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Abstract: This paper presents ParadisEO-MOEOQO, a white-box object-oriented generic
framework dedicated to the flexible design of metaheursitics for multi-objective optimization.
This paradigm-free software embeds some features and techniques for scalar and Pareto-
based resolution and aims to provide a set of classes allowing to ease and speed up the de-
velopment of computationally efficient programs. It is based on a clear conceptual distinction
between the solution methods and the multi-objective problems they are intended to solve.
This separation confers a maximum design and code reuse. ParadisEO-MOEQ provides a
broad range of fitness assignment strategies (the achievement functions, the schemes used
in NSGA, IBEA and more), the most common diversity preservation mechanisms (sharing,
crowding), a broad range of elitist-related features as well as some statistical tools.
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1 Introduction

Nowadays, the usefulness of Multi-Objective Optimization (MOO) is globally established in
the whole operational research community. Furthermore, evolutionary algorithms (EAs) are
commonly used to solve multi-criterion problems since they naturally found a well-diversified
set of good-quality solutions. EAs [11] are stochastic optimization processes based on an
iterative improvement of a population of solutions (called individuals). Several frameworks
such as MOEA [22], MOMHLib++, Open BEAGLE 8], PISA [2], TEA [6] (to only quote
them) already attempt to simplify and accelerate the development process of evolutionary
MOO applications. We here propose a new library, called ParadisEO-MOEOQO, that aims
to produce efficient programs while having a minimal programming effort and a maximum
code reuse. ParadisEO-MOEO is an extension of the Evolving Objects framework [16]. It
includes a broad range of reusable features and techniques related to Pareto-based MOO
such as performance metrics, elitism, fitness sharing and the most common Pareto-based
fitness assignment schemes. The fine-grained components of ParadisEO-MOEOQO confer a
high genericity, flexibility, adaptability and extensibility. Thus, a genuine conceptual effort
has been done in order to allow the user to write only the minimum problem-specific code
and to incrementally adapt an algorithm rather than entirely re-implementing it. Moreover,
ParadisEO-MOEO has already been used to solve various academic problems likewise real-
world applications.

The remainder of the paper is organized as follows. Section[2] gives the necessary back-
ground about MOO. Section [3] describes the aims, the implementation and the provided
features of the ParadisEO-MOEOQO framework. In section 4, we survey some existing appli-
cations designed using ParadisEO-MOEO Finally, the last section concludes the paper and
highlights several perspectives about this work.

2 Multi-objective Optimization

Many areas of the industry (telecommunication, transport, aeronautics, chemistry, mechan-
ical, environment, etc.) are concerned with multi-objective optimization. This field finds its
roots in the 19th century with the economists Edgeworth and Pareto [20]. In this section,
we briefly present some basic notions about multi-objective optimization. The reader is
referred to [3,[4,(19] for more details.

A multi-objective optimization problem (MOP) is defined by a decision space X, an objec-
tive space Y, and n > 2 objective functions f1, fo,..., fn. Each objective function can be ei-
ther minimized or maximized. Without loss of generality, we here assume than all n objective
functions have to be minimized. A solution x = (x1, 2, ..., 2) is represented by a vector of
k decision variables. To each solution x € X is assigned exactly one objective vector y € Y’
on the basis of a vector function F': X — Y with y = F(x) = (f1(2), fo(x),..., fu(x)). In
general, optimization problems can be divided onto two categories: continuous optimization
problems and combinatorial optimization problems. In case of a multi-objective combinato-
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4 Liefooghe, Legrand, Jourdan & Talbi

rial optimization problem (MCOP), note that the decision vector « have a finite number of
possible values.

For single-objective optimization problems, a solution x, € X is said to be better than
a solution x, € X if f(z,) < f(xp). In the multi-objective case, comparing two solutions is
much more complicated. To do so, the well-known concept of Pareto dominance is usually
used to define a partial order amoung solutions:

Definition 1 A solution x, € X dominates a solution x, € X (z, = xp) if and only if
Vi€ [1.n], fi(za) < fi(xp) and Fi € [1.n] such as fi(xq) < fi(xp).

Once is defined the concept of Pareto dominance, we can define the concept of optimal
solution, known as Pareto optimal, non-dominated, acceptable or effective solution:

Definition 2 A solution x* € X is Pareto optimal if and only if there does not exist another
solution © € X such as x dominates x*.

The set of Pareto optimal solutions is generally denoted as Pareto optimal set or Pareto
front.

3 Implementation

The implementation of ParadisEO-MOEOQ is conceptually divided into fine-grained compo-
nents. On each level of its architecture, a set of abstract classes is proposed and a wide
range of concrete classes are already provided. But, as the framework aims to be extensible,
flexible and easily adaptable, all its components are generic in order to provide a modular
architecture allowing to quickly and conveniently develop any new scheme with a minimum
code writing. The goal is to follow new strategies coming from the litterature and, if need be,
to provide any additional components required for their implementation. Also, ParadisEO-
MOEO constantly evolves and new features might be added to the framework regularly in
order to provide a wide range of efficient and modern concepts and to reflect the most recent
academic advances in the MOO field.

This section gives a detailed description of the MOO-dependent components provided
within the MOEQO module of ParadisEO to design a whole efficient multi-objective solver.

3.1 Common Components
3.1.1 Representation

As seen in section[2, a solution of an optimization problem needs to be represented both in
the decision space and in the objective space (respectively called genotypic and phenotypic
representation while designing evolutionary algorithms). In the mono-objective case, a single
value is usually used for the representation in the (uni-dimensional) objective space. For
MOPs, where the criterion space is multi-dimensional, a tuple of n values (called objective
vector) might be used for such a representation.

INRIA



ParadisEO-MOEQ 5

To do so using ParadisEO-MOEO, the first thing is to set the number of objectives for
the problem under consideration and, for each one, if it has to be minimized or maximized.
This can be done using the moeoObjectiveVectorTraits static class. Then, a class templa-
tized with the last one and inheriting of moeoObjectiveVector have to be created for the
modelization of an objective vector, as illustrated in figure (1l Besides, as a big majority of
MOPs deals with real-coded objective values, a class modeling real-coded objective vectors
is already proposed within ParadisEO-MOEO.

!:type 11
(A
std::vector

Obj ectiveVectorTraits |

"
! ObjectivevectorTraits
moeoObjectiveVector |

L T iy
moeoRealObjectiveVector I

Figure 1: Core classes for the representation of a solution in the objective space.

As noticed earlier in the paper, an important issue about the design of metaheuristics for
MOQO is the concept of convergence and diversity. Then, we choose to give the oportunity
to assign to every solution a ﬁtnesﬂ value representing its quality in term of converence and
a diversity value representing its quality in term of diversity (in the decision space and/or
in the objective space).

Then, the class used to represent a whole solution within ParadisEO-MOEO is templa-
tized within an objective vector type, a fitness type and a diversity type and must define
its representation in the decision space, what fully depends of the tackled problem. In the
implementation-level, the way to do so is to extend the MOEQ class in order to be used
for a specific problem. This modeling tends to be applicable for every kind of problem
with the aim of being as general as possible. But ParadisEO-MOEOQO also provides easy-
to-use classes for standard vector-based representations and, in particular, implementations
for vectors composed of bits or of real-coded values that can thus directly be used in a
ParadisEO-MOEO-designed application. This classes are summarized in figure [2 using the
UML notation. Some standard variation mechanisms are provided within EO [16] and can
thus directly be used for such representations.

3.1.2 Fitness Assignment Schemes

There exists a huge number of different ways to assign fitness values to a set of solutions.
Following the taxonomy introduced in section (2] the fitness assignment schemes are classified
onto four main categories within ParadisEO-MOEQ, as illustrated in figure

I In the multi-objective case, the word ‘fitness’ is not employed on the same way than it is in the
mono-objective case (and in EO [16]), where it usually denotes the (single) objective value of a solution.
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6 Liefooghe, Legrand, Jourdan & Talbi

1:Fitness 1
1:Diversity 1

: bj ect i veVect or
:Fitness
:Diversity

: GeneType

__________

moeoVector

__________ . Pmm i mm ey
1: Obj ectiveVector 1: Obj ecti veVector

1:Fitness 1 1:Fitness 1

1:Diversity 1 1:Diversity ]

— - 1 e ]
moeoBitVector moeoRealVector

Figure 2: Core classes for the representation of a solution.

Scalar approaches: moeoScalarFitnessAssignment

Criterion-based approaches: moeoCriterionBasedFitnessAssignment
Pareto-based approaches: moeoParetoBasedFitnessAssignment
Indicator-based approaches: moeoIndicatorBasedFitnessAssignment

The details of the concrete features of ParadisEO-MOEO for fitness assignment schemes are
listed below. Moreover, note that there also exists a dummy fitness assignment strategy in
case it would be usefull for some specific implementation.

Achievement Fitness Assignment Scheme. One of the provided fitness assignment
schemes is the familiy of achievement (scalarizing) functions, initially proposed by Wierzbicki
in [23]. This a posteriori scalar approach, used by many MCDM methods, is based on an
arbitrary reference point R (generally given by the DM) and consists in projecting R onto
the set of Pareto optimal solutions. The problem to be solved is then converting into a
mono-objective one.

Fast Non-dominated Sorting Fitness Assignment Scheme. Another implemented
fitness assignment scheme is the dominance depth proposed in [21] and used, for instance,
in NSGA (Non-dominated Sorting Genetic Alorithm) [21] and NSGA-IT [5]. This strategy,
based on the Goldberg’s version of Pareto-ranking [9], consits in classifying a set of solutions
onto several classes (or fronts). A solution that belongs to a class does not dominate another
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ParadisEO-MOEO 7

one from the same class. Then, individuals from the first front all belong to the best non-
dominated set of the population; individuals from the second front all belong to the second
best non-dominated set; and so on. In a logical way, the best fitness value is assigned to
solutions of the first class, because they are closest to the true Pareto-optimal front of the
problem. This scheme naturally tends to search for solutions located in non-dominated
regions.

Indicator-Based Fitness Assignment Scheme. Introduced by Zitzler and Kiinzli [24]
and used, for instance, in IBEA (Indicator-Based Evolutionary Algorithm), this startegy
has the characteristic to compute fitness values by comparing individuals on the basis of an
arbitrary binary quality indicator I (also called binary performance metric). Thereby, no
particular diversity preservation mechanism is necessary depending on the specified indica-
tor. This one, that can be determined according to the DM preferences, denotes the overall
goal of the optimization process. Thus, the fitness of a solution measures its usefulness
according to this optimization goal. As discussed later in the paper, several binary quality
indicators to be used with this fitness assignment scheme are proposed within ParadisEO-
MOEO.

oot ool !
| moeoDummyFitnessAssignment '74' moeoParetoBasedFitnessAssignment

[T o
| moeoScalarFitnessAssignment |7 | moeoFastNonDominatedSortingFitnessAssignment
{veeoT: | I MoEoT: |
| moeoAchievementFitnessAssignment | 4' moeolndicatorBasedFitnessAssignment
"VOECT: | VMOECT: |
- - - - - - - - (et
| moeoCriterionBasedFitnessAssignment '7 | moeoBinaryIndicatorBasedFitnessAssignment

MECT: |

Figure 3: Core classes for fitness assignment schemes.
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8 Liefooghe, Legrand, Jourdan & Talbi

3.1.3 Diversity Assignment Schemes

Aiming at approximating the Pareto optimal set is not only a question of convergence. The
final approximation have to be both well-converged and well-diversified. However, a classical
Pareto-based fitness assignment scheme often tends to produce premature convergence by
favoring non-dominated solutions, what does not guarantee a uniformly sampled output
set. To avoid that, a diversity maintaining mechanism is usually employed to distribute the
population over the Pareto-optimal region.

Sharing Diversity Assignment Scheme. Sharing (or fitness sharing), initially sug-
gested by Goldberg and Richardson [10] to preserve diversity amoung solutions in an EA
population, has first been employed by Fonseca and Fleming [7] in the case of MOO. This
Kernel method consists in estimating the distribution density of a solution using a so-called
sharing function that is related to the sum of distances to its neighborhood solutions. A
sharing distance parameter specifies the similarity thereshold (i.e. the size of niches). The
distance measure between two solutions can be definied either in the decision space, in the
objective space or can combined both. A distance metric partly or fully definied in the pa-
rameter space strongly depends of the tackled problem. But, standard normalized distance
metrics defined in the criterion space are already provided within ParadisEO-MOEO for
real-coded objective vectors. Sharing is one of the most popular technique and is commonly
used in a large number of MOMHs such as MOGA [7], NPGA [12], NSGA [21] and more.
Note that, there exists a ‘front by front’ procedure as, in some cases (e.g. in MOGA [7] and
NSGA [21]), sharing only occurs between solutions of same rank.

Crowding Diversity Assignment Scheme. Another diversity assignment scheme is the
concept of Crowding, firstly suggested by Holland [11] and used by De Jong [13] to prevent
genetic drift [13]. Tt has been succefully applied by Deb et al. [5] in the case of MOO
in their NSGA-IT (Non-dominated Sorting Genetic Alorithm II). Contrary to the sharing
diversity assignment scheme, this one allows to maintain diversity without specifying any
parameters. It consits in estimating the density of solutions surrounding a particular point of
the objective space. As previously, a similar mechanism working on sub-classes of solutions
is also provided within ParadisEO-MOEO.

3.1.4 Elitism

Another essential point about Pareto-based resolution is the concept of elitism. This concept
is very popular since the end of the nineties and is used in a big majority of recent MOMHs
(e.g. [17,125]). It consists in maintaining an external set, the so-called archive, that allows
to store all the non-dominated or the most prefered solutions found during the search.
This archive mainly aims at preventing that these solutions are not lost during the (often
stochastic) optimization process. As shown in figure/5, in term of implementation, an archive
is an unbounded population using a particular dominance relation to update its contents.
The Pareto dominance criterion is the most commonly employed and is used as default, but
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:_N[EOT: ]
| moeoDiversityAssignment
VMCECT: |
| moeoDummyDiversityAssignment |7
VMCECT: | {voEoT: |
| moeoSharingDiversityAssignment '74' moeoCrowdingDiversityAssignment

:__NEEBTT i VMOEOT:
| moeoFrontByFrontSharingDiversityAssignment | moeoFrontByFrontCrowdingDiversityAssignment

Figure 4: Core classes for diversity assignment schemes.

ParadisEO-MOEO also gives the oportunity to use any other dominance relation (as shown
in figure [6). The archive is basically used as an external storage. As well, we will see in
the next subsection that its members can also be included during the selection phase of a
MOEA.

Figure 5: Core classes for archiving.

!': bj ecti veVect or :
moeoGDominanceObjectiveVectorComparator |

L
| moeoParetoObjectiveVectorComparator

Figure 6: Core classes for dominance relation (used for a parwise objective vector compari-
son).

3.1.5 Statistical Tools

Some usefull statistical tools are also provided within ParadisEO-MOEOQ. Then, it is for
instance possible to save the contents of the archive at each iteration, so that the evolution
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10 Liefooghe, Legrand, Jourdan & Talbi

of the non-dominated set can be observed or study using graphical tools such as GUIMOO2.
Furthermore, as pointed out in section [2, an important issue in MOO is the performance
analysis, commonly done by using performance metrics. As shown in figure[7, a couple of
metrics are featured within ParadisEO-MOEQ. Some are used to quantify the quality of a
Pareto set (or of a solution), while other are used for pairwise comparisons (between two
Pareto sets or two solutions). The entropy [1] and the contribution [18] metrics are both
already implemented and can thus be used to compare two sets of solutions. Moreover, it
is possible to compare the current archive with the archive of the previous iteration using a
binary metric, and to print the progression of this measure iteration after iteration. Besides,
some metrics for pairwise comparison of solutions (that are then useable with the binary
indicator-based fitness assignment schemes) are proposed: the additive e-indicator [27] and
the Iy p-indicator [27] (based on the hypervolume concept introduced in [26]). Of course,
other metrics can easily be implemented and a few will soon be.

eoFunctorBase

moeoMetric

| - NOEOT |
iR f
| moeoSolutionUnaryMetric | moeoVectorVsVectorBinaryMetric _|_
: . WEGT " oEaT
moeoVectorUnaryMetric moeoEntropyMetric | moeoContributionMetric |
v
J R ]

| 1" NCECT | 1" NCECT |
| moeoAdditiveEpsilonBinaryMetric | | moeoHypervolumeBinaryMetric

Figure 7: Core classes for metrics.

2GUIMOO is a Graphical User Interface for Multi-Objective Optimization available at
http://guimoo.gforge.inria.fr/
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3.2 MOEA-related Components

As a MOEA only differs of a mono-objective EA in a fiew points, many of the EO [16] compo-
nents are reusable within ParadisEO-MOEO. The reader is refered to [16] for more details
about the MOO-independent components of ParadisEO. Using EO [16] and ParadisEO-
MOEQ, it is possible to build a complete and efficient multi-objective optimization solver.
Generally speaking, the two main differences between a MOEA and a mono-objective EA
appears during the selection and the replacement steps of the algorithms. Then, as the rep-
resentation in the objective space do not correspond to a scalar value in the multi-objective
case, EQ’s selection and replacement schemes cannot be used in a MOO application. There-
fore, the major contributions of this framework refer to i) fitness assignment, diversity
preservation and elitism and to ii) the selection and replacement schemes that need to be
defined for the specific case of MOO, where the fitness and diversity values are used instead
of a single scalar objective value (as it is generally the case in mono-objective optimization).
Of course, the representation of a solution as well as the way to build an EA also needs to
be redefined for the multi-objective case.

3.2.1 Selection Schemes

As noticed earlier, two of the main differences between a mono-objective EA and a MOEA
appears on the selection and the replacement steps of the algorithm, during which are usually
used the fitness and/or the diversity value(s). The selection step consists in choosing some
solutions that will be used to generate the offspring population. There exists a large number
of selection strategies in the case of MOO, four ones are already provided within ParadisEO-
MOEO (see figure[g):

A random selection scheme, that consists in selecting a parent randomly among the
population’s members, without taking the fitness values nor the diversity values into
account.

A deterministic tournament selection scheme, that consists in performing a tournament
between n randomly chosen population’s members and in selecting the best one.

A stochastic tournament selection scheme, that consists in performing a binary tour-
nament between randomly chosen population’s members and in selecting the best one
with a probability p or the worst one with a probability (1 — p).

A selection scheme from the population and the archive, that consists in selecting
a population’s member using a particular selection scheme with a probability p or
in selecting an archive’s member using another particular selection scheme with a
probability (1 — p). So, non-dominated or most-prefered solutions also contributes to
the evolution engine by being used to create the offspring. This scheme has successfully
been applied in various elitist MOEAs with efficient performances (experimentally
speaking), as it the case, for instance, in SPEA [26] or SPEA2 [25] among others.
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12 Liefooghe, Legrand, Jourdan & Talbi

Of course, everything is done to easily implement a new selection scheme with a minimum
programming effort.

CEoT

_'I_i MCOECT EOT_ 1
moeoSelectOne | eoRandomSelectOne |

5o o ol 5o o ol
I moeoStochTournamentSelectOne l——| moeoSelectOneFromPopAndArch

Figure 8: Core classes for selection schemes.

3.2.2 Replacement Schemes

The replacement step of an EA consists in choosing which solutions will be part of the next
generation by using both the offspring and the parent populations. The majority of the
replacement strategies depends on the fitness and/or the diversity value(s) and are then
MOO-specific. Three replacement schemes are already provided within ParadisEO-MOEO
(see figure[9), but this is not exhaustive as new ones can easilly be implemented due to the
genericity of the framework:

A generational replacement scheme, that consists in keeping the offspring population
only, while all parents are deleted.

An elitist replacement scheme, that consists in choosing the N best solutions (where
N is the population size).

An environmental replacement scheme, that consists in deleting one-by-one the worst
individuals, and in updating the fitness and the diversity values of the remaining
solutions each time their is a deletion. The processus ends when the desired population
size is reached.

3.2.3 Multi-Objective Evolutionary Algorithms

Now that all the MOO-specific components are definied, a MOEA can easily be developped
using the fine-grained classes of both EO [16] and ParadisEO-MOEO. As the implementation
is conceptually divided into components, different operators can be experimented without
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A ’J

e o ol e o ol
moeoElitistReplacement l——| moeoGenerationalReplacement I

e & ol
I moeoEnvironmentalReplacement I—

Figure 9: Core classes for replacement schemes.

engendering significant modifications in term of code writing. As seen before, a wide range
of components are already provided. But, keep in mind that this list is not exhaustive as
the framework perpetually evolves and offers all that is necessary to develop new ones with
a minimum effort, as ParadisEO is a white-box framework that tends to be flexible while
being as user-friendly as possible.

Figure 10 illustrates the use of the moeoEasyEA class that allows to define a MOEA
in a common fashion by specifying all the particular components required for its imple-
mentation. As often within ParadisEQO, all the classes use a template parameter MOEOT
(Multi-Objective Fvolving Object Type) that defines the type of a solution for the problem
under consideration. This type might be represented by inheriting of the MOEQ class that is
described in subsection [3.1.11

In order to satisfy both the common user and the more experimented one, ParadisEO-
MOEQO also provides even more easy-to-use MOEAs (see figure [11). These classes propose
an implementation of standard MOEAs such as NSGA [21], NSGA-II [5] or IBEA [24]
by using the fine-grained components of ParadisEO while requiring a minimum number of
problem- or algorithm-specific parameters. These easy-to-use MOEAs also tends to be used
as state-of-the-art references for a fair performance comparison in the academic world, even
if they are also well-suited for a straight use on a real-world problem. In a close future, other
easy-to-use MOEAs will be proposed while new required components will be implemented
within ParadisEO-MOEO.

4 Applications
ParadisEO-MOEO has been experimented on different both academic and industrial prob-
lems. In this section, we present three applications that show the wide range of potential

of this framework as it has succesfully been applied to scheduling problems, continuous
optimization and data-mining applications.
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o}

- - [T
eoContinue " eoEvalFunc |

1 MOECT

moeoFitnessAssignmen? - _r—

e0SGATransform |

1% MOEOT | " NOEGT 1

1 < MOEOT
moeoEasyEA |——|E\ISGA |

Figure 11: Core classes for easy-to-use evolutionary algorithms.
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A bi-objective flow-shop scheduling problem. The flow-shop is one of the most widely
investigated scheduling problem of the literature. But, the majority of studies considers it
on a single-criterion form. However, other objectives than minimizing the makespan can be
taken into account, like, e.g., minimizing the total tardiness.

Electromagnetic properties of conducting polymer composites in the microwave
band. Due to the proliferation of electromagnetic interferences, designing protecting ma-
terial for high frequencies equipments has become an important problem. In [15], a new
multi-objective model is proposed to design the different layers of a conducting polymer.
To solve this model, a multi-objective continuous genetic algorithm is used. This algorithm
offers several solutions with different physical properties and different costs.

Knowledge discovery in biological data from microarray experiments. The prob-
lem of analyzing microarray data is actually a major issue in genomics. Often used techniques
are clustering and classification. In [14], the authors propose to analyze those data through
association rules. The problem is modeled as a multi-objective rule mining problem and a
genetic algorithm is used to explore the large search space associated.

5 Conclusion and Perspectives

In this paper, we introduced ParadisEO-MOEQ, a framework dedicated to the reusable de-
sign of evolutionary multi-objective optimization applicati0n§3‘. ParadisEO-MOEQO is based
on the EO library [16]. It provides the most common multi-objective fitness assignment
shemes and diversity preservation mechanisms, as well as a wide range of archive-related
features such as non-dominated solutions storage, elitism and performance metrics compu-
tation. This framework has been used to solve many type of applications, from academic to
real-world problems.

ParadisEO-MOEO is an open-source white-box object-oriented framework that aims to
simplify and speed up the incremental implementation of a whole efficient multi-objective
optimization program. In order to confer a maximum design and code reuse, it is based on
a clear conceptual distinction between the metaheuristics and the problem representations.
This separation is expressed at the implementation level, and the hierarchical classes that
are provided allow the designer to extend the framework by inheritance or specialization.
Furthermore, the fine-grained components of ParadisEO-MOEQO confer a high flexibility
compared to other frameworks. Modifying existing components or adding new ones can
easily be done without impacting the whole application. Besides, ParadisEO-MOEO is a
part of the ParadisEO framework that covers the most common parallel/distributed models
and hybridization mechanisms. The user can thus directly include some ParadisEO features
into an application designed using ParadisEO-MOEOQ in a fast and simple way.

3 ParadisEO-MOEO is available at http://paradiseo.gforge.inria.fr
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In the future, ParadisEO-MOEO needs to constantly evolve in order to reflect the ad-
vances of the literature. New fitness assignment strategies as well as new performance
metrics for Pareto set approximations should also be proposed before long. Moreover, a ma-
jor extension of ParadisEO-MOEQO would be to allow the design of exact methods as well as
their hybridization with already provided metaheuristics. Besides, it would be interesting
to introduce new specific concepts emerging from multi-criterion optimization such as the
consideration of uncertainty through stochastic or fuzzy multi-objective problems.
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