it is a dissimilarity measure, and 1 — d
is a resemblance measure. It is always equal to 1 if the supports of p and v are disjoint.

If we set (uOv)(z) = max[min(p(z),1—v(z)), min(1—u(z),v(z))], two other distances can be derived,
as [99, 193):

d(p,v) = Stelg(uDV) (2), (306)
d(p,v) =Y (pOv)(z). (307)
zeS

These two distances are symmetrical measures. They are separable only for binary sets. Also we have
d(p, 1) = 0 only for binary sets. They are dissimilarity measures. The first one is equal to 1 if y and v
have disjoint supports and are normalized (if they are not normalized, then this constant value is equal
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to the maximum membership value of y and v). The second measure is always equal to |u| + |v| is u and
v have disjoint supports.

These measures actually rely on measures of inclusion of each fuzzy set in the other. Indeed, an
inclusion index can be defined as [161, 38] as:

I(n,v) = inf Tlu(z),1 - v(z)], (308)

where T is a t-conorm. Since the distance should be small if the two sets have a small degree of equality
(the equality between p and v can be expressed by “u included in v and v included in p”, which leads to
an easy transposition to fuzzy equality), a distance may be defined from an inclusion degree as:

d(p,v) =1 —min[Z(u,v),Z(v,u)]. (309)

By taking T' = max, we recover the definition derived from (pOv). This approach has been used in
[6, 176]. Other choices of T" may lead to different properties of d. For instance, if T is taken as the
Lukasiewicz t-conorm (bounded sum), then (u0v)(z) = |pu(x) — v(z)|- Therefore we have:

sup(uBv)(z) = deo (i, v), (310)
z€eS

and:
> (uDw)(z) = di (s, v). (311)
TES

In this case, both distances are metrics in the discrete finite case.
These measures have been applied in image processing for image databases applications in [99].

Other inclusion indexes can be defined, e.g. from Tversky measure by setting @« = 1 and 8 = 0,

leading to £ (f‘?gj)g ) [57].

The last definitions given by equations 305 and 306 are respectively equivalent to 1 — II(u;v) and
1 — max[N (u; v), N(v; u)] (where IT and N are possibility and necessity functions) used in fuzzy pattern
matching [49], [76], which has a large application domain, including image processing and vision (see e.g.
[100]). It is interesting to note that they are related to fuzzy mathematical morphology, since II(u;v)
corresponds to the dilation of p by v at origin, while N(u;v) corresponds to the erosion of p by v at
origin. These definitions can be straightforwardly generalized to fuzzy union and intersection derived from
t-norms and t-conorms, leading to a correspondence with other forms of fuzzy mathematical morphology
[38].

The pattern recognition approach consists in first expressing each fuzzy set in a feature space (for
instance cardinality, moments, skewness) and to compute the Euclidean distance between two feature
vectors [193] or attribute vectors [163]. This approach may take advantage of some of the previous
approaches, for instance by using entropy or similarity in the set of features. It has been applied for
instance for database applications [163].

A similar approach, called signal detection theory, has been proposed in [99]. It is based on counting
the number of similar and different features.

Combination of spatial and membership comparisons The second class of methods tries to
include the spatial distance dgs in the distance between p and v. In contrary to the definitions given in
above, in this second class the membership values at different points of S are linked using some formal
computation, making the introduction of ds possible. This leads to definitions that do not share the
drawbacks of previous approaches, for instance when the supports of the two fuzzy sets are disjoint.

The geometrical approach consists in generalizing one of the distances between crisp sets. This
has been done for instance for nearest point distance [69, 147], mean distance [147], Hausdorff distance
[69], and could easily be extended to other distances (see e.g. [41] for a review of crisp set distances).
These generalizations follow four main principles.
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The first one consists in considering fuzzy sets in a n dimensional space as n + 1 dimensional crisp
sets and then in using classical distances [91]. However, this is often not satisfactory in image processing
because the n dimensions of S and the membership dimension (values in [0,1]) have completely different
interpretations, and treating them in a unique way is questionable.

The second principle is a fuzzification principle (see Section 4.8): let D be a distance between crisp
sets, then its fuzzy equivalent is defined by:

1
d(p,v) :/0 D(pa,ve)da. (312)

or by a discrete sum if the fuzzy membership functions are piecewise constant [65, 193] (uq denotes the
a-cut of p). In this way, d(u,v) inherits the properties of the chosen crisp distance. Another way to
consider the fuzzification principle consists in using a double integration (see Section 4.8). However using
this double fuzzification, some properties of the underlying distance may be lost.

The third principle consists in weighting distances by membership values. For the mean distance this
leads for instance to [147]:

> ves 2yes ds(z,y) minfu(z), v(y)]
> zes 2yes min[u(@), v(y)]

d(p,v) = (313)

The last approach consists in defining a fuzzy distance as a fuzzy set on Rt instead of as a crisp
number using the extension principle (see Section 4.8). For the nearest point distance this leads to [147]:

d(p,v)(r) = sup  minfu(z),v(y)]- (314)
z,y,ds (z,y)<r

The Hausdorff distance is probably the distance between sets, the fuzzy extension of which has been
the most widely studied. One reason for this may be that it is a true metric in the crisp case, while
other set distances like minimum or average distances have weaker properties. Another reason is that
it has been used to determine a degree of similarity between two objects, or between an object and a
model [97]. Extensions of this distance have been defined using fuzzification over the a-cuts and using
the extension principle [141, 142, 193, 59, 51, 47]. Other authors use the Hausdorfl distance between
the endographs of the two membership functions [59]. Several generalizations of Hausdorfl distance have
also been proposed under the form of fuzzy numbers [69]. Extensions of the Hausdorfl distance based on
fuzzy mathematical morphology have also been developed [16] and are presented in the next Section.

Extensions of these definitions may be obtained by using other weighting functions, for instance by
using t-norms instead of min.

These distances share most of the advantages and drawbacks of the underlying crisp distance [41]:
computation cost can be high (it is already high for several crisp distances); moreover, interpretation and
robustness strongly depend on the chosen distance (for instance, Hausdorff distance is noise sensitive,
whereas mean distance is not).

A morphological approach has been proposed in [16, 25]. We just give the examples of nearest
point distance and Hausdorff distance.

In the binary case, for n > 0, the nearest point distance can be expressed in morphological terms as:
dv(X,Y)=n& D" (X)NY #Pand D" H(X)NY =0 (315)
and the symmetrical expression. For n = 0 we have:
dnv(X,Y)=0& XNY #0. (316)
The translation of these equivalences provides, for n > 0, the following distance density:

ON (, ') (n) = t[ilelg tlu' (z), Dy (1) ()], C[ilelg ' (z), Dy~ (1) (@)]]] (317)
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or a symmetrical expression derived from this one, and:

N (p, 1)(0) = sup t{u(z), 1 (2)]. (318)
zES

This expression shows how the membership values to p' are included, without involving the extension
principle.

Like for the nearest point distance, we can extend the Hausdorff distance by translating directly the
binary equation defining the Hausdorff distance:

dy(X,Y) = max[sup dg(z,Y), sup ds(y, X)]. (319)
zeX yeyYy
This distance can be expressed in morphological terms as:

dg(X,Y) =inf{n, X c D™(Y) and Y C D"(X)}. (320)

From equation 320, a distance distribution can be defined, by introducing fuzzy dilation:
Ar(p 1) () = tlint TIDZ () (@), (4 (2))], inf TIDZ(')(z), (u(z))]} (321)

where c¢ is a complementation, ¢ a t-norm and 7" a t-conorm. A distance density can be derived implicitly
from this distance distribution.

A direct definition of a distance density can be obtained from:
dp(X,Y)=0& X =Y, (322)
and for n > 0:
dg(X,)Y)=n& X CcD"Y)and Y C D™(X)
and (X ¢ D" (Y)orY ¢ D" }(X)). (323)

Translating these equations leads to a definition of the Hausdorff distance between two fuzzy sets p and
u' as a fuzzy number:

S (p, ') (0) = t[gfelg T[u(z), c(p' (x))], ;felg T[p' (x), e(p(x))]], (324)
S p)(n) = int TDL () (), e(u (), inf TIDI () ), )],
T(ilelg tlu(x), (D~ (1) ()], sup t' (), c(Dy = () (2))])]- (325)

The above definitions of fuzzy nearest point and Hausdorff distances (defined as fuzzy numbers)
between two fuzzy sets do not necessarily share the same properties as their crisp equivalent. This is due
in particular to the fact that, depending on the choice of the involved t-norms and t-conorms, excluded-
middle and non-contradiction laws may not be satisfied. All distances are positive, in the sense that the
defined fuzzy numbers have always a support included in R*. By construction, all defined distances are
symmetrical with respect to pu and p'. The separability property is not always satisfied. However, if p is
normalized, we have for the nearest point distance dn (1, 1) (0) = 1 and dn(p, 1) (n) = 0 for n > 1. For the
Hausdorff distance, dg (, ') (0) = 1 implies u = p' for T being the bounded sum (T'(a, b) = min(1, a+b)),
while it implies p and p' crisp and equal for T' = max. Also the triangular inequality is not satisfied in
general.

Examples of distances between brain structures (see Figure 20) are shown in Table 9, as fuzzy numbers
issued from the morphological definition of Hausdorff distance. The results are in agreement with what
is expected: the model of v2 provided by an anatomical atlas is near from cn2 and v1, quite far from cnl
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Distance between a model of v2 and:
cn2 v2 vl
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Menbership degrees
Menbership degrees

xxxxxxxxxxxxxxxxxxxxxxxxxx

Menbership degrees
Menbership degrees

Distances Distances

Table 9: Distances between fuzzy sets using the morphological approach, for the Hausdorff distance,
using minimum as t-norm. The distance is computed between each of the 5 structures and a model of v2
given by an anatomical atlas.

and very far from pl. We do not obtain a null value for v2, since it does not perfectly match the model
of v2, but we obtain values that are still much lower than those obtained for the other structures. This
shows that distances can be used both for identifying a structure among several possible ones, by using
distance as a dissimilarity measure, and for describing the spatial arrangement of objects.

A tolerance-based approach has been developed in [121]. The basic idea is to combine spatial
information and membership values by assuming a tolerance value 7, indicating the differences that
can occur without saying that the objects are no more similar. The proposed definitions are semi-
pseudometrics and are derived from the functional approach. The authors first define a local difference
between y and v at a point x of S as:

dz(m,v) = inf  |u(y) —v(z)|, (326)
y,z€B(z,T)

where B(z,7) denotes the (spatial) closed ball centered at x of radius 7.

Then the functions dp, do and dgsssyp are defined up to a tolerance 7 as:

Bw0) =1 [ 102 n 0P 1, (327)
dog (s v) = sup dz (p,v), (328)
z€S
Busup(1,) = inf{k € BA({z € 8,dJ(1,0) > k}) = 0}. (320)

Several results are proved in [121], in particular about convergence: dj(u,v) converges towards
dESSSup(,u, v) when p goes to infinity, all pseudo-metrics are decreasing with respect to 7, and converge
towards dp, doo and dgsssup when 7 becomes infinitely small, for continuous fuzzy sets.

This approach has been extended in [120], by allowing the neighborhood around each point to depend
on the point.
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Note that this approach has strong links with morphological approaches, since the neighborhood
considered around each point can be considered as a structuring element.

This approach has been illustrated on an example of noisy character recognition.

Finally, according to a graph theoretic approach, a similarity function between fuzzy graphs may
also induce a distance between fuzzy sets. This approach contrasts with the previous ones, since the
objects are no more represented directly as fuzzy sets on S or as vectors of attributes, but as higher level
structures. Fuzzy graphs in cognitive vision can be used for representing objects, as in [124], or a scene,
as in [107]. In the first case, nodes are parts of the objects and arcs are links between these parts. In
the example presented in [124] for character recognition, nodes are fuzzy sets representing features of a
character, extracted by some image processing. In the second case, nodes are objects of the scene and
arcs are relationships between these objects. In the example of [107], the nodes represent clouds extracted
from satellite images. These two examples use different ways to consider distances (or similarity) between
fuzzy graphs.

Discussion In the first class of methods, the only way p and v are combined is by computation linking
u(z) and v(z), i.e. only the memberships at the same point of S. No spatial information is taken into
account. A positive consequence is that the corresponding distances are easy to compute. The complexity
is linear in the cardinality of S. Considering image processing and vision applications, we suggest that
the first class of methods (comparing membership functions only) be restricted when the two fuzzy sets
to be compared represent the same structure or a structure and a model. Applications in model-based
or case-based pattern recognition are foreseeable.

On the other hand, the definitions which combine spatial distance and fuzzy membership comparison
allow for a more general analysis of structures in images, for applications where topological and spatial
arrangement of the structures of interest is important (segmentation, classification, scene interpretation).
This is permitted by the fact that these distances combine membership values at different points in the
space, therefore taking into account their proximity or farness in S. The price to pay is an increased
complexity, generally quadratic in the cardinality of S.

When facing the problem of choosing a distance, several criteria can be used. First, the type of
application at hand plays an important role. While both classes of methods can be used for comparing
an object and a model object, only the second class can be used for evaluating distances between objects
in the same image. Among the distances of the first class, the results we obtained show that entropy
and divergence based approaches are not satisfactory. Also normalized distances should be avoided in
most cases. The choice among the remaining distances can be done by looking at the properties of the
distances (for instance, do we need d(u,u) = 0 for the application at hand?), and at the computation
time. Among the distances of the second class, similar choice criteria can be used.

5.5.4 Geodesic distance in a fuzzy set

Although the concept of geodesy is very important for crisp sets and should be promising as well for
fuzzy sets, this topic has not been much addressed in the literature [17, 153].

Fuzzy geodesic distance defined as a number In [17] original definitions were proposed for the
distance between two points in a fuzzy set, extending the notion of geodesic distance. Among these
definitions, one proved to have desirable properties and was therefore considered as better than the
others. We recall here this definition and the main results we obtained.

The geodesic distance between two points = and y represents the length of the shortest path between
z and y that “goes out of y as least as possible”. A formal definition of this concept relies on the degree
of connectivity, as defined by Rosenfeld [146]. In the case where S is a discrete bounded space (as is
usually the case in image processing), the degree of connectivity in u between any two points = and y of
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S is defined as:

cu(@,y) = max[min u(t)], (330)
where L denotes the set of all paths from x to y. Each possible path L; from z to y is constituted by a
sequence of points of S according to the discrete connectivity defined on S.

We denote by L*(z,y) a shortest path between z and y on which ¢, is reached (this path, not
necessarily unique, can be interpreted as a geodesic path descending as least as possible in the membership
degrees), and we denote by [(L*(z, y)) its length (computed in the discrete case from the number of points
belonging to the path). Then we define the geodesic distance in p between x and y as:

UL (2,9)

du(may) = cu(w y)

(331)

If c,(z,y) = 0, we have d,(z,y) = 400, which corresponds to the result obtained with the classical
geodesic distance in the case where z and y belong to different connected components (actually it corre-
sponds to the generalized geodesic distance, where infinite values are allowed).

This definition corresponds to the weighted geodesic distance (in the classical sense) computed in the
a-cut of p at level a = ¢, (x,y). In this a-cut, z and y belong to the same connected component (for the
considered discrete crisp connectivity). This definition is illustrated in Figure 39.

N I )
cpt)

dg ()

X1
Figure 39: Ilustration of the geodesic distance in a fuzzy set u between two points z and y in a 2D space.

This definition satisfies the following set of properties (see [17] for the proof):

1. positivity: Y(z,y) € 82, d,(z,y) > 0;
2. symmetry: V(z,y) € 8?, dy(z,y) = d,(y,z);
3. separability: V(z,y) € 82, d,(z,y) =0z =y;

4. d,, depends on the shortest path between z and y that “goes out” of 1 “as least as possible”, and
d,, tends towards infinity if it is not possible to find a path between z and y without going through
a point ¢ such that u(t) = 0;

5. d, is decreasing with respect to p(x) and u(y);
6. d, is decreasing with respect to ¢, (2, y);

7. d, is equal to the classical geodesic distance if p is crisp.
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The triangular inequality is not satisfied, but from this definition, it is possible to build a true distance,
satisfying triangular inequality, while keeping all other properties. This can be achieved in the following
way (see [17] for proof and details):

o UM ) | UL (6Y)
du(x,y)—rgg cu(m,t) + cu(t,y)

Unfortunately this is computationally expensive.

These properties are in agreement with what can be required from a fuzzy geodesic distance, both
mathematically and intuitively.

The definition proposed in [153] corresponds to one of the definitions proposed in [17] and is the
length of the shortest path between the two considered points, the length being computed as the integral
of the membership values along the path. Unfortunately, this definition does not meet all requirements
we have here, since it does not satisfy the separability property and does not has the appropriate behavior
with respect to the membership values (properties (4)-(6) above). Indeed the best path can go trough
points with very low values (which tend to decrease the length), i.e. to go out of the set to some extent.
However, one advantage of this distance is that it allows the authors in [153] to derive algorithms for
computing the fuzzy distance transform.

Fuzzy geodesic distance defined as a fuzzy number In the previous approach, the geodesic
distance between two points is defined as a crisp number (i.e. a standard number). It could be also
defined as a fuzzy number, taking into account the fact that, if the set is imprecisely defined, geodesic
distances in this set can be imprecise too. One solution to achieve this aim is to use the extension
principle, based on a combination of the geodesic distances computed on each a-cut of y. Let us denote
by d,. (z,y) the geodesic distance between z and y in the crisp set p1,. Using the extension principle, we
define the degree to which the geodesic distance between z and y in u is equal to d as:

Vd € RY, du(z,y)(d) = sup{a € [0,1], dy, (z,y) = d}. (332)
This definition satisfies the following properties:

1. If @ > ¢,(z,y), then z and y belong to two distinct connected components of u,'!. In this case,
the (generalized) geodesic distance is infinite. If we restrict the evaluation of d,(z,y)(d) to finite
distances d, then d,(z,y)(d) =0 for d > d

Bep(e.y) "

2. Let d cq15(z,y) denote the Euclidean distance between x and y. It is the shortest of the geodesic
distances that can be obtained in any crisp set that contains z and y. This set can be for instance
the whole space S, which can be assimilated to the a-cut of level 0 (ug). Therefore, for d < ds(z,y),
we have d,(z,y)(d) = 0.

3. Since the a-cuts are nested (o C por for a > @), it follows that d,_ (z,y) is increasing in «, for
a < cy(z,y). Therefore, d,(z,y) is a fuzzy number, with a maximum value for due,, (ay)» 2nd With
a discontinuity at this point.
This definition can be normalized by dividing all values by c,(x,y), in order to get a maximum
membership value equal to 1.

One drawback of this definition is the discontinuity at ducu (2.7 1t corresponds to the discontinuity
existing in the crisp case too when z and y belong to parts that become disconnected. Further work aims
at exploiting features of fuzzy set theory in order to avoid this discontinuity, if this is found desirable.

11

since ¢, (z,y) corresponds to “height” (in terms of membership values) of the point along the path that connects = and
y, i.e. the maximum of the minimal height along paths from z to y.
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5.6 Directional relative position between objects

Concepts related to directional relative position are rather ambiguous, they defy precise definitions.
However, human beings have a rather intuitive and common way of understanding and interpreting them.
From our every day experience, it is clear that any “all-or-nothing” definition leads to unsatisfactory
results in several situations, even of moderate complexity such as those illustrated in Figure 40: on the
left, the object A is to the right of R but it can also be considered to be to some extent above it; on
the right, the object B is strongly to the right of R and above it. Fuzzy set theory appears then as
an appropriate tool for such modeling. In the following, we denote by S the Euclidean space where the
objects are defined. S is typically a 2D or 3D discrete space (as in image processing and vision).

5.6.1 Main fuzzy approaches

Fuzzy relations describing relative position In [129, 105], the angle between the segment joining
two points a and b and the z-axis of the coordinate frame (in 2D) is computed. This angle, denoted by
6(a,b), takes values in [—m, 7], which constitutes the domain on which primitive directional relations are
defined.

The four such relations “left”,“right”, “above” and “below” are defined in [129] as cos?  and sin”§
functions. Other functions are possible: in [105] trapezoidal shaped membership functions are used, for
the same relations. Whatever the equations, the membership functions for these relations are denoted
by fieft, Pright, Habove, and fibeiow, and are functions from [—m, n] into [0,1]. The equations are chosen
according to simplicity (e.g. cos or sin functions), to the fact that they define a fuzzy partition of
[—m, 7], and to their invariance properties with respect to rotation (i.e. a rotation should correspond to
a translation of the membership functions).

In the work relying on these definitions, only these four basic directions are used, other relations being
expressed in terms of these. However, we can propose a straightforward extension to any direction. In
2D, a direction is defined by an angle a with the z-axis. Using this convention, the relationship “right”
corresponds to a = 0. From pipignt = 1o, we derive i, representing the relationship “in direction o”, for
any « as follows:

VO, 1o (6) = po(0 — a) (333)

with for instance: 20) if 6 : ]
_f cos if0e[-3,+5
po(0) = { 0 elsewhere (334)

This makes the definitions based on angle computation more general. Moreover, it guarantees geo-
metric invariance.

Another solution for defining relations intermediate between the four basic ones has been proposed in
[130]. This solution is based on logical combinations of these four basic relations. For instance, “oblique
right” is defined by “(above and right of) or (below and right of)”. The membership function representing
this relationship is computed from firight, fabove, and Upeiow using min (for “and”) and max (for “or”).
In a more general way, any t-norm and t-conorm could be used for that purpose. The advantage of this
approach is that only four membership functions have to be defined, which is consistent with the usual
way of speaking about relative position. The drawback is that, contrary to the definition proposed in
Equation 333, we cannot achieve a great precision in direction using this approach. Also, the shape of
the membership function will vary depending on the considered direction, leading to a high anisotropy
and therefore a loss of rotation invariance, while it remains the same using Equation 333.

The extension to 3D images calls for a representation of a direction by two angles, denoted by oy and
as (with oy € [0,27] and as € [-F, 7], the 2D case corresponding to as = 0).

In [130], the membership functions defining six basic directions in the 3D space are defined, again
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using squared cosinus and sinus functions. For instance, the relation “right” is defined as:

cos?(ay) cos®*(az) if a1 € [-F,+5] and ay € [-F,+%]

Nm’ght(al,az) = { 0 otherwise (335)

The other relations are defined in a similar way.

Centroid method A first simple solution to evaluate a fuzzy relationship between two objects consists
in representing each object by a characteristic point. This point is chosen as the object centroid in
[114, 105]. Let cg and ca denote the centroids of objects R and A. The degree of satisfaction of the
proposition “A is to the right of R” is then defined as:

p o ni(A) = pirigni(0(cr, ca)), (336)
where the membership function pi,igp: is defined as in Section 5.6.1.

Note that, although not mentioned in the original paper, this method can be straightforward extended
to 3D.

Extension to fuzzy objects can be done in two ways. One way consists in computing a weighted
centroid, where the contribution of each object point is equal to its membership value. The second way
consists in applying the definition for binary objects on each a-cut and then aggregating the results using
a summation [65], or the extension principle [189]. However, this second method may be computationally
expensive, depending on the quantization of the object membership values.

Histogram of angles: compatibility method The method proposed in [128, 129, 130] consists
in computing the normalized histogram of angles and in defining a fuzzy set in [0,1] representing the
compatibility between this histogram and the fuzzy relation. More precisely, the angle histogram is
computed from the angle between any two points in both objects as defined before, and normalized by
the maximum frequency. Let us denote H(A) this normalized histogram, where R is the reference object
and A the object the position of which with respect to R is evaluated. H*(A) represents the spatial
directional relations of the object A with respect to the reference object R. Issues that arise here include
expressing this in terms of the basic relations, and extracting a global representative evaluation of this
spatial relation.

With respect to the first issue, operations of compatibility and matching of two fuzzy sets are consid-
ered. The compatibility set po(m,p,) between HF(A) and pq is defined, for any u € [0, 1], following the
extension principle as:

0 if pat(u) =10

e (H o) (1) = { SUPy [ u=p. (v) HE(A)(v) otherwise. (337)

With respect to the second issue, a global evaluation of the relation can for instance be provided by
the center of gravity of the compatibility fuzzy set:

( ) _ fOl 'U/MC(H’HQ)(’U.)dU

R
PR (A) = : (338)
fOl MC(H’Na)(u)du

Another solution for the first issue is to use a fuzzy pattern matching approach [49, 76] (between p, and
HE(A)), as suggested in [18]. Then the global evaluation is given in the form of a pair necessity /possibility.

Ultimately, this global evaluation, which can be done in many ways, has to be selected according to
the type and goals of the application at hand.

The extension of this method to 3D objects amounts to computing a bi-dimensional histogram, i.e.
as a function of two angles, and then applying the same principle using the relations defined in 3D. The
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computation of the histogram is heavy in 2D, and becomes even more so in 3D. Another problem when
computing bi-histograms is that the domain of possible angle values may be under-represented, depending
on the size and the sampling of the considered objects. This may result in a noisy and hole containing
histogram. This effect already appears in 2D.

A possible direction for overcoming the computational burden would be to consider 2D restrictions of
the 3D space, depending on the direction we are interested in. For instance, when assessing a left or right
direction, it might be sufficient to look only at projections of the objects in the horizontal plane. This
approach can be considered in particular for almost convex objects without holes. However, for more
complex objects, too much information may be lost by this approach.

The fuzzy extension of this method is based on a weighted histogram [129]. Let us denote by ug and
4 the membership functions of the fuzzy objects R and A. The weighted histogram is computed as:

H¥A)0)= >  min[ur(a), pa(d)]- (339)
a,b,0(a,b)=0

This expression if equivalent to compute a histogram on each a-cut and to combine the obtained results
by summation as in [65]. Indeed, let us consider, for instance, a discretization of the values of «, as
Q1,...Qn, wWith a1 = 0, @, = 1, and Vi,1 < i < n —1,a; < ;41 (a similar reasoning holds in the
continuous case). Let us denote by pg, and pa, the a-cuts of ug and p4 at level ;. Then we have:

n—1

minfup(a), pa®)] = 3 (ais1 — ;) minfur, (a), a, (9)] (340)

i=1

From this equality, we derive:

HT(A)(6)

S S (i — ) minfjur, (@), o, ()]

a,b,0(a,b)=0 =1

= i(ai_,_l — ai) Z min[uRi (Cl), HA; (b)]
i=1 a,b,0(a,b)=0
= > (@i — ) H (1)), (341)

This shows that the weighted histogram is equivalent to the summation of the histograms of the a-cuts.
However the first form is computationally much less expensive, and does not involve any assumption on
the quantification of the values of a.

Aggregation method An aggregation method has been proposed in [114, 105], which uses all points
of both objects instead of only one characteristic point. For any pair of points 7 in R and j in A, the
angle 6(i, j) is computed, and the corresponding membership value for a direction « (being one of the 4
considered relations) is computed as previously:

pij = pa(0(, 5))- (342)
All these values are then aggregated. The aggregation operator suggested in [105] is a weighted mean:

1/p

plA) = (DN wyuly| (343)

iER jEA

where w;; are weights the sum of which is equal to 1.
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Learning approach In [106], a learning approach using neural networks is proposed in order to cope
with the complexity and variety of spatial relationships. The idea is to learn membership functions
of spatial relationships for a few types of shapes, for which it is possible to easily assign membership
values. Four basic relations are considered. The angle histograms of the training data are the inputs of
neural networks (one such network for each type of shape), the outputs of which are then combined using
Choquet fuzzy integrals.

The main problem with this approach is the first assignment for the training data. It does not seem
eagsy to define criteria that allow to distinguish between values such as 0.002 and 0.005, 0.97 and 0.93,
etc.

Histogram of forces Instead of considering pairs of points as in angle histogram approaches, pairs
of longitudinal sections are considered in [125], where the concept of F-histogram is introduced. The
degree to which an object A is in the direction «a with respect to a reference object R is computed using
successively points, segments, and longitudinal sections. Information on points is translated by a function
¢ acting on the difference of coordinates on the a-axis between points of A and points of R. Therefore,
distance information is explicitly taken into account. A second function f integrates ¢ on segments of A
and R in the direction «. Finally, the contributions of segments constituting the longitudinal sections of
A and R in the direction @ are summed. A so called “histogram of forces” allows to compute the weight
supporting a proposition like “object A is in direction a from object R”.

The definitions of the functions involved in this construction are done in an axiomatic way, that
guarantees that the obtained relationships have good properties. Note that a similar axiomatic treatment
can be adopted for the other approaches without any change in the results. Basically, this approach
amounts to considering a weighted angle histogram:

HEA)O) = > o(labl)), (344)

a,b,0(a,b)=0

where ¢ is a decreasing function. Typically, ¢(z) = w% For r = 0, the weighted histogram is equal to the
angle histogram, and for r > 1, it gives more importance to points of A that are close to some points of
R. This allows to deal with situations where A and R have very different partial extents, and to account
only for the closest parts of them.

This approach has been extended to fuzzy objects using their a-cuts. Extension to 3D objects could
be probably done, but with a high complexity.

Projection based approach The approach proposed in [109] is very different from the previous ones
since it does not use any histogram. It is based on a projection of the considered object on the axis
related to the direction to be assessed (e.g. the z-axis for evaluating the relations “left to” and “right
to”). Let us detail the computation for the relation “A is left from R”. The same construction applies for
any direction. Let us denote by Rf(z) the normalized projection of the set R on the z-axis. The degree
for a point x to be left to R is defined as:

LR (y)dy

B = = pryay

(345)

This definition provides a degree of 1 for points that are completely on the left of the support of R and
a degree of 0 for points that are completely on the right of the support of Rf, and the degree decreases
in-between.

Let us now introduce a second set A. The degree (4 + R)f(z) to which z is in the projection of A
and to the left of R is expressed as a conjunction of Af(z) and R (x). The conjunction is taken as a
product in [109]. The degree to which A is left from R is then deduced as the ratio of the areas below
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(A« R)f and A':
oA () [ RY (y)dyde
R _ 00 x
Hald) = T Dy T R )y (346)

This approach can be generalized to fuzzy sets [109] by taking each point into account in the projection
to the amount of its membership function, leading to similar properties than in the crisp case.

Morphological approach In [18, 23, 24] a morphological approach has been proposed in order to
evaluate the degree to which an object A is in some direction with respect to a reference object R,
consisting of two steps:

1. A fuzzy landscape is first defined around the reference object R as a fuzzy set such that the mem-
bership value of each point corresponds to the degree of satisfaction of the spatial relation under
examination. This makes use here of a spatial representation of fuzzy sets, which already proved to
be useful in image processing and vision [112, 19]. Therefore the fuzzy landscape is directly defined
in the same space as the considered objects, contrary to the projection method [109], where the
fuzzy area is defined on a one-dimensional axis.

2. Then the object A is compared to the fuzzy landscape attached to R, in order to evaluate how well
the object matches with the areas having high membership values (i.e. areas that are in the desired
direction). This is done using a fuzzy pattern matching approach, which provides an evaluation as
an interval or a pair of numbers instead of one number only.

A 3D direction is defined by two angles a; and a3, where oy € [0,27] and a» € [-F,5]. The
direction in which the relative position of an object with respect to another one is evaluated is denoted
by: @ay,0, = (COSa2 cOS i, 08 s sinay,sinaz)?, and we note a = (a1, az2). Let us denote by us(R) the
fuzzy set defined in the image such that points of areas which satisfy to a high degree the relation “to
be in the direction @, q, With respect to reference object R” have high membership values. In other
words, the membership function u,(R) has to be an increasing function of the degree of satisfaction of
the relation. It is a spatial fuzzy set (i.e. a function of the image S into [0,1]) and directly related to the
shape of R. The precise definition of s (R) is given below.

Let us denote by p4 the membership function of the object A, which is a function of S into [0,1].
The evaluation of relative position of A with respect to R is given by a function of u(R)(z) and pa(z)
for all z € S. An appropriate tool for defining this function is the fuzzy pattern matching approach [76].
Following this approach, the evaluation of the matching between two possibility distributions consists of
two numbers, a necessity degree N (a pessimistic evaluation) and a possibility degree I (an optimistic
evaluation), as often used in conjunction with fuzzy sets. In our application, they take the following
forms:

TI5, o, (4) = sggt[ua(R) (2), na(@)], NG o, (4) = inf Tlua(R)(2),1 — pa(2)]; (347)
where ¢ is a t-norm (fuzzy intersection) and T a t-conorm (fuzzy union) [70]. In the crisp case, these
equations reduce to: IIZ  (A) = sup,c4 pia(R)(z), and NE  (A) =inf,eca po(R)(2).

1,02 Q1,02

The possibility corresponds to a degree of intersection between the fuzzy sets A and pq (R), while the
necessity corresponds to a degree of inclusion of A in p(R). They can also be interpreted in terms of
fuzzy mathematical morphology, since the possibility IT¥, . (A) is equal to the dilation of pu4 by pe(R) at
origin, while the necessity N%  (A) is equal to the erosion, as shown in [38]. These two interpretations,
in terms of set theoretic operations and in terms of morphological ones, explain how the shape of the

objects is taken into account.

Several other functions combining u, (R) and p4(z) can be constructed. The extreme values provided
by the fuzzy pattern matching are interesting because of their morphological interpretation, and because
they provide a pair of extreme values and not only a single value and may better capture the ambiguity
of the relation if any. One drawback of these measures is that they are sensitive to noise, since they rely
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on infimum and supremum computation. An average measure can also be useful from a practical point
of view (it is much less sensitive to noise), and is defined as:

ME . (4) = @ S @), pa(R) @), (348)
T€ES

where |A| denotes the fuzzy cardinality of A: |A| =3 s pa(x).

The key point in the previous definition relies in the definition of u,(R). The requirements stated
above for this fuzzy set are not strong and leave room for a large spectrum of possibilities. This flexibility
allows the user to define any membership function according to the application at hand and the context
requirements. The following definition looks precisely at the domains of space that are visible from a
reference object point in the direction @y, ,q,. This applies to any kind of objects, including those having
strong concavities.

Let us denote by P any point of S, and by @) any point of R. Let 8(P,Q) be the angle between the
vector QP and the direction @4, ,q,, computed in [0, 7]:

B(P, Q) = arccos lm , and B(P,P) =0. (349)

4]

We then determine for each point P the point () of R leading to the smallest angle 5, denoted
by Bmin- In the crisp case, ) is the reference object point from which P is visible in the direction
closest t0 oy ,a5: Bmin(P) = minger B(P, Q). The fuzzy landscape pq(R) at point P is then defined as:
Lo (R)(P) = f(Bmin(P)), where f is a decreasing function of [0, x] into [0,1]. We can chose for instance
a simple linear function: p,(R)(P) = max(0,1 — w‘“f“(m)

In the fuzzy case, this definition is extended as: @ € R and f(Bmin) = maxger f(B(P,Q)) (since f is
decreasing), which translates in fuzzy terms as:

pa(B)(P) = | max _ Hux(Q). f(3(P.Q))] (350)

where t is a t-norm.

An advantage of this approach is its interpretation in terms of morphological operations. It can be
shown that u, (R) is exactly the fuzzy dilation of pug by v, where v is a fuzzy structuring element defined
on S as: .

VP e S, v(P) = max[0,1 — 2 arccos L_,ua], (351)
™ loP||
where O is the center of the structuring element. The following definition is used for the fuzzy dilation
(see [38] for more details about fuzzy morphological operations):

VP €S, D,(1)(P) = maxt{u(Q), v(P - Q)] (352)

where t is a t-norm. This equivalence provides an additional morphological interpretation of this approach.
5.6.2 An example
A formal comparison of these approaches is given in [43], based on their properties, the type of basic

elements on which they rely, their behavior in extreme situations, in case of concavities, of distant objects,
and on their computational cost.

Another aspect that is very important is the type of questions each definition is able to answer, or
dedicated to. These questions can take different forms, e.g.:

e what are the spatial relationships between two given objects?
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e to which degree a given spatial relation holds between two objects?

e what are the regions of the space where a spatial relationship is satisfied (to some degree) with
respect to a reference object?

An important feature of angle histogram and force histogram is that they provide a general description
of the directional relationships. From this general information, several ones can be deduced, as the degree
of satisfaction of one specific relationship (for a particular direction), or the dominant relationship. This
is not easy to obtain with the morphological approach, that needs one computation for each direction of
interest. This approach is more dedicated to cases where we are interested in specified relations.

For problems where we have to assess the relative position of several objects with one reference object,
the morphological approach may be more appropriate if the computation time is a strong requirement.

Most works in spatial reasoning aim at defining and assessing spatial relationships between objects,
given these objects. But we may take another point of view, and address the problem of the representation
of knowledge about expected relationships, in order to guide the reasoning process in the space, for
exploring the space and search for the object that satisfies some relationships with respect to already
known objects [29, 85]. For the example of model-based pattern recognition, this leads to progressive
recognition, where each object is detected and recognized by gathering constraints given by the model
expressing relationships that this object has to satisfy with respect to previously recognized objects [87].
For this problem where the relationships are considered as constraints with respect to one object (rather
than a relation between two objects), we can make use of a spatial representation, as fuzzy sets in the
space. Each relationship is expressed as one fuzzy set, corresponding to a spatial constraint, restricting
the space to the only regions where the relationship is satisfied [29]. This can be directly obtained using
the morphological approach (it is the result of the first step), but is more difficult to obtain with other
approaches, that do not work directly in the image space.

We conclude this section by an example illustrating the definitions. Two pairs of objects are shown

in Figure 40.
<— Object A I Obi
. . DG

Reference object (R) Reference object (R)

Figure 40: Two examples where the relative position of objects with respect to the reference object is
difficult to define in a “all-or-nothing” manner.

Figure 41 presents the angle histograms for the two examples of Figure 40.

Tllustrations of the definition of 4 (R) are given in Figure 42 for several reference objects. They show
the consistency of the proposed approach: since the aim of the proposed definition is not to find only the
dominant relationship, an object may satisfy several different relationships with high degrees. Therefore,
“to be to the right of R” does not mean that the object should be completely to the right of the reference
object, but only that at least part of the object is to the right of part of the region.

Tables 10 and 11 show the results for object A with respect to object R, according to various methods.
They all agree to say that A is mainly to the right of R. The degree of being to the right increases with
the value of r, since the part of A which is to the right of R is the closest one to R. On the contrary the
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Figure 41: Angle histograms for the two examples of Figure 40. Left: object A w.r.t. reference object R;

right: object B w.r.t reference object R.

Figure 42: A few examples of u,(R) for oy = as = 0 corresponding to the relative position “right” (high
grey values correspond to high membership values) using the morphological (angle of visibility) method,
for different types of reference objects (reference objects are black).

degree of being above decreases with r. The values are somewhat different for all approaches, but since
the ranking and the general behavior is the same, no conclusion concerning a more favorable approach

can be derived from this example.

| Object A with respect to object R |

Relation | Centroid Aggregation Compatibility
r=0|r=2|r=5|r=0|r=2|r=>5
Left 0.00 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
Right 0.76 0.73 | 0.79 | 0.86 | 0.62 | 0.67 | 0.75
Below 0.00 0.00 | 0.01 | 0.01 | 0.05 | 0.06 | 0.06
Above 0.24 0.27 | 0.20 | 0.13 | 0.38 | 0.33 | 0.25

Table 10: Relative position of object A (rectangle) with respect to object R (square) of Figure 40, using
centroid, aggregation and compatibility methods. Angle or force histograms are computed using r = 0,
r =2 and r = 5 (the angle histogram method corresponds to r = 0).

5.7 Fuzzy classification
5.7.1 Pattern recognition
In the scientific literature, the words pattern recognition cover a broad set of concepts which lead from

the observation of the universe to some decisions associated with the interpretation of some elements of
this universe: under this light, recognition may cover the pre-processing stages, the feature detection, the
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| Object A with respect to object R |

Relation FPM Morphological approach
r=20 r=2 r=>5
Left 0.00, 0.00] | [0.00, 0.00] | [0.00, 0.00 0.00, 0.00] M = 0.00
Right 0.37, 0.68] | [0.39, 0.98] | [0.58, 1.00 0.50, 1.00] M = 0.81
Below 0.00, 0.10] | [0.00, 0.12] | [0.00, 0.13 0.00, 0.35] M = 0.05
Above 0.32, 0.63] | [0.02, 0.61 0.00, 0.42 0.00, 0.73] M = 0.44

Table 11: Relative position of object A (rectangle) with respect to object R (square) of Figure 40, using
fuzzy pattern matching approach (FPM) between relationships and angle or force histograms computed
using r = 0, r = 2 and r = 5, and using the morphological approach (the [N,II] intervals are given, as
well as the average value).

classification and the derived diagnosis and appropriate actions. A popular example is to be found in the
postal character recognition which starts from the handling of the enveloppe and stops when the letter is
directed towards the appropriate railway station. Within this rendering, almost every picture processing
is part of pattern recognition.

In the following lines, we will reduce the meaning of pattern recognition to the central part of the
previous series of steps which consists of the design of appropriate algorithms to recognize prototypes
or representative members of separate classes. Moreover, in this Section, we only concentrate to the
recognition based on numerical arguments and not on the symbolic pieces of knowledge we have on the
objects to be recognized. This part of pattern recognition is often identified as statistical pattern
recognition, by opposition to structural pattern recognition which makes use of rules, graphs and
grammars. Statistical pattern recognition referential text books are [84, 168, 61], while in structural pat-
tern recognition, we may refer to [83]; [78] presents both aspects of pattern recognition in the framework
of vision and image processing.

The general framework of statistical pattern recognition may be stated in simple words.

Starting from a set X of unknown objects {:c,,z =1,.,N } called wvariables or samples each of them
described by a vector of measurements p* = [p?, p}, p4]* of dimension d, we want to affect each of them to
one subset w; of X (called a class) with the constraint that the number of subsets w; be much smaller
than V.

For some problems, the number of classes £ may be known, as for instance it is the case for the
recognition of zip-codes in postal codes.

For some other problems some kind of information may be available about the final classes in which the
samples can be ordered, either because of some generic representation of each class (character recognition
is again a good instance of this), or because prototypes of classified samples exist (for example when
training sets are available or when an expert is supervising the classification).

But, from a general point of view, a classification problem, stated in the previous words, is solved by
providing answers to the following mandatory steps:

1. choose an adequate space of representation to display the samples;
2. determine the number k of classes adapted to the objectives and to the data;

3. define the criteria on the basis of which to compare the samples to each individual class, and which
governs the affectation of each sample to a class,

4. determine the criteria on which to appreciate the global quality of a classification,

5. determine the algorithm to achieve the best possible fullfilment of these criteria.

106



In the previous lines, we adopted the language of “conventional” pattern recognition. In brief, under
this light, every sample belongs to one class, and may not belong to more. The decision is crisp and we
will refer from now on to crisp pattern recognition when considering a problem from this point of
view. Crisp pattern recognition is well adapted to treat some problems where a clear disjunction exists
between classes. For instance dealing with the classification of pets, we have to attribute Hobbes!2 to the
family of cats, dogs or tigers, and, unless unsufficiently informed, we cannot expect too much hesitation
from any classifier, even if the tigers class is not likely to be well represented among the pet group. Crisp
pattern recognition is a consequence of the crisp concept of membership of the conventional set theory.

Within a fuzzy pattern recognition point of view, the membership concept is changed (as we
always did in this book up to now), into a degree of membership, and the injective association of samples
to classes is no longer valid. Staying in the domestic zoology domain, we may take an illustration of the
relevance of this idea by attempting to classify dogs. If we may certainly find some rare (and therefore
expensive) examples of “crisp” terriers or mastiffs, we expect many crossbreedings which may belong, for
instance, for one quarter to the terrier class and for three quarters to the mastiff class (if not even more
oddly to 20 different families!).

Many solutions have been developed within the framework of crisp pattern recognition to deal with
similar situations. One way is to introduce additional classes (which could be called breeds), another is to
add a rejection class where samples which do not fulfill exactly some criteria are placed for further exam-
ination. But it is clear that the basic requirement of uniqueness at the root of crisp pattern recognition
makes every tallied sample a stranger in the partition.

Therefore the question whether crisp or fuzzy pattern recognition should be employed is brought back
to the problem at hand. Are you able to exhibit a clear cut partition from the world you observe? Can
you guarantee that no interbreeding exists between classes? Is there a fundamental distinction between
samples (even if it is hidden to the observer)? In these cases you should adopt a crisp point of view from
which you may expect a more complete processing, since fuzzy pattern recognition must be followed by
a stage of decision to treat the set of membership functions before any action.

If, on the contrary, you suppose your samples to be continuously distributed between some “pure”
prototypes, if you do not expect some decisive fronteers to exist, or some precisive criterion to apply,
then fuzzy pattern recognition will probably better fit your demand.

Crisp pattern recognition is ideally suited to treat problems where fundamentally there is no uncer-
tainty in the objects to be recognized but where some imprecision comes from the observation system
which doesn’t allow a perfect access to the decisive parameters. If we consider the imprecision of the
observation as a noise coming in between the object and us, then the dispersion of the samples due to
noise makes the classes overlap. Pattern recognition is therefore the art of retrieving the classes from the
distribution and, if possible, to attribute each sample to its original class. Under the light of impreci-
sion, the words “statistical pattern recognition” take their full meaning. Noise, as a fundamental source
of imprecision, spreads about well differentiated classes which could be later discovered from statistical
studies on the distribution.

On the contrary, fuzzy pattern recognition is well suited to process under uncertainty. If pure classes
may exist, they are not likely to cover every possible sample which may be a cross or a blend of several
prototypes. The objective of fuzzy pattern recognition is more to qualify the relation of each sample to
every prototype than to exhibit the “closest” one. One way to do it is to transform the uncertainty of
the observed world on an imprecision of the classes. Under fuzzy pattern recognition, uncertainty and
imprecision are mixed in a complex way which makes often difficult the task of identifying the role of
each of them in the scattering of samples.

One of the main difficulties of the practitioner is to recognize from one experiment which point of
view, crisp or fuzzy, is better representing the situation at hand. And the decision to choose one or the
other representation is relevant from the modelization stage of the problem. We will come back later on
the importance of this stage in the pattern recognition task. It may happen in some practical cases that
the observed universe dictates the solution (our previous examples on pets are such schematic situations

12Thank you Mr. Watterson for this example.
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where we do not hesitate), but most of the time our knowledge of the problem is not sufficient to impose
one solution (and that is why pattern recognition is asked for).

Clearly the crisp point of view is simpler and more comfortable. It observes differences and decides
on similarities. It rarely examines relations between classes and is not expected to quantify proximities.
On the other hand, it incorporates the decision stage, this means that it makes one more step towards a
future action than fuzzy pattern recognition which cautiously provides membership functions only.

5.7.2 Fuzzy C-means

The most familiar technique of fuzzy data classification is called Fuzzy C-means, it is issued from a family
of crisp classification techniques based on the iterative modification of the clusters, the best representative
of which is the k-means method. We briefly recall the main lines of the hard classification based on k-
means.

k-means hard classification In the case of a hard classification, we want to obtain a k-partition P
of the set X of samples, i.e. we are looking for k¥ non-empty subsets of X, denoted Cy,Cs, ...,Ck, which
verify:

1. Vl;éj Ciﬂcj':@,

2. U,Ci=X.

We define the partition function of X in P as the binary function p;; equal to 1 if the sample z; of
X belongs to the class C;, and to 0 if not. N denotes the cardinality of X.

Let J be the objective functional of the classification problem. In the case of k-means, the functional
is chosen as the sum of the intra-class variances, i.e., if m; denotes the centroid of the class C;:

N &k
J =0 llws —myl . (353)

i=1 j=1
The objective of the classification is to minimize J by a proper choice of the partition P.

The k-means algorithm proceeds by the following steps:

e initiate the process by choosing the initial centroids (called seeds),
e iterate the following sequence:

1. affect each sample to the class with the closest centroid (i.e. minimize J with respect to y;),

2. compute a new set of centroids, according to the partition functions (i.e. minimize J with
respect to m;).

e stop the iteration when there is no more change in the partition or when the decay of the objective
functional is small enough.

This technique has been widely described [80, 78] and adapted for many different problems (for
instance when the samples are not all available at the same time, or when the number of classes is not
known). It may be plunged into a more general family of iterative clustering techniques called “dynamic
clusters” [64] where the distances are not taken to the centroids but to various possible manifolds of the
underlying S space.

It is known that k-means are not converging towards the global minimum of functional J, but towards
a local minimum which depends on the initial positions of the seeds. Therefore several different techniques
have been proposed to initiate the seeds: if the random selection among the set X is the most popular
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initialization, other solutions start from a regular distribution of seeds in S, from a choice of extreme
points in S, or benefit from some a priori knowledge on the final classification to choose an adapted
initial configuration of seeds.

A great attention has been paid in the literature to the number & of clusters to be detected. In some
rare cases, this number is fixed by the problem at hand (for instance in the case of character recognition
we have prior information on k). Most of the time however, k¥ has to be deduced from the data. The
ISODATA method [79] has popularized a systematic approach where, in-between 2 limits (usually 2 and a
known upper-bound of the class cardinality), a systematic classification is made with an increasing value
of k and a criterion of classification quality is measured. The best number of clusters is the one which
optimizes the criterion. Several different criteria may be proposed mostly heuristically deduced. We will
discuss this important issue later.

The fuzzy case: method Within the fuzzy framework, a fuzzy k-partition!?® is defined by:

1. Vz; € X and VC] e P Hij € [0, 1],
2. Vx; € X 2?21 Mij =1,
3.Vj<k 0< XN, pmij <N.

The fuzzy C-means algorithm [9] is based on a similar reasoning that k-means algorithm, i.e. on
iteratively modifying the partition to minimize an objective functional. The objective functional is
defined as:

k N
Tm =YY pillzi —myl?, (354)
j=1 i

where m is a parameter belonging to |1, +oo[ called fuzzy factor.
The membership function is deduced from the cluster center position by the equation:

1

Hij = I3 [[z:—mi]| 2= (355)
il e =my ]
and the cluster center position is obtained by:
my = &0 (356)
> 1227
The scatter matrix for class C; is also defined as:
N
My =" pij(mi — my)(x; — my), (357)
i=1
and the within-cluster scatter matrix as:
M=>" M. (358)

i=1
We verify easily that the objective functional J;,, is the trace of the within-cluster scatter matrix M

The fuzzy C-means algorithm may now be written as:

e initiate the process by choosing the initial centers of the clusters,

13t0 respect the eponym notation we should have denoted by C the number of clusters, but in order to remain coherent
with the notations of the rest of this monography we adopt the letter k£ as in the previous Section.
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e iterate the following sequence:

1. compute the membership function of any sample z; with respect to any cluster C; using
Equation 355),

2. compute a new set of cluster centers from Equation 356 .

e stop the iteration when there is no more change in the partition or when the decay of the objective
fuctional is small enough.

One of the main advantages of fuzzy approach of classification is the possibility to differentiate in p;;
the partition space covering X, this facility is not possible with the binary values p;; of 353. This benefit
is exploited for demonstration of convergence for instance [9].

Discussion on the fuzzy case Let us discuss the different stages of this method.

At first, the functional 354 may be seen as an extension of Equation 353: it makes use of a non-
binary weight p77 belonging to [0, 1] instead of the binary one of Equation 353. For m = 1, each internal
summation is equal to zero when m; is the centroid of the set X taking the only membership values p;;
into account, whatever the distribution of weights. For m = 2, each internal summation provides the
variance of the complete set X when the only memberships p;; are considered. For increasing values of
m, the weights are becoming more binary, as depicted on Figure 43. Equation 355 constrains m to belong
to the ]1, oo[ interval.

m=1

m=2,

m=5

Figure 43: Variation of the term z™ for z € [0, 1] and different values of m.

Equation 355, after one step of centroid updating, guarantees that the membership values remain
in the [0,1] interval, and Equation 356 defines the new centroid in agreement with functional J,,,. We
present on Figure 44, in the case of a 1-dimensionnal 2-class problem, the variations of the membership
values of a sample as a function of its position along the x-axis. Both Equations 355 and 356 depend
on the argument m. As for Equation 354, m is a way to modulate the membership of a sample, but it
varies in a converse direction: from very fuzzy (high values of m) to almost crisp (low values of m). This
behavior is illustrated in Figure 45, on the left, and the product yuj} as it appears in the functional, on
the right. We see from this last figure that the global behavior of the functional is towards the crisp one
when m goes to 1.

We see from Figure 45, on the left and right parts of the curves, one of the main drawbacks of fuzzy
C-means classification. Away from the centroid of its class, the membership function decays as given by
Equation 355, and, as for a given z;, the membership functions p;; sum up to 1 for every class C;, the
membership to the other class increases, a behavior which is usually not wanted. Let us illustrate this
point with a toy-example. Suppose we want to discriminate long snakes from short snakes described by
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Figure 44: Membership values in a fuzzy C-means classification as a function of z in the case of 2 classes,
with centroids in positions z = 1 and z = 2. In this example m = 2.
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Figure 45: Fuzzy C-means classification in the case of 2 classes, with centroids in positions z = 1 and
x = 2, for 3 different values of m: m = 1.4, m = 2 and m = 4. Left figure: membership value to class C;
as a function of z. Right figure: the term pf} of the functional J,,.

their length x expressed in meters. And suppose we find a positioning of the cluster centers respectively
at 1lm and at 2m. We may expect a hard classification to propose a limit somewhere around 1.5 meters.
A fuzzy C-means classification may provide a classification as depicted in Figure 44. A problem arises
with a 20cm long snake which will be less short and more long than a 1m snake!

A second consequence of normalization is that, in the case of a more than 2 classes, the effect of
normalization in Equation 355 may provide unwanted ripples on the membership functions which are
hard to interpret. This point is illustrated in Figure 46 where 2 classes (C1 and C2) have been chosen
rather close to enhance the ripples.

If the normalization constraint is suppressed, the optimization of the functional equation converges
towards the degenerated solution where all the membership values are zero.

Variations around fuzzy C-means: Ruspini’s classifier In an approach anterior to the previous
one, Ruspini proposed to optimize different objective functionals instead of the one of Equation 354 [150].
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Figure 46: 3 class problem (with centroids at x = 1, x = 1.1 and x = 2). The membership functions
to the only classes C; and C, are represented. They exhibit very irregular shapes with unwanted ripples
close from the ‘limits” of classes.

In the most popular work, he optimizes :

2
k

N N
J= Z Z o(pij — NIJ - 5?[
i=1 =1 j=1

where o is a constant and §; a dissimilarity measure between classes C; and classes C;, by using a
gradient technique taking benefit of the differentiability of space X with respect to the u;;. Despites the
interesting properties of the method (merely in a 2 class problem where mathematical properties of the
clusters may be mathematically stated), Ruspini’s method has met little developments since its criterion
is not intuitively very appealing and its computational efficiency is low.

5.7.3 Possibilistic C-means

An alternative solution to fuzzy C-means classification, which avoids the normalization drawbacks, is
given by Possibilistic C-means [113].

The objective functional in the case of Possibilistic C-means is defined as:

k

J= ZZNI}IH% m;|[* +Zmz (1 = pig)™ ||z — my]|? (359)

Jj=11i=1 i=1
and the membership function to the class C; as:

1
Hij = pp—— (360)
1+ [z T]:"JH m=

Here, n; is a parameter associated to cluster C; which controls the decay of the membership function and
more precisely which determines the distance from the class center where the membership funtion equals
1/2. The parameter m is similar to the one used in fuzzy C-means to control the amount of “fuzzines”
in the classification and the behavior of the membership functions with respect to m is similar.

We see in Figure 47 that the Possibilistic C-means algorithm having not the normalization to 1 of the
membership functions for a given x, behaves according to the intuition for large distances to the cluster
center. Coming back to the snake example, if the 20 cm snake is still less a member of the short snake
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Figure 47: 2 class problem (with centroids at z = 1, z = 2). Membership functions to class C; and C»
as obtained with Possibilistic C-means, with m = 1 and 2 different cluster dimensions: 7; = 0.5 and
n2 = 0.25. These curves have to be compared with the 2 curves obtained with fuzzy C-means in the same
conditions (Figure 44).

class than a 1 m snake (since it is farther from the centroid of the class), at least it is no longer more a
member of long snake class.

The determination of the appropriate values of n; is a difficult problem. If in some rare situations we
have prior information about some relevant values of 7;, most of the time these values have to be derived
from the data.

In [113], two solutions have been proposed:

1. to relate the width of the cluster to the within-cluster variance:
N
Zi:1 /‘in-Z'i - mj”2
N
21:1 Mij

2. to relate the width of the cluster to those samples of the cluster the membership function of which
is greater than a given value « :

n =

,r" _ Zie{l“j}a ||ml - Tn]”2
! [{hij}a|

where {y;;}  denotes the a—cut of p.

It is possible to change iteratively the values of 7;, but this doesn’t guarantee that the method will still
converge towards a stable classification.

5.7.4 Fuzzy k-nearest neighbors

The method of the k-nearest neighbors has been developed in the crisp case as an alternative to the
Bayesian Maximum A Posteriori (MAP) classifier in the case where the probability densities of the
different classes are unknown, but a set of yet classified samples is available. It may be traced back to
the early 50’s [81] but has been most popular since the publication of [56] which states many propreties
of this classification technique.

Let Y = {y;,i = 1,N'} be the set of classified samples, and X = {z;,i = 1, N} the set of samples
to be classified. In the k-nearest neighbors method, we first determine for each unknown sample z;, the
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subset of the k samples of Y, closest from x; than any other y;. Let y.(x;) denote this subset. The
k-nearest neighbors rule estimates the probability of z; to belong to a class C; as the ratio over k of the
number n; of samples of v (z;) classified as members of C;:

N n;j
szf

The decision to attribute z; to a class C; is taken according to the maximal estimated probability p;:
z;€C; iff pj =mazy{p;}

The benefit of the k-nearest neighbors method over more conventional Bayesian methods like for
instance Parzen’s windows [78] is twofold:

1. no additional information is needed on the probability functions of the samples,

2. it is always possible to estimate the probability p;, even in case of very sparse data.

Good classification properties have been demonstrated in the case where the number N’ tends to
infinity. For instance, if ¥ = 1, the method, called “nearest-neighbor”, has a probability of error at most
twice as large as the Bayesian error, and for increasing k, we have:

Pg < Py <P, <2Pp

for any k > 1 and for any ¢ > 0, where Pg is the Bayesian error, and Py the k-nearest neighbor error.

5.8 Local operations for filtering or edge detection

In this section, we summarize the main techniques for local filtering in a broad sense, aiming at enhancing
the contrast of an image, at suppressing noise, at extracting contours, etc. Note that these aims are
different and often contradicting each other. However, the principles of the techniques are similar, and
they can be grouped into two classes: techniques based on functional optimization on the one hand, and
rule based techniques on the other hand. These aspects have been largely developed in the literature (see
e.g. [10, 118, 167, 2]), and we provide here just the main lines.

5.8.1 Functional approaches

These techniques consist in minimizing or maximizing a functional, which can be interpreted as an
analytical representation of some objective. For instance, enhancing the contrast of an image according
to this technique amounts to reduce the fuzziness of the image. This can be performed by a simple
modification of membership functions (for instance using intensification operators), by minimizing a
fuzziness index such as entropy, or even by determining an optimal threshold value (for instance optimal
in the sense of minimizing a fuzziness index) which provides an extreme enhancement (until binarization)
[133, 134].

Other methods consist in modifying classical filters (median filter for instance) by incorporating fuzzy
weighting functions [119].

5.8.2 Fuzzy rule-based techniques

Rule based techniques rely on ideal models (of filters, contours, etc.). These ideal cases being rare,
variations and differences with respect these models are permitted through fuzzy representations of these
models, as fuzzy rules.

For instance, a smoothing operator can be expressed by [151, 152]:
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IF a pixel is darker than its neighbors

THEN increase its grey level
ELSE IF the pixel is lighter than its neighbors
THEN decrease its grey level

OTHERWISE keep it unchanged

In this representation, the emphasized terms are defined by fuzzy sets or fuzzy operations. Typically,
the grey level characteristics are defined by linguistic variables, the semantics of which are constituted
by fuzzy sets on the grey level interval. Actions are fuzzy functions applied on grey levels and on pixels.
The implementation of these fuzzy rules follows the general principles described above for fuzzy logic.

Rules are sometimes but a different representation of functional approaches. For instance, if a contour
detector is defined as:

IF a pixel belongs to the contour
THEN increase a lot its grey level
OTHERWISE decrease a lot its grey level

then it is clear that the final result is an image where the grey level of each pixel in an increasing function
of the image gradient at that pixel, which is equivalent to a functional representation.

More complex rules can be found, for instance in [117, 137], where a contour detector is expressed
by a set of rules involving the gradient, the symmetry and the stiffness of the contour. Fuzzy rule based
systems have also been proposed for contour linking, based on proximity and alignment criteria.

One of the advantages of this approach is that the representation is close to intuition. This leads to
an easy design of adaptive operators. For instance, rules can help in deciding which type of operator
should be applied depending on the local context.

6 Possible extensions

This contribution could be extended in future specific actions in the following directions:

e knowledge representation and uncertainty in images, including:

— numerical representations of imperfect knowledge,

— symbolic representations of imperfect knowledge,

knowledge-based systems,

— reasoning and inference modes;
e numerical methods for information fusion and decision making, in particular:

— belief function theory,

— fuzzy and possibilistic fusion;
e spatial information in fusion methods;

e logical approaches for fusion and decision making.
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