Some Personal Views

on the Current State and the Future of Locational Analysis

Edited by Ioannis Giannikos and Stefan Nickel Written by P. Avella, S. Benati, L. Cánovas Martinez, K. Dalby, D. Di Girolamo, B. Dimitrijevic, G. Ghiani, I. Giannikos, N. Guttmann, T. H. Hultberg, J. Fliege, A. Marin, M. Munõz Márquez, M. M. Ndiaye, S. Nickel, P. Peeters, D. Pérez Brito, S. Policastro, F. A. Saldanha de Gama, P. Zidda

January 2, 1996

Abstract

In this paper a group of participants of the 12th European Summer Institute which took place in Tenerife, Spain in June 1995 present their views on the state of the art and the future trends in Locational Analysis. The issues discussed include modelling aspects in discrete Location Theory, the influence of the distance function, the relation between discrete, network and continuous location, heuristic techniques, the state of technology and undesirable facility location. Some general questions are stated regarding the applicability of location models, promising research directions and the way technology affects the development of solution techniques.

Contents

1 Introduction 3

2 State of the models in discrete Location Theory 3 2.1 Are models robust? . . . . . . . . . . . . . . . . . . . . . . . . 3 2.2 What new assumptions can be made? . . . . . . . . . . . . . 4 2.3 Are the objective functions realistic? . . . . . . . . . . . . . . 5 2.4 Further Developments . . . . . . . . . . . . . . . . . . . . . . 5

3 Axioms, or: What is a good Distance Measure? 6

4 Is there a gap between network, discrete and continuous Location Theory? 8

5 Dynamic Change 10

6 Inhomogeneous Distance Measures 11

7 The structure of the demand 11

8 Undesirable Facility Location 12

9 Heuristic Techniques 16 9.1 Simulated Annealing . . . . . . . . . . . . . . . . . . . . . . . 16 9.2 Tabu Search . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17 9.3 Genetic Algorithms . . . . . . . . . . . . . . . . . . . . . . . . 17 9.4 Artificial Neural Networks . . . . . . . . . . . . . . . . . . . . 18 9.5 Lagrangean Relaxation . . . . . . . . . . . . . . . . . . . . . . 18 9.6 Applications in Locational Analysis . . . . . . . . . . . . . . . 19

10 State of technology 20 10.1 Parallel processing and computation speed . . . . . . . . . . . 20 10.2 Data Structures and our way of thinking about algorithm per- formance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21 10.3 How can technology influence the models we build? . . . . . . 22

11 Concluding Remarks 23

1 Introduction

Every young scientist has to find his way through the literature of the field he wants to work on. Furthermore he (or she) has to identify a niche with enough potential for his (or her) own research.

This difficulty of this task is the motivation for this paper, where the participants of the 12th European Summer Institute tried to describe from their perspective what these aforementioned niches for Location Theory may look like. One goal of the paper therefore is to show what young researchers are interested in. Another goal is to give people new to the field an impression of what might be interesting to look at in Location Theory. Especially to reach the latter goal we have included many references. The rest of the paper is organized as follows:

In the first section we discuss the state of the models in discrete Location Theory. In the next sections, we will consider the axiomatic foundations of distance measures and how these foundations permeate the three main branches of Locational Analysis (discrete, network and continuous Location Theory). Moreover, some specific directions for further research, like inhomogeneous distance measures and dynamic change are discussed. Section 8 is devoted to undesirable facility location, which seems to be a very important branch of Location Theory. After that heuristic techniques and their application to facility location problems are discussed. This section is followed by a section in which the state of technology and its influence on Location Theory is described. The paper ends with some conclusions.

2 State of the models in discrete Location Theory

During the 12th European Summer Institute the discussions among participants and lecturers covered a large variety of topics. One of the most popular and, sometimes, controversial issues was the state of the most common models in terms of their applicability, especially in discrete location theory. It would be virtually impossible to report all the views that were stated during ESI XII. Our objective in this section is to raise some issues which, we feel, are important and stimulate constructive discussions among researchers and practitioners within our discipline.

2.1 Are models robust?

We have the feeling that very little remains to be added to the basic models of the discipline. In many cases the p-centre, the p-median and the uncapacitated facility location models provide the general framework upon which one can fit the peculiar location problem which one is aiming to solve. They provide both the theoretical setting and the computational techniques on which one can rely. Since these problems are NP-hard, we can never be safe against some really bad data instances. However, it is a common belief that “realistic” problems i.e. with say some hundreds of nodes, can actually be solved in a “reasonable” amount of time with the currently available technology, see [27, 71, 92, 116]. Clearly, what we mean by “realistic” and “reasonable” is very much dependent on each particular problem. The next obvious question is whether it is sufficient to approximate real life problems by the classical models in the literature or whether these models should be extended.

2.2 What new assumptions can be made?

The assumptions of the basic models are that every variable is controlled by the decision-maker. We are in a world where there is no room for uncertainty and once a decision has been made, the problem is just to implement it. We assume that there is a complete separation between a first phase where all the variables are evaluated and a second phase where one has to carry out a schedule of activities. However, this distinction is not always acceptable.

First of all, in some real life problems the optimal solution is very sensitive to the data, and a small modification, say an error of measurement or an unforeseeable delay, can completely break the optimal planning. Worst of all, it has been mentioned that such unexpected events can provoke a loss of money larger than the savings that could be achieved by solving the problem optimally, [118].

Possible ways to address this problem include the introduction of constraints that prevent some very weak solution, see [42]. Probabilistic or fuzzy measures can be introduced as well, [3, 4, 8, 47]. If any other extension fails, the use of classic Monte-Carlo simulation methods may prove effective [33].

Breaks from the optimal schedule can also arise because it is not even true that every variable is controlled by the decision maker. Sometimes in a real world situation the decision-maker must take into account the decisions of other agents or interested parties. In a competitive environment, for instance, the decision maker must forecast the behaviour of the competitors as well as the behaviour of the customers. If these forecasts are based on rather simplistic assumptions, the model may prove to be impractical. In this case, we must introduce consistent assumptions regarding the behaviour of all agents in the problem. Possible ways to achieve this are to study the locational process within the framework of competitive game theory [69, 73], introduce utility functions to model the reaction of the agents [52, 100] and see the overall locational process as a multi-period optimization problem [82].

Another interesting development of our discipline is to consider models that are able to react to the break of the optimal planning. Consider, for instance, the problem of locating a mobile unit to cope with certain emergencies. In some cases certain data items may differ significantly from their expected values or may not be available early enough for an “optimal” location to be chosen. In such cases one needs a flexible rule to cope with certain changes in the data. Some early studies suggest that a useful tool for real life routing problems can be neural networks (see [20, 116, 129]). It would be interesting to investigate whether certain location problems lend themselves to this kind of approach.

2.3 Are the objective functions realistic?

In many realistic situations the classic objective functions are not really appropriate. The standard efficiency measure is the minsum objective (minimize the sum of all distances or costs) whereas the standard equity measure is the minmax objective (minimize maximum distance). However, there are many circumstances where these objectives are not applicable. Certain locations may interact with each other, for instance, in which case the linearity of the model is broken (see [19]). In other cases it is required that the final decision be not strongly correlated with the location of a particular agent. Finally, there may be cases where the chosen location is obtained by the simulation of a voting process [73, 76].

The very nature of locational decisions, which often involve several agents with conflicting objectives, suggests that multi-objective approaches are more appropriate for analysing complex situations (see [25, 34, 35]).

2.4 Further Developments

We conclude this set of remarks with a few comments about three fields of application of location analysis which appear promising for new development. To another subject — obnoxious facility location — we devote another section of this paper.

• Competition (see [16, 29, 52, 54, 42, 95]). It is very easy to understand that almost every economic decision involving facility location is made in a competitive market, and that in real life factories are relocated according to the advantages in taxes, prices, wages, etc. In economic theory it is well known that very puzzling effects can be observed when firms compete in both price and location [40]. Therefore we must pay attention to the way we formulate the model since, generally speaking, we may wish to optimize in such a way that the competitors could not immediately react, thus reducing the profit!

• Path locations (see [34, 35, 136]). Path location problems are about the determination of a path connecting two nodes of a network. This problem arises in a large number of applications: oil pipelines, electric lines, waterworks, sewers and transportation lines. One of the main features of these problems is that the cost function includes two components: the path construction cost and the loss due to the inaccessibility of the network. Dealing with these two costs can lead to different formulations of the problem. It appears that multi-objective methods are more appropriate in this setting. Moreover, the models proposed so far cannot represent transportation networks realistically because the users’ demand is not associated to single nodes but to pairs of origindestination nodes since the path location and the user routes depend on each other. In this case, one or more concurrent transportation systems should be considered.

In conclusion, our impression is that there is large room for improving the way models are formulated. This does not necessarily mean developing more complicated models trying to assess every detail, but developing new simple models which must be robust to cope with the complexities of reality.

3 Axioms, or: What is a good Distance Measure?

When one wants to model the location of some facilities, one must determine the set of facilities and the interactions between its elements. But some difficulties appear when one wants to evaluate these interactions (deviation, travel time, travel cost, . . . ). The following questions arise naturally. Are distances between two facilities what we have in mind or what is really measured? Did users and servers have the same evaluation of a given deviation (question of opportunity)? From two metrics d_1 and d_2 two different evaluations can appear in the sense that d_1(x, y) ≤ d_1(y, z) and d_2(x, y) > d_2(y, z). So how can we define a good evaluation tool which takes into account the peculiarities of all interactions ?

The choice that we made, implies the structure of the problem and “. . . what is chosen as the distances between two points determines the geometry that results” [90]. According to the space we use (discrete, network, continuous) the evaluating function may have different properties.

The formalization of such functions requires some “natural” properties. So from a mathematical point of view, we need some assumptions in order to have a good interaction evaluation tool.

For a given set X (where we want to locate), we define a distance (or metric) on X as a function which satisfies the following four conditions.

For any elements x, y and z in X,

• (p_1) d(x, y) ≥ 0 (non negativity) • (p_2) d(x, y) = 0 ⇔ x = y (definiteness) • (p_3) d(x, y) = d(y, x) (symmetry) • (p_4) d(x, y) + d(y, z) ≥ d(x, z) (triangle inequality).

Now we look at some familiar examples of evaluation functions:

In continuous location, the most usual evaluation functions are Minkowski’s distances (l_p distances) which are defined in the plane by: l_p(x, y) = `_{(x}

1 − y_1)^p + (x_2 − y_2)^p ´_{1/p, 1 ≤ p < ∞.} While dealing with the l_p family, the most referred to distance measures are the Euclidean distance for p = 2 and the rectilinear (or Manhattan) distance for p = 1. There are also polyhedral distances for which a finite number of permitted moving directions is given (see [145]).

Such distances are used for example in spatial analysis to have approximate evaluations in transportation networks.

Without the property (p_3), d is a quasi-distance. For example, the shortest path between two nodes a and b defines a quasi-distance d in an oriented graph (see [85, 74]).

There are other kinds of evaluation functions (see [79]): - if (p_2) fails then the function d is a semi-distance (or pseudo-distance). - if d satisfies (p_1), (p_4) and the following property (p_5), i.e. d(x, y) = 0 if x = y, then d is a weak distance.

We will not discuss the applicability of these conditions, our purpose here is just to show in what way we can introduce some formalization of an evaluation function.

Technical tools used to solve a problem are consequences of its structure and in this way imply a close link to distance functions. Therefore computational techniques (algorithms, heuristics, simulations, . . . ), the use of convex analysis (see [112]) depend directly on the selected metric. Structure and stability of the solution set (see [51, 50]), coincidence conditions (in multi-facility location, see [126, 114]), are also affected by the choice one made.

4 Is there a gap between network, discrete and continuous Location Theory?

On the first sight these three areas have not much in common besides the fact that in every area location problems are solved. Completely different types of algorithms and also completely different naming schemes are witness of some gaps. But looking under the surface we will discover some bridges over the gaps. The key concept which will allow us to construct these bridges is the underlying assumption of (nearly) all location problems that the goodness of a chosen location has something to do with the distance one has to cover to reach this location.

Mathematically speaking we have to look for the (different?) metric spaces which are behind the different areas of Location Theory, since only metric spaces allow us to use the word distance in a well defined way. (As a remark for the mathematicians: in this part of the survey we do not distinguish between symmetric, asymmetric or weak metrics to make things easy!)

In continuous Location Theory a great variety of distance measures is available (see, for example [146, 51, 14, 91, 59, 120, 127, 138, 112, 119]). Also some work has been done on the applicability of the different concepts (see, for example [142, 15, 10, 11, 13, 9, 101, 103]). One of the problems here is that the classes of metrics looked at are mostly derived from norms or gauges (for a survey see [128]) and therefore only a small subclass of metrics is covered.

In network location we determine somehow the way to go between two nodes in the network (at least this means we assume this data to be given) and define the distance between any two nodes to be the shortest path in the network. The next result justifies the usage of the word distance:

Theorem 4.1 (see [70]) There is a one to one correspondence between finite metric spaces and undirected networks with positive edge lengths.

This theorem can also be extended to the asymmetric case, where we have a correspondence to directed networks.

At this point we can formulate the differences and similarities of continuous and network location with respect to distances: In both areas we are operating in a metric space, but in continuous location we choose the metric according to the setting, while in network location the metric space is automatically given by virtue of Theorem 4.1 and the definition of network distances (see also [18]).

So far we have only discussed network location problems, where the new facilities and also the clients are restricted to the nodes of the network. Since a lot of discrete location problems are derived from such a structure the discussion above carries over to discrete location problems. Therefore we have established some formal relationship between all the three areas. In the following we will extend our discussion to absolute network location problems, where location is also allowed on the edges of the network.

In the case where locating on edges is allowed the same problem as in continuous location problems arises: what distance definition should be used for two points on the interior of an edge. Some alternatives are discussed in [96] (see also references therein). Usually one assumes linear behaviour of the distance which yields a very strong connection to continuous location problems with polyhedral gauges or polyhedral norms (block norms). This is the case since we can find for every continuous location problem with polyhedral gauges an equivalent (except alternative optima) absolute network location problem. The converse is not true, since we can always construct networks which only rely on metric spaces and these metrics are not necessarily generated by gauges (see Theorem 4.1). But for real life problems it would be very interesting to have some mathematical error bounds. Empirical tests have been done by [142] and recently by [103]. An application of this discussion can be found in [7] where a continuous location problem with barriers under the Manhattan metric is transformed into a network location problem.

If we look at trees the relationship becomes even tighter, because concepts like convexity carry over [41, 104].

As a conclusion we can state the following: One important challenge in Location Theory is to make the crossing between the different discussed areas more transparent and algorithmically practicable. It is easy to imagine a scenario where we get some continuous data from a Geographical Information System (GIS). To handle that data we convert it to some network based problem. Maybe we even try to make a discrete model out of it. But finally we have to interpret our solution in the original continuous space. This process includes some very hard problems, such as:

• When is it better to formulate a given real-world problem in a discrete space and when should one use a network or a continuous formulation?

• How can we handle spatial requirements and how can we transform them from continuous to discrete problems?

• How can we handle barriers and forbidden regions given in continuous space on networks? (i.e. How should we map these geometrical objects onto a network structure?)

• How can we approximate a network distance by some continuous space distance and vice versa?

• How can we handle inhomogeneous distances (see the section ‘Inhomogeneous Distances’ below)?

Given the current state of continuous, network and discrete Location Theory, the first problem is certainly the most important one. The other problems include some well known research problems in combinatorial optimization, such as Steiner Trees or more general optimal realizations of metrics on networks (see, for example [144, 135, 44]).

5 Dynamic Change

It seems that there is only one part of Location Theory in which timedependent decision making naturally comes into play: competitive Location Theory (see, e. g. [123, 53, 117]). There, two or more players try to locate their facilities (firms in the market) in such a way that their overall gain is maximized. Time dependencies result directly from the competitive environment, since in many problem formulations the players play against each other and interchange their moves. This part of locational analysis is closely connected to game theory and voting theory [106, 143]. For example, it can be shown that in some metric spaces there is a close connection between Condorcet points, Simpson points, and Fermat points [94, 48, 117]. Apart from that, dynamic location is mostly used in scenarios where there is not enough money to build all facilities at the same time [137], in which a fixed time period for using a facility is known in advance or in which the demand [130] or the type and cost of the interactions change in time. Of course, it is easy to introduce time-dependent parameters in all problem formulations and globalize the resulting family of ordinary problems by way of a globalizing function. Another idea is to make not only the parameters dynamic, but also the placement process. This can be done, for example, by introducing time-dependent placement or opening costs (and likewise, costs for closing facilities). Problems of this type have already been formulated in discrete Location Theory, where the resulting problem is most often a mixed integer linear program (MILP). The main difficulty which arises is the number of unknowns, since in many problem formulations the dimension of the static (time-independent) problem is multiplied by the number of time steps in the new model. This means that standard techniques of combinatorial optimization may not be helpful here. One way of tackling these problems consists of generalizing an algorithm for the static case such that it can deal with the dynamic case too [133, 139]. Other authors [117, Chapter 4] considered heuristics based on dynamic programming. But up to now it cannot be said that in dynamic location problems new kinds of distance measures are introduced.

6 Inhomogeneous Distance Measures

In practice, one often has problems where the space in which the location takes place is divided into several parts. These parts then have totally different distance measures, if one tries to move through them. Modeling these types of problems requires inhomogeneous distance measures. Imagine a pedestrian who tries to find his way to a certain location. The distance measure employed by him/her changes abruptly if he/she goes not through a forest, but on a road, etc. This has severe consequences on the concept of the shortest path, which is here by no means the straight line between two points [62]. This is mostly a research topic in continuous Location Theory. In discrete and network Location Theory, inhomogeneous real world problems can, to a certain extent, be modeled by discretizing the whole space and using specially tailored distances for different pairs of points or networks of a specific kind. But this kind of formulation works for small-scale problems only. Therefore, continuous Location Theory has to cope with problems in which the locational space (the space in which the location takes place) is inhomogeneous. To a very small extent, one can model the inhomogeneity by using different distance functions for different demand points. Various authors have already addressed these problem types [23, 124, 113, 80, 49, 126]. With these models one can take into account the fact that different demand points may use different transportation systems. It is even possible to use different nonsymmetric distance measures. But a general distance function, which takes as arguments two points and computes how much time (or money) it takes to go from one point to the other, is only nonnegative and continuous, but certainly not much more. In reality, the symmetry and the positive homogeneity of norms is seldom encountered. This implies that location problems in inhomogeneous spaces have much less structure and are therefore much harder to solve. For example, one cannot expect to have convex problem formulations in inhomogeneous spaces. Up to now, the work done in this field centers around the special case of problems with barriers to travel (see, e. g. [84, 99, 140, 2, 88]). There is certainly more research necessary on this topic.

7 The structure of the demand

Suppose that you want to locate a warehouse that must supply some product to a set of depots. How can one model this problem? There are several questions to answer before the selection of the model. Now we are going to address the question of how one models the demand. We will try to answer this question independently of the others.

Consider the problem of locating a warehouse. In this case the product must be carried from the warehouse to the depots. At this point we consider that the locations of the depots are fixed in time. Under this assumption each depot should be considered as a point. Thus the distances involved in the problem are the distances from the warehouse to the depots.

This kind of problem appears in multiple situations, as distribution of goods, computer network, communication network, . . . . But this model is a simple one. The depots are not the destination of the product, this must be rerouted from them. The usual situation is that there are customers that need the product, which get it from one of the depots. Thus a second stage of the problem arises. Sometimes we can forget about this second problem if, for instance, the cost of the local travels has little weight in the total cost. However, this is not the general case.

Now we are going to analyze the second problem. Consider the problem of locating only one depot. The customers must travel between their houses and the depot.

Frequently the number of customers is too large to consider each customer as a demand point. The most usual approximation is the aggregation of the demand around a small set of points and the assumption that the customers are located only at these points. But strictly speaking this is a new problem, a districting problem. This is usually solved in heuristic manner (see [102]). In this model the distances between the customers and the depot, the only distances involved in the model, are not the real distances that the customers must travel.

There are some reasons to look at the problem from a different point of view. These include the uncertainty of the demand, stochastic demand and others; these situations lead us to consider expected distances between the depot and the customers. Recently this approach has received increasing attention in the literature (see, for example [45, 32]).

Considering now the problem of locating the warehouse and the depots, we must address a new problem, the hierarchical location problem.

This is not an exhaustive description of possible types of the demand. Issues we have not discussed include hierarchical location with multiple levels, the location of multiple servers with interactions between them, the queue location problem, . . . We only try to show that the structure of the demand should receive greater attention than usual. We do believe that quite often thinking about the structure of the demand is the same as thinking about the structure of the location problem itself.

8 Undesirable Facility Location

The term “facility” implies that a particular establishment offers some kind of service to a certain group of people (customers). Hence, in the context of facility location, it can be argued that all facilities are necessary because of the service they provide. If a facility does not have any significant detrimental effects to any individual, it is usually referred to as an ordinary facility. On the other hand, a facility that has considerable adverse effects on its environment or its customers is known as an undesirable facility. Examples of such facilities include chemical factories, nuclear power plants, dump sites for waste disposal, etc. Their adverse effects may be noise, pollution, potential for serious accidents etc. Until the early 1980’s undesirable facility location had received very little attention by operational researchers. It is interesting that at that time only 2% of the location literature discussed models applicable to the location of undesirable facilities (see [56]). It can be argued that the main reasons for this are the complex issues involved in undesirable facility location (more than one objective, several interested parties, etc.) and also the fact that these facilities are mainly the by-products of industrialisation and increased use of technology whereas ordinary facilities have always been with us (see [12]). It is interesting to observe the development over the years of solution approaches to undesirable facility location problems. Most of the earlier methods are single objective models; they assume that the detrimental effects of an undesirable facility on a customer are a decreasing function of the distance between them. Consequently, these effects can be minimized if the facilities to be located are placed as far away as possible from the customers subject to constraints that prevent location at infinity. A very comprehensive review of distance maximization models for undesirable facility location can be found in [56].

Most of these early approaches address the problem of locating a single undesirable facility under the maximin criterion. A variety of methods have been developed depending on the problem setting. When Euclidean distances are used, the most common approach seems to be the enumeration of all possible optima based on some analytical properties of the optimal solution (see [39, 108, 110]). This basic idea can be extended to rectilinear distances (see [46]). However, the dominant approach in this case is one of dividing the feasible region in rectangular areas and solving a sequence of LPs (see [46, 109, 107].

The single facility maxisum problem has not been as popular; only a limited number of papers on this problem have appeared. Both network and planar problems are solved using analytical results that limit the search to a subset of the feasible region (see [24, 115, 72].

The majority of the early literature on multi-facility problems addresses the p-dispersion problem where there are no customers and the objective is to maximize the distance between any two facilities to be located (see [21, 93, 55]). This lack of research on multi-facility location problems with maximization objectives appears to be a result of their complexity since even the simplest of these problems are NP-complete (see [56]).

Following the rapid technological advancements in hardware and software, research efforts have shifted towards more realistic formulations over the last 7-8 years. Clearly, models where distances are measured in the Euclidean or rectilinear metric are not adequate for most real life problems. The spread of pollution, for instance, is usually not symmetric; in the case of prevalent winds pollution may spread further in one direction than in others and that can vary from time to time. An algorithmic scheme for locating facilities causing airborne pollution in a network when a detailed description of the meteorological conditions is developed by Karkazis and Boffey [83]. A further step towards more realistic models is a graphical approach for locating an undesirable facility in the plane using general asymmetric distances developed by Buchanan and Wesolowsky [17].

A geometrical branch-and-bound algorithm, devised by Hansen et al [72], has been extended by Plastria [125] for general single-facility problems, with distances measured by mixed norms and as an objective any continuous function of the distances. The method caters for forbidden regions (such as rivers or lakes) and is proposed as a site generation tool, to identify several candidate locations which can then be assessed on the basis of whatever criteria the decision maker is interested in.

This leads us to another recent development in undesirable facility location: the use of more than one objective. Examples of multi-objective models include the ones developed by Erkut and Neuman [57] and Giannikos [63]. The most common objectives considered are the minimization of cost, the maximization of distance between facilities and customers and the equitable treatment of customers, i.e. the equitable distribution of the disutility imposed by the facilities. In fact, the issue of equity is of major importance in undesirable facility location since the effects caused by such a facility could be quite serious and no customer would be prepared to suffer a disproportionate share of these effects. A review of several alternative equity measures (range, maximin, etc.) and a discussion of their implications in facility location can be found in [105].

A problem closely linked to undesirable facility location is that of transporting hazardous materials or wastes and locating undesirable facilities to treat or dispose of them. Although instances of the problem are becoming increasingly common in modern societies, we do not feel it has received enough attention in the literature. Some multi-objective methods can be found in [150, 132, 149]. These models locate several undesirable facilities and select shipment routes along which the hazardous material/waste is transported; some of the objectives they consider are the minimization of total cost, the minimization of total risk due to the transportation of the material/waste, the minimization of some equity measure (e.g. maximum individual risk), etc. Risk at a customer (population centre) is expressed as the amount of hazardous material/waste multiplied by the weight of the customer or is given as the probability of an accident to occur multiplied by the effects of that accident.

In our opinion, more emphasis should be given to the estimation of these probability functions taking into account the geographical terrain, the type of vehicles used, the chemical properties of the hazardous substance, etc. In addition more work should be done on the routing aspect of the problem, i.e. which vehicle should transport which quantity at which time.

In general we feel that if mathematical models are to be used in realistic applications, there must be greater cooperation between operational researchers and scientists from other disciplines (physics, chemistry, economics, etc.). The next step forward should be to incorporate into the location literature the specialist knowledge available in these disciplines regarding the spread of pollutants, the economic implications of locational decisions, etc.

Another issue that must be addressed in locational analysis is uncertainty. Most existing methods assume that the parameters of the problem do not change through time. Especially in undesirable facility location this may not be the case; the amount of pollutants that need to be further processed or disposed of might change significantly depending on certain technological developments, relevant legislation might also change, etc. We think these factors should be taken into consideration in realistic models to avoid accepting solutions that may be satisfactory today but not in the future.

In our opinion undesirable facility location appears to be the area within location analysis where continuous models can be “reconciled” with discrete models. In the initial stage of site selection continuous models such as those presented by Plastria [125] and Buchanan and Wesolowsky [17] seem to be more appropriate for identifying potential solutions that would be acceptable in terms of their consequences on the customers or their distance from them. On the other hand, discrete models appear more appropriate for selecting the final solution(s) among the potential ones.

As far as solution methods are concerned, we are inclined to agree with Boffey and Karkazis [12] who argue that the development of realistic models should not be deterred by the possible difficulty of solving them exactly. They propose the use of modern heuristic methods (tabu search, simulated annealing, etc.). To the best of our knowledge the use of modern heuristics in undesirable facility location is limited at the moment.

Clearly, the location of undesirable facilities is a sensitive issue in modern society. We certainly feel that operational research methods can play a useful role as a decision making aid. In some cases it can even stimulate the development of new technologies as exemplified by Wyman and Kuby [147], who demonstrated to the industry that several small units using photolytic processes were better than a single large incinerator for processing some toxic chemicals in Phoenix, USA.

9 Heuristic Techniques

Several problems in Locational Analysis are NP-Hard and cannot be solved exactly by algorithms that have polynomial complexity. Even some of the most well known problems in our discipline such as the k–centre, the plant location or the p–median problem fall in this category. These problems can be looked at from a combinatorial optimization point of view and can be addressed using complete enumeration techniques. However , these techniques are not practical for realistic instances of the problem since they will not generate an optimal solution within reasonable time.

It is for these problems that heuristic methods must be used to find satisfactory solutions which could, however, be some way from the optimal solution of the problem in question. The term “’heuristic” derives from the Greek “heuriskein” meaning to find or discover. A heuristic algorithm can be defined as follows [131]:

A heuristic is 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 solution is.

In this section we discuss some heuristic techniques which, in our view, are of great importance in Locational Analysis. These are known as “metaheuristic” algorithms because they are given in a general way and can be applied to a wide range of problems. We give a brief outline of each algorithm and discuss some of their applications in location problems.

9.1 Simulated Annealing

The use of simulated annealing as a technique for discrete optimization dates back to the early 1980s. The ideas that form the basis of simulated annealing were first published by Metropolis et al.[111] in 1953. Thirty years later, Kirkpatrick et al. [87] suggested that this type of simulation could be used to search feasible solutions of an optimization problem, with the objective of converging with probability 1 to an optimal solution. This approach can be regarded as a variant of the well known heuristic technique of local (neighbourhood) search, in which a subset of the feasible solution is explored by repeatedly moving from the current solution to a neighbouring solution. For a minimization problem the traditional forms of local search employ a descent strategy, in which the search always moves in a direction of improvement. However, such a strategy often results in convergence to a local rather than a global optimum. The solutions obtained by these descent strategies are totally dependent on the starting solution(s) employed. In simulated annealing uphill moves are allowed, but their frequency is governed by a probability function which changes as the algorithm progresses. The inspiration for this form of control was Metropolis’s work in statistical thermodynamics. The laws of thermodynamics state that at temperature t, the probability of an increase in energy of magnitude δE is given by p(δE) = exp{�^{δE}_{kt} } where k is a physical constant known as Boltzmann’s constant [1, 98].

9.2 Tabu Search

Tabu search (TS) has its antecedents in methods designed to cross boundaries of feasibility or local optimality normally treated as barriers, and systematically to impose and release constraints to permit exploration of otherwise forbidden regions. Early examples of such procedures include heuristics based on surrogate constraint methods and cutting plane approaches that systematically violate feasibility conditions. The modern form of tabu search derives from Glover et al [65]. Tabu search scarcely involves reference to supernatural or moral considerations, but instead is concerned with imposing restrictions to guide a search process to negotiate otherwise difficult regions. These restrictions operate in several forms, both by direct exclusion of certain search alternatives classed as “forbidden”, and also by translation into modified evaluations and probabilities of selection. A fundamental element underlying tabu search is the use of flexible memory. From the standpoint of tabu search, flexible memory embodies the dual processes of creating and exploiting structures for taking advantage of history (hence combining the activities of acquiring and profiting from information). The memory structures of tabu search operate by reference to four principal dimensions, consisting of recency, frequency, quality, and influence. These dimensions in turn are set against a background of logical structure and connectivity.

9.3 Genetic Algorithms

From an Operational Research perspective, the idea of a genetic algorithm can be understood as the intelligent exploitation of a random search. Genetic Algorithms, GA, were developed initially by Holland and his associates at the University of Michigan in the 1960s and 1970s, and the first full, systematic treatment was contained in Holland’s book Adaptation in Natural and Artificial Systems (see [75]).

The name Genetic Algorithm originates from the analogy between the representation of a complex structure by means of a vector of components, and the idea, familiar to biologists, of the genetic structure of a chromosome.

In many applications, the component vector, or chromosome, is simply a string of 0s and 1s. Several genetic operators have been identified for manipulating these chromosomes, the most commonly used ones being crossover (an exchange of sections of the parents’ chromosome). Continuing the genetic analogy, variables are often called genes, the possible values of a variable alleles, and the position of a variable in a string is called its locus. A further distinction is drawn, in genetics, between the chromosome as genotype, meaning the actual structure(s) (the coded string which is processed by the algorithm), and the phenotype the physical expression of the structure(s) (the decoded set of parameters). A genetic algorithm works by maintaining a population of M chromosomes, potential parents whose fitness values have been calculated. Each chromosome encodes a solution to the problem, and its fitness value is related to the value of the objective function for that solution [66].

9.4 Artificial Neural Networks

An artificial neural network (ANN) is a computational paradigm that differs substantially from those based on the standard von Neumann architecture. Feature recognition ANNs generally learn from experience, instead of being expressly programmed with rules as in conventional artificial intelligence (AI). Feedback ANNs feel their way to good solutions, rather than explicitly exploring possibilities. The ANN is inspired by the structure of biological neural networks and their way of encoding and solving problems. Two main kinds of architecture exist, feed-forward and feed-back, with major application areas of feature recognition and optimization, respectively. The feed-forward ANN approach to classification problems constitutes, in a sense, extensions of conventional fitting and principal component analysis tools into the non-linear domain. This is in contrast to using feed-back ANN to find solutions to difficult combinatorial optimization problems. There are two families of ANN algorithms for optimization problems: (1) the pure neural approach based on either binary or multistage neurons for the dynamics; (2) deformable templates, where the neural degrees of freedom have been integrated out and one is left with coordinates for possible solutions.

9.5 Lagrangean Relaxation

Lagrangean relaxation was developed in the early 1970s with the pioneering work of Held and Karp on the travelling salesman problem and is today an indispensable technique for generating lower bounds for use in algorithms to solve combinatorial optimization problems. We define the Lagrangean relaxation of problem (P) with respect to the constraint set Ax ≥ b by introducing a Lagrange multiplier vector λ ≥ 0 which is attached to this constraint set and brought into the objective function to give: minimize{cx+ λ(b − Ax)} subject to : Bx ≤ d with x ∈ (0, 1) What we have done here is: to choose some set of constraints in the problem for relaxation; and to attach Lagrange multipliers to these constraints in order to bring them into the objective function. The key point is that the program we are left with after Lagrangean relaxation, for any λ ≥ 0, gives a lower bound on the optimal solution to the original problem (P).

9.6 Applications in Locational Analysis

Having described briefly some meta-heuristic techniques, we now discuss some applications in location problems. Chardaire and Lutton [22], described an algorithm which optimizes the cost of telecommunication networks. The algorithm is based on the simulated annealing technique. Golden [67] used simulated annealing to solve routing and location problems.

Tabu search is still in an early stage of development, with a substantial majority of its applications occurring only since 1989. Darko and Jadranka [37] developed a new heuristic method based on tabu search for the problem of locating p interacting hub facilities among n interacting nodes in a network. Klincewicz [89] considered the analogous problem. However, Crainic et al. [30] proposed a tabu search heuristic for the location/allocation problem with balancing requirements and compared it with an efficient dual ascent method. The results indicate that tabu search is a competitive approach for this class of problems. Most of the original applications of genetic algorithms were in areas closely linked to Artificial Intelligence. Recently, problems of interest to Operational Research have also been tackled. These include applications of Genetic Algorithms to discrete-space location problems, particularly the p-median by Hosage et al. [77], and a genetic procedure for the multi-period facility layout problem by Conway et al. [26].

We have not been able to find any references on the application of Neural Networks in location problems although there are several applications in other areas [122, 121]. As far as we know with respect to quality this heuristic method in general gives results comparable to those of other approximating approaches.

Relaxation techniques for solving the Dynamic Capacitated Plant Location Problem have been suggested by Shulman [134]. Domich et al. [43], discussed a mathematical model that selects locations for Internal Revenue Service Post-of-Duty. Barcelo et al.[5] presented a Lagrangian relaxation heuristic algorithm for the capacitated location problem. Guignard [68], studied the makespan minimizing problem in a single stage manufacturing process, the Lagrangean dual bound obtained is stronger than the LP relaxation bound as well as the associated Lagrangean relaxation bounds. Erlenkotter [58] showed a method for the uncapacitated location problem that is based on a linear programming dual formation. Other application of Lagrangean Relaxation have been considered by Cornuejols et al.[28], and Barcelo et al. [6].

10 State of technology

Like for any science that largely depends on computers to put their theories into practice, new computer technologies play an important role in our field of research. Furthermore, new technologies may alter the way of modeling and therefore affect research directions.

10.1 Parallel processing and computation speed

The computation speed is usually, one of the great preoccupations of the people who want to model practical (or even theoretical) situations. Optimization problems arising in practice are often very large and highly complex. In spite of all advances, current (sequential) machines still cannot solve many of those problems in reasonable time. With the speed of light as an upper bound, current sequential supercomputers operate near their limit as far as clock cycles are concerned. Parallel designs appear to be a promising way to overcome this barrier, although parallelization is not able to change the frontier between the classes P and N P. In what concerns Locational Analysis, we can find already some work where parallel computation was used. Damberg, Migdalas and Narula [36] tried to demonstrate that by changing their programming habits slightly, location decision analysts can produce programs which will execute “in parallel” if appropriate hardware is available. The authors achieved this, by introducing the terminology of parallel computers and algorithms, programming language Fortran90 and their uses, in several simple location problems as the location of a centre, the location of a median and the simple plant location problem. In this work, the parallel implementation is just a straightforward extension of traditional sequential methods. Kindervater et al [86] think that to really use the potential power of parallel computation, one will have to master new programming techniques and get used to new algorithm concepts that may fundamentally change the way problems are solved (see, for example Crainic [31]). For the multi commodity location-allocation problem with balancing requirements he tried to explore and compare various strategies to develop parallel algorithms. He worked on two methodological areas: Branch-and-bound and Tabu search procedures. He focused on the description and analysis of several high-level parallelization strategies that take advantage of the characteristics of the basic algorithms to achieve efficient parallel methods. We are just in the beginning. A lot of work must be done for the development of parallel algorithms for Locational Analysis, in order to see if it is possible to get, is this area, results as good as the expectation that still exists for parallel computation.

10.2 Data Structures and our way of thinking about algorithm performance

Where the evolution of the hardware has enabled us to solve larger and more realistic problems quicker (and perhaps will do so even more in the future), data structures have a direct impact on the algorithms that solve our problems. Investigations on how to store and manipulate data have shown, both in theory and empirically, that the choice of storage schemes has a considerable effect on the performance of the same algorithm. This means that we cannot limit our knowledge of data structures only to lists, stacks and queues. Hashing and all different types of priority queues like binary heaps, d-heaps, and Fibonacci heaps play major roles in modern algorithms. By choosing a certain data structure, we can often improve or worsen the worstcase complexity of an algorithm by an order of magnitude. This brings us to the evaluation of algorithms. In our quest for developing faster and better algorithms or heuristics, one of the most pertinent questions arising is if a certain algorithm/heuristic is “better” than existing ones. The most used theoretical performance bound for comparing algorithms is the worst case time complexity. This parameter is most of the time very easy to calculate and is useful since it serves as guarantee. However, it often gives a distorted image. Strange modifications are proposed to existing algorithms with the only purpose to lower the worst case time complexity. That those changes are responsible for more complex calculations and huge memory needs and that in practice they perform in average worse than the original algorithm is often neglected. A beautiful example is the shortest path problem in networks. This well studied problem that is a subproblem to many location problems can be solved by a multitude of algorithms. With e representing the number of arcs and n the number of vertices in the network, the algorithm with the lowest complexity of O(e+n log n) is nothing more than the original Dijkstra algorithm with a new data structure: the Fibonacci heap and is due to Fredman and Tarjan [60]. It is however so difficult to implement, takes in practice so much space and requires so many calculations while gaining almost no iterations that it is practically always outperformed [78] by the Glover algorithm [64] with a worst case complexity of O(ne).

A better way for comparing algorithms, at least more suitable for real life applications, would be the average case complexity. The problem with this parameter is that it is very hard to calculate, if even possible. The average complexity needs furthermore to be expressed as a function of additional parameters (average length of an edge, average number of arcs leaving a vertex, number of optimal solutions). The biggest problem here probably is: “What is an average case?”

A theoretical performance bound that is often neglected, but cannot be ignored when a problem can become very large is the additional space requirement a certain algorithm uses. But here also the amount of space is expressed as a worst case requirement. The same remark as for the worst case time complexity can therefore be made for this bound.

If we want to forget about theoretical comparisons we can think of just reporting running times of algorithms in tests. But these kind of comparisons requires a highly normed environment. Guidelines for reporting results of computational experiments can be found in [81].

10.3 How can technology influence the models we build?

The existence and development of quicker and more powerful machines can, undoubtedly influence the models. Zenios [148] related some areas where parallel computing is permitting the use of models with which it is very difficult or even impossible to work till now. In some cases it is possible to think in more complete and realistic models. As an example we have the planning of dynamic strategies under uncertainty (Dantzig [38]). Indeed, stochastic programming problems grow in size very quickly. Parallel processing is naturally playing a key role since the analysis of scenarios is an embarrassingly parallel process. Technological improvements in other domains are also responsible for major evolutions in Locational Analysis models. The studies by geologists about penetration of soil types make it possible to incorporate the pollution of subsoil water in our models. The same thing with the spread and precipitation of clouds with obnoxious elements or the spread of pollution in seas, lakes and rivers. Environmentalists also provide us with quantifiable methods to measure certain impacts on our environment. Even if those technological developments do not influence our models directly, they do so in an indirect way. They often result in astonishing reports that find their way to the media. In this way, those developments can have a great effect on public opinion in such a way that we are obliged to incorporate them in our models. Also, the availability of data can stimulate the development of new models: For example the use of Geographical Information Systems (GIS) can provide us with a lot of data which, because of its inaccessibility was previously not incorporated in location models.

11 Concluding Remarks

One of the most obvious observations which most participants of ESI XII seem to agree with is the importance of distance functions in Locational Analysis. The selection of a particular distance function implies certain assumptions regarding the structure of the problem in question and may also affect the choice of the technical tools used to solve it. A wide range of distance measures is available, especially in continuous Location Theory. However, the class of metrics which have received the most attention are derived from norms and gauges which implies that only a limited subclass of metrics is covered.

A survey of the literature on Locational Analysis seems to indicate a certain divide between continuous, network and discrete Location Theory. The solution methods and even the naming schemes are quite different. However, a closer look reveals that there are efforts to bridge these gaps. We feel that it is an interesting and challenging task to “reconcile” continuous, discrete and network Location Theory in a formal way that would enable the development of appropriate algorithms. It is quite possible in realistic situations to have data from a continuous as well as a discrete setting and there have to be more formal ways of dealing with these data and deciding which type of formulation to adopt in each case.

Another belief shared by most of the ESI XII participants is that research efforts should be targeted not so much towards the development of new algorithms that solve classical problems but towards the development of new concepts. As an example, it is fairly obvious that the symmetry and the positive homogeneity of norms are not valid assumptions in many realistic situations. Although inhomogeneous problems are harder to solve, we feel that there is a lot to be done in this area and that further research is necessary.

In addition more attention should be paid to dynamic location problems since most real life location decisions cover a lengthy period of time during which certain developments may take place (competitors entering the market, etc.) and the decision makers have to respond accordingly.

Another area where we anticipate rapid developments is the use of parallel computers in location analysis. Several location problems, especially the ones involving alternative scenarios, can be parallelized. The prospect of using parallel computers and the improvement of the available technology in general may change considerably our approach to modelling location problems. Very little has been done in this area but we expect a lot more in the near future.

The use of meta heuristics such as tabu search or simulated annealing to solve large location problems is another promising area. Relatively few applications have appeared in the literature so far and it is not clear at the moment whether these techniques can be effective in a wider range of problems. We feel that more research is required in this direction.

One of our major concerns is that there does not seem to be enough communication and interaction between Locational Analysis and other disciplines (chemistry, economics, etc.) although most location problems involve elements of those disciplines. Undesirable facility location, for instance, is the classic paradigm where a significant amount of information is required regarding the chemical properties of the noxious substance, the geography of the region, the financial implications of a particular decision, etc. Most relevant models tend to ignore these issues and there is no guarantee that the “optimal” location will actually be satisfactory from a practical point of view. In the era of telecommunications, with Internet so widely available, this “isolation” is not acceptable.

Finally, an issue which probably troubles most young researchers not only in Locational Analysis but in other disciplines as well is the applicability of our models. Can we claim that location models can actually be used to provide satisfactory solutions to real life problems? Are the objective functions typically used in Locational Analysis adequate? Are the solutions practical or are they affected significantly by slight changes in the data? Is it worth trying to achieve optimality in real life problems or is robustness, stability and reliability more important? On the other hand, is it not interesting to promote theoretical developments although they may not be directly applicable?

After all, a lot of important practical discoveries in physics, medicine and other disciplines were the results of theoretical research. Being young researchers, it would be too ambitious to try and give answers to these questions. We merely take this opportunity to voice our opinions and concerns and to initiate some constructive discussions within our discipline.

References

[1] Aarts E. H. L. and J. Korst. Simulated Annealing and Boltzmann Machines, John Wiley and Sons,1989.

[2] Y. P. Aneja and M. Parlar. Algorithms for Weber Facility Location in the Presence of Forbidden Regions and/or Barriers to Travel. Transportation Science 28:70–76, 1994.

[3] Ball M.O. and F. M. Lin. A Reliability Model Applied to Emergency Service Vehicle Location. Operations Research 41, 18–36, 1993.

[4] Ball M.O. and G. J. Shanthikumar. Bounding a Probability Measure over a Polymatroid with an Application to Transportation Problems. Mathematics of Operations Research 19, 112–120, ?

[5] Barcelo J., E. Fernandez and K. O. Jörnsten. Computational Results from a New Lagrangean Relaxation Algorithm for the Capacitated Pant Location Problem. EJOR 53, 38–45, 1991.

[6] Barcelo J., A. Hallefjord A., E. Fernandez E. and K. Jornsten. Lagrangean Relaxation and Constraint Generation Procedures for Capacitated Plant Location Problems with Single Sourcing. OR-Spektrum 2, 79–88, 1990.

[7] Batta R., A. Ghose and U. S. Palekar. Locating Facilities on the Manhattan Metric with Arbitrarily Shaped Barriers and Convex Forbidden Regions. Transportation Science 23:26–36, 1989.

[8] Berman O., S. S. Chiu S.S., R. C. Larson , A. R. Odoni and B. Rajan.

Location of Mobile Units in a Stochastic Environment. in Mirchandani P.B., Francis R.L. (eds.) Discrete Location Theory, Wiley Interscience, 1990.

[9] Berens W. The Suitability of the Weighted l_p-norm in Estimating Actual Road Distances. European Journal of Operational Research 34:39–43, 1988.

[10] Berens W. and F. J. Korling. Estimating Road Distances by Mathematical Functions. European Journal of Operational Research 21:54–56, 1985.

[11] Berens W. and F. J. Korling. On Estimating Road Distances by Mathematical Functions — a Rejoinder. European Journal of Operational Research 36:254– 255, 1988.

[12] Boffey, T. B. and J. Karkazis. Models and Methods for Location and Routing Decisions Relating to Hazardous Materials. Studies in Locational Analysis 5, 149–166, 1993.

[13] Brimberg J. and R. F. Love. Estimating Travel Distances by the Weighted l_p-norm. Naval Research Logistics 38:241–259, 1991.

[14] Brimberg J. and R. F. Love. A New Distance Function for Modeling Travel Distances in a Transportation Network. Transportation science, 26:129–137, May 1992.

[15] Brimberg J., P. D. Dowling, and R. F. Love. The Weighted One-two Norm Distance Model: Empirical Validation and Confidence Interval Estimation. Location Science 2:91–100, 1994.

[16] Brown S. Retail Location Theory: Evolution and Evaluation. The International Journal of Retail, Distribution and Consumer Research 3, 185-229, 1993.

[17] Buchanan, D. J. and G. O. Wesolowsky. Locating a Noxious Facility with Respect to Several Polygonal Regions Using Asymmetric Distances. IIE Transactions 25/1, 77–88, 1993.

[18] Buckley F. and F. Harary. Distance in Graphs. Addison-Wesley, 1990.

[19] Burkard R.E. Locations with Spatial Interactions: the Quadratic Assignment Problem. in Mirchandani P.B., Francis R.L. (eds.) Discrete Location Theory, Wiley Interscience, 1990.

[20] Burke L.I. and J. P. Ignizio. Neural Networks and Operations Research:

an Overview. Computers and Operations Research 19, 179-189, 1992.

[21] Chandrasekaran, R. and A. Daughety. Location on Tree Networks: pcentre and n-dispersion Problems. Mathematics of Operations Research 6/1, 50–57, 1981.

[22] Chardaire P. and J. L. Lutton. Using Simulated Annealing to Solve Concentrator Location Problems in Telecommunication Networks. Lecture in Economics and Mathematical Systems 196, 175–201, 1993.

[23] Chatelon J. A., D. W. Hearn, and T. J. Lowe. A Subgradient Algorithm for Certain Minimax and Minisum Location Problems: the Constrained Case. SIAM Journal on Control and Optimization 20:455–469, 1982.

[24] Church, R. L. and R. S. Garfinkel. Locating an Obnoxious Facility on a Network. Transportation Science 12/2, 107–118, 1978.

[25] Cohon, J. Multiobjective Programming and Planning, Academic press, 1978.

[26] Conway D. G. and M. A. Venkataramanan. Genetic Search and the Dynamic Facility Layout Problem. Computers Ops Res. 21/ 8, 955– 960, 1994.

[27] Cornuejols G., G. L. Nemhauser and L. A. Wolsey. The Uncapacitated Facility Location Problem. in Mirchandani P.B., Francis R.L.( eds.) Discrete Location Theory, Wiley Interscience, 1990.

[28] Cornuejols G., R. Sridharan and J. M. Thizy. A Comparison of Heuristics and Relaxations for the Capacitated Plant Location Problem. European Journal of Operations Research 50, 335–344, 1991.

[29] Craig C.S., A. Gosh and S. McLafferty. Models of the Retail Location Process: a Review. Journal of Retailing 60, 5–36, 1984.

[30] T. G. Crainic, M. Gendreau, P. Soriano and M. Toulouse. A Tabu Search Procedure for Multicommodity Location/Allocation with Balancing Requirements. Ann Oper.Res. 41, 359–383, 1993

[31] Crainic, T. G. Parallel Methods for Location Problems with Balancing Requirements, Proceedings of ISOLDE VI, 79–82, 1993.

[32] Carrizosa, E.J. et al. The Generalized Weber Problem with Expected Distances, RAIRO, 29:35-57, 1994.

[33] Crookes, J.G. Simulation in 1991. European Journal of Operational Research 57, 305–309, 1992.

[34] Current J., C. ReVelle and J. Cohon. The Maximum Covering/Shortest Path Problem: a Multiobjective Network Design and Routing Formulation. European Journal of Operational Research 21, 189–199, 1985.

[35] Current J., C. ReVelle and J. Cohon. The Median Shortest Path Problem: a Multiobjective Approach to Analyze Cost vs. Accessibility in the Design of a Transportation Network. Transportation Science 21, 188–197, 1987.

[36] Damberg, O., A. Migdalas and S. C. Narula. Location Problems and Parallel Programming - A Tutorial. Proceedings of ISOLDE VI, 87–92, 1993.

[37] Darko Skorin-K, Jadranka Skorin-K On Tabu Search for the Location of Interacting Hub Facilities. European Journal of Operational Research 73, 502–509, 1994.

[38] G. B. Dantzig. Planning Under Uncertainty Using Parallel Computing.

Annals of Operations Research 14:1–16, 1988.

[39] Dasarathy, B. and L. J. White. A Maximin Location Problem. Operations Research 28/6, 1385–1401, 1980.

[40] D’Aspremont C., J. J. Gabszwic and J. F. Thisse. On Hotelling’s “Stability in Competition”. Econometrica 47/ 5, 1145–1150, 1979.

[41] Dearing P. M., R. L. Francis, and T. J. Lowe. Convex Location Problems on Tree Networks. Operations Research 24:628–642, 1976.

[42] Dobson G. and U. S. Karmarkar. Competitive Location on a Network.

Operations Research 35, 565–574, 1987.

[43] Domich P. D., K. L. Hoffman, R. H. F. Jackson and M. A. McClain.

Locating Tax Facilities: a Graphics-based Microcomputer Optimization Model. Man.Sci 37, 960–979, 1991.

[44] Dress A. Trees, Tight Extensions of Metric Spaces, and the Cohomological Dimension of Certain Groups: A Note on Combinatorial Properties of Metric Spaces. Adv. Math. 53:321–402, 1984.

[45] Drezner, Zvi. Replacing Discrete Demand with Continuous Demand.

Facility Location: A Survey of Applications and Methods, Editor: Z. Drezner. Springer, NY, 1995.

[46] Drezner, Z. and G. O. Wesolowsky. The Location of an Obnoxious Facility with Rectangular Distances. Journal of Regional Science 23/2, 241–248, 1983.

[47] Dubois D. Fuzzy Sets and Systems - Theory and Application, Academic Press, 1980.

[48] Durier R. Continuous Location Theory Under Majority Rule. Mathematics of Operations Research 14(2):258–274, May 1989.

[49] Durier R.. On Pareto Optima, the Fermat-Weber Problem, and Polyhedral Gauges. Mathematical Programming 47:65–79, 1990.

[50] Durier R. and C. Michelot. Sets of Efficient Points in a Normed Space.

Journal of Mathematical Analysis and applications, 117:506–528, 1986.

[51] Durier R. and C. Michelot. Geometrical Properties of the Fermat- Weber problem. European Journal of Operational Research 20:332– 343, 1985.

[52] Eiselt H. and G. Laporte. The Maximum Capture Problem in a Weighted Network. Journal of Regional Science 29, 433–439, 1989.

[53] Eiselt H. A. and G. Laporte. Competitive Spatial Models. European Journal of Operational Research 39:231–242, 1989.

[54] Eiselt H., G. Laporte and J. F. Thisse. Competitive Location Models:

a Framework and a Bibliography. Transportation Science 27, 44–54, 1993.

[55] Erkut, E. The Discrete p-dispersion Problem. European Journal of Operational Research 46, 48–60, 1990.

[56] Erkut, E. and S. Neuman. A Survey of Analytical Models for Locating Undesirable Facilities. European Journal of Operational Research 40, 275–291, 1989.

[57] Erkut, E. and S. Neuman. A Multi-objective Model for Locating Undesirable Facilities. Annals of Operations Research 40, 209–227, 1992.

[58] Erlenkotter D. A Dual-based Procedure for Uncapacitated Facility Location. Ops.Res. 26, 992–1009, 1978.

[59] Fildes R. A. and J. B. Westwood. The Development of Linear Distance Functions for Distribution Analysis. Journal of the Operational Research Society 29:585– 592, 1978.

[60] Fredmann, M. L. and R. E. Tarjan. Fibonacci Heaps and Their Uses in Improved Network Optimization Algorithms. Journal of the Association for Computing Machinery 34:596–615, 1987.

[61] Gattorna J. Handbook of Logistic and Distribution Management, Gower, 1990.

[62] Gatrell A. Distance and space. Clarendon Press. Oxford, 1983.

[63] Giannikos, I. A Pre-emptive Goal Programming Model for Locating Obnoxious Facilities. Studies in Regional and Urban Planning 3, 141– 152, 1994.

[64] Glover, F., D. D. Klingmann, and N. Phillips. A New Polynomial Bounded Shortest Path Algorithm. Operations Research, 33:65-73, 1985.

[65] Glover F., E. Taillard and D. de Werra. A User’s Guide to Tabu Search.

Annals of Ops.Res. 41:3-28, 1993.

[66] Goldberg D. E. Genetic Algorithms in Search, Optimization, and Machine Learning, Addison-Wesley, Reading, Mass., 1989.

[67] Golden B. L. and C.Skiscim. Using Simulated Annealing to Solve Routing and Location Problems. Naval-Res.-Logist.-Quart. 33/2, 261–279, 1986.

[68] Guignard M. Solving Makespan Minimization Problems with Lagrangean Decomposition. Discrete-Appl.-Math. 42/ 1, 17–29, 1993.

[69] Hakimi S.L. Locations with Spatial Interactions: Competitive Locations and Games. in Mirchandani P.B., Francis R.L.( eds.) Discrete Location Theory, Wiley Interscience, 1990.

[70] Hakimi S. L. and S. S. Yu. Distance Matrix of a Graph and its Realizability. Quart. Appl. Math. 22:305–317, 1964.

[71] Handler G.Y. p-Centre Problems. in Mirchandani P.B., Francis R.L.( eds.) Discrete Location Theory, Wiley Interscience, 1990.

[72] Hansen, P., D. Peeters, D. Richard.and J. F. Thisse. The Minisum and Minimax Location Problems Revisited. Operations Research 33, 1251–1265, 1985.

[73] Hansen P., J. F. Thisse and R. E. Wendell. Equilibrium Analysis for Voting and Competitive Location Problems. in Mirchandani P.B., Francis R.L.( eds.) Discrete Location Theory, Wiley Interscience, 1990.

[74] Harary F., R.Z. Norman, and D. Cartwright. Introduction la théorie des graphes orientés. Dunod, 1968.

[75] J. H. Holland. Adaptation in Natural and Artificial Systems. University of Michigan Press, Ann Arbor, 1975.

[76] Holzmam R. An Axiomatic Approach to Location on Networks. Mathematics of Operations Research 15, 553–563, 1990.

[77] Hosage C. M. and M. F. Goodchild. Discrete Space Location-Allocation Solutions From Genetic Algorithms. Ann.-Oper.-Res. 6, 1-4, 35-46, 1986.

[78] Hung, M. S. and J. J. Divoky. A Computational Study of Efficient Shortest Path Algorithms. Computers and Operations Research 15:567– 576, 1988.

[79] Huriot J. M. and J. F. Thisse. Distance in spatial analysis, an axiomatic approach. in: Actes du symposium “Analyse de systèmes et modéles mathématiques”, pages 223–228, 1986.

[80] Idrissi H., O. Lefebvre, and C. Michelot. Applications and Numerical Convergence of the Partial Inverse Method. In Optimization — Fifth French-German Conference, number 1405 in Lecture Notes in Mathematics, pages 39–54. Springer, 1989.

[81] Jackson, R. H. F., P. T. Boggs, S. G. Nash, and S. Powell. Guidelines for Reporting Results of Computational Experiments. Report of the ad hoc committee. Mathematical Programming 49:413–425, 1991.

[82] Jacobsen S.K. Multiperiod Capacitated Location Models. in Mirchandani P.B., Francis R.L.( eds.) Discrete Location Theory, Wiley Interscience, 1990.

[83] Karkazis, J.and T. B. Boffey. Modelling Pollution Spread. Studies in Locational Analysis 7, 91–104, 1994.

[84] Katz I. N. and L. Cooper. Facility Location in the Presence of Forbidden Regions, I: Formulation and the Case of Euclidean Distance with one Forbidden Circle. European Journal of Operation Research 6:166–173, 1981.

[85] Kaufmann A. Méthodes et modèles de la recherche opérationelle.

Dunod, vol. II, 1968.

[86] Kindervater, G. A. P., J. K. Lenstra and A. G. H. Rinnoy Kan. Perspectives on Parallel computing. Operations Research 37:985–990, 1989.

[87] Kirkpatrick S., S. D. Gellat and M. P. Vecchi. Optimization by Simulated Annealing. Science 220, 671–680, 1983.

[88] Klamroth K. Planar Location Problems with Line Barriers. Talk held at the 8th meeting of the European Working Group On Locational Analysis, September 1995.

[89] Klincewicz J. Avoiding Local Optima in the p-hub Location Problem Using Tabu search and GRASP. Ann.-Oper.-Res. 40, 1-4, 283–302, 1993.

[90] Kline M. Geometry. Scientific American, 211, 1964.

[91] Krarup J. and P. M. Pruzan. The Impact of Distance on Location Problems. European Journal of Operational Research 4:256–269, 1980.

[92] Krarup J. and P. M. Pruzan. Ingredients of Locational Analysis. in Mirchandani P.B., Francis R.L.( eds.) Discrete Location Theory, Wiley Interscience, 1990.

[93] Kuby, M. J. Programming Models for Facility Dispersion: the pdispersion and Maxisum Dispersion Problems. Geographical Analysis 19, 315–329, 1987.

[94] Labbé M. Outcomes of Voting and Planning in Single Facility Location Problems. European Journal of Operational Research 20:299–313, 1985.

[95] Labbé M. and S. L. Hakimi. Market and Location Equilibrium for two Competitors. Operations Research 39, 749–756, 1991.

[96] Labbé M., D. Peeters, and J.-F. Thisse. Networks and Distribution, chapter Location on Networks. Handbooks in Operations Research and Management Science. North-Holland, 1995.

[97] Laporte G. Location-Routing Problems. in Golden B:, Assad A. Vehicle Routing: Methods and Studies, Elsevier Science publ. 1988.

[98] Laarhoven P. J. M. and E. H. L. Aarts. Simulated Annealing: Theory and Applications, Kluwer, Dordrecht, 1988.

[99] Larson R. C. and G. Sadiq. Facility Locations with the Manhattan Metric in the Presence of Barriers to Travel. Operations Research, 31/4:652–669, 1983.

[100] Leonardi G. The Use of Random-Utility Theory in Building Location- Allocation Models. in Thisse J.F. and Zoller H.G .(eds.) Locational Analysis of Public Facilities, North-Holland, 357–383, 1983.

[101] Love R. F. and J. G. Morris. Modelling Inter-city Road Distances by Mathematical Functions. Operational Research Quarterly 23:61–71, 1972.

[102] Love, R.F. et al. Facilities Location: Models and Methods, North Holland, NY, 1988.

[103] Love R. F. and J. Walker. An Empirical Comparison of Block and Round Norms for Modelling Actual Distances. Location Science 2:21– 43, 1994.

[104] Lowe T. J. Efficient Solutions in Multi-objective Tree Network Location Problems. Transportation Science 12:298–316, 1978.

[105] Marsh, M. T. and D. A. Shilling. Equity Measurement in Facility Location Analysis: a Review and Framework. European Journal of Operational Research 74, 1–17, 1994.

[106] McKelvey R. D. and R. E. Wendell. Voting Equilibria in Multidimensional Choice Spaces. Mathematics of Operations Research, 1/2:144– 158, 1976.

[107] Mehrez, A., Z. Sinuany-Stern, and A. Stulman. An Enhancement of the Drezner-Wesolowsky Algorithm for Single Facility Location with Maximin of Rectilinear Distance. Journal of the Operational Research Society 37/10, 971–977, 1986.

[108] Melachrinoudis, E. Determining an Optimum Location for an Undesirable Facility in a Workroom Environment. Applied Mathematical Modelling 9, 365–369, 1985.

[109] Melachrinoudis, E. An Efficient Computational Procedure for the Rectilinear Maximin Location Problem. Transportation Science 22/3, 217– 223, 1988.

[110] Melachrinoudis, E. and T. P. Cullinane. A Heuristic Approach to the Single Facility Maximin Location Problem. International Journal of Productions Research 23//3, 523–532, 1985.

[111] Metropolis N., A. W. Rosenbluth, M. N. Rosenbluth, A.. H. Teller and E. Teller. Equation of State Calculation by Fast Computing Machines. J.of Chem. Phys. 21, 1087–1091, 1953.

[112] Michelot C. The Mathematics of Continuous Location.[PLEASE CHECK TITLE] In J. Karkazis and T. B. Boffey, editors, ISOLVE VI, Survey Papers, volume 5 of Studies in Locational Analysis, pages 59–83. Constantine Porphyrogenetus, 1993.

[113] Michelot C. and O. Lefebvre. A Primal-dual Algorithm for the Fermat- Weber Problem Involving Mixed Gauges. Mathematical Programming 39:319–335, 1987.

[114] Michelot C. and F. Plastria. Attraction Tree Detection is NP-complete.

Rapport du CERMSEM 9107, Université Paris I Sorbonne-Panthéon, 1991.

[115] Minieka, E. Anticentres and Antimedians of a Network. Networks 13, 359–364, 1983.

[116] Mirchandani P.B. The p-Median Problem and Generalizations. in Mirchandani P.B., Francis R.L.( eds.) Discrete Location Theory, Wiley Interscience, 1990.

[117] Mirchandani P. B. and R. L. Francis, editors. Discrete Location Theory.

John Wiley & Sons, Inc., New York, 1990.

[118] Nemhauser, G.L. Lecture held at the ESI XII in Locational Analysis, Puerto de la Cruz, Tenerife, June 1995.

[119] Nickel S. Discretization of Planar Location Problems. Shaker, Aachen, 1995. Dissertation.

[120] Perreur J. and J. F. Thisse. Central Metrics and Optimal Location.

Journal of Reginal Science 14:411–421, 1974.

[121] Peterson C. Parallel Distributed Approaches to Combinatorial Optimization Problems-Benchmark Studies on TSP. Neural Computation 2, 261, 1990.

[122] Peterson C. and J. R. Anderson. Neural Network and NP-complete Optimization Problems: a Performance Study on the Graph Bisection Problem. Complex Systems 2:59-89, 1988.

[123] Philip L. and J. F. Thisse, editors. Symposium on Spatial Competition and the Theory of Differentiated Markets, volume XXXI. The Journal of Industrial Economics, September/December 1982–1983.

[124] Plastria F. Solving General Continuous Single Facility Location Problems by Cutting Planes. European Journal of Operational Research 29:98–110, 1987.

[125] Plastria, F. GBSS: The Generalized Big Square Small Square Method for Planar Facility Location. European Journal of Operational Research 62, 163–174, 1992.

[126] Plastria F. When Facilities Coincide: Exact Optimality Conditions in Multifacility Location. Journal of Mathematical Analysis and Applications 169:476–498, 1992.

[127] Plastria F. On Destination Optimality in Asymetric Distance Fermat- Weber Problems. Annals of Operations Research, 40:355–369, 1993.

[128] Plastria F. Continuous Location Anno 1992 — a Progress Rreport.

In J. Karkazis and T. B. Boffey, editors, ISOLVE VI, Survey Papers, volume 5 of Studies in Locational Analysis, pages 85–127. Constantine Porphyrogenetus, 1993.

[129] Potvin J.Y., Y. Shen and J. M. Rousseau. Neural Networks for Automated Vehicle Dispatching. Computers and Operations Research 19, 267–276, 1992.

[130] Puerto J. and A. M. Rodríguez-Chía. A Dynamic Approach to Weber Problem. Prepublicación 15, Facultad de Matemáticas de la Universidad de Sevilla, Seccíon Estadística e Investigación Operativa, 1995.

[131] Reeves C.R. Modern Heuristic Techniques for Combinatorial Problems.

Blackwell Scientific Publications. Oxford. Great Britain, 1993.

[132] ReVelle, C. S., J. Cohon, and D. Shorbys. Simultaneous Siting and Routing in the Disposal of Hazardous Wastes. Transportation Science 25:2, 138–145, 1991.

[133] Roodman G. M. and L. B. Schwarz. Optimal and Heuristic Facility Phaseout Strategies. AIIE Transactions, 7(2):177–184, 1975.

[134] Shulman A. An Algorithm for Solving Dynamic Capacitated Plant Location Problems with Discrete Expansion Sizes. Ops.Res. 39, 423– 436, 1991.

[135] Simoes-Pereira J. M. S. An Optimality Criterion for Graph Embeddings of Metrics. SIAM Journal Discrete Math. 1:223–229, 1988.

[136] Slater P.J. Locating Central Paths in a Graph. Transportation Science 16, 1-18.

[137] Suzuki T., Asami Y. and A. Okabe. Sequential Location-allocation of Public Facilities in One- and Two-dimensional Space: Comparison of Several Policies. Mathematical Programming 52:125–146, 1991.

[138] Thisse J. F., J. E. Ward and R. E. Wendell. Some Properties of Location Problems with Block and Round Norms. Operations Research, 32:1309–1327, 1984.

[139] Van Roy T. J. and D. Erlenkotter. A Dual-based Procedure for Dynamic Facility Location. Management Science, 28:1091–1105, 1982.

[140] Viegas J. and P. Hansen. Finding Shortest Paths in the Plane in the Presence of Barriers to Travel (for any l_p-norm). European Journal of Operational Research 20:373–381, 1985.

[141] Vijay J. An Algorithm for the p-centre Problem in the Plane. Transportation Science 19, 235–245, 1985.

[142] Ward J. and R. Wendell. Using Block Norms for Location Modelling.

Operations Research 33:1074–1090, 1985.

[143] Wendell R. E. and R. D. McKelvey. New Perspectives in Competitive Location Theory. European Journal of Operational Research 6:174–182, 1981.

[144] Winkler P. The Complexity of Metric Realization. SIAM Journal Discrete Math. 1:552–559, 1988.

[145] Witzgall C. J. On Convex Metrics. Journal of Research of the National Bureau of Standards 69, 1965.

[146] Witzgall C. J. Optimal Location of a Central Facility: Mathematical Models and Concepts. Technical Report 8388, National Bureau of Standards, Washington, D.C., 1984.

[147] Wyman, M. M.and M. Kuby. Proactive Optimization of Toxic Waste Transportation, Location and Technology. Forthcoming in Location Science, 1995.

[148] Zenios, S. A., Parallel and Supercomputing in the Practice of Management Science. Interfaces, 24:122-140, 1994.

[149] Zografos, K. G. A Multi-objective Model for Hazardous Waste Routing and Siting Decisions. Paper presented at the ISOLDE VI conference, Chios, Greece, 1993.

[150] Zografos, K. G. and S. Samara. A Combined Location-Routing Model for Hazardous Waste Transportation and Disposal. Transportation Research Records 1245, 52–59, 1989.