Handling Preferences in Evolutionary Multiobjective Optimization: A Survey

Carlos A. Coello Coello Laboratorio Nacional de Informática Avanzada Rébsamen 80, A.P. 696, Xalapa, Veracruz 91090, México

ccoello@xalapa.lania.mx

Abstract- Despite the relatively high volume of research conducted on evolutionary multiobjective optimization in the last few years, little attention has been paid to the decision making process that is required to select a final solution to the multiobjective optimization problem at hand. This paper reviews the most important preference handling approaches used with evolutionary algorithms, analyzing their advantages and disadvantages, and then, it proposes some of the potential areas of future research in this discipline.

1 Introduction

Most real-world problems are multiobjective in nature, because they consider several objectives (or alternatives) that are to be optimized simultaneously. Normally, these objectives are non-commensurable (i.e., they are measured in different units), and are in conflict with each other. Multiobjective optimization problems (MOPs) have received considerable attention in Operations Research (see for example [23, 7, 27, 12]), and they have recently become a very popular area of research within evolutionary computation that is normally called Evolutionary Multiobjective Optimization^1 (EMO) [14, 22, 45, 6].

It is important to be aware that the solution of a MOP really involves three stages: measurement, search, and decision making. The central issue in multi-criteria decision making (MCDM) is normally how to measure a certain utility value using a (generally complex) mathematical tool. If a reliable utility function is available, then the decision has been implicitly made and its selection is trivial. Thus, using a mechanical search procedure, the decision making process is unnecessary (i.e., it is implicit in the search itself). That should not be the case, but unfortunately, it normally is. For example, most EMO researchers tend to concentrate on issues related to the search of nondominated solutions. However, these nondominated solutions do not provide any insight into the process of decision making itself, since they are really a useful generalization of a utility function under the conditions of minimum information (i.e., all at-

1The author maintains an electronic repository of information on evolutionary multiobjective optimization at:

http://www.lania.mx/~ccoello/EMOO/ with a mirror at
http://www.jeo.org/emo/

tributes are considered as having equal importance; in other words, the decision maker (DM) does not express any preferences of the attributes) [8, 13, 19].

Most of the current research on EMO has concentrated on adapting an evolutionary algorithm (EA) to generate nondominated solutions. However, the articulation of preferences has been dealt with by very few researchers (see for example [34, 8, 22, 13, 19]).

The purpose of this paper is to review the most representative research on preferences articulation found in the EMO literature, analyzing their contributions and their weaknesses and sketching some of the potential research areas that remain to be explored.

2 Multicriteria Decision Making

From the Operations Research (OR) perspective, there are two main lines of thought regarding MCDM [44]:

1. The French school, which is mainly based on the outranking concept [46], and

2. The American Multi Attribute Utility Theory (MAUT) [24].

The first is based on an outranking relation which is built up under the form of pairwise comparisons of the objects under study. The main goal is to determine on the basis of all relevant information for each pair of objects if there exists preference, indifference, or incomparability. For this purpose, preference or dominance indicators are defined and compared with certain threshold values. The main drawback of this approach is that it might become very expensive (computationally speaking) when there is a large number of alternatives.

MAUT is, in contrast, based on the formulation of an overall utility function, and its underlying assumption is that such a utility function is available or can be obtained through an interactive process. When this utility function is not available, then the task will be to identify a set of nondominated solutions. In this case, strong preference can only be concluded if there exists enough evidence that one of the vectors is clearly dominating the vector against which it is compared. Weak preference (modelled as weak dominance [26]), on the other hand, expresses a certain lack of conviction. Indifference means that both vectors are equivalent and that it does not matter which of them is selected. It is important to distinguish this “indifference” from the “incomparability” used with outranking methods, since the second indicates vectors with strong opposite merits [44]. MAUT does not work when there are intransitivities in the preferences, which is something that frequently arises when we deal with “incomparable” objects using an outranking approach [52].

These two main lines of thought lead us to define three types of operational attitude of the DM [37]:

1. To wish to exclude incomparability and completely express the preferences by a unique criterion. This would lead to an aggregating approach in which all the criteria would be combined using a single utility function that represents the global preferences of the DM (this would correspond, for example, to MAUT).

2. To accept incomparability and to use an outranking relation to model the preferences of the DM. In this case, the DM only has to model those preferences that he/she is capable of establishing objectively and realiably, and then use outranking when such preferences cannot be established. In this case, the DM is asked to compare the criteria two by two and each objective is assigned a weight derived from the eigenvector of the pairwise comparison matrix [44]. It is important to be aware that these pairwise comparisons can lead to intransitive or incomplete relations. One example of this approach would be ELECTRE in its different versions [35, 38, 40].

3. To determine, through an interactive process, the different compromises based on local preferences. In this case, the DM experiments with his/her local preferences at each stage of the search process, which allows to explore only a certain region of the search space. When no further improvement is no longer necessary or is impossible, then we say that we have reached a compromise, which can be seen as a local optimum relative to an implicit criterion. An example of this approach is the STEP Method (STEM) [3].

Both MAUT and outranking procedures can be applied in an interactive manner, and that is normally the approach taken when there is not enough a priori information of the objectives as to allow the DM to define his/her preferences in an accurate way.

Although a priori and a posteriori decision making procedures are common in the OR literature [7], interactive approaches (i.e., the progressive articulation of preferences) have been normally favored by researchers [15] for several reasons [29]:

1. Perception is influenced by the total set of elements in a situation and the environment in which the situation is embedded.

2. Individual preference functions or value structures cannot be expressed analytically, although it is assumed that the DM subscribes to a set of beliefs.

3. Value structures change over time, and preferences of the DM can change over time as well.

4. Aspirations or desires change as a result of learning and experience.

5. The DM normally looks at trade-offs that satisfy a certain set of criteria, rather than at optimizing all the objectives at a time.

3 Preferences in Evolutionary Algorithms

As indicated by Horn [22], preferences can also be expressed a priori, a posteriori, or in an interactive way when using EAs. If preferences are expressed a priori, the DM has to define his/her preferences in advance (before actually performing the search). The classical example of this are the aggregating approaches in which weights are defined beforehand to combine all the objectives into a single objective function. In the second case, we search first, and decide later. This is the category where most EMO approaches fall into (i.e., EMO techniques based on Pareto ranking such as MOGA [13] and NSGA [41]). In this case, we use an evolutionary algorithm (EA) to search the “best possible” alternatives, where “best possible” normally means nondominated or Pareto optimal solutions. The third case is the less common in the EA literature: approaches that allow to guide the search of the EA using preferences from the DM, but assuming that such preferences could change over time. There is very little work in which the handling of preferences is explicitly dealt with in the EMO literature. The most representative research within this area is the following:

1. Goal attainment: Fonseca and Fleming [13] is probably the earliest attempt to incorporate preferences from the DM into an EA. The proposal was to extend MOGA to accomodate goal information as an additional criterion to non-dominance to assign ranks to the population. The goal attainment method [16] was used for this sake, so that the DM could supply goals at each generation of the EA, reducing in consequence the size of the set under inspection and learning, at the same time, about the trade-offs between the objectives. This is an interactive approach. They also proposed the use of an expert system to automate the task of the DM. Such an expert system would use built-in knowledge obtained from the preferences expressed by the (human) DM. Shaw and Fleming [39] used a similar approach to incorporate preferences into a scheduling problem, but in their case, preferences were defined a priori. The main disadvantage of this approach is that it requires the user to know beforehand the ranges of variation of each objective in order to establish coherent goals. This could be an expensive process (in terms of CPU time) in many real-world applications. Nevertheless, the approach is simple and easy to implement.

2. Utility functions: Greenwood et al. [19] used elements of imprecisely specified multi-attribute value theory (ISMAUT) to perform imprecise ranking of attributes [49]. The idea is to rank a set of solutions of the MOP instead of explicitly rank the attributes of the problem (this is implicitly done by the approach). Preference information is also incorporated into the survival criteria used by the EA. This is an a priori approach. Its main disadvantage is that this method assumes that all attributes are mutually, preferentially independent (i.e., the value function associated with attribute a_i is not affected by the values of some other attribute a_j , where j ≠ i). That is not always the case, and despite the fact that the approach would still work when this asumption does not hold, it would certainly become more complicated. Also, since this approach uses a utility function, the problems associated with this sort of approach that were previously mentioned are applicable here (e.g., unable to handle intransitivities).

3. Preference Relations: Cvetković and Parmee [8, 9] proposed the use of binary preference relations that can be expressed qualitatively (i.e., using words) and are then translated to quantitative terms (i.e., weights) to narrow the search of an EA. The weights generated can be used with a simple aggregating approach or with Pareto ranking. In the second case, the weights are used to modify the definition of nondominance used by the ranking scheme of the EA. This approach has some resemblance with the Surrogate Worth Trade-Off method [21]. This is also an a priori approach, since the weights are assumed constant throughout the optimization process, but nothing in the approach really precludes its use in an interactive way. Since this approach relies on the use of transitive relationships, it is also incapable of handling intransitivities. The direct use of weights to estimate the importance of solutions that have been already identified as Pareto optimal has been suggested by other researchers as well (see for example [4]).

4. Outranking: Rekiek et al. [34] proposed the use of PROMETHEE (Preference Ranking Organization METHod for Enrichment Evaluations [5]) combined with an EA. PROMETHEE methods belong to the family of outranking approaches (such as ELECTRE) introduced by Bernard Roy. These methods include two phases [5]:

• The construction of an outranking relation on the different criteria or objectives of the problem.

• The exploitation of this relation in order to give an answer to the multiobjective optimization problem.

In the first phase, a valued outranking relation based on a generalization of the notion of criterion is considered: a preference index is defined and a valued outranking graph, representing the preferences of the DM, is obtained.

The exploitation of the outranking relation is realized by considering for each action a leaving and an entering flow in the valued outranking graph: a partial preorder (PROMETHEE I) or a complete preorder (PROMETHEE II) on the set of possible actions can be proposed to the DM in order to achieve the decision problem. Rekiek et al. [34] used PROMETHEE II to order each population processed by the EA (i.e., the algorithm was used to select individuals from the population). Preferences of certain objectives over the others were expressed in the form of weights. This is an a priori approach. Massebeuf et al [28] used PROMETHEE II in an a posteriori form: an EA would generate Pareto optimal solutions from which PROMETHEE II would select a certain subset based on the preferences of the DM (expressed through preference relationships).

Brans et al. [5] criticize outranking methods because they require too many parameters, the values of which are to be fixed by the DM and the analyst. They argue that even though some of these parameters have a real practical meaning and can, therefore, be fixed clearly, some others (such as concordance discrepancies and discrimination thresholds) playing an essential role in the procedures, only have a technical character, and their influence on the results is not always well understood. Moreover, in some outranking approaches, the notion of “degree of credibility” is rather difficult for practitioners [5].

5. Fuzzy Logic: Voget and Kolonko [47] used a fuzzy controller that automatically regulates the selection pressure of an EA by using a set of predefined goals that define the “desirable” behavior of the population. Although the approach was used only to keep diversity in the population, it could easily be extended to incorporate preferences of the DM. The idea is similar to goal attainment, except that in this case membership functions are used to express goals in vague terms (i.e., it allows to handle uncertainties). A similar fuzzy controller was proposed by Lee and Esbensen [25], but in their case, on-line and off-line performance of the EA were used to guide the search. The main issue that deserves attention when extending this approach to incorporate user’s preferences is the definition of the goals (the definition of membership functions is the main issue when using fuzzy logic). An a priori approach within these lines was proposed by Pirjanian [33]. However, in this case, fuzzy rules were used to compute weights that would narrow the search of the EMO approach.

4 Issues that deserve attention

Regardless of the approach used to handle preferences in an EA, there are several issues that should be kept in mind:

1. Preserving dominance: It is important to make sure that the preference relationships introduced in the EA preserve existing dominance relationships. Otherwise, the search would be biased towards undesired regions of the search space. Despite the fact that this property can be easily preserved in most cases (see for example [19]), it should be nevertheless kept in mind when proposing approaches to incorporate preferences into an EA.

2. Transitivity: As Cvetković and Parmee indicate [9], the use or not of intransitivities has been subject of a lot of debate in OR. It is not difficult to come up with an example in which intransitivies of preferences occur (see for example [44]). The main argument against intransitivities is that their absence considerably simplifies the modelling of the preferences (intransitivies can lead to contradictions that are much more difficult to handle). However, the issue remains open, and the French school of MCDM prefers to use outranking procedures that allow intransitivities to occur. These approaches have been combined with EAs only by a few researchers, as seen in the previous section.

3. Scalability: Some early researchers indicated that MUAT was sound only when few attributes were considered [52]. EMO approaches in general are victim of the “dimensionality curse” [2], because they tend to become cumbersome or even useless as we increase the number of objectives. Approaches such as preference relations, are sensitive to the number of objectives and to changes in the order of the questions asked to the DM. Cvetković and

Parmee [9] empirically show that the number of questions that the DM needs to answer in their approach are, on average, much less than the theoretical upper bound, but the numbers still get very high as the amount of objectives increases (for example, for 21 objectives, 62 questions must be answered). This issue certainly deserves attention.

4. Several decision makers: If expressing the preferences of a single DM is difficult, the participation of several (which is not rare in the real world) raises additional questions. The main approach is to use group preferences to aggregate the preferences of each individual DM. However, the economist Kenneth J. Arrow [1] showed that apart from some very special cases, utility functions cannot be used in general to aggregate individual preferences into a group utility function. The so-called Arrow’s Impossibility Theorem has very important consequences in MCDM. To explain how it works, let’s consider the following assumptions [24]:

• Complete Domain: The utility function

should be able to define an ordering for the group, regardless of the individual members’ ordering.

• Positive Association of Social and Individual Values: If the group ordering indicates that alternative x is preferred to alternative y for a certain set of individual rankings, and (1) if there are no changes on the ordering of each individual, and (2) each individual’s paired comparison against x remains unchanged or is modified in x’s favor, then the group ordering must imply that x is still preferred to y.

• The Independence of Irrelevant Alternatives: If an alternative is eliminated and the preference relations for the remaining alternatives remain unchanged for all the individuals, then the new group ordering should remain the same as before.

• Individual’s Sovereignity: For each pair

of alternatives x and y, there is some set of individual orderings which causes x to be preferred to y.

• Nondictatorship: It is impossible that the

preferences of the group be always in agreement with the preferences of a single individual.

So, what Arrow’s Impossibility Theorem says is that any joint decision process which is reasonably democratic and respecting of individuality (following the assumptions described before) is also irrational or unreliable. It is likely to have at least one of the following problems: a) the order of the decisions affects the final outcome, b) the independence of its elements might not be respected, and c) the unanimous will of its elements might be ignored.

Some authors have shown that Arrow’s conditions can be ignored in practical problems, but its mere existence has triggered a considerable amount of research in economics [36], and cannot be disregarded by EMO researchers.

5 Some potential research paths

There is a considerable amount of MCDM approaches reported in the OR literature that have not been used with EAs. Some examples are the following:

• PROTRADE: The motivation of this method

was to be able to handle risk in the development of the objective trade-offs, and at the same time being able to accomodate the preferences of the DM in a progressive manner. In this technique, we assume that our MOP has a probabilistic objective function and probabilistic constraints [17]. According to a 12-step algorithm, an initial solution is found using a surrogate objective function, then a multiattribute utility function is formed leading to a new surrogate objective function and a new solution. The solution is checked to see if it is satisfactory to the DM. The process is repeated until a satisfactory solution is reached, as described in Goicoechea et al. [18]. The results of the multiobjective optimization provide not only levels of attainment of the objective function elements (as in the goal attainment method), but also the probabilities of reaching those levels. The technique is interactive and is called probabilistic trade-off development method, or PROTRADE, for short. One interesting aspect of this approach is that the DM actually ranks objectives in order of importance (a multi-attribute utility function is used to assist the DM in articulating his/her preferences) at the beginning of the process, and later uses pairwise comparisons to reconcile these preferences with the “real” (observed) behavior of the attributes. This allows not only an interactive participation of the DM, but it also allows him/her to gain knowledge about the trade-offs of the problem. The computational requirements of the technique are low and it can be easily coupled with an EA.

• SEMOPS: This method was proposed by Monar-

chi, Kisiel and Duckstein [29], and it basically involves the DM in an interactive fashion in the search for a satisfactory course of action. It is intended for cases in which the DM does not know how to trade off one objective versus another except in a subjective way. A surrogate objective function is used based on the goal and aspiration levels of the DM. The goal levels are conditions imposed on the DM by external forces, and the aspiration levels are attainment levels of the objectives which the DM personally desires to achieve [29]. One would say, then, that goals do not change once they are stated, but that the aspiration levels may change during the iteration process. Operationally, the Sequential Multiobjective Problem Solving method (SEMOPS) is a three-step procedure involving setup, iteration, and termination. Setup involves structuring a principal problem and a set of auxiliary problems with surrogate objective function. The iteration step involves cycling between an optimization phase (by the analyst), and an evaluation phase (by the DM) until a satisfactory solution is reached, if it exists. The procedure terminates when either a satisfactory solution is found, or the DM concludes that none of the nondominated solutions obtained are satisfactory and gives up in the search (he/she might re-start the search process in that case). The resulting solutions from each iteration are used in the evaluation process to assist the DM to determine the “direction of change” for the next iteration. This technique allows the DM to change his/her mind as he/she receives additional information about the trade-offs of the problem. At each cycle, the DM is only asked to provide the most important unsatisfied goal (this is similar to the lexicographic method [23]). Over time, the method generates a complete ordering (equivalent to the direct use of a utility function) using information from the achievement of the DM’s goals. A ranking scheme is also possible at the beginning of the algorithm, but the preferences can be changed over time. This approach can also be easily coupled with an EA.

• Compromise Programming: In this method,

we try to minimize a function which defines a global criterion which is a measure of how close the DM can get to an ideal point ⃗f^0. The most common distance measure is the family of L_p-metrics [11]:

L_p(x̄) = [_k ∑ i=1 w^p_i | | f^i(⃗x) − f^{0i} f_{i max} − f^0_i | |^p ]_{1/p} (1) where w_i are the weights, f_{i max} is the worst value obtainable for criterion i; f_i(⃗x) is the result of implementing decision ⃗x with respect to the ith criterion. The value of p indicates the type of distance: for p = 1, all deviations from f �_i are taken into account in direct proportion to their magnitudes, which corresponds to ‘group utility’ [51]. For 2 ≤ p < ∞, the larger deviations carry greater weight in L_p; for p = ∞, the largest deviation is the only one taken into consideration, which leads to a purely ‘individual utility’ (min-max criterion [31]), in which all weighted deviations are equal. The ‘displaced ideal’ technique [52] which proceeds to define an ideal point, and then proceeds to approach this ideal in an interactive manner (during the process, the ideal point, which will displaced closer or farther away from the feasible region), is an extension of compromise programming. Another variation of this technique is the method suggested by Wierzbicki [50] in which the global function has a form such that it penalizes the deviations from the so-called reference objective. Any reasonable or desirable point (i.e., any preference) in the space of objectives chosen by the DM can be considered as the reference objective. Deb [10] and Bentley [4] have suggested variations of compromise programming to bias the search of an EMO approach, but there is plenty of room for more research in this area. For example, more sophisticated articulations of preferences are possible with this approach and, if used in an interactive way (it is normally used as an a priori technique), it can allow the DM to change his/her mind over time and to adjust his/her goals (i.e., the ideal solutions) according to the behavior of the trade-offs initially selected. Dynamic compromise programming has been suggested in OR long ago [42], but such an approach has not been coupled with an EA so far, to the author’s best knowledge.

Several other approaches can also be coupled with EAs. For example, the concept of stochastic dominance [12], the conflict analysis model [44], the expected utility maximization [43], EVAMIX [48], NAIADE [30], QUALIFLEX [32], and the multiobjective statistical method [20].

6 Conclusions

In this paper we have reviewed the most representative approaches to incorporate preferences into an EMO algorithm and we have discussed some of their advantages and disadvantages. We have also provided a general view of MCDM from an OR perspective, indicating some possible paths of future research.

Acknowledgments

Thanks to Dragan Cvetković for some valuable discussions regarding transitivity and preference handling with

EAs. The author acknowledges partial support from REDII-CONACyT and from CONACyT project I-29870 A. Bibliography

[1] Kenneth Joseph Arrow. Social Choice and Individual Values. John Wiley, New York, 1951.

[2] R. Bellman and S. Dreyfus. Applied Dynamic Programming. Princeton University Press, Princeton, New Jersey, 1962.

[3] R. Benayoun, J. Montgolfier, J. Tergny, and O. Laritchev. Linear programming with multiple objective functions: Step Method (STEM). Mathematical Programming, 1(3):366–375, 1971.

[4] P. J. Bentley and J. P. Wakefield. Finding Acceptable Solutions in the Pareto-Optimal Range using Multiobjective Genetic Algorithms. In P. K. Chawdhry, R. Roy, and R. K. Pant, editors, Soft Computing in Engineering Design and Manufacturing, Part 5, pages 231–240, London, June 1997. Springer Verlag London Limited. (Presented at the 2nd On-line World Conference on Soft Computing in Design and Manufacturing (WSC2)).

[5] J. P. Brans, Ph. Vincke, and B. Mareschal. How to select and how to rank projects: the PROMETHEE method. European Journal of Operational Research, 24(2):228–238, February 1986.

[6] Carlos A. Coello Coello. A Comprehensive Survey of Evolutionary-Based Multiobjective Optimization Techniques. Knowledge and Information Systems. An International Journal, 1(3):269–308, August 1999.

[7] Jared L. Cohon and David H. Marks. A Review and Evaluation of Multiobjective Programming Techniques. Water Resources Research, 11(2):208–220, apr 1975.

[8] Dragan Cvetković and Ian C. Parmee. Genetic Algorithm–based Multi–objective Optimisation and Conceptual Engineering Design. In Congress on Evolutionary Computation – CEC99, volume 1, pages 29–36, Washington D.C., USA, 1999. IEEE.

[9] Dragan Cvetković and Ian C. Parmee. Designer’s preferences and multi–objective preliminary design processes. In Ian C. Parmee, editor, Proceedings of the Fourth International Conference on Adaptive Computing in Design and Manufacture (ACDM’2000), pages 249–260. PEDC, University of Plymouth, UK, Springer London, 2000.

[10] Kalyanmoy Deb. Multi–Objective Evolutionary Algorithms: Introducing Bias Among Pareto–Optimal Solutions. KanGAL report 99002, Indian Institute of Technology, Kanpur, India, 1999.

[11] L. Duckstein. Multiobjective Optimization in Structural Design: The Model Choice Problem. In E. Atrek, R. H. Gallagher, K. M. Ragsdell, and O. C. Zienkiewicz, editors, New Directions in Optimum Structural Design, pages 459–481. John Wiley and Sons, 1984.

[12] Peter C. Fishburn. A Survey of Multiattribute/Multicriterion Evaluation Theories. In S. Zionts, editor, Multiple Criteria Problem Solving, pages 181–224, Berlin, 1978. Springer-Verlag.

[13] Carlos M. Fonseca and Peter J. Fleming. Genetic Algorithms for Multiobjective Optimization: Formulation, Discussion and Generalization. In Stephanie Forrest, editor, Proceedings of the Fifth International Conference on Genetic Algorithms, pages 416–423, San Mateo, California, 1993. University of Illinois at Urbana-Champaign, Morgan Kauffman Publishers.

[14] Carlos M. Fonseca and Peter J. Fleming. An overview of evolutionary algorithms in multiobjective optimization. Evolutionary Computation, 3(1):1–16, Spring 1995.

[15] Lorraine R. Gardiner and Ralph E. Steuer. Unified Interactive Multiple Objective Programming: An Open Architecture For Accommodating New Procedures. Journal of the Operational Research Society, 45(12):1456–1466, 1994.

[16] F. W. Gembicki. Vector Optimization for Control with Performance and Parameter Sensitivity Indices. PhD thesis, Case Western Reserve University, Cleveland, Ohio, 1974.

[17] A. Goicoechea. A multi-objective stochastic programming model in watershed management. Dept. of systems and industrial engineering, University of Arizona, Tucson, Arizona, 1977. (Unpublished).

[18] Ambrose Goicoechea, Lucien Duckstein, and Martin Fogel. Multiple objectives under uncertainty: An illustrative application of PROTRADE. Water Resources Research, 15(2):203–210, April 1979.

[19] Garrison W. Greenwood, Xiaobo Sharon Hu, and Joseph G. D’Ambrosio. Fitness Functions for Multiple Objective Optimization Problems: Combining Preferences with Pareto Rankings. In Richard K. Belew and Michael D. Vose, editors, Foundations of Genetic Algorithms 4, pages 437–455. Morgan Kaufmann, San Mateo, California, 1997.

[20] Y. Haimes, K. Loparo, S. C. Olenik, and S. Nanda. Multi-objective statistical method for interior drainage systems. Water Resources Research, 16(3):465–475, 1980.

[21] Y. Y. Haimes and W. A. Hall. Multiobjectives in water resources systems analysis: The surrogate trade-off method. Water Resources Research, 10(4):615–624, August 1974.

[22] Jeffrey Horn. Multicriterion Decision making.

In Thomas Bäck, David Fogel, and Zbigniew Michalewicz, editors, Handbook of Evolutionary Computation, volume 1, pages F1.9:1 – F1.9:15. IOP Publishing Ltd. and Oxford University Press, 1997.

[23] C. L. Hwang and A. S. M. Masud. Multiple Objective Decision-Making Methods and Applications. In Lecture Notes in Economics and Mathematical Systems, volume 164. Springer-Verlag, New York, 1979.

[24] Ralph L. Keeney and Howard Raiffa. Decisions with Multiple Objectives. Preferences and Value Tradeoffs. Cambridge University Press, Cambridge, UK, 1993.

[25] M. A. Lee and H. Esbensen. Fuzzy/Multiobjective Genetic Systems for Intelligent Systems Design Tools and Components. In Witold Pedrycz, editor, Fuzzy Evolutionary Computation, pages 57– 80. Kluwer Academic Publishers, Boston, Massachusetts, 1997.

[26] J. G. Lin. Maximal vectors and multi-objective optimization. Journal of Optimization Theory and Applications, 18(1):41–64, jan 1976.

[27] D. P. Loucks. Conflict and choice: Planning for multiple objectives. In C. Blitzer, P. Clark, and L. Taylor, editors, Economy wide Models and Development Planning, New York, New York, 1975. Oxford University Press.

[28] Silvère Massebeuf, Christian Fonteix, Laszlo N.

Kiss, Ivan Marc, Fernand Pla, and Kazimierz Zaras. Multicriteria Optimization and Decision Engineering of an Extrusion Process Aided by a Diploid Genetic Algorithm. In 1999 Congress on Evolutionary Computation, pages 14–21, Washington, D.C., July 1999. IEEE Service Center.

[29] David E. Monarchi, Chester C. Kisiel, and Lucien Duckstein. Interactive Multiobjective Programming in Water Resources: A Case Study. Water Resources Research, 9(4):837–850, August 1973.

[30] G. Munda. Multicriteria Evaluation in a Fuzzy Environment. Springer Verlag, New York, 1995.

[31] Andrzej Osyczka. Multicriterion Optimization in Engineering with FORTRAN programs. Ellis Horwood Limited, 1984.

[32] J. Paelinck. Qualiflex, a Flexible Multiple Criteria Method. Ecnomic Letters, 3:193–197, 1978.

[33] Paolo Pirjanian. Multiple Objective Action Selection & Behavior Fusion using Voting. PhD thesis, Department of Medical Informatics and Image Analysis, Institute of Electronic Systems, Aalborg University, Aalborg, Denmark, August 1998.

[34] Brahim Rekiek, Pierre De Lit, Fabrice Pellichero, Thomas L’Eglise, Emanuel Falkenauer, and Alain Delchambre. Dealing With User’s Preferences in Hybrid Assembly Lines Design. In Proceedings of the MCPL’2000 Conference, 2000.

[35] Bernard Roy. Classement et choix en présence de points de vue multiples: La méthode ELECTRE. Revue Francaise d’Informatique et de Recherche Opérationalle, 8:207–218, 1968.

[36] Bernard Roy. How outranking relation helps multicriteria decision making. In M. K. Starr and M. Zeleny, editors, Multiple Criteria Decision Making, pages 179–201. University of South Carolina Press, Columbia, South Carolina, 1973.

[37] Bernard Roy. A Conceptual Framework for a Prescriptive Theory of “Decision-Aid”. In Martin K. Starr and Milan Zeleny, editors, Multiple Criteria Decision Making, volume 6 of TIMS Studies in the Management Sciences, pages 179–210. North- Holland Publishing Company, Amsterdam, 1977.

[38] Bernard Roy. Electre III: Algorithme de classement basé sur une représentation floue des préférences en présence de critères multiples. Cahiers du C.E.R.O., 20(1):3–24, 1978.

[39] K. J. Shaw and P. J. Fleming. Including Real-Life Preferences in Genetic Algorithms to Improve Optimisation of Production Schedules. In Proceedings of the GALESIA’97, Glasgow, Scotland, September 1997. IEE.

[40] J. M. Skalka. Electre III et IV. Aspects méthodologiques et guide d’utilisation. Document 25, 1984. Lamsade, Paris.

[41] N. Srinivas and Kalyanmoy Deb. Multiobjective Optimization Using Nondominated Sorting in Genetic Algorithms. Evolutionary Computation, 2(3):221–248, Fall 1994.

[42] F. Szidarovszky. Notes on multi-objective dynamic programming. Technical Report 79-1, Department of Systems and Industrial Engineering, University of Arizona, Tucson, Arizona, 1979.

[43] S. Vajda. Probabilistic Programming. Academic Press, New York, 1972.

[44] G. van Huylenbroeck. The Conflict Analysis Method: bridging the gap between ELECTRE, PROMETHEE and ORESTE. European Journal of Operational Research, 82(3):490–502, May 1995.

[45] David A. Van Veldhuizen and Gary B. Lamont.

Multiobjective Evolutionary Algorithms: Analyzing the State-of-the-Art. Evolutionary Computation, 8(2):1–26, 2000.

[46] Philippe Vincke. Analysis of MCDA in Europe.

European Journal of Operational Research, 25:160– 168, 1995.

[47] Stefan Voget and Michael Kolonko. Multidimensional Optimization with a Fuzzy Genetic Algorithm. Journal of Heuristics, 4(3):221–244, September 1998.

[48] Henk Voogd. Multicriteria evaluation for urban and regional planning. Pion Ltd., London, 1983.

[49] C. White, A. Sage, and S. Dozono. A model of multiattribute decisionmaking and tradeoff weight determination under uncertainty. IEEE Transactions on Systems, Man, and Cybernetics, SMC-14:223– 229, 1984.

[50] A. P. Wierzbicki. On the use of Penalty functions in Multiobjective optimization. In Proceedings of the International Symposium on Operations Research, Mannheim, Germany, 1978.

[51] P. L. Yu. Decision dynamics with an application to persuasion and negotiation. In M. K. Starr and M. Zeleny, editors, Multiple Criteria Decision Making, pages 159–177. North-Holland Publish. Co., New York, 1977.

[52] Milan Zeleny. Adaptive Displacement of Preferences in Decision Making. In Martin K. Starr and Milan Zeleny, editors, Multiple Criteria Decision Making, volume 6 of TIMS Studies in the Management Sciences, pages 147–157. North-Holland Publishing Company, Amsterdam, 1977.