An Annotated Bibliography of Multiobjective Combinatorial Optimization

Matthias Ehrgott Fachbereich Mathematik Universität Kaiserslautern Postfach 3049 D-67663 Kaiserslautern – Germany e-mail: ehrgott@mathematik.uni-kl.de

Xavier Gandibleux LAMIH-ROAD – UMR CNRS 8530 Université de Valenciennes Campus “Le Mont Houy” F-59313 Valenciennes cedex 9 – France e-mail: xavier.gandibleux@univ-valenciennes.fr

February 15, 2000

Abstract

This paper provides an annotated bibliography of multiple objective combinatorial optimization, MOCO. We present a general formulation of MOCO problems, describe the main characteristics of MOCO problems, and review the main properties and theoretical results for these problems. One section is devoted to a brief description of the available solution methodology, both exact and heuristic. The main part of the paper is devoted to an annotation of the existing literature in the field organized problem by problem. We conclude the paper by stating open questions and areas of future research. The list of references comprises more than 350 entries.

1 Introduction

Combinatorial Optimization is a field extensively studied by many researchers. Due to its potential for application in real world problems it has prospered over the last few decades. A good survey of the state of the art is provided by [61]. But as far as real world decision making is concerned, it is also well known, that decision makers have to deal with several – usually conflicting – objectives. The growth in the interest of theory and methodology of multicriteria decision making (MCDM) over the last thirty years is witness of this fact, see [300] for a survey of the activities in the field, and [349] for a list of MCDM applications. Thus it is somewhat surprising that a combination of both, i.e. multicriteria or multiobjective combinatorial optimization (MOCO) has not been studied widely. A few papers in the area have been published in the seventies, then the classical problems have been investigated in the eighties. Only in recent years – approximately since 1990 – a profound interest in the topic is evident. Since then several PhD theses have been written, specific methodologies have been developed, and the number of research papers in the field has grown considerably.

In this paper we intend to give an overview over the literature in the field of multiobjective combinatorial optimization. In the following sections, we first present a brief introduction to the field, including a general problem formulation, description of several types of MOCO problems, and the most important theoretical properties of these problems (Sections 2 and 3). In Section 4 we explain the classification of literature that we used. This consists first of a classification of the problem treated and secondly of the methodology applied to solve it. Then we review existing methods to solve MOCO problems in Section 5. The main part of the paper is devoted to the annotation of the literature (Section 6). The paper is concluded by a brief discussion of open questions and areas of future research (Section 7). Let us now describe the focus of this paper. We compiled the literature on multiobjective combinatorial optimization accessible to us. We mainly consider papers that deal specifically with MOCO problems, thus our bibliography is certainly not complete on 0-1 programming with multiple objectives, and exclude most of the literature on general multiobjective integer programming. A similar statement can be made with respect to scheduling. Scheduling problems are specific problems with their own theory and methodology, which we will not describe in detail. However, we include the literature in our references. We should also mention, that there exist earlier survey papers related to MOCO, one general [329], and two specifically devoted to multiobjective network design, [43, 44]. Our bibliography contains all the relevant literature listed there. However, it is more complete, e.g. we could include the new direction of using metaheuristics for MOCO problems. However, we are aware of the fact, that despite our best efforts the list will not be complete, so we apologize for any omissions.

The aim of the bibliography is twofold. First we want to provide a starting point for researchers and students interested in the field, giving a brief introduction and commenting on, thus guiding through, existing literature. For the experienced researcher the list is intended as structured overview of the field.

2 Multiple Objective Combinatorial Optimization Problems

The feasible set of a (multiobjective) combinatorial problem is defined as a subset X ⊆ 2^A of the power set of a finite set A = {a_1, . . . , a_n}. For example, consider the minimum spanning tree problem. G = (V, A) is a graph with node set V and the edge set A, the feasible set is the set of spanning trees of G and X = {S ⊆ A : S is a spanning tree of G}. Typically, in combinatorial optimization two types of objective functions are considered, namely the sum and the bottleneck objective: z(S) = ∑ a∈S w(a), or z(S) = max_{a∈S} w(a), where S ∈ X and w : A → ZZ is some weight function.

A combinatorial problem can also be formulated in terms of binary variables. For this purpose we introduce a variable x_i for each element a_i ∈ A. Then, a feasible solution S ∈ X can be represented by a binary vector x ∈ {0, 1}^n if we define

x_i = { 1 e_i ∈ S 0 else.

With this definition S = {a_i : x_i = 1}. It is therefore equivalent to speak about feasible solutions as subsets of A or about their representations by binary vectors. Accordingly X will be represented by a subset of {0, 1}^n.

In terms of the feasible set, this definition comprises (multiobjective versions of) the shortest path, minimum spanning tree, assignment, knapsack, travelling salesperson, or set covering problems, to mention only a few.

In a multicriteria combinatorial problem several weight functions w_j : A → ZZ are given, yielding several objective functions z^j , j = 1, . . . , Q (usually of the sum or bottleneck type). The problem is then to solve

“ min_{S∈X} ”(z^1(S), . . . , z^Q(S)) (MOCO)

where the meaning of “min” has still to be defined.

Most often the minimization in (MOCO) is understood in the sense of efficiency (or Pareto optimality). A subset S ∈ X is called efficient if there does not exist another feasible solution S^′ ∈ X such that z^j (S^′) ≤ z^j (S) for all j = 1, . . . , Q with strict inequality for at least one of the objectives. The corresponding vector z(S) = (z^1(S), . . . , z^Q(S)) is called nondominated. The set of Pareto optimal (efficient) solutions of (MOCO) will be denoted by E, the set of nondominated vectors by ND throughout the paper. Sometimes we shall use the the term nondominated frontier for the set of all nondominated vectors.

However, besides efficiency, there are other definitions of the “min” term in the formulation of (MOCO). For example, one could consider lexicographic minimization, when objective vectors are compared lexicographically: z(S_1) <_{lex} z(S_2) if z^j (S_1) < z^j (S_2), where j is the smallest index such that z^j (S_1) ≠ z^j (S_2). This could be done with respect to one, or all permutations of the objective functions z^j .

Another possibility is to minimize the worst objective function, i.e.

min_{S∈X} max j=1,...,Q z j (S). We call this the max-ordering problem (following [79]) in order to distinguish it from the single objective bottleneck problem (note that both are often called min-max problems, which may create confusion).

A combination of the latter two is the lexicographic max-ordering problem, where the vector of objective values z(S) is first resorted in a nonincreasing order of its components, and the resulting vectors are compared lexicographically, see [69, 71] for details. In a real world decision context, finally a compromise has to be made among the many efficient solutions that (MOCO) may have. This is the reason why often the existence of a utility function is implicitly or explicitly assumed. A utility function assigns each criterion vector z(S) a scalar overall utility. Then methods are developed to find a solution of maximum utility. This is a typical approach in interactive methods described later.

Closely related to combinatorial problems are multiobjective integer programming problems. These can be formulated as follows.

“ min ” Cx subject to Ax = b x_i ≥ 0 i = 1, . . . , n x_i integer i = 1, . . . , n

(MOIP)

Here C is a Q × n objective matrix, A is an m × n constraint matrix, and x ∈ IR^n. There is a considerable amount of literature on these problems. We refer to some surveys that exist but will not consider the literature in detail. In this respect, [357, 310, 33] provide surveys of techniques to find efficient solutions for (MOIP), [309] gives an overview of interactive methods for (MOIP), and [256] surveys (MOIP) with binary variables. In general, combinatorial optimization problems can be considered as special cases of integer (in particular binary) programming. A MOCO problem is distinguished by a specific set of constraints, that provides a structure to the problem. We focussed on such problems and do not intend to review literature on general multiobjective binary or integer programming.

To conclude this section, let us mention one particular case, namely, when the set of feasible solutions is an explicitly given finite set, e.g. X = A. In this case, all problems discussed above are efficiently solvable. Algorithms can be found in [72, 73] and [177]. For this reason, these problems are mathematically not particularly interesting and we omit them from further discussion.

To summarize, (MOCO) is a discrete optimization problem, with n variables x_i, i = 1, . . . , n, Q objectives z^j , j = 1, . . . , n and a specific constraint structure defining the feasible set X.

3 Properties of Multiobjective Combinatorial Optimization Problems

In this section we discuss some of the properties of MOCO problems. It is in order to mention here that there is a considerable number of erroneous statements, even in papers published in international standard refereed journals. We will point out the most important of these throughout the paper, in the appropriate places.

By its nature, multiobjective combinatorial optimization deals with discrete, non continuous problems, although the objectives are usually linear functions. An essential consequence of this fact when trying to determine the set of all efficient solutions (or nondominated vectors in objective space) is, that it is not sufficient to aggregate the objectives through weighted sums.

It is long known that for multiobjective linear programming problems min{Cx : Ax = b, x ≥ 0} the set of efficient solutions is exactly the set of solutions that can be obtained by solving LP’s min ∑ j=1,...,Q λ_jc^j x : Ax = b, x ≥ 0 , where ∑_Q j=1 λ_j = 1, λ_j > 0, j = 1, . . . , n, see e.g. [150]. But the discrete structure of the MOCO problem makes this result invalid. Thus there usually exist efficient solutions, which are not optimal for any weighted sum of the objectives. This is true even in cases where the constraint matrix is totally unimodular, contrary to a proposition in [175] (see [330] for an example). These solutions are called nonsupported efficient solutions NE, whereas the remaining are called supported efficient solutions, SE. In early papers referring to MOCO, NE was usually not considered. Most authors focussed on scalarizing the objectives by means of weighting factors λ_j .

Nevertheless, the set NE is important. Usually there are many more nonsupported than supported efficient solutions, see e.g. [341] for numerical results. Moreover, the nonsupported solutions contribute essentially to the difficulty of MOCO problems. Below, we shall briefly discuss the concepts of computational complexity of (MOCO). For introductions to the theory of INP -completeness and #IP -completeness we refer to [103] and [336, 335, 337], respectively. These notions deal with the difficulty of finding a, respectively counting the number of solutions of a (MOCO).

In order to transfer the notions of IP, INP and #IP to MOCO we first introduce a decision problem related to (MOCO) in a straightforward manner: Given constants k_1, . . . , k_Q ∈ ZZ, does there exist a feasible solution S ∈ X such that z^j (S) ≤ k_j, j = 1, . . . , Q? D(MOCO)

The corresponding counting problem is: How many feasible solutions S ∈ X do satisfy z^j (S) ≤ k_j, j = 1, . . . , Q? #(MOCO) It turns out that the respective versions of (MOCO) in the sense of finding or counting efficient solutions are in general INP - and #IP -complete, respectively. This is true even for problems which have efficient algorithms in the single objective case. We refer to [286, 81] and [75] for results in this respect. Therefore the development of heuristics with guaranteed worst case performance (bounded error) is interesting. However, not much is known in this regard: [75] gives some general results on approximating the efficient set by a single solution, [246] uses a Tchebycheff metric to measure the error, and [270, 269] consider the existence of such algorithms. Some specific results about flow problems, shortest path problems and the TSP are discussed in Section 6.

Another aspect related to the difficulty of MOCO is the number of efficient solutions. It turns out that it may be exponential in the problem size, thus prohibiting any efficient method to determine all efficient solutions. Such results are known for the spanning tree, matroid base, shortest path, assignment, and travelling salesperson problem (see [288, 119, 82] for details). Consequently such problems are called intractable. Even the size of the set SE may be exponential, see [267]. However, numerical results available on the knapsack problem [341] show the number of supported solutions grows linearly with the problem size, but the number of nonsupported solution grows following an exponential function. As far as the other definitions of optimality in (MOCO) are concerned, we note that the max-ordering problem with sum objectives is INP -hard in general (see [31]), but can be reduced to a single objective problem in the case of bottleneck objectives [72]. Bounds and heuristic methods for the former problem have been investigated in [249]. At least one solution of the max-ordering problem is always efficient, but possibly nonsupported. Similarly, a lexicographic max-ordering solution, although always efficient and optimal for the max-ordering problem may be nonsupported, [72].

For lexicographic optimization it is known that a lexicographically optimal solution is always efficient, and even a supported efficient solution, see [119]. Lexicographic optimization can also be viewed as a special case of algebraic optimization, see [356]. In view of the new trend to apply metaheuristics and local search in MOCO problems (see Section 5 below), it is interesting to consider the issue of neighbourhoods of feasible solutions, and their relations to efficient solutions. Using a neighbourhood corresponding to Simplex basis pivots for the shortest path problem and exchanges of one edge for the spanning tree problem it was shown in [77, 78] that the set of efficient solutions can be an unconnected subset of X with respect to the neighbourhood. So it is possible that local search methods (in principle) cannot find all efficient solutions.

4 Classification of the Literature

In this section, we describe the classification scheme we used below to annotate the references. We classify a paper according to four categories, namely combinatorial structure, objective function type, problem type, and method applied. The first three pertain to the description of the problem discussed in a given paper.

As indicated in Section 2, to classify a certain paper, we first have to identify the problem discussed. This consists of the combinatorial structure (i.e. shortest path, knapsack, etc.), the type and number of objectives (i.e. sum, bottleneck, or eventually something else), and the type of problem (e.g. finding the efficient set, max-ordering, lexicographic). In addition to the identification of the problem, we give the methodology used in the paper. We can distinguish between exact and approximation (or heuristic) methods, where exact means that the optimal solutions mentioned in the problem description are found, whereas approximation means that only some solutions representing this set, not necessarily optimal, are found.

So, we introduce a classification using positions P os1/P os2/P os3/P os4. Below, we provide tables where the different entries for each position are listed.

Entries for P os1: Combinatorial Structure Entry Explanation SP Shortest Path Problem TP/TS Transportation resp. Transshipment Problem AP Assignment Problem QAP Quadratic Assignment Problem MB/MI Matroid Base resp. Matroid Intersection Problem TSP Travelling Salesperson Problem ST Spanning Tree Problem KP Knapsack Problem DL/NL Discrete resp. Network Location Problem SCP Set Covering Problem PA Set Partitioning Problem SA Satisfaction Problem U Unconstrained Problem SCH Scheduling Problem VRP Vehicle Routing Problem FLP Facility Layout Problem

Entries for P os2 do not need a table, they simply define the number and type of objective functions considered. We could restrict ourselves to the sum and bottleneck objectives, with occasional exceptions explained where appropriate. Most of the papers that deal with other types of objectives, are listed separately, because almost each f them would have required its own entry here. Note that Q stands for an arbitrary number of objectives. We note that sometimes two entries appear in one position. This means that one paper falls under two categories or that the approach applied in the paper is a combination of two methods. It may also happen that a single paper appears under several classifications if more than one problem was considered, or several methods proposed.

Entries for P os3: Type of Problem Entry Explanation E Finding the efficient set e Finding a subset of the efficient set SE Finding supported efficient solutions ^• Finding an approximation of • lex Solving the lexicographic problem (preemptive priorities) MO Max-ordering problem lexMO Solving the lexicographic max-ordering problem U Optimizing a utility function C/S Finding a compromise respectively satisfying solution

Entries for P os4: Solution Method Applied Entry Explanation SP Exact algorithm specifically designed for the problem LS/LC Label setting resp. label correcting method DP Algorithm based on dynamic programming BB Algorithm based on branch and bound IA Interactive method H Heuristic specifically designed for the problem SA Simulated annealing algorithm TS Tabu search algorithm GA Genetic or evolutionary algorithm GRASP Greedy randomized adaptative search procedure GP Goal programming 2P Two phases method A Approximation algorithm with worst case performance bound LP Method based on linear programming

5 Solution Methods for MOCO Problems

In the context of multiobjective programming (MOP), it is usual to distinguish the methods following the role of the decision maker in the resolution process. Information provided by the decision maker often concerns his preferences. In “a priori mode”, all the preferences are known at the beginning of the decision making process. The techniques used seek for a solution on the basis of these parameters. The best example is given by goalprogramming methods. In “a posteriori mode” the set of all efficient solutions is generated for the considered problem. At the end, this set is analyzed according to the decision maker’s preferences. Many approximation (heuristic) methods are conceived following this resolution mode. In the “interactive mode”, the preferences are introduced by the decision maker during the resolution process. The methods involve a series of computing steps alternated with dialogue steps and can be viewed as the interactive determination of a satisfying compromise for the decision maker. Thus they require a high participation level on the part of the decision maker. Practical problems are often resolved according to the interactive mode.

The appropriate resolution mode is chosen considering the situation of the decision process. The method involved in the process could be exact or approximation methods.

5.1 Exact Methods

Here we discuss some of the methods used to solve MOCO problems. Many of these essentially combine the multiple objectives into one single objective. The most popular, and the one used first, is weighted sum scalarization. The problem solved is min Q∑ j=1 λ_j z^j (x) : x ∈ X , (Pλ)

where 0 ≤ λ_j ≤ 1 and ∑_Q j=1 λ_j = 1. Varying the weights, it is known that all supported efficient solutions can be found, using results from [150] and linear programming [107]. The advantage of the method (especially for problems where the single objective version is solvable in polynomial time) is that for each λ ∈ IR^Q the problem (with sum objectives) is only as difficult as the single objective counterpart of (MOCO). Parametric programming can be used to solve the problem for all λ.

The approach has been applied to many MOCO problems: see [348, 134] for shortest path, [151, 63, 64, 6, 298] for the transportation problem, [57] for assignment, [164, 185, 202] for network flow, [119, 283, 282] for spanning tree, [67, 264] for knapsack and [200] for location problems. In many of these papers, the existence of nonsupported efficient solutions was either not known, or ignored. When a sum and a bottleneck objective are present, the minimization of the sum of the objectives has been discussed in [215] and [248] for general combinatorial optimization problems.

A second well known approach in multicriteria optimization is the compromise solution method [352], where one tries to minimize the distance to an ideal point z^I or to a utopian point z^U = z^I − ϵe), where e = (1, . . . , 1) ∈ IR^Q is the vector of all ones, and ϵ > 0.. The ideal point is defined according to the individual minima of each objective

z^I_j := min_{x∈X} z^j (x).

Usually, the Tchebycheff norm is used as distance measure: min {_Q max_{j=1} {λ_j|z^j (x) − z^I_j |} : x ∈ X } . Unfortunately, when we consider sum objectives, this type of problem is usually INP - complete, see e.g. [223] for references on the shortest path problem. This explains why it is rarely used, even though, theoretically the whole of the efficient set can be found, see e.g. [275]. Using another norm, e.g. an l_p norm, p /∈ {1, ∞} leads to nonlinear objectives, and we found no reference using this approach for MOCO. Note that for p = 1, the compromise solution method coincides with the weighted sums approach.

A special approach to multiobjective optimization is goal programming, see e.g. [147, 187] for details. Here, for each of the objectives a target value (goal) is specified by the decision maker. The overall aim is to minimize the deviation from the specified goals. This approach is very popular and although it is sometimes considered a different field from multiobjective optimization we list the references here.

One approach that is popular for bicriteria problems is the use of ranking methods. First, define z^I_j = min_{x∈X} {z^j (x)}, j = 1, 2 (1)

and then z^N_j := min_{x∈X} { z^j (x) : z^i(x) = z^I_i } , j = 1, 2; i ≠ j. (2)

The ideal point z^I = (z^I_1 , z^I_2 ) and Nadir point z^N = (z^N_1 , ẑ^N_2 ) define lower and upper bounds on the objective values of efficient solutions. Then starting from a solution with z^1(x) = z^I_1 , and finding second best, third best, . . ., K-best solutions with respect to the first objective until z^N_1 is reached, the efficient set can be determined. The approach has been used for the shortest path problem [210, 34] and the transportation problem [63]. Note that computation of the Nadir point z^N in the bicriteria case essentially means the solution of two lexicographic optimization problems.

A generalization of this approach to more than three objectives is not possible without knowledge of the Nadir point, which is difficult to obtain when Q > 2, see [173]. Note that a generalization of (2) (stated without proof in [210]) does not necessarily provide an upper bound on objective values of efficient solutions. Not even considering lexicographic optimization with respect to all permutations of objectives is guaranteed to produce upper bounds on objective values of efficient solutions.

Moreover, the ranking approach can be effectively used to solve max-ordering problems with any number of criteria. First a weighting vector is chosen, then K-best solutions x^K are created according to the combined objective ∑ λ_j z^j . When for the first time min k=1,...,K−1 max j=1,...,Q z j (x^k) ≤ Q∑ j=1 λ_j z^j (x^K )

an optimal solution is among {x^1, . . . , x^K }. We refer to [119], [70] and [117] for applications to the spanning tree, uniform matroid, and network flow problem, respectively.

Let us now look at methods adapted from single objective combinatorial optimization. Among the very well established procedures is dynamic programming [17]. The method applies to sequential decision problems, which admit a recursion formula such as min ( g_N (x_n) + N−1∑ k=0 g_k(x_k, u_k) ) , where g is a cost function depending on the state variable x_k and control variable u_k at stage k. Theoretically, this recursion can easily be adapted to the multiobjective case. Therefore dynamic programming algorithms appear most often for problems, where they have been established for the single objective versions earlier. These are the shortest path problem [294, 273, 174, 133, 262, 313, 27, 134, 254], the knapsack problem [67, 30, 162, 163, 161], the TSP [319, 87] and the transportation problem [97].

An implicit enumeration algorithm, which is widely used to solve hard combinatorial optimization problems is branch and bound. Its philosophy is to partition the problem into mutually disjoint and jointly exhaustive subproblems. Bounds are computed for subproblems and the process continues until an optimal solution is found. Much to our surprise, we could only find a few papers applying branch and bound for MOCO – to the knapsack problem, [331, 328, 341] and the max-ordering shortest path problem, [254]. The adaptation of branch and bound poses one difficult problem. Since we deal with nondominated vectors, bounds play the role of Nadir points for subproblems. Thus they may be difficult to compute, or bad, i.e. not discarding enough feasible, nonefficient solutions.

Many authors used available single objective methods for a particular problem and adapted them to the multiobjective case. The more natural such a generalization is, the bigger the number of papers pursuing such an approach. We note the following.

• Shortest Path: [128, 206] for label setting and [293, 320, 22, 220, 321, 40, 339, 42] for label correcting methods

• Spanning Tree: [39, 119] for adaptations of Prim’s algorithm and [282, 286] for the greedy algorithm

• Assignment: [251, 327, 330] for the Hungarian method

• Network Flow: [185, 186, 184, 74] for the out-of-kilter algorithm and [247, 25] for the network simplex method

• TSP: [75] for Christofides’ algorithm

Finally, we explain a general framework for the exact solution of the problem of determining the efficient set for bicriteria (MOCO), the two phases method. The name goes back to [325] and [330] and is telling: In the first phase SE is found using the scalarization technique, and solving single objective problems. The necessary weights are easy to compute using information generated in the process. The second phase consists of finding the nonsupported efficient solutions by problem specific methods, using bounds, reduced costs, etc. In fact, most of the algorithms known to the authors (with exception of the shortest path problem) that are capable of determining the whole of E are some modification of the two phases method, e.g. [186, 74] (Network Flow), [328, 341], (Knapsack), [330] (Assignment) and [253](Spanning Tree).

5.2 Approximation Methods

These last two decades have been highlighted by the development and the improvement of approximative resolution methods, usually called “heuristics and metaheuristics”. In the context of combinatorial optimization, the term heuristic is used as a contrast to methods that guarantee to find a global optimum, such as the “Hungarian method” for solving the assignment problem, or Johnson’s method for 2-machine sequencing, or implicit enumeration schemes such as branch and bound or dynamic programming. A heuristic is defined by [259] as a technique which seeks good (i.e. near-optimal) solutions at a reasonable computational cost without being able to guarantee either feasibility or optimality, or even in many cases to state how close to optimality a particular feasible solution is. Often heuristics are problem-specific, so that a method which works for one problem cannot be used to solve a different one.

In contrast, metaheuristics are powerful techniques applicable generally to a large number of problems. A metaheuristic refers to an iterative master strategy that guides and modifies the operations of subordinate heuristics by combining intelligently different concepts for exploring and exploiting the search space [109, 235]. A metaheuristic may manipulate a complete (or incomplete) single solution or a collection of solutions at each iteration. The family of metaheuristics includes, but is not limited to, constraint logic programming, genetic algorithms, evolutionary methods, neural networks, simulated annealing, tabu search, non-monotonic search strategies, greedy randomized adaptive search, ant colony systems, variable neighbourhood search, scatter search, and their hybrids. A comprehensive list of 1380 references on the theory and application of metaheuristics is presented in [235]. The success of these methods is due to the capacity of such techniques “to solve in practice” some hard combinatorial problems.

As in the single objective case, a reasonable alternative to exact methods for solving largescale instances of MOCO problem is to derive an approximation method. Such methods yield a good tradeoff between the quality of an approximation of the efficient solutions set denoted by ^E, and the time and memory requirements. Heuristics have been developed, especially in the context of multiobjective scheduling problems [167, 168, 170]. But the adaptation of metaheuristic techniques for the resolution of MOP problems, denoted by multiobjective metaheuristics, MOMH, has mushroomed. Generally, the first adaptations use the components known in the single-objective methods to deal with the efficient solution concept, too. Chronologically, adaptations have concerned the genetic algorithms (GA, 1985), the neural networks (NN, 1990), the simulated annealing (SA, 1992), the tabu search (TS, 1994), and more recently, the greedy randomized adaptive search procedure (GRASP, 1998). The problem resolution spectrum of approximation methods is wide. But this paper limits the description to the heuristics and MOMH methods in relation to MOCO (and related) problems.

Two main approaches appear in these methods. The first is based on the principle of search directions. The second approach takes advantage of information carried by the population of solutions, using the notion of domination.

• Methods of Local Search in Objective Space Starting from an initial solution, the procedure approximates a part of the nondominated frontier corresponding to the search direction λ given.A local aggregation mechanism of the objectives, often based on a weighted sum, produces the effect to focus the search on a part of the nondominated frontier. The principle is repeated for several search directions to approximate completely the nondominated frontier. Following the methods, the directions can be defined a priori [325, 98], guided [99, 124] or aleatory [52, 221]. At any time the search mechanism uses only one solution and an iteration tries to attract the solution generated towards E along direction λ. The efficiency of theses adaptations is strongly dependent of the definition of λ.

• Population based methods Contrary to the first approach, where only one individual is attracted toward the nondominated frontier, here all the population contributes to the evolution process toward the nondominated frontier. By maintaining a population of solutions, such a method can search for many efficient solutions in parallel via self adaptation and cooperation. Self adaptation means that the individuals evolve independently while cooperation implies an exchange of information among the individuals. This characteristic makes population-based methods very attractive for solving multiobjective problems. Most operational procedures are based on genetic algorithms. For example, a list maintained on the WWW [35] counts more than 320 papers only for multiobjective genetic algorithms. However, few of them concern the resolution of MOCO problems.

It is not easy to draw a framework wide enough to classify all the collected contributions as they are too varied. Moreover the authors carry on with the development of their methods following the experience acquired. We only suggest some guidelines:

• A first distinction concerns the case of a general method versus a dedicated method.

With some minor adaptation (definition of a solution, neighbourhood structure, etc.)

into the implementation, the general methods are able to be applied to a wide variety of problems (for example [279, 221, 325, 52, 99, 124]). The specific methods have been designed for particular MOCO problems as e.g. [168] or result from a strong customization of a general method as [98].

• A second distinction is the interaction mode. The differentiation refers to the a priori mode, the interactive mode [324, 130, 4], and the a posteriori mode [279, 221, 325, 52, 99, 124].

• The kind of method is the third distinction: We can separate the local search based procedures (SA, TS, GRASP), population based procedure (GA, EA), specific procedures (e.g. stochastic methods) and hybridization.

• The last distinction refers to technical components integrated in the procedure. For example, the identification of the kind of initial solutions used by the method (only feasible solutions, infeasible solution allowed, a randomly chosen feasible solution, a constructed solution, a single solution or multiple solutions allocated to one step of the search process, etc.).

An overview of the approximation methods is now presented.

5.2.1 Simulated Annealing

The use of simulated annealing as a technique for MOP problems was discussed first in Serafini [287]. When solution x^1 is compared with solution x^2 according Q objectives z^j (x), j = 1 . . . Q, and where Δz^j is the difference between solution x^1 and x^2 in the objective j, three situations are possibles:

Case 1: ∀j Δz^j ≤ 0

Case 2: ∃j, j^′ Δz^j < 0 and Δz^{j′} > 0

Case 3: ∀j Δz^j ≥ 0

The main idea of using SA for solving MOP problems consists in using a weighted norm component in the acceptance of a solution of lower quality (cases 2 and 3). In [332, 325], an independent SA process is defined using a direction λ. A scalarizing function s(x, λ) = ∑ j=1...Q λj z j (x) is used to compute the difference Δs = s(x^2, λ)−s(x^1, λ) between two solutions. Then let us consider a current solution x^t and y ∈ N (x_t), a solution randomly selected in the neighbourhood N (x_t) of x_t. In computing Δs for y and x_t, a strategy consists in the following decisions:

a) If Δs < 0 then x^{t+1} ← y.

b) If Δs ≥ 0 then x^{t+1} ← y with probability p and x^{t+1} ← x^t with probability 1 − p

Other alternative rules for the probability of accepting a new solution have been suggested and discussed in [287]. The set of potential efficient solutions in direction λ is updated except if Δz^j ≥ 0 ∀j. A feasible initial solution x^0 is built at random [325] or using a greedy algorithm according the search direction [322]. Several lists of potentially efficient solutions ^E_1, ^E_2, ^E_3, . . . are generated according to different weighting vectors λ^1, λ^2, λ^3, . . . and merged to provide ^E.

In the method of [52], the main differences with the previous SA adaptation concern the management of weights and the consideration of a set of current solutions. Here, each solution in this set is “optimized” iteratively following the same mechanisms explained above (neighbouring solutions that may be accepted according a probabilistic strategy). But the weights are tuned dynamically in such a way that a solution will tend to move away from the other efficient solution. This will hopefully lead to an approximation uniformly spread along the nondominated frontier. Details about general procedures and algorithmic aspects are discussed in :

• [325, 332]: an SA adaptation, called MOSA

• [324]: MOSA in an interactive way

• [52, 131]: an SA adaptation, called PSA

• [130]: PSA in an interactive way

5.2.2 Tabu Search

The first papers describing the use of TS as technique for solving MOP problems dealt with a single objective strategy. In [54] a family of (P_λ) problems are solved to generate a subset of ^SE. In [136] the method consists in solving a sequence of single objective problems considering in turn each objective z^j associated with a penalty term. More recently, other tabu search approaches capable of generating both supported and nonsupported efficient solutions have been discussed.

In [99], principles of the TS method have been extended to determine a good approximation of E. This TS adaptation uses the utopian point z^U as point of reference with a scalarizing function s(x, λ) to browse the nondominated frontier. Considering an iteration t and x^t, a current solution and its (sub)neighbourhood N (x_t) obtained according to a move defined in relation to the feasible set of the considered problem. At each iteration, z^U is updated according to the values z(x) for all x ∈ N (x_t). The new current solution x^{t+1} is the best non tabu solution according to the current search direction following s(x, λ). A tabu memory connected with the objectives and based on an improvement measure of each objective is suggested. This structure memorizes the improvement measured for each objective (indifference, weak improvement, strong improvement). It is used to update the search direction in order to browse, in an equilibrium way, all the efficient frontier. Intensification, diversification and tabu daemon (usually aspiration criteria) are discussed in the MOP context. A new direction is then defined by giving more importance of the improvement obtained for each objectives (indifference, weak improvement, strong improvement).

In [2], two weight vectors λ^a, λ^b belonging to the canonical basis of IR^Q are selected at each iteration. They correspond to the two worst objectives a and b according to the decreasing values of the ratios z^j (x^t)/z^I_j ; j = 1, . . . , Q, where x^t is a given current solution. Then new weights are randomly generated for (λ^a, λ^b).

In [124] a set of “generation solutions”, each with its own tabu list is considered. These solutions are dispersed along the objective space in order to allow a search in areas of the nondominated frontier. Weights are defined for each solution to force the search into a certain direction of the nondominated frontier and away from other current solutions that are efficient with respect to it. Diversification is ensured by the set of generation solution and a drift criterion. Details about general procedures and algorithmic aspects are discussed in :

• [99, 100]: a TS adaptation, called MOTS

• [124, 125]: another TS adaptation, also called MOTS

• [2]: a hybrid resolution process based on TS and GA

• [4]: a hybrid and interactive resolution process based on SA and TS

5.2.3 Genetic Algorithms (Population-Based Methods)

Since VEGA (vector evaluated genetic algorithm) in 1985 [279], many procedures based on genetic algorithm principles have been developed to deal with multiple objectives (multiple objective genetic algorithm [88], nondominated sorting GA [296], niched Pareto GA [140], MOGA [221], GA based on a min-max strategy [36, 38]). Significant progress in the literature concerns corrections of shortcomings observed in previous algorithms and propositions of new algorithmic primitives to generate a better approximation of E. For example, [111] suggests the use of non-domination ranking and selection to move a population toward the nondominated frontier. This concept is used to avoid the phenomenon of producing solutions only on the extremity of the nondominated frontier, where one performance is optimal. The author also suggested a kind of niche method to keep the GA from converging to a single point on the frontier. This concept is used to avoid a premature convergence of the algorithm and maintain individuals all along the nondominated frontier. These ideas have been implemented later in [88], and [140]. [221] presented a procedure not based on the Pareto ranking principle but on a weighted sum of objective functions to combine them into a scalar fitness function. The weight values are generated randomly for each iteration ensuring a good distribution of solutions along the nondominated frontier. Others papers concerning GA and EA (evolutionary algorithms) based procedures are discussed in [16, 37, 35, 156, 122, 121, 154].

5.2.4 Other Approaches and New Developments

Other adaptations of heuristic procedures are found like dedicated heuristics [168], a stochastic search method [306], neural network based methods [199], [303] or the GRASP method [102]. We mention also a paper concerning a comparison of neighbourhood search techniques for MOP [204].

After a large interest in the extension of usual metaheuristics (SA, TS, GA, etc.) to the multiobjective context, actual research takes various orientations.

Some hybrid methods, marrying for example TS and GA [2], or SA and TS [4] are designed. The idea here is to take advantage of the power of hybrid concepts in order to obtain a more efficient whole.

Other research adds new components to MOMH in order to grasp the specifics of MOCO problems, for example in using a “generation set” in tabu search [124]. Also a greedy procedure is now often used, for example for the generation of initial solutions [98, 101, 154, 322]. As a greedy initial solution is closer to the nondominated frontier than a randomly chosen feasible solution, the solution procedure saves time during the approximation process. Using the first phase of the GRASP method, greedy randomized initial solutions are also used [102].

Recently some research exploits available information about the problem to be solved in order to reduce the search domain. Such knowledge is exploited to focus the search process on promising areas in terms of efficient solutions. For example domination situations are used to prune part of the domain proved to be void of efficient solutions [98].

6 Annotation of the Literature Problem by Problem

In this section we will give an annotated overview over the literature. We found it most convenient to organize the section according to the combinatorial structure of MOCO problems. Thus, we introduce eleven subsections, dealing with the most important combinatorial problems, in terms of the number of papers available. In a last subsection we briefly mention other MOCO problems that have appeared in papers, but to a definitely smaller extent.

As an exception to this order, we briefly mention PhD theses in the subject, since they are also witness of the growing research efforts in the field. An increasing number of dissertations have been written on MOCO in recent years. Those that we found were not all dedicated to MOCO specifically, but use some MOCO problems in another context: [42] deals with the multiobjective shortest path problem for routing of hazardous material, [195] contains information about bicriteria spanning trees, [36] is about evolutionary techniques in multiobjective optimization, and [72] presents some general results for certain general MOCO problems. Among those which are specifically dedicated to MOCO problems we mention [84] and [184] on the flow problem, [139] and [314] in scheduling. [125] explores the use of metaheuristics for MOCO, and [325] introduces the two-phases method and develops it for the assignment and knapsack problem. Finally fast approximation algorithms for MOCO problems are discussed in [269].

6.1 Shortest Path Problems

The multiobjective shortest path problem consists in finding in a network with vector weights on the edges “optimal” paths. The papers we found usually consider the problem with specified starting and ending node, or from a given starting node to all other nodes. The shortest path problem belongs to the most widely studied MOCO problems. There exists a survey on the topic [326] and a bibliography on the Internet, containing an abstract collection [209]. Our list contains all papers mentioned there, too.

Most problems in this category are INP -complete: See [286] for the efficient paths problem with two sum objectives, [128] for intractability of the same problem. In [128] ten bicriteria shortest path problems are introduced and analyzed. In [77] an example shows that a result from [206] about the connectedness of efficient solutions is wrong. INP -completeness of the max-ordering problem is mentioned in [223]. However, the multicriteria shortest path problem is an exceptional kind of problem, because a fully polynomial time approximation scheme is known, as presented in [343].

A variety of algorithms based on dynamic programming (e.g. [294, 134, 174]), label setting [128, 206] and label correcting methods (e.g. [293, 22, 220]) are available, with computational experiments [22, 293, 142] comparing different methods. In the biobjective case an algorithm based on ranking paths has also been proposed, [210, 34]. The general idea is also applicable to other MOCO problems with two objectives, as explained in Section 5. Besides, several papers present formulations of specific problems in terms of multicriteria shortest paths, or consider other variations of the classical problem.

• P/2- ∑ /E/LC: [293], [320], [22]

• P/2- ∑ /E/LS: [128]

• P/2- ∑ /E/2P,LC: [220]

• P/2- ∑ /E/SP: [142], [34]

• P/2- ∑ /E/DP: [134], [53]

• P/2- ∑ / ^E/A: [128]

• P/1- ∑ 1-max/E/SP: [207], [128], [239]

• P/2- ∑ /C/IA: [51], [85]

• P/2- ∑ /U/SP: [134]

• P/2- ∑ /U/IA: [224]

• P/2- ∑ /ne/IA: [41]

• P/3- ∑ /E/LC: [96]

• P/3- ∑ /C/IA: [96] • P/Q- ∑ /SE/SP: [348], [134] • P/Q- ∑ /E/LS: [206] • P/Q- ∑ /E/LC: [321], [40], [339], [42] • P/Q- ∑ /E/DP: [294], [273], [174], [133], [255], [313] • P/Q- ∑ /E/SP: [301],[10] • P/Q- ∑ / ^E, ^MO/A: [343] • P/Q- ∑ /C/IA: [135] • P/Q- ∑ /C/SP: [346] • P/Q- ∑ /U/DP: [27] • P/Q- ∑ /U/SP: [216], [9] • P/Q- ∑ /MO/DP,BB: [254] • P/Q- ∑ /MO/LC: [223] • P/Q- ∑ /MO/SP: [236] • Other particular multiobjective path problems: [49], [350], [48] [50], [274], [62], [115], [83], [47], [46] • Problems formulated as multiobjective shortest path problems: [3], [205], [208], [211]

6.2 The Assignment Problem

The multiobjective assignment problem is the following “ min ” Cx subject to n∑ j=1 x_{ij} = 1 i = 1, . . . , n n∑ i=1 x_{ij} = 1 j = 1, . . . , n x_{ij} ∈ {0, 1}

(MOAP)

Total unimodularity of the constraint matrix guarantees that an optimal integer solution is found by linear programming methods, when only a single objective is considered. With the Hungarian method (see e.g. [225]), a very efficient algorithm is available.

The (MOAP) literature is again focussed on the determination of (supported) efficient solutions. In fact, (MOAP) belongs to the first MOCO problems studied. However, the first papers only deal with SE, using convex combinations of objectives [57], or goal programming [28]. However, nonsupported efficient solutions exist [330], and the problem is INP -complete [286] and #IP -complete [229] and an exponential number of efficient solutions may exist.

Exact algorithms to determine the whole set E [251, 330] have been developed. They make use of single objective methods and duality properties of the assignment problem. Recently we can also observe the application of metaheuristic techniques for the problem [322]. Quite a few papers deal with a special version of the problem: [28, 347, 15]. Other papers deal with variations of the problem or applications. These cannot really be classified according to the problem and methodology applied or discussed in detail. We list them separately.

• AP/2- ∑ /SE/SP: [57]

• AP/2- ∑ /E/2P,SP: [327], [330], [251]

• AP/2- ∑ / ^E/SA: [322]

• AP/2- ∑ /lex/SP: [245]

• AP/2- ∑ /C/IA: [243]

• AP/4- ∑ /SE/SP: [214]

• AP/Q- ∑ /E/SP: [284]

• AP/Q- ∑ / ^E/SA: [311]

• AP/Q- ∑ /S/GP: [28], [297]

• AP/Q- ∑ /C/IA: [108]

• Papers related to assignment models: [183], [188], [193], [222] [242], [347], [353], [149], [212], [213], [8], [12], [13] , [241], [15]

6.3 Transportation and Transshipment Problems

Both are generalizations of the assignment problem, where the right hand side of the constraint may take positive integer values, and the variables any nonnegative integer. The transshipment problem has transshipment nodes in addition to demand and supply nodes. The transportation problem is given below.

“ min ” Cx subject to n∑ j=1 x_{ij} = a_i i = 1, . . . , m m∑ i=1 x_{ij} = b_j j = 1, . . . , n x_{ij} ≥ 0, integer

(MOTP)

The transshipment problem has transshipment nodes in addition to supply and demand nodes. Again, in the single objective case total unimodularity and integer right hand sides imply that an optimal solution of the linear relaxation is also an optimal solution of the problem itself. Making use of this fact, most of the papers use a scalarization by means of weighted sums or goal programming approaches.

• TP/2- ∑ /SE/LP: [6], [299] • TP/1- ∑ 1-max/SE/LP: [298], [6], [252], [68] • TP/1- ∑ 1-max/S/GP: [191] • TP/Q- ∑ /se, S/IA: [32], [262] • TP/Q- ∑ /SE/LP: [290], [151], [63], [64] • TP/Q- ∑ /SE/DP: [97] • TP/Q- ∑ /S/SP: [55] • TP/Q- ∑ / ^E/GA: [106],[105] • TS/Q- ∑ /S/GP: [218], [178], [179], [302] • TP/Q- ∑ /C/SP: [194] • Other related problems and applications: [165], [233], [182], [7], [234], [257], [166], [305], [192], [307], [244], [323]

6.4 Network Flow Problems

The network flow problem is a problem that actually is on the borderline between combinatorial and linear optimization. Its formulation is “ min ” Cx subject to Ax = 0 l ≤ x ≤ u (MOFP) where A is the node-arc incidence matrix of a network. It is well known that with a single objective there always exist integer optimal solutions of the LP, due to the unimodularity of A, which is the reason for considering it a combinatorial problem. In the multiobjective case we have to distinguish between the linear and the integer case. In the linear case, we know that SE = E. We deal with the papers in their relevance for the integer case. [267] demonstrated that an exponential number (in the number of node of the network) of extreme points among SE may occur. Most of the algorithms in the literature generalize methods for the single objective flow problem, e.g. the out-of-kilter method [185, 202] or elements from network simplex [247, 25]. The algorithms for MO and lexMO problems [74, 117] are based on ranking approaches. For linear bicriteria network flow problems algorithms approximating the efficient set to any given precision ϵ are presented in [268, 23, 95] and generalized to bicriteria quadratic network flow problems in [351].

• F/2- ∑ /SE/SP: [185], [164], [247], [202]

• F/2- ∑ / ^SE/A: [268], [95], [271], [23]

• F/2(3)- ∑ /E/SP: [186], [184], [227], [228], [141], [285] • F/Q- ∑ /SE/SP: [164] • F/Q- ∑ /E/SP: [74] • F/Q- ∑ /lex/SP: [25], [24] • F/Q- ∑ /MO/SP: [117] • F/Q- ∑ /lexMO/SP: [74] • F/Q- ∑ /C/IA: [86], [84]

• Other network flow problems: [351], [226], [208], [258], [7], [165]

6.5 The Spanning Tree Problem

The spanning tree problem is to find among all spanning trees of a given graph one that is “minimal” with respect to the edge weights. This problem appears in network design. It is known that the problem to find efficient solutions is INP -complete [26] and intractable [119]. INP -completeness also holds for the max-ordering problem [119]. The complexity status of a variety of multiobjective spanning tree problems, involving other than the typical sum and bottleneck objectives is studied in [26, 60, 59]. The algorithms that have been proposed to find efficient trees range from minimizing weighted sums [283, 282, 250] over generalizations of Prim’s [39] and Kruskal’s [283] method to approximation [119] and genetic algorithms [354]. A counterexample to a sufficient condition for a spanning tree to be efficient [39] has been given in [119]. As far as local search methods are concerned, it is important to note that, defining trees to be adjacent, if they have n − 2 edges in common can imply that the set of efficient spanning trees is not connected [77].

• ST/2- ∑ /SE/SP: [119] • ST/1- ∑ 1-max/SE/SP: [250] • ST/2- ∑ /E/2P,SP: [253] • ST/2- ∑ / ^E/H: [119], [5], [155] • ST/Q- ∑ /SE/SP: [283], [282] • ST/Q- ∑ /E/SP: [39] • ST/Q- ∑ / ^E/GA: [354] • ST/Q- ∑ /MO/SP: [119] • Other spanning tree problems with different objectives: [59], [60], [145], [146]

6.6 Matroids and Matroid Intersections

The matroid base problem is a generalization of the spanning tree problem. With a single objective it can be solved by the greedy algorithm. A generalization of this result for finding efficient bases is given in [286]: For each efficient basis B, there exists a topological sorting of the elements (e.g. edges of a graph), such that the greedy algorithm finds B. A topological sorting is a total or linear order that respects the partial order given by the vector weights. The problem is INP -complete, as was shown e.g. in [286, 70]. A matroid intersection problem is to find a set of minimal weight which is independent with respect to two matroids.

Few papers deal with these problems in the multiobjective case. We identified the following, mostly presenting exact algorithms, theoretical properties [112, 342], and complexity issues [70, 286]

• MB/2- ∑ /SE, E/SP: [70], [286] • MI/Q- ∑ ,1-max 1- ∑ /Lex/SP: [355] • MB/Q- ∑ /MO/SP: [70], [112] • MB/Q- ∑ / ^MO/H: [342]

6.7 The Travelling Salesperson Problem

In combinatorial optimization, the TSP is widely studied. To find a shortest tour among n cities is INP -complete even with one objective, for both the sum and bottleneck case. Moreover, the number of efficient solutions is expected to be exponential, see [82]. For approximation results, we refer to [75], where limits on the possibility of approximating efficient solution by one heuristic solution are derived and generalizations of the tree and Christofides heuristic are analyzed.

These might be reasons why investigation of the multiobjective version is not so common, and why research concentrates on exact algorithms based on dynamic programming as well as heuristics. Some papers discuss special versions or generalizations of the TSP, such as various formulations of vehicle routing problems.

• TSP/1- ∑ 1-Π^1/E/DP: [87] • TSP/1- ∑ 1-max/ ^SE/H [291] • TSP/2,3- ∑ / ^E/GA: [154] • TSP/3- ∑ /E/SP: [20] • TSP/Q- ∑ /E/DP: [319] • TSP/Q- ∑ / ^E/A: [75] • TSP/Q- ∑ / ^E/TS: [126] • TSP/Q- ∑ / ^MO/H: [114] • Other versions of the problem, e.g. vehicle routing: [160], [46], [158], [304], [159], [237], [238], [110], [138]

6.8 Knapsack Problems

The knapsack problem is one of the fundamental INP -complete combinatorial optimization problems. Its multiobjective formulation is

“ min ” Cx subject to n∑ i=1 a_ix_i ≤ b x_i ∈ {0, 1} (MOKP)

where all parameters are assumed to be positive integers. All papers that we found deal with the problem to identify or approximate SE or E. Finding E or SE are obviously

1Π denotes an objective defined by the products of weights

INP -complete, too. Thus it is not surprising that the algorithms proposed are either based on implicit enumeration methods such as dynamic programming [67, 162, 163, 161], branch and bound [331, 328] or apply heuristic procedures, especially metaheuristics to approximate E [98, 123, 271, 272]. Some papers also deal with an extension to time-dependent knapsack problems [162, 163]. An intreactive decision support system for the capital budgeting problem is proposed in [312].

• KP/2- ∑ /SE/SP: [264] • KP/2- ∑ /SE/DP: [67] • KP/2- ∑ / ^SE/H: [264] • KP/2- ∑ /E/2P,BB: [328], [331], [341] • KP/2- ∑ / ^E/TS: [98] • KP/2- ∑ / ^E/H: [272] • KP/2- ∑ / ^E/H: [271] • KP/2- ∑ / ^E/GA+TS: [2] • KP/2- ∑ /^e/SA+TS: [4] • KP/2,3- ∑ / ^E/GA: [101] • KP/Q- ∑ /E/DP: [162], [163], [161] • KP/Q- ∑ / ^E/TS: [123], [124] • KP/Q- ∑ / ^E/SA: [333], [332], [52], [311] • KP/Q- ∑ /SE/IA: [66] • KP/Q- ∑ /U/DP: [30] • KP/Q- ∑ /S/GP: [18], [58], [157], [120]

6.9 Multiobjective Scheduling Problems

The scheduling problems constitute a particular category. Although these problems can often be formulated using 0-1 variables, they have generally no particular structure. Moreover, they have a usual classification defined according the shop organization which they refer to (single machine, parallel machines, flow shop, job shop, open shop, etc.). Also, the usual objective functions in scheduling have a specific sense (the makespan, the total flow time, the tardiness, etc.).

For example we look at [171]. Let us consider n jobs to be processed on a single machine at time zero. Let p_i and d_i denote the processing time and the due date of job i respectively. Let J_i : job i, i = 1, . . . , n C_i(σ) : completion time of job i in schedule σ F (σ) : total flowtime of jobs in schedule σ T_{max}(σ) : maximum tardiness of schedule σ Ω : set of all possible sequences.

Then the objective is to find a schedule σ^∗ such that f(F (σ^∗), T_{max}(σ^∗)) = min_{σ∈Ω} f(F (σ), T_{max}(σ)) where F (σ) = n∑ i=1 C_i(σ), T_{max}(σ) = max_i {max(C_i(σ) − d_i, 0)}

and f is any arbitrary nondecreasing function of F (σ) and T_{max}(σ). This problem is denoted by 1/d_i/f( ∑ C_i, T_{max}). A sequence σ is efficient with respect to total flowtime and the number of tardy jobs if there does not exist a sequence σ^′ with F (σ^′) ≤ F (σ) and T_{max}(σ^′) ≤ T_{max}(σ) with at least one of the above holding as a strict inequality.

We observe a constant interest on multiobjective scheduling problems during the last years, because the consideration of more than one objective is more in line with the real context of such practical problems. In a recent survey [316] more than one hundred are classified according the usual notation introduced by Graham extended by T’Kindt and Billaut to the multiobjective case. Also, the approximate resolution algorithms for scheduling problems and related problems (like [308], [219], [130], [170], [338]) often are inspired by multiobjective metaheuristic methods developed for MOCO problems. For these reasons, we mention actual developments for this category of problems but for more details about multiobjective scheduling problems we refer to [139], [29], [316], [314].

• Single machine problems: [345], [171], [168], [172], [11], [169], (SCH/2/ ^E/SA) [170], [271], [219] (SCH/2/ ^E/GA), [308] (SCH/Q/ ^E/GA)

• Multiple machine problems: [21], [315], [318], [278], [143], [217]

• Surveys: [316], [317],

• PhD theses: [139], [314],

• Papers related to others scheduling or production management problems : cell formation problem (SCH/Q/CS/TS) [136], resource constrained project scheduling (SCH/Q/ ^E/SA,TS) [338],

6.10 Location Problems

Location planning is an active area of research. The objective in a location problem is to find one (or more) locations, such that some objective, usually related to the distance to a set of existing facilities is minimized or maximized. These objectives usually are the weighted sum or maximum of individual distances. Moreover, location problems can be divided into three categories, namely planar, network and discrete problems. In planar location, the feasible set is (a subset of) the Euclidean plane. Network location problems deal with a network of nodes and arcs, new facilities can be built either on the nodes only, or also on arcs. Finally, for discrete location problems a set of potential sites is specified. Problems of the latter category are usually formulated as mixed integer programs. From the point of few of MOCO, we will consider only network and discrete location problems. For details about planar problems and single objective location problems, we refer to the specialized literature, e.g. [181, 180] for surveys. We refer also to two reviews on the topic in MOCO context, [45] and [260]. Most of the applications use a goal programming approach.

• NL/1- ∑ , 1-max/E/SP: [340]

• NL/Q- ∑ /lex,E/SP: [118]

• NL/Q- ∑ /E, SE/SP,IA: [265]

• NL/Q- ∑ /E/SP: [129]

• NL/Q- ∑ /MO,lexMO/SP: [79]

• DL/Q- ∑ , Q-max/E/SP: [231]

• DL/Q- ∑ /SE/SP: [200]

• DL/Q- ∑ /lexMO/SP: [232]

• DL/Q- ∑ /U,S/IA,GP: [201]

• DL/Q- ∑ /S/GP: [14]

• Warehouse location: [80], [113], [190]

• Others and applications: [280], [281], [266], [261], [234], [189], [144], [295], [137]

6.11 The Set Covering Problem

The set covering problem is an INP -complete problem with applications in the location of emergency facilities. Suppose there are m sites of potential emergency and n potential locations for emergency facilities, incurring cost c_i to build this site. Then the aim is to select – at minimal cost – enough sites to cover all risks. Thus the problem is

“ min ” Cx

subject to n∑ i=1 a_{ji}x_i ≥ 1 j = 1, . . . , m x_i ∈ {0, 1} (MOSCP)

where a_{ji} = 1 if site j can be covered from location i, and all coefficients of C are assumed positive. (MOSCP) has not gained much attention in the literature, and the main results in one of the references [276] are wrong. [132] deals with a particular problem. Note also that some of the problems discussed in the shortest path section 6.1 above and in the other MOCO problems section 6.12 below deal with aspects of “covering”.

• SCP/Q- ∑ /E/SP: [276]

• SCP/Q- ∑ /SE/SP: [56]

• SCP/2- ∑ / ^E/GRASP: [102]

6.12 Other MOCO Problems

In the previous sections we have discussed the most important multiobjective combinatorial optimization problems. Besides these there is some literature on other problems: Some classical problems have been discussed only in a few papers, others deal with problems that are so specific that they would require their own category. All of these are discussed summarily here.

In [116] a lexicographic flow problem is used to determine minimal cuts with a minimal number of arcs in a network. [292] deals with the one dimensional cutting stock problem with two objectives in a lexicographic context (priorities on the objectives). Both an exact and a heuristic algorithm are given. In [1] an interactive approach is proposed to solve the multiobjective cutting stock problem.

We also found few references [198, 152] on the quadratic assignment problem in a multicriteria context. This is closely related to the facility layout problem which is discussed in a number of papers. They actually use approaches based on the quadratic assignment problem: [263, 65, 89, 334, 197]. Other references on the facility layout problem are [152, 289, 176, 344] Many of the papers listed in the surveys [44] and [43] about multiobjective transportation and routing problems also are among these specific problems. A variety of multiobjective routing problems is also discussed in [19]. For network design problems we refer to [230, 92, 90, 196, 148, 91, 93, 94, 153, 240, 104]. Some other problems which are combinatorial in nature have been discussed in [54] (the channel minimization problem) and in [203].

7 Open Questions and Conclusions

Our survey of the state of the art in multiobjective combinatorial optimization clearly identifies potential areas of research and weak points in the existing literature. We briefly outline these below.

7.1 General Remarks

1. Three is more than two plus one. Many of the existing methods concern the biobjective case (to various extents, depending on the problem). The multiobjective case is still hard to be solved, not only due to the computational complexity, but also due to the higher number of efficient solutions of the MOCO problem.

2. Theoretical results. Very few theoretical results are available about the properties of MOCO problems, like characterization of efficient solutions, the number of efficient solutions (supported and nonsupported) both in the worst case or on average, the topology of the nondominated frontier, the elicitation of lower and upper bounds, etc. Taking into account the fact that MOCO problems are almost always very hard in terms of computational complexity the need for a thorough theoretical understanding of MOCO problems is all the more evident. It is also clear that a better theoretical comprehension of these problems will contribute to the development of efficient solution methods.

3. Adaptation of well known methods versus new methods. Many of the current extensions of methods useful for single objective optimization to the multiobjective situation have exhibited some difficulties for finding E. One such example is the the VEGA method. MOCO problems have specific properties and need specific techniques to cope in an efficient way with these. Some adaptations such as MOSA, PSA, etc. could produce good results on a particular problem like the knapsack problem. The question is, whether such method show good performances when applied to other problems. From the evolution of these methods over the last years, one can have some doubts. No comparative studies on the performance of solution strategies like branch and bound or dynamic programming on a variety of problems are available.

4. Applications of MOCO. Few papers refer to practical application of MOCO problems. Moreover, when the MOCO problem is extracted from a practical context, the resolution is often reduced to a single objective problem. For example, this is the case to the channel minimization problem of [54], but also for a lot of scheduling problems (see [314]). Thus there is a need to attract the attention of decision makers to the area of MOCO and solve the problems arising in practice in a real multicriteria context.

7.2 Remarks on Exact Methods

1. Two versus many criteria. Especially for exact methods, i.e. those identifying the whole of E there is a huge gap between the bicriteria and the general case. Many procedures have been developed especially for bicriteria problems and cannot be modified to deal with the general case, a remark that is especially true for the two phases method. This gap is probably caused by the lack of theoretical understanding of MOCO problems with three or more objectives, as pointed out above.

2. The two phases approach. As far as we know there are no procedures to compute supported efficient solutions in the multiobjective case. This would be of course the first step to an application of the two phases method in three or more criteria MOCO.

3. Computation of bounds. For the effective adaptation of some bicriteria methods to the general case, knowledge of good lower and upper bounds on the efficient set is needed. The computation of the Nadir point (which is pretty easy in bicriteria problems) is an unsolved problem in general. Another research area would be to consider the computation of sets of solutions that constitute a set of lower and upper bounds on E. The lack of such results makes it impossible to adapt certain procedures to general MOCO at this time.

4. Problems not treated as MOCO. There is a wide variety of combinatorial problems that have never been investigated in a multicriteria context, as is evident from the problems list in Section 6.

5. Level set approach. An important concept in MOP is that of level sets. It can be seen as a general framework for MOP, which allows a characterization of efficient solutions [76], as well as interactive procedures. Applications to MOCO could be promising but are not existing now.

7.3 Remarks on Heuristic Methods

1. A real multiobjective metaheuristic for MOCO. Closely related to the remark about adaptation of single objective methods is the question of multiobjective metaheuristics to solve MOCO problems. We are not convinced of the efficiency of a real metaheuristic in the sense of a meta-method able to solve efficiently any MOCO. Each problem has its own specifics and a general MOMH cannot cope with all of these. One research direction is the identification of techniques for which the computational results obtained are promising. For example, greedy algorithms are more and more used in procedures for the generation of initial solutions.

2. Methods for obtaining quickly a first approximation of E. If a heuristic method defined according to the “a posteriori mode” is available, it is easy and alway possible to transform it to the “interactive mode”. The main challenge for heuristic methods is then how obtain very quickly a good approximation of the whole nondominated frontier. With such an approximation, the procedure could then be to continue either in increasing the approximation quality for the nondominated frontier or in focusing the approximation on a part of the nondominated frontier following the preference of a decision maker in the context of an interactive procedure.

3. The quality of approximated solutions. This is an important question in the context of approximation methods: How to measure and compare approximations, and how to evaluate the quality of an approximation, especially for problems with multiple objectives? Ideas have been put forward in [322, 127, 277]. Some attributes like coverage, uniformity and cardinality to judge the approximation to be satisfactory or not by a decision maker have been defined. Such attributes are also useful when defining stopping rules in approximation methods, and again when the tuning of heuristic algorithms is examined. New attributes are then especially welcome.

4. Using bounds and domination conditions to reduce the search space. In the continuation of the previous remark, all available information to bracket and reduce the decision space is welcome. Such information could be used for scanning the “core” of the problem, identifying and discarding irrelevant aspects of the problem investigated. Information could be derived from the decision space as well as from the objective space.

5. Combination of exact and heuristic methods. For some MOCO problems, the resolution could be decomposed in several steps. For example, in a first step the procedure could try to identify the supported efficient solution using an exact method. Information could be extracted from the first results to reduce the search space and in a second step try to identify the nonsupported solutions by a heuristic method. Such a “semiexact” method is especially attractive for problems that can be efficiently solved as single objective combinatorial problems. Note that usually the cardinality of the sets SE is much smaller than the number of nonsupported efficient solutions.

References

[1] R.M.S. Abd El-Aal. An interactive technique for the cutting stock problem with multiple objectives. European Journal of Operational Research, 78(3):304–317, 1994.

[2] F. Ben Abdelaziz, J. Chaouachi, and S. Krichen. A hybrid heuristic for multiobjective knapsack problems. In S. Voss, S. Martello, I. Osman, and C. Roucairol, editors, Meta-Heuristics; Advances and trends in local search paradigms for optimization, pages 205–212. Kluwer Academic Publishers, Dordrecht, 1999.

[3] R.K. Ahuja. Minimum cost-reliability ratio path problem. Computers and Operations Research, 15(1):83–89, 1988.

[4] M.J. Alves and J. Climaco. An interactive method for 0-1 multiobjective problems using simulated annealing and tabu search. Journal of Heuristics, In Press, 2000.

[5] K.A. Andersen, K. Joernsten, and M. Lind. On bicriterion minimal spanning trees:

An approximation. Computers and Operations Research, 23:1171–1182, 1996.

[6] Y.P. Aneja and K.P.K. Nair. Bicriteria transportation problem. Management Science, 25:73–78, 1979.

[7] J.L. Arthur and K.D. Lawrence. Multiple goal production and logistics planning in a chemical and pharmaceutical company. Computers and Operations Research, 9(2):127–137, 1982.

[8] J.L. Arthur and A. Ravindran. A multiple objective nurse scheduling problem. AIIE Transactions, 13:55–60, 1981.

[9] P. Aumüller and L. Bittner. Effiziente, optimale efficziente Wege in Graphen und diskret-differentielle Prozesse mit verktorwertigem Funktional. Mathematische Operationsforschung und Statistik, Series Optimization, 13(3):393–408, 1982.

[10] J.A. Azevedo and E.Q.V. Martins. An algorithm for the multiobjective shortest path problem on acyclic networks. Investigacao Operacional, 11(1):52–69, 1991.

[11] M. Azizoglu, S.K. Kondakci, and M. Köksalan. Bicriteria scheduling: Minimizing flowtime and maximum earliness on a single machine. In J. Climaco, editor, Multicriteria Analysis, pages 279–288. Springer-Verlag, Berlin, 1997.

[12] M.A. Badri. A two-stage multiobjective scheduling model for [faculty–course–time] assignments. European Journal of Operational Research, 94(1):16–28, 1997.

[13] M.A. Badri, D.L. Davis, D.F. Davis, and J. Hollingsworth. A multi-objective course scheduling model: combining faculty preferences for courses and times. Computers and Operations Research, 25(4):303–316, 1998.

[14] M.A. Badri, A.K. Mortagy, and C.A. Alsyed. A multi-objective model for locating fire stations. European Journal of Operational Research, 110(2):243–260, 1998.

[15] E.M.L. Beale. Note on “A special multi-objective asignment problem” by D.J. White.

Journal of the Operational Research Society, 35(8):769–770, 1984.

[16] P.J. Bentley and J.P . Wakefield. An analysis of multiobjective optimization within genetic algorithms. Technical report, The University of Huddersfield, UK, 1996. Technical Report ENGPJB96.

[17] D. Bertsekas. Dynamic Programming. Prentice Hall, Englewood Cliffs, NJ, 1987.

[18] K. Bhaskar. A multiple objective approach to capital budgeting. Accounting and Business Research, pages 25–46, winter 1979.

[19] B. Boffey. Multiobjective routing problems. Top, 3(2):167–220, 1995.

[20] P.C. Borges and M.P. Hansen. A basis for future successes in multiobjective combinatorial optimization. Technical report, Institute of Mathematical Modelling, Technical University of Denmark, Lyngby, 1998. Technical Report IMM-REP-1998-8.

[21] P. Brandimarte and M. Calderini. A hierarchical bicriterion approach to integrated process plan selection and job shop scheduling. International Journal of Production Research, 33(1):161–181, 1995.

[22] J. Brumbaugh-Smith and D. Shier. An empirical investigation of some bicriterion shortest path algorithms. European Journal of Operational Research, 43(2):216–224, 1989.

[23] R.E. Burkard, G. Rote, G. Ruhe, and N. Sieber. Algorithmische Untersuchungen zu bikriteriellen kostenminimalen Flüssen in Netzwerken. Wissenschaftliche Zeitung der technischen Hochschule Leipzig, 13(6):333–341, 1989.

[24] H.I. Calvete and M. Mateo. An approach for the network flow problem with multiple objectives. Computers and Operations Research, 22(9):971–983, 1995.

[25] H.I. Calvete and M. Mateo. A sequential network-based approach for the multiobjective network flow problem with preemptive priorities. In M. Tamiz, editor, Multi- Objective Programming and Goal Programming – Theory and Applications, volume 432 of Lecture Notes in Economics and Mathematical Systems, pages 74–86. Springer Verlag, Berlin, 1996.

[26] P.M. Camerini, G. Galbiati, and F. Maffioli. The complexity of multi-constrained spanning tree problems. In Theory of Algorithms, Colloquium Pecs 1984, pages 53 – 101, 1984.

[27] R.L. Carraway, T.L. Morin, and H. Moskovitz. Generalized dynamic programming for multicriteria optimization. European Journal of Operational Research, 44:95–104, 1990.

[28] A. Charnes, W.W. Cooper, R.J. Niehaus, and A. Stredry. Static and dynamic assignment models with multiple objectives and some remarks on organization design. Management Science, 15:365–375, 1969.

[29] C.L. Chen and R. Bulfin. Complexity of multiple machines, multi-criteria scheduling problems. European Journal of Operational Research, 70:115–125, 1993.

[30] K.I. Cho and S.H. Kim. An improved interactive hybrid method for the linear multiobjective knapsack problem. Computers and Operations Research, 24(11):991–1003, 1997.

[31] S. Chung, H.W. Hamacher, F. Maffioli, and K.G. Murty. Note on combinatorial optimization with max-linear objective functions. Discrete Applied Mathematics, 42:139–145, 1993.

[32] J. Climaco, C. Henggeler Antunes, and M. Alves. Interactive decision support for multiobjective transportation problems. European Journal of Operational Research, 65:58–67, 1993.

[33] J. Climaco, C. Ferreira, and M.E. Captivo. Multicriteria integer programming: An overview of the different algorithmic approaches. In J. Climaco, editor, Multicriteria Analysis, pages 248–258. Springer-Verlag, Berlin, 1997.

[34] J.C.M. Climaco and E.Q.V. Martins. A bicriterion shortest path algorithm. European Journal of Operational Research, 11:399–404, 1982.

[35] C.A. Coello. List of references on evolutionary multiobjective optimization.

http://www.lania.mx/~ccoello/EMOO/EMOObib.html.

[36] C.A. Coello. An empirical study of evolutionary techniques for multiobjective optimization in engineering design. PhD thesis, Department of Computer Science, Tulane University, New Orleans, LA, 1996.

[37] C.A. Coello. An updated survey of GA-based multiobjective optimization techniques.

Technical report, Laboratorio Nacional de Informática Avanzada (LANIA), Xalapa, Veracruz, México, 1998. Technical Report Lania-RD-98-08.

[38] C.A. Coello and A.D. Christiansen. Two new GA-based methods for multiobjective optimization. Civil Engineering Systems, 15(3):207–243, 1998.

[39] H.W. Corley. Efficient spanning trees. Journal of Optimization Theory and Applications, 45(3):481–485, 1985.

[40] H.W. Corley and I.D. Moon. Shortest paths in networks with vector weights. Journal of Optimization Theory and Applications, 46(1):79–86, 1985.

[41] J.M. Coutinho-Rodrigues, J.C.N. Climaco, and J.R. Current. An intercative biobjective shortest path approach: Searching for unsupported nondominated solutions. Computers and Operations Research, 26(8):789–798, 1999.

[42] R.G. Cox. Routing of hazardous material. PhD thesis, School of Civil and Environmental Engineering, Cornell University, Ithaca, NY, 1984.

[43] J. Current and M. Marsh. Multiobjective transportation network design: Taxonomy and annotation. European Journal of Operational Research, 65:4–19, 1993.

[44] J. Current and H. Min. Multiobjective design of transportation networks: Taxonomy and annotation. European Journal of Operational Research, 26:187–201, 1986.

[45] J. Current, H. Min, and D. Schilling. Multiobjective analysis of facility location decisions. European Journal of Operational Research, 49:295–307, 1990.

[46] J. Current, C. ReVelle, and J. Cohon. The application of location models to the multiobjective design of transportation networks. Regional Science Review, 14, 1985.

[47] J.R. Current, J.L. Cohon, and C.S. ReVelle. The shortest covering path problem: An application of locational constraints to network design. Journal of Regional Science, 24:161–183, 1984.

[48] J.R. Current, C.S. ReVelle, and J.L. Cohon. The maximum covering/shortest path problem: A multiobjective network design and routing formulation. European Journal of Operational Research, 21:189–199, 1985.

[49] J.R. Current, C.S. ReVelle, and J.L. Cohon. The median shortest path problem: A multiobjective approach to analyze cost vs. accesibility in the design of networks. Transportation Science, 21(3):188–197, 1987.

[50] J.R. Current, C.S. ReVelle, and J.L. Cohon. The minimum-covering/shortest path problem. Decision Science, 19:490–503, 1988.

[51] J.R. Current, C.S. ReVelle, and J.L. Cohon. An interactive approach to identify the best compromise solution for two objective shortest path problems. Computers and Operations Research, 17(2):187–198, 1990.

[52] P. Czyzak and A. Jaszkiewicz. Pareto simulated annealing – a metaheuristic technique for multiple objective combinatorial optimization. Journal of Multi-Criteria Decision Analysis, 7:34–47, 1998.

[53] H.G. Daellenbach and C.A. DeKluyver. Note on multiple objective dynamic programming. Journal of the Operational Research Society, 31:591–594, 1980.

[54] G. Dahl, K. Jörnsten, and A. Lokketangen. A tabu search approach to the channel minimization problem. Paper presented at ICOTA’95, July 5-8 1995 July, Chengdu, China, 1995.

[55] S.K. Das, A. Goswami, and S.S. Alam. Multiobjective transportation problem with interval cost, source and destination parameters. European Journal of Operational Research, 117:100–112, 199.

[56] M.S. Daskin and E.H. Stren. A hierarchical objective set covering model for emergency medical service vehicle deployment. Transportation Science, 15(2):137–152, 1981.

[57] H.M. Dathe. Zur Lösung des Zuordnungsproblems bei zwei Zielgrößen. Zeitschrift für Operations Research, 22:105–118, 1978.

[58] R.F. Deckro, R.W. Spahr, and J.E. Hebert. Preference trade-offs in capital budgeting decisions. IIE Transactions, 17(4):332–337, 1985.

[59] M. Dell’Amico and F. Maffioli. On some multicriteria arborescence problems: Complexity and algorithms. Discrete Applied Mathematics, 65:191–206, 1996.

[60] M. Dell’Amico and F. Maffioli. Combining linear and non-linear objectives in spanning tree problems. Technical report, Politecnico di Milano, Milan, Italy, 1997.

[61] M. Dell’Amico, F. Maffioli, and S. Martello, editors. Annotated Bibliographies in Combinatorial Optimization. J. Wiley & Sons, Chichester, 1997.

[62] R. Dial. A model and algorithm for multicriteria route-mode choice. Transportation Research, 13B:311–316, 1979.

[63] J.A. Diaz. Solving multiobjective transportation problems. Ekonomicko Mathematicky Obzor, 14:267–274, 1978.

[64] J.A. Diaz. Finding a complete description of all efficient solutions to a multiobjective transportation problem. Ekonomicko Mathematicky Obzor, 15:62–73, 1979.

[65] K.N. Dutta and S. Sahu. A multigoal heuristic for facilities design problems:

MUGHAL. International Journal of Production Research, 20:147–154, 1982.

[66] R.F. Dyer, E.H. Foreman, and M.A. Mustafa. Decision support for media selection.

Technical report, George Washington University, Washington D.C., 1988.

[67] M. Eben-Chaime. Parametric solution for linear bicriteria knapsack models. Management Science, 42(11):1565–1575, 1996.

[68] S.C. Egly and J.R. Wright. Microcomputer-based multiobjective personnel management model. Journal of Computing in Civil Engineering, 1:114–127, 1987.

[69] M. Ehrgott. Lexicographic max-ordering – a solution concept for multicriteria combinatorial optimization. In D. Schweigert, editor, Methods of Multicriteria Decision Theory, Proceedings of the 5th Workshop of the DGOR-Working Group Multicriteria Optimization and Decision Theory, pages 55–66. University of Kaiserslautern, 1995.

[70] M. Ehrgott. On matroids with multiple objectives. Optimization, 38(1):73–84, 1996.

[71] M. Ehrgott. A characterization of lexicographic max-ordering solutions. In A. Göpfert, J. Seeländer, and C. Tammer, editors, Methods of Multicriteria Decision Theory, Proceedings of the 6th Workshop of the DGOR-Working Group Multicriteria Optimization and Decision Theory Alexisbad 1996, volume 2389 of Deutsche Hochschulschriften, pages 193–202. Hänsel-Hohenhausen, Egelsbach, 1997.

[72] M. Ehrgott. Multiple Criteria Optimization – Classification and Methodology. Shaker Verlag, Aachen, 1997.

[73] M. Ehrgott. Discrete decision problems, multiple criteria optimization classes and lexicographic max-ordering. In T.J. Stewart and R.C. van den Honert, editors, Trends in Multicriteria Decision Making, volume 465 of Lecture Notes in Economics and Mathematical Systems, pages 31–44. Springer Verlag, Berlin, 1998.

[74] M. Ehrgott. Integer solutions of multicriteria network flow problems. Investigacao Operacional, 19:61–73, 1999.

[75] M. Ehrgott. Approximation algorithms for combinatorial multicriteria optimization problems. International Transcations in Operational Research, 2000. To appear.

[76] M. Ehrgott, H.W. Hamacher, K. Klamroth, S. Nickel, A. Schöbel, and M.M. Wiecek.

A note on the equivalence of balance points and Pareto solutions in multiple-objective programming. Journal of Optimization Theory and Applications, 92(1):209–212, 1997.

[77] M. Ehrgott and K. Klamroth. Connectedness of efficient solutions in multiple criteria combinatorial optimization. European Journal of Operational Research, 97:159–166, 1997.

[78] M. Ehrgott and K. Klamroth. Nonconnected efficiency graphs in multiple criteria combinatorial optimization. In R. Caballero, F. Ruiz, and R.E. Steuer, editors, Advances in Multiple Objective and Goal Programming, volume 455 of Lecture Notes in Economics and Mathematical Systems, pages 140–150. Springer-Verlag, Berlin, 1997.

[79] M. Ehrgott, S. Nickel, and H.W. Hamacher. Geometric methods to solve maxordering location problems. Discrete Applied Mathematics, 93:3–20, 1999.

[80] S. Eilon. Multicriteria warehouse location. Int. J. Phys. Distrib. Mater. Manag., 12(1):42–45, 1982.

[81] V.A. Emelichev and V.A. Perepelitsa. Complexity of vector optimization problems on graphs. Optimization, 22:903–918, 1991.

[82] V.A. Emelichev and V.A. Perepelitsa. On cardinality of the set of alternatives in discrete many-criterion problems. Discrete Mathematics and Applications, 2(5):461– 471, 1992.

[83] D. Engberg, J. Cohon, and C. ReVelle. Multiobjective siting of a natural gas pipeline.

In Instrument Society of America, editor, Procedings of the 11th Annual Pittsburgh Conference on Modeling and Simulation, 1983.

[84] J. Figueira. L’approche interactive dans le cas des problèmes de flot multicritères.

PhD thesis, Université Paris-Dauphine, Paris, France, 1996.

[85] J. Figueira, M.E. Captivo, and J. Climaco. Sur le problème des chemins bi-critères:

Une approche interactive a posteriori. Technical Report 149, LAMSADE, Université de Paris Dauphine, 1997.

[86] J. Figueira, H. M’Silti, and P. Tolla. Using mathematical programming heuristics in a multicriteria network flow context. Journal of the Operational Research Society, 49:878–885, 1998.

[87] R. Fischer and K. Richter. Solving a multiobjective traveling salesman problem by dynamic programming. Mathematische Operationsforschung und Statistik, Series Optimization, 13(2):247–252, 1982.

[88] C.M. Fonseca and P.J. Fleming. Genetic algorithms for multiobjective optimization:

Formulation, discussion and generalization. In S. Forrest, editor, Proceedings of the Fifth International Conference on Genetic Algorithms, San Mateo, California, 1993. University of Illinois at Urbana-Champaign, pages 416–423. Morgan Kauffman, San Francisco, CA, 1993.

[89] J.C. Fortenberry and J.F. Cox. Multicriteria approach to the facilities layout problem. International Journal of Production Research, 23:773–782, 1985.

[90] T.L. Friesz. Multi-objective optimization in transportation: The case of equilibrium network design. In Organizations: Multiple Agents with Multiple Criteria, volume 190 of Lecture Notes in Economics and Mathematical Systems, pages 116–127. Springer Verlag, Berlin, 1983.

[91] T.L. Friesz, G. Ananndalingam, N.J. Mehta, K. Nam, S.J. Shah, and R.L. Tobin. The multiobjective equilibrium network design problem revisited: A simulated annealing approach. European Journal of Operational Research, 65(1):44–57, 1993.

[92] T.L. Friesz and P.T. Harker. Multi-objective design of transportation networks:

The case of spatial price equilibrium. In P. Hansen, editor, Essays and Surveys on Multiple Criteria Decision Making, volume 209 of Lecture Notes in Economics and Mathematical Systems, pages 86–93. Springer Verlag, Berlin, 1983.

[93] T.L. Friesz and P.T. Harker. Multicriteria spatial price equilibrium network design:

Theory and computational results. Transportation Research, 17B:411–426, 1983.

[94] T.L. Friesz, F.A. Toureilles, and A.F.W. Han. Comparison of multicriteria optimization methods in transport project evaluation. Transportation Research Record, 751:38–41, 1980.

[95] B. Fruhwirth, R.E. Burkard, and G. Rote. Approximation of convex curves with application to the bicriterial minimum cost flow problem. European Journal of Operational Research, 42:326–388, 1989.

[96] V. Gabrel and D. Vanderpooten. Generation and selection of efficient paths in a multiple criteria graph: The case of daily planning the shots taken by a satellite with an interactive procedure. Technical Report 136, LAMSADE, Université Paris Dauphine, 1996.

[97] R.J. Gallagher and O.A. Saleh. Constructing the set of efficient objective values in linear multiple objective transportation problems. European Journal of Operational Research, 73:150–163, 1994.

[98] X. Gandibleux and A. Fréville. Tabu search based procedure for solving the 0/1 multiobjective knapsack problem: The two objective case. Journal of Heuristics, In Press, 2000.

[99] X. Gandibleux, N. Mezdaoui, and A. Fréville. A tabu search procedure to solve multiobjective combinatorial optimization problems. In R. Caballero, F. Ruiz, and R. Steuer, editors, Advances in Multiple Objective and Goal Programming, volume 455 of Lecture Notes in Economics and Mathematical Systems, pages 291–300. Springer Verlag, Berlin, 1997.

[100] X. Gandibleux, N. Mezdaoui, and E.L. Ulungu. Evaluation of multiobjective tabu search procedure on a multiobjective permutation problem. Paper presented at OR- BEL 11, Namur (Belgium), January 16-17, 1997.

[101] X. Gandibleux, H. Morita, and N. Katoh. A genetic algorithm for 0-1 multiobjective knapsack problem. Technical report, University of Valenciennes, France, 1998. Paper presented at NACA98, July 28-31 1998, Niigata, Japan.

[102] X. Gandibleux, D. Vancoppenolle, and D. Tuyttens. A first making use of GRASP for solving MOCO problems. Technical report, University of Valenciennes, France, 1998. Paper presented at MCDM 14, June 8-12 1998, Charlottesville, VA.

[103] M.R. Garey and D.S. Johnson. Computers and Intractability – A Guide to the Theory of NP-Completeness. Freeman, San Francisco, 1979.

[104] M. Gen, K. Ida, and J. Kim. A spanning tree-based genetic algorithm for bicriteria topological network design. In Proceedings of the 5th IEEE Conference on Evolutionary Computation, pages 15–20. IEEE Press, Piscataway, NJ, 1998.

[105] M. Gen and Y.Z. Li. Solving multi-objective transportation problems by spanning tree-based genetic algorithm. In The Integration of Evolutionary and Adaptive Computing Technologies with Product/System Design and Realisation, pages 95–108. Springer Verlag, Berlin, 1998.

[106] M. Gen and Y.Z. Li. Spanning tree based genetic algorithm for bicriteria transportation problem. Computers and Industrial Engineering, 35(3/4):531–534, 1998.

[107] A.M. Geoffrion. Proper efficiency and the theory of vector maximization. Journal of Mathematical Analysis and Applications, 22:618–630, 1968.

[108] K.C. Gilbert, D. Holmes, and R.E. Rosenthal. A multi-objective discrete optimisation model for land allocation. Management Science, 31(12):1509–1522, 1985.

[109] F. Glover and M. Laguna. Tabu Search. Kluwer Academic Publishers, Dordrecht, 1997.

[110] J.M. Godard. Simulated annealing for multiobjective travel organization problems.

Technical report, University of Mons-Hainaut, Belgium, 1998. Paper presented at EURO XVI, July 12-15 1998, Brussels, Belgium.

[111] D. E. Goldberg. Genetic Algorithms in Search, Optimization and Machine Learning.

Addison-Wesley Publishing Co., Reading, Mass., 1989.

[112] D. Granot. A new exchange property for matroids and its application to max-min problems. Zeitschrift für Operations Research, 28:41–45, 1984.

[113] G.I. Green, C.S. Kim, and S.M.. Lee. A multicriteria warehouse location model. Int.

J. Phys. Distrib. Mater. Manag., 11(1):5–13, 1981.

[114] A. Gupta and A. Warburton. Approximation methods for multiple criteria travelling salesman problems. In Y. Sawaragi, editor, Towards Interactive and Intelligent Decision Support Systems: Proceedings of the 7th International Conference on Multiple Criteria Decision Making, Kyoto, volume 285 of Lecture Notes in Economics and Mathematical Systems, pages 211–217. Springer Verlag, Berlin, 1986.

[115] D.K. Halder and A. Majumber. A method for selecting optimum number of stations for a rapid transit line: An application in Calcutta tube rail. In N.K. Jaiswal, editor, Scientific Management of Transport Systems, pages 97–108, 1981.

[116] H.W. Hamacher. Determining minimal cuts with a minimal number of arcs. Networks, 12:493–504, 1982.

[117] H.W. Hamacher. K best network flows. Annals of Operations Research, 57:65–72, 1995. Special Volume “Industrial Systems”.

[118] H.W. Hamacher, M. Labbé, and S. Nickel. Multicriteria network location problems with sum objectives. Networks, 33:79–92, 1999.

[119] H.W. Hamacher and G. Ruhe. On spanning tree problems with multiple objectives.

Annals of Operations Research, 52:209–230, 1994.

[120] E.L. Hannan. Allocation of library founds for books and standing orders – a multiple objective formulation. Computers and Operations Research, 5:109–114, 1978.

[121] T. Hanne. On the convergence of multiobjective evolutionary algorithms. European Journal of Operational Research, 117:553–564, 1999.

[122] T. Hanne. Global multiobjective optimization using evolutionary algorithms. Journal of Heuristics, In Press, 2000.

[123] M.P. Hansen. Solving multiobjective knapsack problems using MOTS. Technical report, Institute of Mathematical Modelling, Technical University of Denmark, 1997. Paper presented at MIC 97, July 21-24 1997, Sophia Antipolis, France.

[124] M.P. Hansen. Tabu search for multiobjective optimization: MOTS. Technical report, Technical University of Denmark, 1997. Paper presented at MCDM 13, January 6-10 1997, Cape Town, South Africa.

[125] M.P. Hansen. Metaheuristics for multiple objective combinatorial optimization. PhD thesis, Institute of Mathematical Modelling, Technical University of Denmark, Lyngby, Denmark, 1998. Report IMM-PHD-1998-45.

[126] M.P. Hansen. Use of substitute scalarizing functions to guide a local search based heuristics : The case of moTSP. Journal of Heuristics, In Press, 2000.

[127] M.P. Hansen and A. Jaszkiewiecz. Evaluating the quality of approximatios to the non-dominated set. Technical report, Institute of Mathematical Modelling, Technical University of Denmark, Lyngby, 1998. Technical Report IMM-REP-1998-7.

[128] P. Hansen. Bicriterion path problems. In G. Fandel and T. Gal, editors, Multiple Criteria Decision Making Theory and Application, number 177 in Lecture Notes in Economics and Mathematical Systems, pages 109–127. Springer Verlag, Berlin, 1979.

[129] P. Hansen, J.F. Thisse, and R.E. Wendell. Efficient points on a network. Networks, 16:357–368, 1986.

[130] M. Hapke, A. Jaszkiewicz, and R. Slowinski. Interactive analysis of multiple-criteria project scheduling problems. European Journal of Operational Research, 107:315– 324, 1998.

[131] M. Hapke, A. Jaszkiewicz, and R. Slowinski. Pareto simulated annealing for fuzzy multi-objective combinatorial optimization. Journal of Heuristics, In Press, 2000.

[132] R.M. Harnett and J.P. Ignizio. A heuristic program for the covering problem with multiple objectives. In J.L. Cochrane and M. Zeleny, editors, Multiple Criteria Decision Making, pages 738–740. University of South Carolina Press, Columbia, SC, 1973.

[133] R. Hartley. Vector optimal routing by dynamic programming. In P. Serafini, editor, Mathematics of Multiobjective Optimization, volume 289 of CISM International Centre for Mechanical Sciences – Courses and Lectures, pages 215–224. Springer Verlag, Wien, 1985.

[134] M.I. Henig. The shortest path problem with two objective functions. European Journal of Operational Research, 25:281–291, 1985.

[135] M.I. Henig. Efficient interactive methods for a class of multiattribute shortest path problems. Management Science, 40(7):891–897, 1994.

[136] A. Hertz, B. Jaumard, C. Ribeiro, and W. Formosinho Filho. A multi-criteria tabu search approach to cell formation problems in group technology with multiple objectives. RAIRO – Recherche Opérationnelle/Operations Research, 28(3):303–328, 1994.

[137] M.J. Hodgson, K.E. Rosing, and A.L.G. Storrier. Testing a bicriterion locationallocation model with real-world network traffic: The case of edmonton, canada. In J. Climaco, editor, Multicriteria Analysis, pages 484–495. Springer-Verlag, Berlin, 1997.

[138] S.C. Hong and Y.B. Park. A heuristic for bi-objective vehicle routing with time window constraints. International Journal of Production Economics, 62:249–258, 1999.

[139] J.A. Hoogeveen. Single-Machine Bicriteria Scheduling. PhD thesis, Technische Universiteit Eindhoven, The Netherlands, 1992.

[140] J. Horn, N. Nafpliotis, and D.E. Goldberg. A niched Pareto genetic algorithm for multiobjective optimization. In Proceedings of the First IEEE Conference on Evolutionary Computation, IEEE World Congress on Computational Intelligence, Piscataway, New Jersey, June 1994, volume 1, pages 82–87. IEEE Service Center, 1994.

[141] F. Huarng, P. Pulat, and A. Ravindran. An algorithm for bicriteria integer network flow problem. In Proceedings of the 10th International Conference on Multiple Criteria Decision Making, Taipei, Taiwan, volume III, pages 305–318, 1992.

[142] F. Huarng, P.S. Pulat, and L.S. Shih. A computational comparison of some bicriterion shortest path algorithms. Journal of the Chinese Institute of Industrial Engineers, 13(2):121–125, 1996.

[143] K. Huckert, R. Rhode, O. Roglin, and R. Weber. On the interactive solution to a multicriteria scheduling problem. Zeitschrift für Operations Research, 24:47–60, 1980.

[144] J.W. Hultz, D. Klingman, T.G. Ross, and R.M. Soland. An interactive computer system for multicriteria faciliy location. Computers and Operations Research, 8(4):249– 261, 1981.

[145] V.A. Hutson and C.S. ReVelle. Maximal direct covering tree problem. Transportation Science, 23:288–299, 1989.

[146] V.A. Hutson and C.S. ReVelle. Indirect covering tree problems on spanning tree networks. European Journal of Operational Research, 65:20–32, 1993.

[147] J.P. Ignizio. Goal Programming and Extensions. Lexington Books, Lexington, KY, 1976.

[148] J.P. Ignizio. An approach to the modelling and analysis of multiobjective generalized networks. European Journal of Operational Research, 12:357–361, 1983.

[149] J.P. Ignizio, D.F. Palmer, and C.M. Murphy. A multicriteria approach to supersystem architecture definition. IEEE Transactions on Computers, 31:410–418, 1982.

[150] H. Isermann. Proper efficiency and the linear vector maximum problem. Operations Research, 22:189–191, 1974.

[151] H. Isermann. The enumeration of all efficient solutions for a linear multiple-objective transportation problem. Naval Research Logistics Quarterly, 26:123–39, 1979.

[152] F.R. Jacobs. A layout planning system with multiple criteria and a variable domain representation. Management Science, 33(8):1020–1034, 1987.

[153] H.K. Jain and A. Dutta. Distributed computer system design: A multicriteria decision-making methodology. Decision Sciences, 17:437–453, 1986.

[154] A. Jaszkiewicz. Genetic local search for multiple objective combinatorial optimization. Technical report, Institute of Computing Science; Poznan University of Technology, Poland, 1998. Working paper RA-014/98.

[155] K. Joernsten and M. Lind. On bicriterion minimum spanning trees. Technical report, Department of Operations Research, University of Aarhus, Denmark, 1994.

[156] D. Jones and M. Tamiz. Investigation into the incorporation and use of multiple objectives in genetic algorithms. Paper presented at MCDM 14, June 8 – 12 1998, Charlottesville, VA, 1998.

[157] T.C.U. Kalu. Capital budgeting under uncertainty: An extended goal programming approach. International Journal of Production Research, 58(3):235–251, 1999.

[158] C.P. Keller. Routing to cover time-dependet demand: A multiobjective approach.

In Instrument Society of America, editor, Proceedings of the 16th Annual Pittsburgh Conference on Modeling and Simulation, 1985.

[159] C.P. Keller. Algorithms to solve the orienteering problem. European Journal of Operational Research, 41:224–231, 1989.

[160] C.P. Keller and M.F. Goodchild. The multiobjective vending problem: A generalisation of the traveling salesman problem. Environmantal Planning B: Planning Design, 15:447–460, 1988.

[161] K. Klamroth and M. Wiecek. Dynamic programming approaches to the multiple criteria knapsack problem. Technical report, Clemson University, 1998. Technical Report No. 666. To appear in Naval Research Logistics.

[162] K. Klamroth and M. Wiecek. Time-dependent capital budgeting with multiple criteria. Technical report, Clemson University, 1998. Technical Report No. 663. To appear in Proceedings of the 14th International Conference on Multiple Criteria Decision Making.

[163] K. Klamroth and M. Wiecek. A time-dependent multiple criteria knapsack problem.

Technical report, Clemson University, 1998. Technical Report No. 664. Submitted to Journal of Mathematical Analysis and Applications.

[164] D. Klingman and J. Mote. Solution approaches for network flow problems with multiple criteria. Advances in Management Studies, 1(1):1–30, 1982.

[165] D. Klingman and N.V. Philips. Topological and computational aspects of preemptive multicriteria military personnel assignment problems. Management Science, 30(11):1362–1375, 1984.

[166] D.L. Knutson, L.M. Marquis, D.N. Ricchiute, and G.J. Saunders. A goal programming model for achieving racial balance in public schools. Socio-Economic Planning Sciences, 14:109–116, 1980.

[167] M. Köksalan. A heuristic approach to bicriteria scheduling. Technical report, Industrial Engineering Department, Middle East Technical University, Ankara, Turkey, 1995. Technical report 93-20.

[168] M. Köksalan, M. Azizoglu, and S.K. Kondakci. Heuristics to minimize flowtime and maximum earliness on a single machine. Technical report, Krannert School of Management, Purdue University, 1995. CMME Working Paper Series No. 95-10-1.

[169] M. Köksalan, M. Azizoglu, and S.K. Kondakci. Minimizing flowtime and maximum earliness on a single machine. IIE Transactions, 30:192–200, 1998.

[170] E. Koktener and M. Köksalan. A simulated annealing approach to bicriteria scheduling problems on a single machine. Journal of Heuristics, In Press, 2000.

[171] S.K. Kondakci, M. Azizoglu, and M. Köksalan. Scheduling with multiple criteria.

In Proceedings of the 10th International Conference on Multiple Criteria Decision Making, Taipei, Taiwan, volume III, pages 19–27, 1992.

[172] S.K. Kondakci, M. Azizoglu, and M. Köksalan. Bicriteria scheduling for minimizing flow time and maximum tardiness. Naval Research Logistics Quarterly, 43:929–936, 1996.

[173] P. Korhonen, S. Salo, and R.E. Steuer. A heuristic for estimating Nadir criterion values in multiple objective linear programming. Operations Research, 45(5):751–757, 1997.

[174] M.M. Kostreva and M.M. Wiecek. Time dependency in multiple objective dynamic programming. Journal of Mathematical Analysis and Applications, 173(1):289–307, 1993.

[175] P. Kouvelis and R.C. Carlson. Total unimodularity applications in bi-objective discrete optimization. Operations Research Letters, 11:61–65, 1992.

[176] M. Krause and V. Nissen. On using penalty functions and multicriteria optimisation techniques in facility layout. In J. Biethahn, editor, Evolutionary algorithms in management applications, pages 153–166. Springer Verlag, Berlin, 1995.

[177] H.T. Kung, F. Luccio, and F. P. Preparata. On finding the maxima of a set of vectors. Journal of the Association for Computing Machinery, 22(4):469–476, 1975.

[178] N.K. Kwak and M.J. Schniederjans. A goal programming model for improved transportation problem solutions. OMEGA, 7:376–370, 1979.

[179] N.K. Kwak and M.J. Schniederjans. Goal programming solutions to transportation problems with variable supply and demand requirements. Socio-Economic Planning Sciences, 19:95–100, 1985.

[180] M. Labbé. Location problems. In M. Dell’Amico, F. Maffioli, and S. Martello, editors, Annotated Bibliographies in Combinatorial Optimization, pages 261–281. J. Wiley & Sons, Chichester, 1997.

[181] M. Labbé, D. Peeters, and J.F. Thisse. Location on networks. In Network Routing, volume 8 of Handbooks in OR & MS, pages 551–624. Elsevier Science B.V., Amsterdam, 1995.

[182] K.D. Lawrence and J.J. Burbridge. A multiple goal linear programming model for coordinated production and logistics planning. International Journal of Production Research, 14:215–222, 1976.

[183] K.D. Lawrence, G.R. Reeves, and S.M. Lawrence. A multiple objective shift allocation model. IIE Transactions, 16(4):323–328, 1984.

[184] H. Lee. Integer solutions of bicriteria network flow problems. PhD thesis, University of Oklahoma, Norman, OK, 1991.

[185] H. Lee and P.S. Pulat. Bicriteria network flow problems: Continuous case. European Journal of Operational Research, 51:119–126, 1991.

[186] H. Lee and P.S. Pulat. Bicriteria network flow problems: Integer case. European Journal of Operational Research, 66:148–157, 1993.

[187] S. M. Lee. Goal Programming for decision analysis. Auerbach Publications, Philadelphia, PA, 1972.

[188] S.M. Lee and E.R. Clayton. A goal programming model for academic resource allocation. Management Science, 18(8):395–408, 1972.

[189] S.M. Lee, G.I. Green, and C.S. Kim. Multiple criteria model for the locationallocation problem. Computers and Operations Research, 8(1):1–8, 1981.

[190] S.M. Lee and R. Luebbe. The multicriteria warehouse location problem revisited.

Int. J. Phys. Distrib. Mater. Manag., 17(3):56–59, 1987.

[191] S.M. Lee and L.J. Moore. Optimizing transportation problems with multiple objectives. AIIE Transactions, 5:333–338, 1973.

[192] S.M. Lee and L.J. Moore. Multicriteria school busing models. Management Science, 23(7):703–715, 1977.

[193] S.M. Lee and M.J. Schniederjans. A multicriteria assignment problem: A goal programming approach. Interfaces, 13(4):75–81, 1983.

[194] L. Li and K.K. Lai. A fuzzy approach to the multiobjective transportation problem.

Computers and Operations Research, 27:43–57, 2000.

[195] M. Lind. Cooperative Game Theory and Multiple Criteria Decision Making. PhD thesis, Department of Operations Research, University of Aarhus, Denmark, 1996.

[196] M. Los and C. Lardinois. Combinatorial programming, statistical optimization and the optimal transportation network problem. Transportation Research, 16B:89–124, 1982.

[197] B. Malakooti. Multiple objective facility layout: A heuristic to generate efficient alternatives. International Journal of Production Research, 27:1225–1238, 1989.

[198] B. Malakooti and G.I. D’Souza. Multiple objective programmig for the quadratic assinment problem. International Journal of Production Research, 25:285–300, 1987.

[199] B. Malakooti, J. Wang, and E.C. Tandler. A sensor-based accelerated approach for multi-attribute machinability and tool life evaluation. International Journal of Production Research, 28:2373, 1990.

[200] J. Malczewski and W. Ogryczak. The multiple criteria location problem: 1. A generlized network model and the set of efficient solutions. Environment and Planning A, 27:1931–1960, 1995.

[201] J. Malczewski and W. Ogryczak. The multiple criteria location problem: 2.

Preference-based techniques and interactive decision support. Environment and Planning A, 28:69–98, 1996.

[202] R. Malhotra and M.C. Puri. Bi-criteria network problem. Cahiers du Centre d’Etudes Recherche Operationelle, 26(1/2):95–102, 1984.

[203] N. Marco, J. A. Désidéri, and S. Lanteri. Multi-objective optimization in CFD by genetic algorithms. Technical report, INRIA, Sophia Antoplois, France, 1999. Rapport de recheche No. 3686.

[204] R. Marett and M. Wright. A comparison of neighborhood search techniques for multiobjective combinatorial problems. Computers and Operations Research, 23(5):465– 483, 1996.

[205] E.Q.V. Martins. An algorithm to determine a path with minimal cost/capacity ratio.

Discrete Applied Mathematics, 8:189–194, 1984.

[206] E.Q.V. Martins. On a multicriteria shortest path problem. European Journal of Operational Research, 16:236–245, 1984.

[207] E.Q.V. Martins. On a special class of bicriterion path problems. European Journal of Operational Research, 17:85–94, 1984.

[208] E.Q.V. Martins. On a particular quadratic network problem. European Journal of Operational Research, 29:317–327, 1987.

[209] E.Q.V. Martins. Bibliography of papers on multiobjective optimal path problems.

www.mat.uc.pt/~eqvm/Bibliografias.html, 1996.

[210] E.Q.V. Martins and J.C.N. Climaco. On the determination of the nondominated paths in a multiobjective network problem. Methods of Operations Research, 40:255– 258, 1981.

[211] E.Q.V. Martins and J.L.E. Santos. An algorithm for the quickest path problem.

Operations Research Letters, 20(4):195–198, 1997.

[212] A.J. Mehta and A.K. Rifai. Applications of linear programming vs. goal programming to assignment problems. Akron Business and Economic Review, 7:52–55, 1976.

[213] A.J. Mehta and A.K. Rifai. Goal programming application to assignment problem in marketing. Journal of Marketing Science, 7:108–116, 1979.

[214] G. Mensch. Zur Berücksichtigung mehrerer Zielfunktionen bei der optimalen Personalanweisung. Schmalenbach’s Zeitschrift für betriebswirtschaftliche Forschung, 23:200–207, 1971.

[215] M. Minoux. Solving combinatorial problems with combined min-max–min-sum objective and applications. Mathematical Programming, 45:361–372, 1989.

[216] P. Modesti and A. Sciomachen. A utility measure for finding multiobjective shortest paths in urban multimodal transportation networks. European Journal of Operational Research, 111(3):495–508, 1998.

[217] S. Mohri, T. Masuda, and H. Ishii. Bi-criteria scheduling problem on three identical parallel machines. International Journal of Production Economics, 60-61:529–536, 1999.

[218] L.J. Moore, B.W. Taylor, and S.M. Lee. Analysis of a transshipment problem with multiple conflicting objectives. Computers and Operations Research, 5:39–46, 1978.

[219] H. Morita and N. Katoh. A genetic algorithm for multiobjective scheduling problems.

Technical report, University of Osaka, Japan, 1997. Paper presented at EURO XV, July 14-17 1997, Barcelona, Spain.

[220] J. Mote, I. Murthy, and D.L. Olson. A parametric approach to solving bicriterion shortest path problems. European Journal of Operational Research, 53:81–92, 1991.

[221] T. Murata and H. Ishibuchi. MOGA: Multi-objective genetic algorithms. In Proceedings of the 2nd IEEE International Conference on Evolutionary Computing, Perth, Australia, pages 289–294, 1995.

[222] C. Murphy and J.P. Ignizio. A methodology for multicriteria network partitioning.

Computers and Operations Research, 11(2):1–11, 1984.

[223] I. Murthy and S.S. Her. Solving min-max shortest-path problems on a network.

Naval Research Logistics, 39:669–683, 1992.

[224] I. Murthy and D. Olson. An interactive procedure using domination cones for bicriterion shortest path problems. European Journal of Operational Research, 72(2):418– 432, 1994.

[225] K.G. Murty. Network Programming. Prentice Hall, Englewood Cliffs, NJ, 1992.

[226] A. Mustafa and M. Goh. Assigning faculty to courses: A multiple objective approach using DINAS. In H.G. Lee and K.Y. Tam, editors, Proceedings of the First Asia- Pacific Decision Sciences Institute Conference, pages 671–680, 1996.

[227] A. Mustafa and M. Goh. Characteristics of the efficient solutions of bicriteria and tricriteria network flow problems. In R. Caballero, F. Ruiz, and R.E. Steuer, editors, Advances in Multiple Objective and Goal Programming, volume 455 of Lecture Notes in Economics and Mathematical Systems, pages 131–139. Springer Verlag, Berlin, 1997.

[228] A. Mustafa and M. Goh. Finding integer efficient solutions for bicriteria and tricriteria network flow problems. Computers and Operations Research, 25(2):139–157, 1998.

[229] P. Neumayer. Complexity of optimization on vectorweighted graphs. In A. Bachem, U. Derigs, M. Jünger, and R. Schrader, editors, Operations Research 93, pages 359– 361. Physica Verlag, Heidelberg, 1994.

[230] N. Nihan and E. Morlock. A planning model for multiple-mode transportation system operation. Transprtation Planning and Technology, 3:59–73, 1976.

[231] W. Ogryczak. Location problems from the multiple criteria perspective: Efficient solutions. Technical Report 94-019, Université Libre de Bruxelles, Belgium, 1994.

[232] W. Ogryczak. On the lexicographic minimax approach to location problems. European Journal of Operational Research, 100:566–585, 1997.

[233] W. Ogryczak, K. Studzinski, and K. Zorychta. A solver for the multi-objective transshipment problem with facilty locatin. European Journal of Operational Research, 43:53–64, 1989.

[234] J.P. Osleeb and S. Ratick. A mixed integer and multiple objective programming model to analyze coal handling in new england. European Journal of Operational Research, 12:302–313, 1983.

[235] I. Osman and G. Laporte. Metaheuristics: A bibliography. Annals of Operations Research, 63:513–623, 1996.

[236] A. Osyczka. The min-max approach to a multicriterion network optimization problem. In P. Dewilde, editor, Mathematical Theory of Networks and Systems, pages 316–320, 1979.

[237] Y.B. Park and C.P. Koelling. A solution of vehicle routing problems in a multiple objective context. Engineering Costs and Production Economics, 10:121–132, 1986.

[238] Y.B. Park and C.P. Koelling. An interactive computerized algorithm for multicriteria vehicle routing problems. Computers and Industrial Engineering, 16:477–490, 1989.

[239] B. Pelegrin and P. Fernandez. On the sum-max bicriterion path problem. Computers and Operations Research, 25(12):1043–1054, 1998.

[240] J. Perl. Goal-programming approach to multiobjective highway design model. Transportation Research Record, 751:41–51, 1980.

[241] K. Philipp and R. Staudte. Das n-dimensionale Zuweisungsproblem bei mehrfacher Zielsetzung. Wissenschaftliche Zeitschrift der Technischen Hochschule Karl-Marx- Stadt, 24:255–258, 1982.

[242] N.V. Phillips. A weighting function for pre-emptive multicriteria asignment problems.

Journal of the Operational Research Society, 38(9):797–802, 1987.

[243] M.A. Pollatschek. Personnel assignment by multiobjective programming. Zeitschrift für Operations Research, 20:161–170, 1976.

[244] S. Prakash. A transportation problem with objectives to minimize total cost and duration of transportation. Opsearch, 18(4):235–238, 1981.

[245] S. Praksh. A machnine-assignment problem with two objectives. Bulletin of the Technical University Istanbul, 35:235–253, 1982.

[246] S.Y. Prasad. Approximation error analysis in bicriteria heuristics. Journal of Multi- Criteria Decision Analysis, 7(3):155–159, 1998.

[247] P.S. Pulat, F. Huarng, and H. Lee. Efficient solutions for the bicriteria network flow problem. Computers and Operations Research, 19(7):649–655, 1992.

[248] A.P. Punnen. On combined minmax-minsum optimization. Computers and Operations Research, 21(6):707–716, 1994.

[249] A.P. Punnen and Y.P. Aneja. Minmax combinatorial optimization. European Journal of Operational Research, 81:634–643, 1995.

[250] A.P. Punnen and K.P.K Nair. An O(m log n) algorithm for the max + sum spanning tree problem. European Journal of Operational Research, 89:423–426, 1996.

[251] H.L. Bhatia R. Malhotra and M.C. Puri. Bi-criteria assignment problem. Operations Research, 19(2):84–96, 1982.

[252] V. Rajendra Prasad, N.P.K. Nair, and Y.P. Aneja. A generalized time-cost trade-off transportation problem. Journal of the Operational Research Society, 44:1243–1248, 1993.

[253] R.M. Ramos, S. Alonso, J. Sicilia, and C. González. The problem of the optimal biobjective spanning tree. European Journal of Operational Research, 111:617–628, 1998.

[254] K. Rana and R.G. Vickson. A model and solution algorithm for optimal routing of a time-chartered containership. Transportation Science, 22:83–96, 1988.

[255] P. Randolph and R. Ringeisen. Shortest paths through multicriteria networks. Technical report, Engineering Research Institute, Iowa State University, Ames, IA, 1975. Report ERI-76073.

[256] L.M. Rasmussen. Zero-one programming with multiple criteria. European Journal of Operational Research, 26:83–95, 1986.

[257] S.J. Ratick. Multiobjective programming with related bargaining games: An application to utility coal conversions. Regional Science and Urban Economics, 13:55–76, 1983.

[258] L.P. Rees, E.R. Clayton, and B.W. Taylor. A linear goal programming model of a multi-period, multi-commodity, network flow problem. Journal of Business Logistics, 8:117–138, 1987.

[259] C. Reeves. Modern Heuristic Techniques for Combinatorial Problems. Advanced Topics in Computer Science. McGrawHill, London, 1995.

[260] C. ReVelle, J.L. Cohon, and D. Shobys. Multiple objectives in facility location:

A review. In Organizations: Multiple Agents with Multiple Criteria, volume 190 of Lecture Notes in Economics and Mathematical Systems, pages 321–327. Springer Verlag, Berlin, 1981.

[261] C. ReVelle, D. Marks, and J.C. Liebman. An analysis of public and private sector location models. Management Science, 16:692–707, 1970.

[262] J. Ringuest and D. Rinks. Interactive solutions for the linear multi-objective transportation problem. European Journal of Operational Research, 32(1):96–106, 1987.

[263] M.J. Rosenblatt. The facilities layout problem: A multi-goal aproach. International Journal of Production Research, 17:323–332, 1979.

[264] M.J. Rosenblatt and Z. Sinuany-Stern. Generating the discrete efficient frontier to the capital budgeting problem. Operations Research, 37(3):384–394, 1989.

[265] G.T. Ross and R.M. Soland. A multicriteria approach to the location of public facilities. European Journal of Operational Research, 4:307–321, 1980.

[266] T. Ross and R. Soland. A multicriteria approach to the location of public facilities.

European Journal of Operational Research, pages 307–321, 1980.

[267] G. Ruhe. Complexity results for multicriteria and parametric network flows using a pathological graph of Zadeh. Zeitschrift für Operations Research, 32:59–27, 1988.

[268] G. Ruhe and B. Fruhwirth. ϵ−optimality for bicriteria programs and its application to minimum cost flows. Computing, 44(1):21–34, 1990.

[269] H.M. Safer. Fast Approximation Schemes for Multi-Criteria Combinatorial Optimization. PhD thesis, Sloan School of Management, MIT, Cambridge, MA, 1992.

[270] H.M. Safer and J.B. Orlin. Fast approximation schemes for multi-criteria combinatorial optimization. Technical report, Sloan School of Management, MIT, Cambridge, MA, 1995. Working Paper 3756-95.

[271] H.M. Safer and J.B. Orlin. Fast approximation schemes for multi-criteria flow, knapsack, and scheduling problems. Technical report, Sloan School of Management, MIT, Cambridge, MA, 1995. Working Paper 3757-95.

[272] F.S. Salman, J. Kalagnanam, and S. Murthy. Cooperative strategies for solving the bicriteria sparse multiple knapsack problem. Technical report, GSIA, Carnegie Mellon University, Pittsburgh, PA, 1999. Presented at Congress on Evolutionary Computation - CEC99, July 6-9 1999, Washington D.C., USA.

[273] N.G.F. Sancho. Multi-objective routing problem. Engineering Optimization, 10:71– 76, 1986.

[274] N.G.F. Sancho. A new type of multiobjective routing problem. Engineering Optimization, 14:115–119, 1988.

[275] Y. Sawaragi, H. Nakayama, and T. Tanino. Theory of Multiobjective Optimization.

Academic Press, Orlando, 1985.

[276] R.R. Saxena and S.R. Arora. Enumeration technique for solving the multi-objective linear set covering problem. Asia-Pacific Journal of Operational Research, 12:87 – 97, 1995.

[277] S. Sayin. Measuring the quality of discrete representations of efficient sets in multiple objective mathematical programming. Technical Report No 1997/25, Koç University, 1997. 23 pages. Paper presented at MCDM 14, June 8-12 1998, Charlottesville, VA.

[278] S. Sayin and S. Karabati. A bicriteria approach to the two-machine flow-shop scheduling problem. European Journal of Operational Research, 113(2):435–449, 1999.

[279] J.D. Schaffer. Multiple objective optimization with vector evaluated genetic algorithms. In Proceedings of the first International Conference on Genetic Algorithms and their Applications, pages 93–100. Lawrence Erlbaum, Pittsburgh, PA, 1985.

[280] M.J. Schniederjans, N.K. Kwak, and M.C. Helmer. An application of goal programming to resolve a site location problem. Interfaces, 12:65–72, 1982.

[281] P. Schoovaerts, L. Berghmans, and J. Teghem. Implementation of health facilities in a new city. Journal of the Operational Research Society, 35(12):1047–1054, 1984.

[282] D. Schweigert. Linear extensions and efficient trees. Preprint 172, University of Kaiserslautern, Department of Mathematics, 1990.

[283] D. Schweigert. Linear extensions and vector-valued spanning trees. Methods of Operations Research, 60:219–222, 1990.

[284] D. Schweigert. Vector-weighted matchings. In C.J. Colbourn and E.S. Mahmoodian, editors, Combinatorics Advances, volume 329 of Mathematics and Its Applications, pages 267–276. Kluwer Academic Publishers, Dordrecht, 1995.

[285] A. Sedeno-Noda and C. Gonzalez-Martin. An algorithm for the biobjective integer minimum cost flow problem. Computers and Operations Research, In Press, 1999.

[286] P. Serafini. Some considerations about computational complexity for multi objective combinatorial problems. In J. Jahn and W. Krabs, editors, Recent advances and historical development of vector optimization, volume 294 of Lecture Notes in Economics and Mathematical Systems. Springer Verlag, Berlin, 1986.

[287] P. Serafini. Simulated annealing for multiobjective optimization problems. In Proceedings of the 10th International Conference on Multiple Criteria Decision Making, Taipei-Taiwan, volume I, pages 87–96, 1992.

[288] I.V. Sergienko and V.A. Perepelitsa. Finding the set of alternatives in discrete multicriterion problems. Cybernetics, 27(3):673 – 683, 1991.

[289] J.S. Shang. Multicriteria facility layout problem: An integrated approach. European Journal of Operational Research, 66(3):291–304, 1993.

[290] Y. Shi. A transportation model with multiple criteria and multiple constraint levels.

Mathematical Computer Modelling, 21(4):13–28, 1995.

[291] I.K. Sigal. Algorithms for solving the two-criterion large-scale travelling salesman problem. Computational Mathematics and Mathematical Physics, 34(1):33–43, 1994.

[292] Z. Sinuany-Stern and I. Weiner. The one dimensional cutting stock problem using two objectives. Journal of the Operational Research Society, 45(2):231–236, 1994.

[293] A.J.V. Skriver and K.A. Andersen. A label correcting approach for solving bicriterin shortest path problems. Technical report, Department of Operations Research, University of Aarhus, Denmark, 1998. To appear in Computers and Operations Research.

[294] M. Sniedovich. A multi-objective routing problem revisited. Engineering Optimization, 13:99–108, 1988.

[295] R.M. Soland. The design of multiactivity multifacility systems. European Journal of Operational Research, 12:95–104, 1983.

[296] N. Srinivas and D. Kalyanmoy. Multiobjective optimization using non-dominated sorting in genetic algorithms. Evolutionary Computation, 2(3):221–248, 1994.

[297] V. Srinivasan and G.L. Thompson. Alternate formulations for static multiattribute assignment models. Management Science, 20:154–158, 1973.

[298] V. Srinivasan and G.L. Thompson. Algorithms for minimizing total cost, bottleneck time and bottleneck shipment in transportation problems. Naval Research Logistics Quarterly, 23:567–595, 1976.

[299] V. Srinivasan and G.L. Thompson. Determining cost vs. time Pareto-optimal frontiers in multi-modal transportation problems. Transporation Science, 11:1–19, 1977.

[300] R.E. Steuer, L.R. Gardiner, and J. Gray. A bibliographic survey of the activities and international nature of multiple criteria decision making. Journal of Multi-Criteria Decision Analysis, 5:195–217, 1996.

[301] B.S. Stewart and C.C. White. Multiobjective A^∗. Journal of the Association for Computing Machinery, 38(4):775–814, 1991.

[302] T.J. Stewart and H.W. Ittmann. Two-stage optimisation in transportation problem.

Journal of the Operational Research Society, 30:897–904, 1979.

[303] M. Sun, A. Stam, and R. Steuer. Solving multiple objective programming problems using feed-forward artificial neural networks: The interactive FFANN procedure. Management Science, 42(6):835–849, 1996.

[304] C. Sutcliffe and J. Board. Optimal solution of a vehicle routing problem: Transporting mentally handicapped adults to an adult training center. Journal of the Operational Research Society, 41:61–67, 1990.

[305] C. Sutcliffe, J. Board, and P. Chesire. Goal programming and allocating children to secondary schools in readig. Journal of the Operational Research Society, 35(8):719– 730, 1984.

[306] V. Sysoev and A. Dolgui. A Pareto optimization approach for manufacturing system design. In Proceedings of the IEPM99 International Conference, July 1-15 1999, Glasgow, Scotland, volume 2, pages 116–125, 1999.

[307] F. Szidarovsky, L. Duckstein, and I. Bogardi. Multiobjective management of mining under water hazard by game theory. European Journal of Operational Research, 15:251–258, 1984.

[308] H. Tamaki, M. Mori, M. Araki, Y. Mishima, and H. Ogai. Multi-criteria optimization by genetic algorithms: A case of scheduling in hot rolling process. In Proceedings of the 3rd Conference of the Association of Asian-Pacific Operational Research Societies within IFORS (APORS94), pages 374–381. World Scientific, Singapore, 1994.

[309] J. Teghem and P.L. Kunsch. Interactive methods for multi-objective integer linear programs. In G. Fandel, M. Graver, Kurzhanski, and A.P. Wierzbicki, editors, Largescale modelling and interactive decision analysis, volume 273 of Lecture Notes in Economics and Mathematical Systems, pages 75–87. Springer Verlag, Berlin, 1986.

[310] J. Teghem and P.L. Kunsch. A survey of techniques for finding efficient solutions to multi-objective integer linear programming. Asia-Pacific Journal of Operational Research, 3:95–108, 1986.

[311] J. Teghem, D. Tuyttens, and E.L. Ulungu. An interactive heuristic method for multi-objective combinatorial optimization. Technical report, Faculté Polytechnique de Mons, Belgium, 1998.

[312] J.M. Thizy, S. Pissarides, S. Rawat, and D.E. Lane. Interactive multiple criteria optimization for capital budgeting in a canadian telecommunications company. In M. Tamiz, editor, Multi-Objective Programming and Goal Programming – Theories and Applications, volume 432 of Lecture Notes in Economics and Mathematical Systems, pages 128–147. Springer-Verlag, Berlin, 1996.

[313] D. Thuente. Two algorithms for shortest paths through multiple criteria networks.

Technical report, Indiana-Purdue University, Fort Wayne, IN, 1997.

[314] V. T’Kindt. Etude des problèmes d’ordonnancement multicritères. PhD thesis, E3I, Université Francois Rabelais, Tours, France, 1999. 222 pages.

[315] V. T’Kindt, J.-C. Billaut, and H. Houngbossa. A multicriteria heuristic to solve a 2-stage hybrid flowshop scheduling problem. In Proceedings of the IEPM99 International Conference, July 1-15, Glasgow, Scotland, volume 2, pages 107–115, 1999.

[316] V. T’Kindt and J.C. Billaut. Multicriteria scheduling problems: A survey. Technical report, E3I – Université Francois Rabelais, Tours, France, 1999. 19 pages. To appear in RAIRO.

[317] V. T’Kindt and J.C. Billaut. Some guidelines to solve multicriteria scheduling problems. In IEEE Systems, Man and Cybernetics Conference Proceedings, October 10-12 1999, Tokyo, Japan, 1999.

[318] V. T’Kindt, J.C. Billaut, and C. Proust. An interactive algorithm to solve bicriteria scheduling problems on parallel machines. Technical report, E3I – Université Francois Rabelais, Tours, France, 1999. 22 pages. Submitted to EJOR.

[319] C.T. Tung. A multicriteria Pareto-optimal algorithm for the traveling salesman problem. Asia-Pacific Journal of Operational Research, 11:103–115, 1994.

[320] C.T. Tung and K.L. Chew. A bicritrion Pareto-optimal path algorithm. Asia-Pacific Journal of Operational Research, 5:166–172, 1988.

[321] C.T. Tung and K.L. Chew. A multicriteria Pareto-optimal path algorithm. European Journal of Operational Research, 62:203–209, 1992.

[322] D. Tuyttens, J. Teghem, P. Fortemps, and K. Van Nieuwenhuyse. Performance of the MOSA method for the bicriteria assignment problem. Journal of Heuristics, In Press, 2000.

[323] G.H. Tzeng, D. Teodorovic, and M.J. Hwang. Fuzzy bicriteria multi-index transportation problems for coal allocation planning of Taipower. European Journal of Operational Research, 95(1):62–72, 1996.

[324] B. Ulungu, J. Teghem, and C. Ost. Efficiency of interactive multi-objective simulated annealing through a case study. Journal of the Operational Research Society, 49:1044– 1050, 1998.

[325] E.L. Ulungu. Optimisation Combinatoire multicritere: Determination de l’ensemble des solutions efficaces et methodes interactives. PhD thesis, Faculté des Sciences, Université de Mons-Hainaut, Mons, Belgium, 1993.

[326] E.L. Ulungu and J. Teghem. Multi-objective shortest path problem: A survey. In D. Glückaufova and D. Loula, editors, Proceedings of the International Workshop on Multicriteria Decision Making: Methods – Algorithms – Applications at Liblice,Czechoslovakia, pages 176–188, 1991.

[327] E.L. Ulungu and J. Teghem. Multicriteria assignment problem – a new method.

Technical report, Faculté Polytechnique de Mons, Belgium, 1992.

[328] E.L. Ulungu and J. Teghem. Application of the two phases method to solve the bi-objective knapsack problem. Technical report, Faculté Polytechnique de Mons, Belgium, 1994.

[329] E.L. Ulungu and J. Teghem. Multi-objective combinatorial optimization problems:

A survey. Journal of Multi-Criteria Decision Analysis, 3:83–104, 1994.

[330] E.L. Ulungu and J. Teghem. The two-phases method: An efficient procedure to solve bi-objective combinatorial optimization problems. Foundations of Computing and Decision Sciences, 20(2):149–165, 1994.

[331] E.L. Ulungu and J. Teghem. Solving multi-objective knapsack problem by a branchand-bound procedure. In J. Climaco, editor, Multicriteria Analysis, pages 269–278. Springer Verlag, Berlin, 1997.

[332] E.L. Ulungu, J. Teghem, and P. Fortemps. Heuristics for multi-objective combinatorial optimisation problem by simulated annealing. In Q. Wei J. Gu, G. Chen and S. Wang, editors, MCDM: Theory and applications, pages 228–238. SCI-TECH Information services, 1995.

[333] E.L. Ulungu, J. Teghem, P Fortemps, and D. Tuyttens. MOSA method: A tool for solving multi-objective combinatorial optimization problems. Journal of Multi- Criteria Decision Analysis, 8(4):221–236, 1999.

[334] T.L. Urban. A multiple criteria model for the facilities layout problem. International Journal of Production Research, 25:1805–1812, 1987.

[335] L.G. Valiant. The complexity of computing the permanent. Theoretical Computer Science, 8:189–201, 1979.

[336] L.G. Valiant. The complexity of enumeration and reliability problems. SIAM Journal on Computing, 8(3):410 –421, 1979.

[337] L.G. Valiant and V.V. Vazirani. NP is as easy as detecting unique solutions. Theoretical Computer Science, 47:85–93, 1986.

[338] A. Viana and J. Pinho de Sousa. Using metaheuristics in multiobjective ressource constrained project scheduling. Technical report, INESC-Porto, Portugal, 1999.

[339] P. Vincke. Problèmes multicritères. Cahiers du Centre d’Etudes de Recherche Operationelle, 16:425–439, 1974.

[340] P. Vincke. Problèmes de localisation multicritères. Cahiers du Centre d’Etudes de Recherche Operationelle, 25:333–338, 1983.

[341] M. Visée, J. Teghem, M. Pirlot, and E.L. Ulungu. Two-phases method and branch and bound procedures to solve the bi-obective knapsack problem. Journal of Global Optimization, 12:139–155, 1998.

[342] A. Warburton. Worst case analysis of greedy and related heuristics for some minmax combinatorial optimization problems. Mathematical Programming, 33:234–241, 1985.

[343] A. Warburton. Aproximation of Pareto optima in multiple-objective shortest-path problems. Operations Research, 35(1):70 –79, 1987.

[344] G. Wäscher. Innerbetriebliche Standortplanung. Schmalenbach’s Zeitschrift für betriebswirtscahftliche Forschung, 36:930–958, 1984.

[345] L. Van Wassenhove and L. Gelders. Solving a bicriterion scheduling problem. European Journal of Operational Research, 4:42–48, 1980.

[346] C.C. White, B.S. Stewart, and R.L. Carraway. Multiobjective, preference-based search in acyclic OR-graphs. European Journal of Operational Research, 56:357–363, 1992.

[347] D.J. White. A special multi-objective asignment problem. Journal of the Operational Research Society, 35(8):759–767, 1984.

[348] D.J. White. The set of efficient solutions for multiple objective shortest path problems. Computers and Operations Research, 9(2):101–107, 1987.

[349] D.J. White. A bibliography on the application of mathematical programming multiple-objective methods. Journal of the Operational Research Society, 41(8):669– 691, 1990.

[350] A.B. Wijeratne, M.A. Turnquist, and P.B. Mirchandani. Multiobjective routing of hazardous materials in stochastic networks. European Journal of Operational Research, 65:33–43, 1993.

[351] X.Q. Yang and C.J. Goh. A method for convex curve approximation. European Journal of Operational Research, 97:205–212, 1997.

[352] P.L. Yu. Multiple Criteria Decision Making: Concepts, Techniques and Extensions.

Plenum Press, New York, NY, 1985.

[353] S. Zanakis. A staff to job assignment (partitioning) problem with multiple objectives.

Computers and Operations Research, 10(4):357–363, 1983.

[354] G. Zhou and M. Gen. Genetic algorithm approach on multi-criteria minimum spanning tree problem. European Journal of Operational Research, 114:141–152, 1999.

[355] U. Zimmermann. Matroid intersection problems with generalized objectives. In A. Prékopa, editor, Survey of Mathematical Programming: Proceedings of the 9th International Mathematical Programming Symposium Budapest 1976, volume 2, pages 383–392. North-Holland, Amsterdam, 1980.

[356] U. Zimmermann. Linear and Combinatorial Optimization in Ordered Algebraic Structures. Number 10 in Annals of Discrete Mathematics. North-Holland, Amsterdam, 1981.

[357] S. Zionts. A survey of multiple criteria integer programming methods. Annals of Discrete Mathematics, 5:389–398, 1979.