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Abstract

This thesis is focussed on solving some facility location/assignment prob-
lems through one particular swarm intelligence technique called Artificial
Bee Colony (ABC) algorithm. Another swarm intelligence technique called
Invasive Weed Optimization (IWO) algorithm has also been used to solve
one problem. Facility location problems deal with locating facilities over
potential locations subject to some constraints in order to optimize (min-
imize or maximize) a given objective function like cost, distance, service
time, waiting time, coverage, etc. The facility assignment problems, on the
other hand, seeks an assignment of a given set of facilities like concentra-
tors, network bandwidth, etc. to a given set of customers subject to some
constraints, so that a given objective function is optimized. The objective
function may involve cost, distance, service time, load balancing, etc. or a
combination of these factors. From a practical point of view, there is a lot
of scope for location science/location theory. There are many application
domains such as locating public facilities, commercial facilities, industrial
plants, ware-houses, garbage dump yards and more where facility location

models can be used to provide an effective solution.

ABC algorithm is a relatively new population based metaheuristic tech-
nique based on intelligent foraging behavior of honey bee swarm, which
has been applied successfully to solve numerous combinatorial optimization
problems in diverse domains. IWO algorithm is another new metaheuris-
tic technique inspired by the phenomenon of survival and colonization of
weeds in nature. It is shown in the literature that a powerful optimiza-
tion algorithm can be obtained by capturing the properties of the invasive
weeds. Since the development of original ABC and IWO algorithms, several

different variants of these algorithms have been proposed in the literature,

iv



In this thesis, we have studied four NP-hard facility location problems
which are based on either fundamental facility location models or their
simple extensions. We choose these models because they are the funda-
mental and most extensively studied models of facility location, and they
are the basis of many advanced models such as those involving capacity
constraints, routing decisions, etc. We have also considered three NP-hard
facility assignment problems in this thesis, viz. terminal assignment prob-
lem and two ring loading problems. These problems originate in the design
of fixed telecommunication networks and routing in fibre optical ring net-
works. These facility assignment problems are also closely related to a
number of classical combinatorial optimization problems in different fields
such as knapsack problem, task assignment problem, problem of assigning

cells to switches in mobile communication networks.

We have considered seven problems in this thesis. These seven problems
are as follows: p-median problem, p-median problem with positive/negative
weights, cooperative maximum coverage location problem, p-center prob-
lem, terminal assignment problem and weighted ring edge-loading problem
and weighted ring arc-loading problem. Out of these seven problems, first
four problems are facility location problems, whereas remaining three prob-

lems are facility assignment problems.

We have developed ABC algorithm based approaches for all the seven
problems. An IWO algorithm based approach is also presented for p-
center problem. For each problem, we have compared our proposed ap-
proach /approaches with the state-of-the-art approaches on the standard
benchmark instances of that problem. Computational results show the
effectiveness of our proposed approaches. Our approaches can be easily

extended to solve several related facility location and assignment problems.
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Chapter 1

Introduction

Over the last few decades operations researchers are striving towards developing new
models, which can be mapped closely to the reality. Facility location is considered as
one such branch of Operations Research (OR), which has been attracting more and
more researchers over the years. Determining the location of facilities is among the
most difficult and crucial decision in a project. Location decisions are difficult, because
once the facility locations are fixed, it requires a lot of effort to relocate. Facility
location deals with locating facilities to provide service to the customer in order to
maintain a trade-off between the cost and service. Facility location models are widely
used in both public and private sectors for locating a wide variety of facilities, e.g.
fire stations, police stations, schools, banking facilities, restaurants, medical services,
swimming pools, vehicle service centers, shopping malls, hazardous and waste material
disposal, etc.

Finding the exact number of facilities to be located and proper location for each of
them is vital, because, locating too many or too few facilities or locating the facilities
inappropriately will result in degraded performance and/or increased cost. In industry
applications, if too many facilities are deployed, the cost incurred will increase beyond
the desirable value. If few facilities are opened, customer service can be degraded lead-
ing to loss of customers’ goodwill which in turn leads to loss of customers. Mislocation
of facilities will results in poor performance even though the correct number of facili-
ties are used. Poor location decisions will have the severe effect on the cost as well as
the performance. Facility location is considered to be of even higher importance when

applied to the emergency type facilities like fire stations, ambulances, police stations,



1. INTRODUCTION

etc. If very few facilities are utilized, and/or they are not located properly, then they
can influence the life and death decisions [I].

The characteristics of a facility location problem will depend on the nature of the
objectives that are being considered and constraints being put on the location of fa-
cilities. The optimization criteria of the location problem will depend on the type of
application where it is actually applied. In the case of private applications maximiza-
tion of the profit and acquiring large market values from opponents are the prime goals.
Facilities like a warehouse or manufacturing plant can be located to fulfil the precisely
defined objective, for example, in locating a warehouse a reasonable requirement of the
objective is the minimization of the capital cost and/or distribution cost. Whereas in
public sector, cost minimization, the integrity of service and efficiency of the system
are the main criteria. But, it is very difficult to precisely state the objectives in case of
locating emergency service type facilities, such as fire stations, and ambulances. Gen-
erally, the emergency service type facilities focus on providing the service to the public.
Since these objectives are difficult to measure, there exist two measures in the location
theory to define the objectives precisely in the case of public facilities. The first mea-
sure is, total weighted distance/time for travel to reach the facilities and the second
measure is, distance/time that the farthest user from a facility has to travel to reach
that facility [2]. In general, the facility location problems deal with the minimization
of operational and locational costs required for total coverage by the facilities or with
maximizing the coverage given a specified number of available facilities [3].

Different variants of the facility location models with constraints have been studied
and solved using different methods in the literature [4] [5] [6] [7] [8] [9]. Almost, all
variants of the facility location problems fall into the category of NP-hard problems,
and hence, the scope of exact approaches are limited. Heuristics and metaheuristic
techniques are used to solve most of the facility location problems [10] [11] [12] [13].
Heuristic techniques are more problem-specific, whereas metaheuristic techniques make
use of problem-related information as components in its framework, which is indepen-
dent of the problem. There has been a significant amount of research on metaheuristic
based solution approaches to solve the facility location models in the literature [14]
[13] [15] [16]. It has been shown in the literature that metaheuristic based approaches
have performed well over the problem-specific heuristics. Review of different exact and

heuristic methods applied for different variants of the problems is available in [17], [18],
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[19]. Even though the location theory is considered as old, but, it is known fact that
applications of these models are getting more attractive.

There is a wealth of literature available on facility location, location models and
location analysis. Interested readers can refer to [1], [20], [17], [18], [21], [22], [23], [24]
to find more about facility location models.

Closely related to facility location problems, there is another class of problems
called facility assignment problems where a decision needs to be made about assigning
a given set of service requests or clients to a given set of facilities subject to some
constraints. Unlike the facility location problems, here the facility locations are either
fixed or immaterial, and hence, location decision is not required and only assignment
decision needs to be made. Assignment problems occur in diverse walks of life ranging
from manufacturing, construction, transportation and logistics, internet applications,
communication networks to code generation in compiler design. Though some of these
problems can be mapped to assignment model or other models in linear programming
[25], and hence, can be solved efficiently, most of these are NP-hard. However, unlike
the NP-hard facility location problems which have been studied systematically as a
group, each NP-hard facility assignment problem is studied in isolation perhaps due to
the diverse domains in which they are found.

Next two sections provide further details about these problems.

1.1 Facility location problems

Facility location problems consist of a finite set of users with service demands and a
finite set of potential locations for the facilities that will provide service to the users
by meeting the given constraints and achieving the desired objective. Usually, two
decisions to be made in facility location problems, first is location decision, which
determines where to locate the facilities and second is allocation or assignment decision,
to find which customers are allocated to which facilities to satisfy their service demand.
Thus, these models sometimes also referred to as location-allocation models [26].
Based on the number of candidate facilities, objective function, the solution space
of the problem and many other decision factors, there are different types of models
available. Depending on the solution space in which the problem is defined, there

exists three models, viz. continuous models, discrete models, and network models.
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In continuous facility location problems, a continuous space usually specified by
the coordinates of a plane, is provided. Thus the objective of this model is to find
points in continuous space for locating new facilities relative to other existing facilities
located at given points in the continuous space. An overview of location theory in
continuous space is available in [27]. A survey of solution methods for the continuous
location-allocation problems can be found in [12].

A problem is known as a discrete facility location problem if a finite number of
potential locations for facilities are provided as the solution space. These problems are
concerned with choosing the best locations for facilities from a given set of potential
locations subject to some constraints so as to optimize a given cost function. A survey
of discrete facility location problems is available in [2§]. Review of different variants of
the discrete facility location problems along with their applications is presented in [17].
A survey on metaheuristic approaches for solving discrete facility location problems is
available in [13].

The difference between continuous and discrete location models is that in the con-
tinuous case a function must be selected to measure the distance or cost between two
points in the space, it can be Euclidean distance function or Rectilinear/Manhattan
distance function, etc. Whereas in discrete model, original travel distance or cost be-
tween two points may be used. Continuous models are easy and fast in practice because
they do not require any pre-computations to find the shortest paths, and also they are
free from large databases of travel distances. But, these models are less precise than
discrete ones, because of the approximation of travel distances by using a distance
function [12].

In network problems, which are a generalization of discrete problems [29], facilities
are located anywhere (on nodes and/or along the edges) on the network. The network
can be a network of road transport, or a network of air transport, or a river transport,
etc. [30]. Given a network, the network location problems deal with locating the
facilities anywhere on the network (on nodes and/or along the edges) so as to optimize a
given cost function while respecting the constraints imposed by the problem concerned.

In general, different types of objective functions are considered in location problems.
Some of the commonly used objective functions are as follows: Minimizing the total set-
up cost, minimizing the maximum distance between the facilities and demand points,

minimizing the average distance travelled, minimizing the maximum distance travelled,
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minimizing the number of located facilities, minimizing the service time, maximizing
the service throughput, etc. Nowadays, there is an increasing interest in multi-objective
network location problems also [30].

Covering problems are one of the most attractive models of the facility location.
They are attractive because of their applicability to the real world problems specially
for locating emergency type facilities. The coverage objective is introduced by Church
and ReVelle [2]. In covering problems, customers receive services from facilities based
on their distance. A customer is served by exactly one facility, not necessarily the
nearest facility, within a given distance. This predefined distance is called as critical
distance or coverage distance or coverage radius and this standard model is referred
as the individual coverage model. In the case of certain types of facilities, a customer
can be served by a group of facilities whose distance from customer falls under the
predefined distance. In this case, facilities are considered to be cooperating to provide
the service. These models are termed as cooperative coverage models [31]. The notion of
coverage is related to a satisfying approach rather than finding a best possible method.
There are many real life problems which can be formulated as covering models such as
locating hospitals, police stations, schools, post offices, parks, libraries, banks, shopping
malls, etc. [9]. More details, applications, and reviews about the covering problems are
available in [32] [33] [34]. Details of cooperative coverage models are available in [35],
[36], [31], and [37].

In covering problems, facilities need to be located as close as possible to customers
they serve. However, there are some undesirable yet necessary facilities which need to
be located as far as possible from the customers they serve. Locations of these facilities
are determined using models known as obnoxious location models. Typical applications
of such models include locations of nuclear reactors, waste/garbage material dumps,
hazardous material disposal, sewage treatment plants, etc. A review of obnoxious
facility location problems is given in [38].

Facility location problems are one of the most extensively studied combinatorial
optimization problems. Different problem variants have been used to model a wide
variety of real life problems. The treatment of the problem and the solution approaches
for different variants are mostly based on their objective function and their constraints.

In this work, we have studied the three fundamental facility location models, viz. p-

median problem, p-center problem and maximum coverage location problem. In these
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models “distance” is considered as a measure in defining their objectives. However,
this distance is considered differently in each of these models. The p-median problem
uses “total distance” as a measure in defining its objective. This distance is defined as
the sum or weighted sum of all distances between customers and their assigned facili-
ties. The objective is to minimize either the sum of the distances between customers
and their assigned facilities or a weighted sum of the distances between customers and
their assigned facilities. Here, we have addressed both unweighted and weighted ver-
sions of p-median problem. On the other hand, p-center problem considers “maximum
distance” as a measure, i.e., maximum distance over all distances between customers
and their assigned facilities. Here the distance is usually unweighted, and it aims at
minimizing the maximum distance over all the distances. The third model, maximum
coverage location problem, considers “coverage distance” as a measure and a customer
is considered as covered if, the distance at which he/she is located falls under the
specified radius of the facility. It’s objective is to locate a fixed number of facilities
so as to maximize coverage (customer’s covered) within a specified service distance.
We choose these models because they are the most fundamental and broadly studied
models of facility location, and, they are the basis for many advanced models such as
those involving capacity constraints, routing decisions, etc. [13].

In locating emergency type services, the notion of coverage is well-established [2].
The proximity of the facility from a customer is used as a fundamental measure to decide
whether a customer/demand point is covered or not. A demand point is considered
to be covered if a facility is available within some specified distance/time standard to
provide the service. Then the coverage is achieved if an individual from the demand
point can receive the service from the facility within the time/distance standard or
if the server at the facility can provide/reach the demand point within the specified
time/distance standard. Applications of maximal covering location problem (MCLP)
are discussed in [39].

In general, one should always focus on the shortest distance from the demand point
to reach the facility, while using distance as the standard. It is important to consider
that the distance that needs to be travelled from the farthest demand point to reach the
facility should not be too long. Hence the concept of maximum distance/time is most
applicable to the location of emergency type services as well as to the location of public

services, such as post offices, schools, banks, libraries, etc., which can be modelled using
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the p-center problem. For applications of p-center problem one can refer to [30] and
[40].

There are many cases where we are interested in the average distance that a cus-
tomer has to travel to receive the service or the average distance that a provider must
travel to reach his/her clients. To address these kinds of problems, we turn to the
p-median problem as minimizing the average distance is equivalent to minimizing the
total distance. Applications of p-median problem is available in [30]. A comprehensive
literature survey on metaheuristic approaches for p-median problem is available in [15].

Though we make the assignment decision in facility location problems also, facility
assignment problems are different. In facility location problems, the objective function
is influenced by both the location decision and assignment decision and these two
decisions are inter-dependent. Facility assignment problems deal only with assignments
and involve no location decision. The next section provides an overview of facility

assignment problems.

1.2 Facility assignment problems

Facility assignment problems seek the assignment of a given set of clients to a given
set of facilities under a given set of constraints so as to optimize a given cost function.
In these problems, locations of facilities are either fixed or immaterial. Clients can be
physical or non-physical and we have solved both kinds of facility assignment problems
in this thesis. In general, the cost function is related to the overall performance of the
System.

Some facility assignment problems can be mapped to classical assignment model
or other models in linear programming and can be solved efficiently. The classical
assignment problem aims at optimizing the cost of assigning a given number of jobs to
an equal number of persons so that each job is assigned to exactly one person. Finding
the best person for the job is the prime goal of the assignment model. For example,
consider a set of workers having different levels of skill to perform various jobs. The
assignment of a job that matches worker’s skill perfectly requires less cost than the
assignment of a job that does not match worker’s skill. The objective of the model in

this situation is to determine the minimum cost of assignment of jobs to workers.
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The assignment model is actually a special case of the transportation model, in
which the workers represent the sources, and the jobs represent the destinations. The
supply of each source and the demand at each destination are exactly equal to 1. This
model can be solved directly as a regular transportation model, but, the fact that
all the supplies and demands are equal to 1 has led to the development of a simple
solution algorithm called the Hungarian method [41]. The assignment model can be
extended to situations where the number of jobs is not equal to the number of persons
by introducing the suitable number of dummy persons or dummy jobs so that the
number of jobs becomes equal to the number of persons. If the number of jobs is less
than the number of persons then we introduce dummy jobs and if the number of persons
is less than the number of jobs then we introduce dummy persons. The various costs
associated with these dummy persons/jobs are chosen to be greater than or equal to
the maximum cost associated with any pair of job and person. If the number of jobs is
less than the number of persons then the persons who got dummy jobs in final solution
will remain idle, and, if the number of persons is less than the number of jobs then the
jobs assigned to dummy persons will remain unallocated.

There is a generalization of the assignment problem known as Generalized Assign-
ment Problem (GAP). There are a number of jobs and a number of machines. Each
machine has a capacity. A job can be assigned to any machine, and this assignment
will incur some cost and fetch some profit. The cost and profit vary according to the
assignment, i.e., the cost incurred and profit fetched depends on the machine to which
a job is assigned. Moreover, the sum of the costs of the jobs assigned to a machine
cannot exceed its capacity. The goal of GAP is to find an assignment of jobs to ma-
chines which maximizes the total profit without exceeding the capacity of even a single
machine. Several facility assignment problems can be modelled using GAP or one of
its variants. Likewise, some facility location problems can also be modelled as GAP
[42]. However, GAP is NP-hard, and, even determining whether there exists a feasible
solution to GAP is NP-complete [43].

In this work, we have addressed three facility assignment problems, one is terminal
assignment problem, and the other two are ring loading problems, viz. weighted ring
arc loading problem and weighted ring edge loading problem. The first problem is an

example of a facility assignment problem with physical clients, viz. terminals, whereas
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the other two involves non-physical clients, viz. communication demands. These prob-
lems originate in the design of fixed telecommunication networks and routing in fibre
optical ring networks. These facility assignment problems are also closely related to a
number of classical combinatorial optimization problems in different fields such as bin
packing problem, the problem of assigning cells to switches in mobile communication
networks.

Terminal assignment problem plays an important role in the design of telecommu-
nication networks. In large centralized computer networks, a central computer serves
numerous terminals or workstations. In such cases, concentrators are used to increase
the efficiency of the network. Instead of connecting the terminals directly to the cen-
tral computers, the terminals are connected to the concentrators and concentrators are
connected to the central computer. The terminals and concentrators have fixed and
known locations. The capacity requirements of each terminal are known. This require-
ment may vary from one terminal to another terminal. The maximum capacity of each
concentrator and the costs of connecting each terminal to different concentrators are
also known. The objective of the TA problem is to connect a given set of N terminals
to a given set of M concentrators in such a way that the total cost of the network thus
formed is minimum according to a given objective function. Many different approaches
have been proposed in the literature to solve the TA problem.

Ring loading problems have their applications in data communication in fibre optical
network with ring topologies. The first ring loading problem pertains to Synchronous
Optical NETworking (SONET) and Synchronous Digital Hierarchy (SDH) based opti-
cal networks. Basically, SONET/SDH enforce a ring-based topology where nodes are
connected via a ring of optical fibre cables. SONET/SDH rings are bi-directional, i.e., a
message can be transmitted in either direction (clockwise or counter-clockwise) over the
ring and the messages routed through clockwise direction compete with those messages
routed through counter-clockwise direction for the common bandwidth. The amount
of data transmitting through an edge in either direction at a particular instant is called
its load at that instant. Obviously, the load on any edge can not exceed the available
bandwidth. Weighted Ring Edge-Loading Problem (WRELP) is an important problem
in this context that seeks to minimize the maximum load on any edge. Given a set

of communication demands between various pairs of nodes, the WRELP consists in
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routing the demands on the ring in either clockwise or counter-clockwise direction so
that the maximum load over all the edges is minimized.

However, unlike SONET /SDH where there is a single bi-directional ring, a Resilient
Packet Ring (RPR) based network consists of two distinct uni-directional rings (one
clockwise and another counter-clockwise), each with its own bandwidth and the mes-
sages sent through clockwise ring do not compete with those messages sent through
counter-clockwise ring for the common bandwidth. So bi-directionality in RPR is
achieved by making use of these two rings while sending the messages. Clearly, in
RPR we have to deal with directed edges or arcs, where an arc, depending on its direc-
tion, belongs to a clockwise or counter-clockwise ring. The amount of data transmitting
through an arc at a particular instant is called its load at that instant. Weighted Ring
Arc-Loading Problem (WRALP) in RPR is equivalent of WRELP in SONET/SDH.
Given a set of communication demands between various pairs of nodes, the WRALP
problem consists in routing the demands either through the clockwise ring or counter-
clockwise ring so that the maximum load over all the arcs of both the rings is minimized.

This thesis presents swarm intelligence based approaches for various facility loca-
tion/assignment problems considered. The next section provides a general introduction

to swarm intelligence.

1.3 Swarm intelligence

Over the last two decades, developing metaheuristic techniques based on swarm intel-
ligence has become a highly popular area of research. These techniques are inspired by
the collective intelligence and self-organised behavior shown by a group of individuals
or agents. Such a group of agents is referred to as a swarm. These agents can be living
organisms (e.g., birds, insects, weeds, bacteria, etc.) or things (e.g., particles, water
drops, etc.). These agents interact with one another and with the surroundings by ex-
hibiting a stochastic behavior. Without any access to global information, these agents
perform tasks parallelly (tasks are performed simultaneously by all the agents) and in
a distributed manner (without any centralized control) by following simple rules which
use only the local information exchanged among the individual agents. Interactions
among such self-organized agents fuel the evolution of an intelligent global behavior

without any knowledge to the individual agents. This form of collective intelligence is
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referred to as swarm intelligence. The term swarm intelligence was introduced by Beni
and Wang [44] in the context of cellular robotic systems. Division of labour and self-
organization are two important properties of the swarm. Division of labour facilitates
specialized agents of the swarm to perform a number of different tasks simultaneously.
Division of labour can be clearly seen in social insects such as ants, bees, termites etc.
Self-organization property of the swarm refers to a coherent global behavior evolved
as a result of local interactions among the agents. Bonabeau et al. [45] listed four

conditions for a swarm to exhibit self-organized behavior.

1. Positive feedback aids in the formation of purposeful structures comprising of
many individual agents. The common examples of positive feedback include re-

cruitment through dances in bees and pheromone trail reinforcement in ants.

2. Negative feedback helps avoid saturation. It offsets positive feedback and makes
the collective pattern more stable. Food source exhaustion in case of foraging
bees and pheromone trail evaporation in ants are common examples of negative

feedback.

3. Fluctuations are random variations in behavior of agents in a swarm that helps

in exploring new areas.

4. There should exist an opportunity for multiple interactions in a swarm. Normally,
in a single interaction, information is exchanged only between two or at most
few individuals. Therefore, in order to spread the information globally, multiple

interactions are necessary.

This thesis is particularly concerned with one swarm intelligence technique, viz.
Artificial Bee Colony (ABC) algorithm. Another swarm intelligence technique called
Invasive Weed Optimization (IWO) algorithm is also used to solve one problem. The

next two sections provide the overview of these two techniques.

1.3.1 Overview of artificial bee colony algorithm

One of the new population-based metaheuristic techniques inspired from the intelligent
foraging behavior of honey bee swarm is artificial bee colony algorithm. In general, the

foraging bees are classified into three categories, viz. employed, onlookers, and scouts.
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Employed bees are the ones that exploit the food sources. They carry nectar from the
food sources to the hive and share the information about their food sources with the
onlooker bees. Onlooker bees are those bees who stay in the hive and wait for the
employed bees to pass on the information about their food sources. The information
about food sources is shared by employed bees through dancing in an area of the hive
reserved specifically for this purpose. The duration and nature of the dance performed
by an employed bee depend on the nectar content and position of the food source
currently being exploited by that employed bee. Onlooker bees closely observe various
dances performed in order to choose a food source. The onlookers tend to choose a food
source with a probability proportional to the nectar content of that food source. So,
if a food source has rich nectar content, it will attract more onlookers in comparison
to a food source having poor nectar content. Scout bees are those bees which carry
out the search for new food sources in the vicinity of the hive. Whenever a bee finds
a food source irrespective of whether its a scout or onlooker, it starts exploiting it
and becomes employed. Once a food source is completely exhausted, it is abandoned
by all the employed bees associated with it. Such employed bees can become scouts
or onlookers. Therefore, we can say that scout bees are responsible for exploration,
whereas employed and onlooker bees are responsible for exploitation.

Karaboga [46] introduced the ABC algorithm in 2005 after deriving inspiration from
the above described foraging behavior of honey bee swarm. Now, numerous extensions
of this algorithm exist in literature, e.g. see [47, 48, [49] 50, 511 (2] (3| 54, B3] (6L, 57, 58]
H9] etc. Like real bees, in ABC algorithm, artificial bees are also categorized into scout,
employed and onlooker bees with similar functions. In ABC algorithm, the food sources
represent the possible solutions to the problem under consideration, and the quality of
a food source represents the fitness of the represented solution. The employed bees are
associated with food sources. There is always, a one-to-one association between food
sources and employed bees, which means, the number of food sources is equal to the
number of employed bees. Usually, but not always, the number of onlooker bees is also
taken to be equal to the number of employed bees. The employed bee associated with
an exhausted food source always becomes a scout and never an onlooker, and, as soon
as this scout finds a new food source, it again becomes employed. The action carried
out by a scout bee is modelled by generating a new food source and associating the

scout bee in consideration with this newly generated food source to make it employed
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again. We have used food source and solution interchangeably throughout this thesis.
The ABC algorithm follows an iterative search process, which starts with initializing
the employed bees with randomly generated food sources (solutions), then it repeats
through the cycles of the employed bee and onlooker bee phases.

In the employed bee phase, each employed bee determines a food source in the
proximity of its associated food source and evaluates its quality. The method of deter-
mining a new food source in the proximity of a particular food source depends on the
problem under consideration. If the quality of the new food source is better than the
current one, then the employed bee moves to the new food source leaving the old one.
Otherwise, it remains at the old food source. When all the employed bees finish this
process, then employed bee phase ends and onlooker bee phase begins.

In onlooker bee phase, onlookers select the food sources according to a probabilistic
selection policy. The selection policy used by onlookers is designed in such a manner
that good food sources will have more chance of being selected. As a result of such
a probabilistic selection, good quality food sources will get more chance for selection
by the onlookers. After all onlookers select the food sources, they determine the food
sources in the proximity of their selected food sources and evaluate the fitness. Usually,
the manner in which onlookers determine food sources in the proximity of their selected
food sources is same as the employed bees, but it can be different also. Among all the
neighboring food sources determined by the onlookers who chose food source ¢, and,
the food source ¢ itself, the best food source is determined. This best food source will
be made the food source ¢ for the next iteration. The onlooker bee phase ends when
all the food sources are updated, and then the next iteration of the ABC algorithm
begins.

The algorithm repeats itself through the cycles of the above mentioned two phases
until the termination condition is satisfied. If a solution associated with any employed
bee does not improve over some specific number of iterations, then that food source is
considered as exhausted and it is discarded by its associated employed bee and that
employed bee becomes the scout. Such a scout is converted back into employed bee
by associating it with a new solution generated specifically for this purpose. Usually,
this new solution is generated randomly in the same manner as an initial employed bee
solution, but it can also be generated by perturbing either the current solution or the

best solution.
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In the employed bee phase, every solution is given a fair chance to improve itself,
whereas in the onlooker bee phase, because of the biased selection policy used by
the onlookers as mentioned above, good quality solutions get more chance to improve
themselves in comparison to poor quality solutions as more number of onlookers gets
attracted towards good quality solutions. This bias towards good quality solutions may
produce better quality solutions faster, as there will be higher chances of finding even
better solutions within the proximity of good solutions. However, if a solution is locally
optimal, then no better solution exists in its proximity and any attempt to improve it
will always fail. The concept of scout bees helps in getting rid of this situation. Instead
of determining whether a solution is locally optimal or not with respect to the whole
neighborhood which can be a computationally expensive process, a solution is deemed
to be locally optimal if has not improved over a certain number of iterations. This
solution is discarded by making its associated employed bee a scout. A new solution is
generated for this scout bee to make it employed again. This new solution is generated
either in the same manner as an initial solution or by perturbing an existing solution.
Hence, the solutions which has not improved since long and which can be locally optimal
are discarded utilizing the concept of scout bees. For a search process to be robust, the
balance between the exploration and exploitation must be maintained. To maintain a
proper balance between exploration and exploitation in the ABC algorithm, the number
of iterations without improvement in the quality of a solution after which its associated
employed bee leaves it and becomes a scout needs to be set appropriately.

The pseudo-code of ABC algorithm is presented in where n. and
ne are the number of employed bees and number of onlooker bees respectively. The
function Determine_Neighbor_Solution(X ) returns a solution in the neighborhood of the
solution X . The exact implementation of this function depends on the problem under
consideration. The function Scout() generates a solution as per the policy used for
generating scout bee solutions. Another function select_index(X1, Xo,...,X,, ) selects
a solution from all the employed bee solutions X;, Xo,...,X,, for an onlooker and
returns the index of the solution selected. However, the exact implementation of this
function depends on the selection policy used for selecting a food source for an onlooker
bee. In all the ABC algorithm based approaches presented in this thesis, we have used
binary tournament selection method for selecting a food source for an onlooker bee.

The reason for using binary tournament selection method in place of roulette wheel
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Algorithm 1: Pseudo-code of ABC algorithm

Generate n. initial solutions ey, es, ..., €,. randomly;

best_sol <— best solution among e1, e, ..., ey, solutions;

while (termination criteria is not satisfied) do

for (i < 1 to n.) do

€ + Determine_Neighbor_Solution(e; );

if (¢/ is better than e;) then

| e+ ¢

else if (e; has not changed over last limit iterations) then
L ei < Scout();

if (e; is better than best_sol) then
| best_sol + e;

for (i < 1 to n,) do
pi < select_index(ey, e, ..., en,);
On; < Determine_Neighbor_Solution ey, );

if (On; is better than best_sol) then
| best_sol < On;

for (i < 1 to n,) do

if (On; is better than ey, ) then
| ep, < Ony

return best_sol;

selection method which is used commonly in ABC algorithm is that binary tournament
selection method performs better in general and at the same time computationally less
expensive [60].

A comprehensive survey of the ABC algorithm and its applications is available in

61].

1.3.2 Overview of invasive weed optimization algorithm

Invasive weed optimization (IWO) algorithm is another recently proposed metaheuris-
tic technique. IWO algorithm is developed by Mehrabian and Lucas [62] in 2006. This
technique is inspired by a phenomenon commonly observed in agriculture, i.e., colo-

nization of invasive weeds. It is shown in the literature that a powerful optimization
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algorithm can be obtained by capturing the properties of the invasive weeds. A weed
in layman terminology is any unwanted plant growing in a place where it is not de-
sired. But the use of the term weed is restricted in agriculture to only those plants
which present a serious risk to survival and growth of desirable and cultivated plants
with their intense and invasive manner of growth. Weeds are very robust and adaptive
to the environment changes [63]. Weeds compete for resources like light, water, and
nutrients with cultivated plants, thereby, adversely affecting the growth of cultivated
plants. They grow before other desirable plants and will tap all critical resources and
rapidly multiply their population, thereby, severely impacting the growth of cultivated
plants in a negative manner. Weeds have the ability to produce numerous, long-lived,
and easily transportable seeds. Weeds can produce the viable seeds even under adverse
conditions and these seeds can survive long term. The seeds have the ability to survive
even if parent plant is destroyed. Because of these properties, weeds find a place among
the most robust plants in nature.

Motivated by this colonizing behavior of weeds, Mehrabian and Lucas [62] proposed
IWO algorithm in 2006. Since then several different variants of the original IWO
algorithm have been proposed in the literature, e.g. see [64] [65] 66, 67, [68], 69, 70, [7T]
72, 73, [74] etc. In the IWO algorithm, each weed corresponds to a possible solution to
the problem under consideration and the fitness of a weed is determined by the fitness
of the solution it represents. IWO algorithm follows an iterative process which begins
by generating a population of weed solutions randomly. Then an iterative process
ensues where during each iteration, each weed produces a certain number of seeds
(new solutions) according to its fitness. Usually, the number of seeds a weed can
produce are mapped linearly from s,,;, t0 Simae according to its fitness. The seeds are
produced in such a manner so that they are distributed in the search space according
to a normally distribution with mean equal to the location of the producing weed and
varying standard deviations. Following expression is used to determine the standard
deviation (S.D.) o at each iteration.

iter. iter nmi
. .— maxr PR
Oiter *— ( e mas ) (Jl Gf) toy

Here iter,,,, is maximum number of iterations, o;e, is standard deviation at present
iteration, and nmi is nonlinear modulation index, o; is the pre-defined initial value,

oy is the pre-defined final value. Please note that the value of the standard deviation
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Algorithm 2: Pseudo-code of IWO Approach

Generate n; initial random weed solutions Wy, Wa, ..., Wy,;
best_sol := best among Wi, Wa, ..., W, weed solutions;
Ne 1= Nj;

sort_weeds(n.);

if n. > nuper then
L Mc ‘= Nmax

while Termination condition is not reached do
Neolony="Nc;
for i :=1 to negony do
seeds := no_of_seeds(W,);
for j :=1 to seeds do
Ne = ne + 1
Wi, := generate_seed_solution(W;);

if W, is better than best_sol then
| best_sol := Wy,

sort_weeds(n.);

if (ne > npmae) then
L N ‘= NMmax

return best_sol;

is decreased from o; to oy over iterations of the algorithm so that the search space
is explored thoroughly during initial iterations, and, it is reduced gradually over the
iterations in order to focus the search in the neighborhood of good solutions only during
final iterations. The exact manner in which seeds are produced depends on the problem
under consideration. Once all weeds have finished producing their designated number
of seeds, the newly produced seeds compete with weeds already existing in the colony
for survival through a process known as competitive exclusion. If the number of weeds
in the colony is less than the maximum number of weeds allowed in the colony 1,4z,
then all the newly produced seeds are included in the colony of weeds as new weeds.
However, once the number of weeds in the colony reaches n,q., only the fittest n,,qz
weeds, among the existing ones and newly produced ones, are retained in the colony by
the process of competitive exclusion. After this, another iteration of IWO algorithm

begins. This process is repeated as long as termination condition is not satisfied.
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The pseudo-code of IWO algorithm is given in [Algorithm 2| where n,. represents the
total number of weeds in the colony at any instance of time, and n; is the number of
weeds present in the colony at the time of initialization. n.,q, is the maximum number
of weeds permissible in the colony. The function sort_weeds(n.) sorts weeds according
to non-increasing order of their fitness. Another function no_of seeds(W;) returns the
number of seeds a weed W; can produce, whereas generate_seed_solution(W ) function
generates a seed solution around the original solution W. The exact methods for
determining the number of seeds that a weed can produce and for generating a seed

solution vary according to the problem under consideration.

1.4 Scope of the thesis

This thesis is focussed on solving some NP-hard facility location/assignment problems
through one particular swarm intelligence technique, viz. artificial bee colony (ABC)
algorithm. Invasive weed optimization (IWO) algorithm, which is another swarm intel-
ligence technique, has also been used to solve one problem. We have considered seven
problems in this thesis. Out of these seven problems, first four problems are facility
location problems and the remaining three problems are facility assignment problems.
These problems have many practical applications in diverse fields such as communica-
tion network design, transportation, logistic management, supply chain management,
locating public/private facilities, cluster analysis, hazardous material disposal, waste
material disposal, etc. We found through a literature review of these problems that
either swarm intelligence based approaches particularly ABC algorithm do not exist,
or existing techniques are not designed properly, and, hence, there is a scope for devel-
oping new approaches based on ABC algorithm which can outperform these existing
approaches. This has motivated us to develop ABC algorithm based approaches for the
problems considered in this thesis. We have developed either altogether new approaches
or extended the existing approaches for these problems by incorporating appropriate
changes in different components of ABC algorithm. All our approaches except one
make use of local search heuristics in one way or the other. In addition, we have also
incorporated problem-specific knowledge wherever appropriate in our approaches.
This thesis is divided into eight chapters beginning with this introductory chapter.
[Chapter 2| to[Chapter 5] deal with the facility location problems, whereas and
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address facility assignment problems. is the concluding chapter.

In the following, we outline the content of each of these chapters:

deals with the p-median problem which is a well-known facility location
problem. Given an undirected graph G = (V, E) with |V| = n, the p-median problem
seeks on this graph a set Z C V of p vertices that minimizes the sum of distances from
all the vertices in V to their respective closest vertices in Z. The vertices of the graph
and the vertices in Z can be regarded as the demand points and the potential locations
of facilities respectively, the objective is to select the locations of p facilities to serve n
demand points, so that the sum of the distances of demand points from their nearest
facilities is minimized. In this chapter, we have proposed an artificial bee colony algo-
rithm based approach for solving this NP-hard problem. We have tested the proposed
algorithm on the OR-Library and Galvao p-median benchmark problems and the re-
sults are compared with those obtained with some other approaches available in the
literature. The computational results show that the proposed algorithm outperforms
other methods.

addresses the p-median problem with positive/negative weights. In this
chapter, we have considered the weighted case of p-median problem where every vertex
in G has either a positive or a negative weight under two different objective func-
tions, viz. minimizing the sum of the minimum weighted distances and minimizing
the sum of the weighted minimum distances. A location problem with positive and
negative weights on the vertices is useful in applications, where some facilities are non-
attractive to some clients (facilities are obnoxious). We have extended the artificial bee
colony algorithm developed in the previous chapter to the positive/negative weighted
p-median problem and compared its performance with state-of-the-art approaches on
the standard benchmark instances. Computational results show the effectiveness of our
approach.

proposes a hybrid artificial bee colony algorithm for the cooperative
maximum covering location problem (CMCLP) on a network. In cooperative location
covering problems, it is assumed that each facility generates a signal whose strength
decreases with the increase in distance and a demand point is considered to be covered if
the total signal strength received by it from various facilities exceeds a certain threshold.

The objective of the CMCLP is to locate the facilities in such a way that maximizes
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the total demands covered. The proposed hybrid approach obtained better quality
solutions in comparison to two heuristic methods available in the literature.

addresses the p-center problem. It is an important facility location prob-
lem which focusses on the quality of service. In this problem, the objective is to find a
set of p centers on a weighted undirected graph G = (V, E) in such a way that the max-
imum distance over all distances from vertices to their closest centers is minimized. In
this chapter, we have proposed two metaheuristic approaches for the p-center problem.
The first approach is based on artificial bee colony algorithm, whereas the latter ap-
proach is based on invasive weed optimization algorithm. The experiments performed
on well-known benchmark problems show that our approaches are competitive with the
state-of-the-art approaches available in the literature in terms of solution quality.

is concerned with the solution of terminal assignment (TA) problem
through an artificial bee colony algorithm based approach. TA problem is an impor-
tant problem in the design of telecommunication networks. The problem consists in
determining the best links for connecting a given set of terminals to a given set of
concentrators subject to some constraints. Each terminal is assumed to have a posi-
tive weight, and each concentrator is assumed to have a fixed capacity. TA problem
assigns terminals to concentrators in such a manner so that each terminal is assigned
to exactly one concentrator and the sum of weights of terminals assigned to each con-
centrator should not be greater than its capacity. The goal of the TA problem is to
minimize a weighted sum of distances of terminals from their assigned concentrators
and the unbalance in loads on various concentrators as measured through a balance
function. In comparison with the best methods available in the literature, the proposed
approach obtained better quality solutions in shorter time.

In we have proposed hybrid artificial bee colony algorithm based ap-
proaches for two NP-hard problems arising in optical ring networks. These two prob-
lems fall under the category of ring loading problems. Given a set of data transfer
demands between different pairs of nodes, the first problem consists in routing the
demands on the ring in either clockwise or counter-clockwise direction so that the max-
imum data transmitted through any link in either direction is minimized. The second
problem, on the other hand, discriminates between the data transmitted in one direc-
tion from the other and consists in minimizing the maximum data transmitted in one

particular direction through any link. The first problem is referred to as weighted ring
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edge-loading problem in the literature, whereas the latter as the weighted ring arc-
loading problem. Computational results on the standard benchmark instances show
the effectiveness of our approaches on both the problems.

concludes the thesis by listing the contributions made in addressing the
afore-mentioned seven problems. It also provides some guidelines and directions for

future research.

21



Chapter 2

p-median problem

2.1 Introduction

Given an undirected graph G = (V, E) with |V| = n, the p-median problem seeks on
this graph a set Z C V of p vertices that minimizes the sum of distances from all the
vertices in V to their respective closest vertices in Z. The vertices of the graph and
the vertices in Z can be regarded as the demand points and the potential locations of
facilities respectively, the objective is to select the locations of p facilities to serve n
demand points, so that the sum of the distances of demand points from their nearest
facilities is minimized. Throughout this chapter, the vertices in set Z and facility
locations are used interchangeably. There are many real world situations which can be
modelled using the p-median problem, for example, locating public facilities, industrial
plants, and ware-houses. p-median problem can also be represented in a matrix form
as follows: Given a matrix D of dimension n x n, select p columns of D in such a way,
so that the sum of minimum coefficients in each row within these p columns is as small
as possible.

Kariv and Hakimi [75] showed that the p-median problem is NP-hard. Therefore,
no polynomial time algorithm exists to solve this problem. The small size instances of
p-median problem can be solved within reasonable computational time by exact algo-
rithms but with the increase in problem size, the computation time also increases expo-
nentially. Hence, we need heuristics to solve large instances of the problem. Heuristic
algorithms do not guarantee the optimal solution, but a feasible solution can be ob-

tained which is likely to be either optimal or near optimal. Heuristic algorithms work
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in acceptable time and memory requirements.

The first heuristic method for the p-median problem was proposed by Kuehn and
Hamburger [76]. This method starts with an empty set of facilities and then iteratively
adds facilities till p-facilities are added. During each iteration, the location which
reduces the objective function value by the maximum amount is chosen for locating
a facility. Feldman et al. [77] proposed a stingy heuristic which starts with all n
points to be the location of facilities and then iteratively deletes facilities till only
p-facilities remain. During each iteration, the facility whose deletion increases the
objective function value by the least amount is chosen for deletion. Another early
heuristic was proposed by Teitz and Bart [78] which is based on interchanging a facility
location with a non-facility location. Since the development of these early heuristics,
a number of heuristic and metaheuristic algorithms have been proposed for p-median
problem, e.g. fast interchange heuristic [79], Lagrangean relaxation based heuristics [80,
811 82], simulated annealing [83], tabu search [84] [85], variable neighborhood search [86],
genetic algorithms [87, 88, [89] [90], global /regional interchange algorithm [91], LEVEL-
2 and LEVEL-3 heuristics [92], gamma heuristic [93], particle swarm optimization
[94] ©95], hybrid heuristic methods [96], a swap-based local search procedure [97], a
parallel genetic algorithm [98], artificial bee colony algorithm [99]. A survey on heuristic
and metaheuristic approaches for the p-median problem can be found in [I5].

In this chapter, we have proposed an artificial bee colony (ABC) algorithm based
approach for the p-median problem. There also exists a previously proposed ABC al-
gorithm for the p-median problem developed by Basti and Sevkli [99]. However, our
ABC algorithm is entirely different from the one proposed in [99]. In their approach,
Basti and Sevkli [99] used ABC algorithm which works with continuous values and they
have to convert continuous values to discrete values in order to get a solution. This has
motivated us to develop our algorithm which works with discrete values. In our algo-
rithm, the conversion from continuous values to discrete values is not needed. We have
devoted an entire subsection to highlight the key differences between
our approach and approach of [99]. We have compared our ABC approach with some
state-of-the-art approaches including ABC approach of [99] on the two sets of stan-
dard benchmark instances, viz. OR-Library test instances and Galvao test instances.

Computational results show the effectiveness of our approach.
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- L

Figure 2.1: A typical solution of the p-median problem with n =23 & p=5

The remaining part of this chapter is organized as follows: defines
the p-median problem formally. presents our ABC approach to solve the
p-median problem. reports the computational results and compares our
approach with other approaches available in the literature. Finally, outlines

some concluding remarks.

2.2 Formal problem definition

The p-median problem can be defined formally as follows. Given an undirected graph
G = (V, E) with vertex set V' = {v1,v9,...,v,}, edge set E and the shortest path or
distance from vertex v; to vertex vj, d(v;,v;). Now, the problem is to find a subset
Z C V containing p vertices of GG, in such a way that the sum of distances from all
vertices in V' to their closest vertices in Z is minimized, i.e., choose Z = {z1,22,...,2p}

that minimizes

n

min  d(vj, z; 2.1
D in, (i) (2.1

illustrates a typical solution of p-median problem with p = 5 facilities
and n = 23 demand points. Each dot (big or small) represents a demand point. Those
demand points which are also the location of facilities are represented by big dots. The
lines joining the facilities to the demand points provide an idea of distances between

demand points and their nearest facility.
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2.3 ABC approach for the p-median problem

2.3 ABC approach for the p-median problem

This section describes our ABC approach for the p-median problem. The salient fea-
tures of our ABC approach are discussed below in subsequent subsections. The last
subsection lists the differences between our ABC approach and ABC approach of Basti
and Sevkli [99]. Our proposed ABC approach will be referred to as ABC-D hereafter.

2.3.1 Solution representation and fitness

We have represented a solution directly by the subset of vertices used for locating

the facilities. Demand points are always assigned to the nearest facility in the subset

for calculating the objective function value (Equation (2.1)). We have also used the

objective function as the fitness function, i.e., a lesser value of the fitness function

indicates a more fit solution.

2.3.2 Food source selection for onlooker bees

For selecting a food source for an onlooker bee, we have used the binary tournament
selection method. In this selection method, two food sources are selected randomly,
and their fitness is compared. The better of the two food sources in terms of their
fitness is selected with the probability p,;, otherwise the worse of the two food sources

is selected (with the probability 1 — pyy). [Algorithm 3| provides the pseudo-code for

the binary tournament selection method.

Algorithm 3: Pseudo-code for the binary tournament selection method

Select two solutions e; and e from the employed bee solutions randomly;
Generate a random number p between 0 and 1;

if P < pPoni then
| return the best solution among e; and e

else
| return the worst solution among e; and e

2.3.3 Initial solution

The initial solutions for our ABC algorithm are generated in a random manner. One

location for a facility is selected at a time randomly from the not yet selected vertices
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2. P-MEDIAN PROBLEM

of V, and this process is repeated until p facilities are located.

2.3.4 Neighboring solution generation

Our neighboring solution generator operator is based on the fact that if a facility is
located at a particular demand point in one good solution, then it is highly likely that a
facility is located at this demand point in many good solutions. To generate a neighbor
solution Z' for solution Z, we select a random solution Z; from the population of
solutions. Then we copy those locations of facilities which are present in both solutions
(common facility locations) Z and Z; into Z’. Next, a fraction f of the remaining
locations for facilities are added from original solution Z. And the rest of locations
for facilities are added from random solution Z;. The parameter f is determined
empirically. While adding locations (from Z and Z;), we always add that location to
solution Z’ whose addition yields the smallest objective function value assuming only
that many facilities are opened.

If the two solutions Z and Z; are identical, i.e., these two solutions contain same
locations for all the facilities. In this case copying all the location to Z’ will produce
another solution identical to Z and Zj, hence resulting in one more copy of Z (and
Z1). This situation is known as a collision in ABC algorithm jargon [51]. If a collision
occurs while generating a neighboring solution for an employed bee, then that solution
is discarded, and the concerned employed bee becomes a scout. The scout bee is
reinitialized as employed bee by associating it with a new solution generated randomly
in a fashion similar to an initial solution. This is done to eliminate one duplicate
solution. If a collision occurs while generating a neighboring solution for an onlooker
bee then another solution is chosen randomly. This process of selecting a random
solution is repeated until a solution different from original solution is found for an
onlooker bee. Instead of tackling the collision like employed bee phase, the reason for
repeatedly searching for a solution different from original solution for an onlooker lies in
the fact that it is of no use to generate a solution randomly for an onlooker bee as such
a solution can seldom survive. An onlooker bee solution can survive only when it is
better than the original solution with which the onlooker in consideration is associated
and solutions of all other onlooker bees which are also associated with the same original

solution. A randomly generated solution can seldom be better than all these solutions.

26



2.3 ABC approach for the p-median problem

2.3.5 Other features

An employed bee abandons a solution when there is no improvement in the quality of
this solution over a specified number of iterations say limit and becomes a scout. For
ABC algorithm, limit is an important control parameter and should be appropriately
set as it is responsible for maintaining the delicate balance between exploration and
exploitation. A lesser value of limit favors exploration over exploitation. On the other
hand, a higher value of limit gives preference to exploitation undermining exploration.
An employed bee can also become a scout, as mentioned in through a
collision.

A newly designated scout bee is immediately associated with a newly generated
food source and it becomes employed again. This food source is generated randomly
in the same manner as an initial solution. In our algorithm, there is no explicit upper
and lower limits on the number of scouts in a single iteration. The number of scouts

in a particular iteration depends on the above mentioned two conditions.

2.3.6 Local search

This local search is applied after the execution of ABC algorithm on the best solution
obtained through ABC algorithm only. In this local search, each vertex z in a solution
Z is tried to be exchanged one-by-one with a vertex not in Z so that the value of the
objective function is reduced by the largest amount. This process is repeated till the
objective function can not be improved further.

provides the pseudo-code of our ABC approach where generate_neighbor(Z)
is a function that take as input a solution Z and returns a solution in the neighbor-

hood of Z (first paragraph in [Section 2.3.4)) and local_search(Z) is a function that take

a solution Z as input and return a solution obtained after applying local search on it

(Section 2.3.6)). binary_tournament(ey,es, ..., ey, ) is another function that selects a so-

lution among employed bee solutions ey, eq, ..., e, using binary tournament selection

e

method ([Section 2.3.2) and returns the index of the solution selected.

2.3.7 Key points of difference with a related work

Basti and Sevkli [99] have proposed another ABC algorithm for the p-median problem.

This subsection compares our approach with them. The key differences are summarized
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2. P-MEDIAN PROBLEM

Algorithm 4: Pseudo-code of our ABC algorithm

Randomly generate n. employed bee solutions ej,ex..., ep,;
best_sol := best solutions among eq, e2,...,€en,;
while termination condition is not satisfied do
for i :=1 to n., do
e := generate_neighbor(e;);
if €' is better than e; then
| e :=¢
if €’ is better than best_sol then
L best_sol := ¢';

for i :=1 to n, do
k; := binary_tournament(ey, e, ..., en,);
onl; := generate_neighbor(eg, );
if onl; is better than best_sol then
L best_sol := onl;;

if onl; is better than ey, then

t ek, = onl;;

for i :=1 to n. do

if e; has not improved over last limit iterations then

L replace e; with a random solution;

local _search(best_sol);

return best;

below:

e Basti and Sevkli [99] have used a real vector of length n to encode a solution
in their ABC algorithm. To decode a solution from this real vector, indices
corresponding to smallest p values in this vector are found, and demand points
corresponding to these indices are assumed to be the location of facilities. On the
other hand, in our ABC algorithm, we have represented a solution directly by the
subset of vertices used for locating the facilities, hence the length of a solution
is equal to p (p < n). The encoding scheme of [99] suffers from the problem of

redundancy, i.e., the same solution can be encoded in many different ways. In
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2.3 ABC approach for the p-median problem

fact, in the encoding scheme of [99], each solution can be represented in infinitely
many ways. As ABC algorithm works in the space of encoded solutions, in the
presence of redundancy, it has to search a larger space which can severely impair
its performance. On the other hand, the encoding scheme used by us does not
suffer from the problem of redundancy as each solution is represented uniquely.
The size of search space in [99] is infinite, whereas in our case it is (Z) Besides,
the length of an encoded solution has an adverse impact on the efficiency of several

operators associated with ABC algorithm. As p < n, so on this aspect also our

encoding is better.

Real vector encoding scheme of [99] incurs a decoding overhead to get the actual
solution from its encoded version. In our case, no decoding overhead is incurred
as each solution is represented directly by the subset of vertices used for locating

the facilities.

As Basti and Sevkli [99] used a real vector to encode a solution, they followed
the original neighboring solution generation method proposed by Karaboga [46],
i.e., a neighboring solution is generated by changing the value of one randomly
chosen parameter of the original solution. On the other hand, our neighboring
solution generation method is based on the assumption that if a vertex is present
in one good solution then there are chances that the same vertex may appear in
many good solutions. Hence, we have given maximum attention to those vertices
which are common in original solution and randomly selected solution, followed

by those vertices which are in one of these solutions.

Basti and Sevkli used roulette wheel selection method for selecting a solution for
an onlooker bee. We have used binary tournament selection method for selecting
a solution for an onlooker bee. It is an established fact that binary tournament
selection method performs better than roulette wheel selection method and at the
same time its computationally less expensive. In fact, it has roughly the same

performance as rank selection method [60].

In their work, a greedy local search algorithm is applied on every solution gen-

erated by the ABC algorithm. While applying this local search on a solution,
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2. P-MEDIAN PROBLEM

facility locations are considered one-by-one. The facility location in considera-
tion is tried for replacement with all other non-facility locations. The location
that yields the least objective function value is retained and then the next facil-
ity location is considered. Instead of applying the local search on every solution
generated through ABC algorithm, in our work, the local search is applied only
on the best solution obtained after the execution of ABC algorithm. Our local
search is similar to the local search of Basti and Sevkli except for the fact that
we keep applying this local search repeatedly as long as there is an improvement
in solution quality, i.e., our local search stops when a complete pass through the

existing facility locations fails to improve the solution quality.

Hereafter, the ABC approach of Basti and Sevkli [99] will be referred to as ABC-BS.

2.4 Computational results

Our ABC-D approach has been implemented in C and executed on a Linux based Intel
Core 15 2400 system with 4 GB RAM running at 3.10 GHz. In all our computational
experiments, the number of employed bees (n.) is taken to be 50, the number of onlooker
bees (n,) is taken to be 100, py,; is set to 0.75, limit is set to 50. Our ABC-D approach
terminates after 100 iterations. All these parameter values were chosen empirically
after a large number of trials.

We have compared the performance of ABC-D with the following approaches —
particle swarm optimization (PSO) [94], novel discrete particle swarm optimization
(NDPSO) [95], tabu search (TS) [85], simulated annealing (SA) [83], genetic algorithm
(GA) [90], artificial bee colony algorithm (ABC-BS) [99]. PSO, NDPSO, TS, SA, and
GA approaches were also considered in [99] for comparing the performance of ABC-BS.
Like [99], we have executed our approach 30 independent times on each test instance
and used the same two performance measures, viz. the relative percentage of error
(RPE) and fMedian RPE to asses the performance of an approach over a test instance.

These two measures are defined as below:

RPE — fmin_fopt/best % 100

|fopt/best‘

ﬂ\/[edian RPE = fmedian_fopt/best % 100

|fopt/best I
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2.4 Computational results

where frin & fmedian are the best and median results obtained over 30 runs on a test
instance under investigation and f,,;/pes¢ 15 the optimal or best known solution value
on the same test instance.

Same two sets of test instances as used in [99] are used here to evaluate the per-
formances of different approaches. The first set of test instances is from OR-Library
EL where these instances are listed as instances of uncapacitated p-median problem. In
this set, there are 40 problem instances varying in size and difficulty. The optimum
solutions for all the instances in this set are also known. These instances are the most
widely used test instances for p-median problem. The second set of test instances on
which we conducted our experiments is known as Galvao test instances. This problem
set was introduced by Galvao and ReVelle [100], and it consists of 16 problem in-
stances. The Galvao test instances are relatively smaller in size than the test instances
of OR-Library.

Please note that the results of PSO, NDPSO, TS, SA, GA, and ABC-BS on the
aforementioned two sets of test instances are taken from [99] where fMedian RPE is
reported for PSO and ABC-BS only. Further, on Galvao test instances only GA, PSO,
and ABC-BS were compared in terms of RPE, whereas for OR-Library instances all the
approaches are compared in terms of RPE. Accordingly, we have reported the results

of these approaches.

2.4.1 Performance comparison on OR-Library test instances

presents the results of various approaches on 40 OR-Library instances. This
table reports for each instance, the RPE values for ABC-D, PSO, NDPSO, TS, SA,
GA & ABC-BS and the fMedian RPE values for ABC-D, PSO & ABC-BS. It also
reports the number of instances optimally solved out of 40 by each approach and the
average RPE & average fMedian RPE values achieved over 40 instances for various
approaches. The cases where ABC-D obtained better value than all the other methods
are reported in bold font. These results clearly show the superiority of our approach
over other approaches. ABC-D is able to find the optimal solution on 31 instances
out of 40, whereas ABC-BS finds 30 optimal solutions values. All other approaches

solve the lesser number of instances optimally. Overall, the average RPE and average

"http://www.brunel .ac.uk/~mastjjb/jeb/info.html
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fMedian RPE values are least among all approaches. This indicates that when ABC-
D is not able to solve an instance optimally, solutions returned by it are quite close
to optimal solution values. The reported results show that our proposed approach
obtained optimal values for instances with small p value. And small deviations from
the optimal values are obtained for instances with greater p value. Except for small
values of n, this happens with every other value of n. However, in these cases also, we
reach closer to the optimal values when compared to most other methods. In fact, every
approach considered here find instances with large p values difficult. This difficulty can
be explained theoretically also on the basis of search space size. Actually, there are
nchoosep solutions and for the fixed value of n, the number of solutions increase with
increase in p till p = [5] . All the values of p in the instances considered here is less
than | 5] , and hence, the search space size increases with increase in p for fixed n. As

the approaches have to search a larger search space, they find these instances relatively

difficult.

2.4.2 Performance comparison on Galvao test instances

presents the results of various approaches on 16 Galvao test instances. The
format of this table is similar to except for the fact that the RPE values are
reported for ABC-D, PSO, GA & ABC-BS and the fMedian RPE values are reported
for ABC-D, PSO & ABC-BS. On these instances, our results are much better than
other approaches. Our approach reached the optimum solution value for 13 out of 16
instances, whereas GA, PSO, and ABC-BS respectively found optimal solutions for 9,
4, and 5 problems out of 16. Our RPE and fMedian RPE values are also much less in

comparison to other approaches on most of the instances.

2.4.3 Comparison of execution times taken by various approaches

In this section, we have reported the execution times of our approach on both the
data sets and compared them with those approaches for which execution times were
reported in their respective papers. Only for NDPSO [95], SA [83], GA [90], execution
times were reported. Among these three methods, first two methods were tested on
OR-Library instances only, whereas GA was executed on both the data sets. Hence,

for Galvao test instances, only the execution times of GA is available.
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[Table 2.3| and [Table 2.4] report the execution times of various approaches for OR-
Library and Galvao test instances respectively. The data for NDPSO, SA, and GA is
taken from their respective papers. The ABC-BS, NDPSO, SA, and GA were executed
30, 10, 100 and 10 independent times respectively. The times reported in these tables

for various methods are average execution times over their respective runs. For SA, [83]
reports the time per cycle and we have multiplied it with the total number of cycles
to get the execution time for each instance. NDPSO was executed on a 2.6GHz PC
with 512MB memory, SA was executed on an RISC/6000 workstation and GA was
executed on a 733 MHz Pentium 3 system with 128 MB RAM. As NDPSO, SA, and
GA approaches were executed on systems which are different from the system used
to execute ABC-D, hence execution times can not be compared precisely, and only a
rough comparison can be possible [I0I]. In columns 1,2 and 3 represent
instance number, the number of nodes and the number of centers and the remaining
four columns report the execution times of NDPSO [95], SA [83], GA [90], and ABC-D.

From this table, it is clear that our ABC-D approach is faster than NDPSO even
after compensating for differences in processing speeds on most of the instances. On
the other hand, GA is faster than our approach on most of the instances. However, not
much can be said about the relative performance of SA, and ABC-D with certainty.
SA seems to be faster on some instances, whereas ABC-D on some others. In
also, columns 1, 2 and 3 represent instance number, the number of nodes and number of
centers respectively, and the remaining two columns report the execution times of GA
[90] and ABC-D. From this table, it is clear that GA is faster than ABC-D on Galvao
test instances. Execution times were not reported in [99], and hence, we can not
compare the execution times of ABC-D with those of ABC-BS. However, considering
the fact that ABC-BS applies the local search on each solution generated and uses a
real vector encoding scheme which incurs a decoding overhead, it can not be faster than
ABC-D.

2.4.4 Impact of parameter settings, and convergence behavior

In order to study the impact of parameter settings on solution quality, we have taken 4
different test instances, viz. Galvao8, pmed20, pmed25, and pmed5. The value of each
parameter is varied one by one while keeping the values of all other parameters fixed

to their respective values mentioned at the beginning of this section. The results are
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Table 2.3: Execution times of various approaches on OR-library test instances

Time(in seconds)

Instance n P NDPSO SA GA ABC-D
1 100 5 0.56 5.00 1.00 0.92

2 100 10 21.60 9.00 1.00 2.26

3 100 10 2.02 9.00 2.00 2.20

4 100 20 11.84 15.00 2.00 3.82

5 100 33 33.79 21.00 3.00 5.72

6 200 5 1.37 20.00 4.00 2.28

7 200 10 18.72 36.00 5.00 4.81

8 200 20 21.06 66.00 7.00 9.59

9 200 40 119.44 114.50 12.00 18.39
10 200 67 105.80 158.00 20.00 27.74
11 300 5 2.04 20.60 17.00 3.30
12 300 10 5.13 39.40 12.00 7.99
13 300 30 42.93 106.40 21.00 30.77
14 300 60 144.05 186.40 44.00 63.18
15 300 100 150.24 256.00 63.00 99.48
16 400 5 6.36 107.20 23.00 4.95
17 400 10 57.98 217.20 24.00 10.79
18 400 40 150.48 500.40 56.00 62.68
19 400 80 158.84 868.00 133.00 137.80
20 400 133 293.66 598.40 163.00 222.87
21 500 5 4.24 57.20 38.00 6.01
22 500 10 33.00 56.00 45.00 14.83
23 500 50 155.87 241.00 159.00 124.46
24 500 100  394.75 441.00 211.00 272.11
25 500 167 727.81 585.00 316.00 448.05
26 600 5 20.79 44.00 68.00 8.25
27 600 10 74.44 80.00 78.00 19.28
28 600 60 260.62 434.00 245.00 210.91
29 600 120 708.85 780.00 437.00 451.63
30 600 200 1972.30 1070.00  790.00 734.07
31 700 5 53.87 63.00 145.00 9.21
32 700 10 77.96 123.00 132.00 22.78
33 700 70 451.27 736.00 454.00 299.81
34 700 140 1303.58 1322.00 652.00 701.22
35 800 5 25.38 82.00 156.00 10.67
36 800 10 113.79 158.00 185.00 26.21
37 800 80 948.08 1108.00  759.00 484.96
38 900 5 29.19 107.00 288.00 12.47
39 900 10 111.10 207.00 265.00 30.11
40 900 90 1393.01 1569.00 1322 00 635.47
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2. P-MEDIAN PROBLEM

Table 2.4: Execution times of various approaches on Galvao test instances

Time(in seconds)
Instance n P GA ABC-D

Galvaol 100 5 1.00 1.04
Galvao2 100 10 1.00 2.13
Galvao3 100 15 2.00 2.94
Galvao4 100 20 2.00 3.80
Galvaob 100 25 2.00 4.59
Galvao6 100 30 2.00 5.65
Galvao7 100 35 3.00 6.16
Galvao8 100 40 3.00 6.13
Galvao9 150 5 2.00 1.57
Galvaol0 150 15 5.00 5.51
Galvaoll 150 20 6.00 7.22
Galvaol2 150 25 6.00 8.37
Galvaol3 150 35 9.00 10.87
Galvaol4 150 45 9.00 13.27
Galvaol5 150 50 9.00 14.09
Galvaol6 150 60 12.00 14.94

[teration number vs. Objective value for pmedL10.txt
1400 T T T T T T

ABCD —+—

1350 | 1

1300 H 8
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Figure 2.2: Convergence behavior of ABC-D on pmed10 test instance
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2.4 Computational results
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2. P-MEDIAN PROBLEM

lteration number vs, Objective value for pmed20 txt
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Figure 2.3: Convergence behavior of ABC-D for pmed20 test instance

reported in Values in bold in this table indicate the results with original
parameter values which are used in ABC-D for all the experiments. From this table, it
can be clearly seen that the values chosen by us provide either the optimal results or
results which are very near to optimal results. In those cases where we have not got the
best results with chosen parameter values, the parameter values chosen have provided
best results on some other instances not included in this table.

To show the convergence behavior of ABC-D, we have chosen 2 test instances of

different sizes, viz. pmed10, and pmed20. The convergence behavior of ABC-D for

pmed10, and pmed20 is shown in [Figure 2.2] and [Figure 2.3| respectively. These figures

clearly demonstrate that ABC-D converges rapidly to best solution values.

2.5 Conclusions

In this chapter, an artificial bee colony algorithm based approach is proposed for solv-
ing the p-median problem. We have compared the performance of our approach against
some state-of-the-art approaches available in the literature on two widely used p-median
benchmark sets, viz. OR-Library test instances and Galvao test instances. Computa-
tional results show the superiority of our approach in comparison to other approaches.

The performance of our approach depends on the number of facilities p to be opened.
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2.5 Conclusions

Our approach reached the optimum solution values for the cases where the p value
is small. However, we obtained solution values slightly worse than optimal for those
instances where the p value is large. A theoretical justification is provided for this

observation.
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Chapter 3

p-median problem with

positive /negative weights

3.1 Introduction

This chapter is concerned with an extension of the p-median problem considered in
the previous chapter, where each vertex of the graph is associated with a weight. This
weight can be either positive or negative. A location problem with positive and neg-
ative weights on the vertices is useful in applications, where some facilities are non-
attractive to some clients (facilities are obnoxious). Many obnoxious location problems
are discussed and classified in [38]. Interested readers can find the survey on obnoxious
location problems in [102] and [103].

Burkard [104] proposed the first location model with positive and negative weights
and also proved that the 1-median problem on a cactus with positive and negative vertex
weights can be solved in linear time. Burkard et al. [105] observed that there exist,
two different models when p-median problem with positive/negative weights in graphs
is considered. These two models are described here by following the same notational
conventions as used in the previous chapter. In the first model, referred to as P1, the
objective is to minimize the sum of the minimum weighted distances, i.e.,

min (w;d(vi, 2j)) (3.1)
i=1 jE{l,---,p}

In the second model, referred to as P2, the objective is to minimize the sum of

weighted minimum distances, i.e.,
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3.2 ABC approach for the p-median problem with positive/negative
weights

w; min d(v;, 2 3.2
Z smin _ d(vi, 27) (3.2)

Both the models are equivalent when the vertices are associated with positive
weights only.

For model P1, Burkard et al. [105] developed an O(n?) algorithm for the 2-median
problem on a tree. They also developed an O(nlogn) algorithm for stars and an O(n)
algorithm for paths for first model (P1). They presented an O(n?) algorithm for the
2-median problem on a tree for the second model (P2) and showed that the complex-
ity can be reduced to O(n?) if the medians are restricted to vertices. Burkard and
Fathali [106] presented an algorithm for 3-median problem on a tree for second model
(P2). There exist some heuristic methods also to solve the positive/negative weighted
p-median problem on graphs under both the models. Fathali and Kakhki[I07] devel-
oped a modified variable neighborhood search (MVNS). Fathali et al. [L08] presented
an ant colony optimization algorithm (ACO). A genetic algorithm (GA) for the posi-
tive/negative weighted p-median problem is proposed by Fathali [109]. ACO and GA
are the two best approaches known so far for solving the positive/negative weighted
p-median problem.

In this chapter, we have extended the ABC based approach developed in the pre-
vious chapter for the p-median problem to the positive/negative weighted p-median
problem. We have compared our ABC approach with ACO [108] and GA [109] on
the standard benchmark instances for the problem. Computational results show the
effectiveness of our approach.

The remainder of this chapter is organized as follows: describes our
approach based on ABC algorithm to solve the positive/negative weighted p-median
problem. presents the computational results and their analysis. Finally,
provides some concluding remarks.

3.2 ABC approach for the p-median problem with posi-

tive /negative weights

This section presents salient features of our ABC approach.
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3. P-MEDIAN PROBLEM WITH POSITIVE/NEGATIVE WEIGHTS

3.2.1 Solution representation, fitness, and initial solution

We have used the same solution representation scheme as used in ie., a
solution is represented directly by the subset of p vertices where facilities are located.
Here also, the objective function is used as the fitness function. So for model P1,
fitness is determined using [Equation (3.1)} whereas, for model P2, fitness is determined
using [Equation (3.2)l Please note the less value of the fitness function means a more
fit solution. The two models will differ in the assignment of demand points to the
facilities. In model P1, vertices with positive weights are assigned to the nearest facility
and vertices with negative weights are assigned to the farthest facility. On the other
hand, in model P2, vertices with both positive and negative weights are assigned to the
closest facility.

Each initial solution is generated in the same manner as in the approach described

in the previous chapter.

3.2.2 Probability of selecting a food source

Like the previous chapter, we have used the binary tournament selection method for
selecting a food source for an onlooker where the candidate with better fitness is selected
with probability pon:.

3.2.3 Neighboring solution generation

A neighboring solution for our ABC algorithm is generated in the same manner as de-

scribed in[Section 2.3.4|of [Chapter 2 However, to improve the quality of the neighboring

solution generated, we have used a l-interchange heuristic at the end of neighboring
solution generation process. In 1l-interchange heuristic method, we replace one vertex
in the solution Z’ by a vertex which is not present in it and which results in the max-
imum reduction in objective function value. We randomly select one vertex in Z’' and
find a vertex in {V — Z’}, which results in maximum reduction in objective function
value. This method is computationally expensive, because of a large number of fitness
calculations performed each time it is applied. However, it aids more often than not
in improving the quality of a solution. To balance the computational cost and degree
of improvement, we have applied l-interchange heuristic K times on every solution,

where K is a parameter to be determined empirically.
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3.3 Computational results

3.2.4 Other features

These features are same as described in [Section 2.3.5| of [Chapter 2|

3.2.5 Local search

We have used the same local search method as described in [Section 2.3.6] of [Chapter 2|

But, instead of applying this local search only on the best solution found by ABC
algorithm, we have applied it on the L best solutions found by ABC algorithm where
L is a parameter to be determined empirically.

provides the pseudo-code of our hybrid ABC approach where gener-
ate_neighbor(Z7), 1-interchange(Z) and local_search(Z) are three functions that take as
input a solution Z and return respectively a solution in the neighborhood of Z (first

paragraph in [Section 3.2.3|), a solution obtained after applying l-interchange heuris-
tic on Z (Section 3.2.3)), a solution obtained after applying local search on solution

Z (Section 3.2.5)). binary_tournament_ seletion(e,ea, ..., ey, ) is another function that

selects a solution among employed bee solutions eq, eg, . .., e, using binary tournament
selection method ( [Section 3.2.2)) and returns the index of the solution selected.

3.3 Computational results

Our hybrid ABC approach has been implemented in C and executed on a Linux based
Intel Core i5 2400 system with 4 GB RAM running at 3.10 GHz. In all our computa-
tional experiments, the number of employed bees (n.) is taken to be 25, the number
of onlooker bees (n,) is taken to be 50, py,; is set to 0.85, limit is set to 50, F). is set
to %, K is set to 2 and L is set to 5. Our hybrid ABC approach terminates after 100
iterations. All these parameter values were chosen empirically after a large number of
trials.

We have compared our hybrid ABC approach with the two best approaches, viz.
GA [109] and ACO [I08] on both the models. For this comparison, we have used the
same 40 test instances as used in [109] and [I08]. These instances are slightly modified
version of the OR-Library instances used in the previous chapter. A slight modification
is done in these instances to accommodate negative weights. Vertices weights in these
instances are restricted to £1 only. Further, the negative weight of —1 is assigned to

only the first 2 or first 5 or first 10 vertices and to all odd numbered vertices. The case
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3. P-MEDIAN PROBLEM WITH POSITIVE/NEGATIVE WEIGHTS

Algorithm 5: Pseudo-Code of our hybrid ABC algorithm

Randomly generate n. employed bee solutions e, e, ..., en.;
for i:=1to L do
t best_sol; := it" best solutions among ey, s, ..., €n,;

while termination condition is not satisfied do
for i :=1 to n, do
€' := generate_neighbor(e;);
for j=1to K do

| € := l-interchange(e’)

if €' is better than e; then

L e; = €';

for j=11to L do

if € is better than best_sol; then

best_solj = ¢€’;
break;

for i :=1 to n, do
k; := binary_tournament(eq, es, ..., €y, );
onl; := generate_neighbor(ey, );
for j =1 to K do
| onl; := l-interchange(onl;)
for j:=1+to L do
if onl; is better than best_sol; then
best_sol; := onl;;
L break;

for i =1 to n, do

if onl; is better than ey, then
| ex;,r=onl;

for i =1 to n. do
if e; has not improved over last limit iterations then

L replace e; with a random solution;

for ::=1to L do
L best_sol; := local_search(best_sol;);

best := best solution among best_soly, best_sola, . .., best_soly;

return best;
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3.3 Computational results

Table 3.1: The average total CPU times (in seconds) for problems P1 and P2

P1 P2

SNo n p GA ABC ACO ABC GA ABC ACO ABC
1 100 5 1.000 0.896 1.280 0.892 1.000 0.831 1.000 0.827
2 100 10  1.550 0.871 1.520 0.872 1.500 0.807 1.400 0.809
3 100 10 1.333 0.873 1.400 0.873 1.500 0.817 1.200 0.815
4 100 20 1.777 0.847 1.160 0.859 1.777 0.821 0.880 0.818
5 100 33 1.777 0.894 0.960 0.910 1.555 0.858 0.640 0.856
6 200 5 2.666 3.697 3.000 3.745 2.444 3.736 2.600 3.734
7 200 10  3.000 3.180 3.200 3.233 2.888 3.363 2.600 3.365
8 200 20 4777 3.194 2.840 3.243 4.111 3.278 2.640 3.279
9 200 40 7.222 3.377 2.760 3.444 5.777 3.455 2.440 3.455
10 200 67  8.222 3.792 2.360 3.703 6.777 3.742 1.720 3.859
11 300 5 9.777 8.085 10.480  7.975 7.7 8.124 10.192  8.064
12 300 10  11.888 7.804 10.640  7.782 11.666 7.876 9.238 7.802
13 300 30  21.777 7.809 10.730  7.827 18.444 7.605 11.572  7.535
14 300 60  38.625 8.979 11.530  8.845 36.125 9.070 10.411  8.503
15 300 100 35.777 9.537 11.819  9.607 32.444 9.069 9.525 9.027
16 400 5 25.333 15.307  27.787  15.421 24.777 15.447 25238  15.330
17 400 10 41.500 13.844  26.512  13.823 37.000 13.857  21.400 13.701
18 400 40 63.888 14.278  26.231  14.153 58.111 13.548  20.000  13.295
19 400 80 105.777 17.209 26.852  16.649 86.333 15.789  28.079  15.979
20 400 133 151.555 20.514  32.183  19.595 117.888  18.000 25.911  18.048
21 500 5 49.777 25.129  46.960  25.157 43.375 23.656  35.400  23.577
22 500 10  80.777 22.983  48.957  22.827 75.666 22.769  45.755  22.777
23 500 50 143.333  24.257 50.299  23.981 127111 22172 39.292  22.039
24 500 100 242.000 28.925 53.628  29.082 218.222  25.758 43.935  25.735
25 500 167 363.222 35.381 63.856  35.769 279.444  30.781  60.158  31.098
26 600 5 102.000 37.861  74.440  38.055 102.222  39.522  69.460  39.227
27 600 10 165.666 34.483 72.760  34.330 141.666  36.340  61.400  36.351
28 600 60  336.777  37.419 87.052 36.618 284.888  37.198 68.514  36.889
29 600 120 540.444 49.204 100.343 48.915 531.888  47.151  77.294  47.486
30 600 200 817.111 55.105 112.216 56.410 734.000 57.405 83.340 57.224
31 700 5 162.777  55.871  116.082 55.856 141.429  69.401 87.480 68.134
32 700 10 246.333 51.196 128.334 51.373 201.111  63.564  92.130  63.109
33 700 70 607.222  59.753  152.155 57.710 558.555  70.251  158.425 71.898
34 700 140 1083.555 73.677  226.733 73.923 1038.444 91.304  170.329 92.356
35 800 5 241.888  72.291  134.640 72.823 217222 95.668  109.880 96.042
36 800 10  395.444 68.875 138.566 68.522 379.777 95995  115.993 95.907
37 800 80 1125.666 81.188  190.364 79.345 985.111  115.559 208.808 117.084
38 900 5 354.222  96.293  203.823 97.181 309.333  126.913 144.920 126.650
39 900 10 474777 88.159  174.992 87.775 428.333  121.855 176.755 122.011
40 900 90  2051.555 118.983 244.079 116.361 1612.888 149.598 200.122 149.907
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3. P-MEDIAN PROBLEM WITH POSITIVE/NEGATIVE WEIGHTS

Table 3.2: The results of various approaches on instances with 2 negative weights under
model P1

Objective function value %Error
Instance n p best ACO ABC ACO ABC
1 100 5 5300 5300 5300 0.00  0.00
2 100 10 3724 3724 3724 0.00  0.00
3 100 10 3541 3541 3541 0.00  0.00
4 100 20 2450 2450 2450 0.00  0.00
) 100 33 878 878 878 0.00  0.00
6 200 5 7485 7485 7485 0.00  0.00
7 200 10 5311 5327 5311 0.30 0.00
8 200 20 4050 4050 4050 0.00  0.00
9 200 40 2458 2471 2458 0.53 0.00
10 200 67 986 986 986 0.00  0.00
11 300 5 7522 7522 7522 0.00  0.00
12 300 10 6494 6494 6494 0.00  0.00
13 300 30 4122 4122 4122 0.00  0.00
14 300 60 2679 2679 2679 0.00  0.00
15 300 100 1534 1534 1534 0.00  0.00
16 400 5 7994 7994 7994 0.00  0.00
17 400 10 6899 6899 6899 0.00  0.00
18 400 40 4569 4569 4569 0.00  0.00
19 400 80 2691 2691 2695 0.00 0.15
20 400 133 1615 1615 1616 0.00  0.06
21 500 5 9044 9044 9044 0.00  0.00
22 500 10 8444 8444 8444 0.00  0.00
23 500 50 4475 4475 4475 0.00  0.00
24 500 100 2805 2805 2810 0.00 0.18
25 500 167 1633 1633 1635 0.00 0.12
26 600 5 9803 9803 9803 0.00  0.00
27 600 10 8190 8190 8190 0.00  0.00
28 600 60 4339 4343 4339 0.09 0.00
29 600 120 2913 2913 2913 0.00  0.00
30 600 200 1840 1840 1842 0.00 0.11
31 700 5 10015 10015 10015 0.00  0.00
32 700 10 9211 9211 9211 0.00  0.00
33 700 70 4575 4575 4576 0.00 0.02
34 700 140 2830 2830 2830 0.00  0.00
35 800 5 10319 10319 10319 0.00  0.00
36 800 10 9862 9862 9862 0.00  0.00
37 800 80 4921 4921 4921 0.00  0.00
38 900 5 10993 10993 10993 0.00  0.00
39 900 10 9347 9347 9347 0.00  0.00
40 900 90 5029 5031 5029 0.04 0.00
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3.3 Computational results

Table 3.3: The results of various approaches on instances with 5 negative weights under
model P1

Objective function value %Error
Instance n p best GA ABC GA ABC
1 100 5 4681 4730 4730 1.05 1.05
2 100 10 2915 2915 2916 0.00 0.03
3 100 10 2529 2529 2532 0.00 0.12
4 100 20 1432 1432 1464 0.00 2.23
5 100 33 61 61 61 0.00 0.00
6 200 5 7061 7061 7064 0.00 0.04
7 200 10 4812 4846 4858 0.71  0.96
8 200 20 3399 3399 3433 0.00 1.00
9 200 40 1918 1919 1918 0.05 0.00
10 200 67 514 514 514 0.00 0.00
11 300 5 7290 7290 7290 0.00 0.00
12 300 10 6201 6201 6201 0.00 0.00
13 300 30 3798 3798 3808 0.00 0.26
14 300 60 2263 2269 2263 0.27 0.00
15 300 100 1151 1153 1151 0.17 0.00
16 400 5 7787 7787  TT8T 0.00 0.00
17 400 10 6723 6735 6727 0.18 0.06
18 400 40 4219 4219 4221 0.00 0.05
19 400 80 2420 2420 2421 0.00 0.04
20 400 133 1346 1346 1349 0.00 0.22
21 500 5 8888 8888 8897 0.00 0.10
22 500 10 8230 8230 8230 0.00 0.00
23 500 50 4256 4256 4288 0.00 0.75
24 500 100 2538 2538 2542 0.00 0.16
25 500 167 1394 1394 1400 0.00 0.43
26 600 5 9655 9655 9655 0.00 0.00
27 600 10 8038 8038 8038 0.00 0.00
28 600 60 4043 4043 4055 0.00 0.30
29 600 120 2698 2698 2727 0.00 1.07
30 600 200 1603 1604 1603 0.06 0.00
31 700 5 9909 9909 9909 0.00 0.00
32 700 10 8935 8955 8955 0.22 0.22
33 700 70 4411 4411 4424 0.00 0.29
34 700 140 2605 2605 2628 0.00 0.88
35 800 5 10230 10230 10230 0.00 0.00
36 800 10 9735 9735 9742 0.00 0.07
37 800 80 4723 4723 4742 0.00 0.40
38 900 5 10860 10860 10860 0.00 0.00
39 900 10 9070 9070 9070 0.00 0.00
40 900 90 4862 4862 4881 0.00 0.39
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3. P-MEDIAN PROBLEM WITH POSITIVE/NEGATIVE WEIGHTS

Table 3.4: The results of various approaches on instances with 10 negative weights under
model P1

Objective function value %Error
Instance n p best GA ACO ABC GA ACO ABC
1 100 5 3611 3611 3611 3611 0.00 0.00 0.00
2 100 10 1247 1247 1247 1247 0.00 0.00 0.00
3 100 10 1029 1029 1029 1029 0.00 0.00 0.00
4 100 20 -52 -52 -52 -52 0.00 0.00 0.00
5 100 33 -1143  -1143  -1143  -1143 0.00 0.00 0.00
6 200 5 6374 6374 6374 6374 0.00 0.00 0.00
7 200 10 4095 4095 4095 4095 0.00 0.00 0.00
8 200 20 2575 2575 2575 2575 0.00 0.00 0.00
9 200 40 1085 1088 1091 1085 0.28 0.55 0.00
10 200 67 -204 -204 -204 -204 0.00 0.00 0.00
11 300 5 6756 6756 6756 6756 0.00 0.00 0.00
12 300 10 5610 5610 5610 5610 0.00 0.00 0.00
13 300 30 3193 3193 3193 3193 0.00 0.00 0.00
14 300 60 1480 1480 1489 1480 0.00 0.61 0.00
15 300 100 632 635 632 632 0.47 0.00 0.00
16 400 5 7426 7426 7426 7426 0.00 0.00 0.00
17 400 10 6292 6292 6292 6292 0.00 0.00 0.00
18 400 40 3693 3693 3693 3693 0.00 0.00 0.00
19 400 80 2012 2013 2012 2013 0.05 0.00 0.05
20 400 133 910 910 910 911 0.00 0.00 0.11
21 500 5 8630 8630 8630 8630 0.00 0.00 0.00
22 500 10 7765 7765 7845 7765 0.00 1.03 0.00
23 500 50 3795 3795 3795 3795 0.00 0.00 0.00
24 500 100 2151 2151 2151 2153 0.00 0.00 0.09
25 500 167 990 990 990 994 0.00 0.00 0.40
26 600 5 9400 9400 9400 9400 0.00 0.00 0.00
27 600 10 7651 7651 7651 7651 0.00 0.00 0.00
28 600 60 3576 3576 3578 3577 0.00 0.06 0.03
29 600 120 2358 2359 2358 2360 0.04 0.00 0.08
30 600 200 1196 1199 1196 1196 0.25 0.00 0.00
31 700 5 9519 9688 9688 9688 1.78 1.78 1.78
32 700 10 8362 8418 8418 8418 0.67 0.67 0.67
33 700 70 4142 4144 4147 4142 0.05 0.12 0.00
34 700 140 2219 2219 2219 2220 0.00 0.00 0.05
35 800 5 10039 10039 10039 10039 0.00 0.00 0.00
36 800 10 9415 9415 9415 9415 0.00 0.00 0.00
37 800 80 4384 4384 4384 4385 0.00 0.00 0.02
38 900 5 10696 10696 10696 10696 0.00 0.00 0.00
39 900 10 8535 8535 8535 8535 0.00 0.00 0.00
40 900 90 4595 4595 4599 4596 0.00 0.09 0.02
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Table 3.5: The results of various approaches on instances with half negative weights under
model P1

Objective function value %Error
Instance n p best GA ACO ABC GA ACO ABC
1 100 5 -7651 -7651 -7651 -7651 0.00 0.00 0.00
2 100 10 -9445 -9445 -9445 -9445 0.00 0.00 0.00
3 100 10 -12398  -12398 -12398 -12398 0.00 0.00 0.00
4 100 20 -11507  -11507 -11507 -11507 0.00 0.00 0.00
5 100 33 -10930 -10811 -10811 -10930 1.09 1.09 0.00
6 200 5 -9971 -9971 -9971 -9971 0.00 0.00 0.00
7 200 10 -10403  -10403 -10403 -10403 0.00 0.00 0.00
8 200 20 -13912  -13912 -13901 -13912 0.00 0.08 0.00
9 200 40 -13997  -13997 -13997 -13997 0.00 0.00 0.00
10 200 67 -12437  -12437 -12437 -12437 0.00 0.00 0.00
11 300 5 -10271  -10271 -10271 -10271 0.00 0.00 0.00
12 300 10 -14850  -14850 -14850 -14850 0.00 0.00 0.00
13 300 30 -13557  -13557 -13557 -13557 0.00 0.00 0.00
14 300 60 -17676  -17676 -17676 -17676 0.00 0.00 0.00
15 300 100 -14437  -14437 -14437 -14437 0.00 0.00 0.00
16 400 5 -10792  -10792 -10792 -10792 0.00 0.00 0.00
17 400 10 -11583  -11583 -11583 -11583 0.00 0.00 0.00
18 400 40 -16286  -16286 -16286 -16286 0.00 0.00 0.00
19 400 80 -14200  -14200 -14200 -14199 0.00 0.00 0.01
20 400 133 -16362  -16362 -16361 -16362 0.00 0.01 0.00
21 500 5 -11296  -11296 -11296 -11296 0.00 0.00 0.00
22 500 10 -16588  -16588 -16588 -16588 0.00 0.00 0.00
23 500 50 -15272  -15272 -15272 -15271 0.00 0.00 0.01
24 500 100 -17427 -17221 -17221 -17427 1.18 1.18 0.00
25 500 167 -17924  -17924 -17922 -17923 0.00 0.01 0.01
26 600 5 -13060  -13060 -13060 -13060 0.00 0.00 0.00
27 600 10 -16204  -16204 -16179 -16204 0.00 0.15 0.00
28 600 60 -22970  -22970 -22970 -22970 0.00 0.00 0.00
29 600 120 -17796  -17796 -17796 -17796 0.00 0.00 0.00
30 600 200 -21333 -21333 -21333 -21332 0.00 0.00 0.00
31 700 5 -11466  -11396 -11396 -11396 0.61 0.61 0.61
32 700 10 -30465  -30465 -30456 -30465 0.00 0.03 0.00
33 700 70 -16917  -16914 -16917 -16917 0.02 0.00 0.00
34 700 140 -24017 -23803 -23805 -24017 0.89 0.88 0.00
35 800 5 -14709  -14709 -14709 -14709 0.00 0.00 0.00
36 800 10 -21934  -21934 -21934 -21934 0.00 0.00 0.00
37 800 80 -21038  -21038 -21036 -21036 0.00 0.01 0.01
38 900 5 -21059  -21059 -21059 -21059 0.00 0.00 0.00
39 900 10 -38980  -38980 -38980 -38980 0.00 0.00 0.00
40 900 90 -19350  -19350 -19350 -19347 0.00 0.00 0.02
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Table 3.6: The results of various approaches on instances with 2 negative weights under
model P2

Objective function value %Error
Instance n p best ACO ABC ACO ABC
1 100 5 5499 5499 5499 0.00  0.00
2 100 10 4009 4029 4009 0.50 0.00
3 100 10 3920 3920 3920 0.00  0.00
4 100 20 2845 2845 2845 0.00  0.00
) 100 33 1292 1292 1292 0.00  0.00
6 200 5 7590 7590 7590 0.00  0.00
7 200 10 5457 5471 5457 0.26  0.00
8 200 20 4281 4281 4281 0.00  0.00
9 200 40 2702 2713 2702 0.41 0.00
10 200 67 1213 1213 1214 0.00 0.08
11 300 5 7574 7574 7574 0.00  0.00
12 300 10 6584 6584 6584 0.00  0.00
13 300 30 4259 4259 4259 0.00  0.00
14 300 60 2888 2897 2888 0.31 0.00
15 300 100 1706 1706 1706 0.00  0.00
16 400 5 8034 8034 8034 0.00  0.00
17 400 10 6943 6945 6943 0.03 0.00
18 400 40 4713 4713 4713 0.00  0.00
19 400 80 2815 2815 2817 0.00 0.07
20 400 133 1747 1747 1749 0.00 0.11
21 500 5 9100 9100 9100 0.00  0.00
22 500 10 8487 8487 8487 0.00  0.00
23 500 50 4577 4577 4577 0.00  0.00
24 500 100 2923 2923 2927 0.00 0.14
25 500 167 1777 1777 1779 0.00 0.11
26 600 5 09827 9827 9827 0.00  0.00
27 600 10 8217 8217 8217 0.00  0.00
28 600 60 4453 4457 4453 0.09 0.00
29 600 120 3016 3016 3019 0.00 0.10
30 600 200 1973 1973 1976 0.00 0.15
31 700 5 10038 10038 10038 0.00  0.00
32 700 10 9251 9251 9251 0.00  0.00
33 700 70 4654 4654 4656 0.00 0.04
34 700 140 2956 2956 2956 0.00  0.00
35 800 5 10336 10336 10336 0.00  0.00
36 800 10 9897 9931 9897 0.34 0.00
37 800 80 5015 5015 5017 0.00 0.04
38 900 5 11014 11014 11014 0.00  0.00
39 900 10 9350 9377 9377 0.29 0.29
40 900 90 5111 5114 5111 0.06 0.00
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Table 3.7: The results of various approaches on instances with 5 negative weights under
model P2

Objective function value %Error
Instance n p best GA ABC GA ABC
1 100 5 5324 5324 5324 0.00 0.00
2 100 10 3696 3696 3696 0.00 0.00
3 100 10 3592 3592 3592 0.00 0.00
4 100 20 2460 2460 2460 0.00 0.00
5 100 33 994 994 994 0.00 0.00
6 200 5 7266 7266 7266 0.00 0.00
7 200 10 5224 5224 5224 0.00 0.00
8 200 20 4034 4034 4034 0.00 0.00
9 200 40 2539 2540 2539 0.04 0.00
10 200 67 1074 1077 1074 0.28 0.00
11 300 5 7440 7440 7440 0.00 0.00
12 300 10 6511 6511 6511 0.00 0.00
13 300 30 4187 4187 4187 0.00 0.00
14 300 60 2773 2785 2773 0.43 0.00
15 300 100 1576 1581 1576 0.32 0.00
16 400 5 7870 7870 7870 0.00 0.00
17 400 10 6849 6849 6849 0.00 0.00
18 400 40 4589 4589 4589 0.00 0.00
19 400 80 2737 2741 2737 0.15 0.00
20 400 133 1703 1703 1706 0.00 0.18
21 500 5 8980 8980 8980 0.00 0.00
22 500 10 8403 8403 8403 0.00 0.00
23 500 50 4520 4520 4520 0.00 0.00
24 500 100 2853 2853 2853 0.00 0.00
25 500 167 1735 1735 1738 0.00 0.17
26 600 5 9719 9719 9719 0.00 0.00
27 600 10 8137 8137 8137 0.00 0.00
28 600 60 4384 4385 4384 0.02 0.00
29 600 120 2965 2965 2965 0.00 0.00
30 600 200 1939 1939 1941 0.00 0.10
31 700 5 9915 9968 9968 0.53 0.53
32 700 10 9179 9179 9179 0.00 0.00
33 700 70 4619 4624 4619 0.11 0.00
34 700 140 2910 2913 2910 0.10 0.00
35 800 5 10286 10286 10286 0.00 0.00
36 800 10 9803 9803 9803 0.00 0.00
37 800 80 4967 4967 4970 0.00 0.06
38 900 5 10914 10914 10914 0.00 0.00
39 900 10 9305 9305 9305 0.00 0.00
40 900 90 5075 5075 5078 0.00 0.06
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Table 3.8: The results of various approaches on instances with 10 negative weights under
model P2

Objective function value %Error
Instance n p best GA ACO ABC GA ACO ABC
1 100 5 4826 4826 4826 4826 0.00 0.00 0.00
2 100 10 2976 2976 2976 2976 0.00 0.00 0.00
3 100 10 3341 3341 3341 3341 0.00 0.00 0.00
4 100 20 1854 1854 1854 1854 0.00 0.00 0.00
5 100 33 533 533 533 533 0.00 0.00 0.00
6 200 5 6787 6787 6787 6787 0.00 0.00 0.00
7 200 10 4949 4949 4949 4949 0.00 0.00 0.00
8 200 20 3812 3812 3812 3812 0.00 0.00 0.00
9 200 40 2389 2391 2392 2389 0.08 0.13 0.00
10 200 67 903 904 903 903 0.11  0.00 0.00
11 300 5 7136 7136 7136 7136 0.00 0.00 0.00
12 300 10 6395 6395 6395 6395 0.00 0.00 0.00
13 300 30 4011 4011 4011 4011 0.00 0.00 0.00
14 300 60 2564 2564 2564 2564 0.00 0.00 0.00
15 300 100 1457 1462 1457 1461 0.34 0.00 0.27
16 400 5 7624 7624 7624 7624 0.00 0.00 0.00
17 400 10 6668 6668 6668 6668 0.00 0.00 0.00
18 400 40 4437 4437 4437 4437 0.00 0.00 0.00
19 400 80 2629 2633 2629 2632 0.15 0.00 0.11
20 400 133 1621 1623 1621 1623 0.12 0.00 0.12
21 500 5 8800 8800 8800 8800 0.00 0.00 0.00
22 500 10 8291 8291 8291 8291 0.00 0.00 0.00
23 500 50 4337 4337 4337 4337 0.00 0.00 0.00
24 500 100 2748 2779 2779 2784 1.13 1.13 1.31
25 500 167 1636 1636 1636 1638 0.00 0.00 0.12
26 600 5 9528 9528 9528 9528 0.00 0.00 0.00
27 600 10 8004 8004 8004 8004 0.00 0.00 0.00
28 600 60 4296 4296 4296 4296 0.00 0.00 0.00
29 600 120 2896 2897 2896 2898 0.03 0.00 0.07
30 600 200 1850 1850 1851 1855 0.00 0.05 0.27
31 700 5 9820 9820 9820 9820 0.00 0.00 0.00
32 700 10 9053 9053 9053 9053 0.00 0.00 0.00
33 700 70 4566 4572 4566 4568 0.13 0.00 0.04
34 700 140 2833 2835 2833 2835 0.07 0.00 0.07
35 800 5 10142 10142 10142 10142 0.00 0.00 0.00
36 800 10 9637 9637 9637 9637 0.00 0.00 0.00
37 800 80 4875 4875 4878 4877 0.00 0.06 0.04
38 900 5 10800 10800 10839 10800 0.00 0.36  0.00
39 900 10 9201 9201 9201 9201 0.00 0.00 0.00
40 900 90 5026 5026 5028 5026 0.00 0.04 0.00
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Table 3.9: The results of various approaches on instances with half negative weights under
model P2

Objective function value %Error
Instance n p best GA ACO ABC GA ACO ABC
1 100 5 -635 -635 -635 -635 0.00 0.00 0.00
2 100 10 -1245  -1245 -1245 -1245 0.00 0.00 0.00
3 100 10 -1131  -1131 -1131 -1131 0.00 0.00 0.00
4 100 20  -1477  -1477  -1477  -1477 0.00 0.00 0.00
5 100 33 -1687  -1687 -1687 -1687 0.00 0.00 0.00
6 200 5 -1163  -1163 -1163 -1163 0.00 0.00 0.00
7 200 10 -1360 -1360 -1360 -1360 0.00 0.00 0.00
8 200 20 -1765 -1765 -1764 -1765 0.00 0.06 0.00
9 200 40 -2212 -2212  -2212 -2212 0.00 0.00 0.00
10 200 67 -1815  -1815 -1815 -1815 0.00 0.00 0.00
11 300 5 =797 =797 -797  -797 0.00 0.00 0.00
12 300 10  -1290 -1290 -1290 -1290 0.00 0.00 0.00
13 300 30 -1709 -1709 -1697 -1708 0.00 0.70 0.06
14 300 60 -2224  -2224  -2219 -2223 0.00 0.22 0.04
15 300 100 -2154 -2152 -2151 -2154 0.09 0.14 0.00
16 400 5 -932 -932 -932 -932 0.00 0.00 0.00
17 400 10 -1318  -1254 -1254 -1233 4.86 4.86 6.45
18 400 40  -2096  -2096 -2096 -2089 0.00 0.00 0.33
19 400 80 -2119  -2119 -2119 -2119 0.00 0.00 0.00
20 400 133 -2295 -2291 -2290 -2295 0.17 0.22 0.00
21 500 5 -687 -687  -622 -687 0.00 9.46 0.00
22 500 10 -1111 -1111 -1098  -1098 0.00 1.17 1.17
23 500 50 -1933 -1933 -1915 -1933 0.00 0.93 0.00
24 500 100 -2221 -2216  -2221 -2221 0.23 0.00 0.00
25 500 167 -2379 -2376 -2368 -2379 0.13 0.46 0.00
26 600 5 -820 -820 -820 -820 0.00 0.00 0.00
27 600 10  -1053 -1053 -1053 -1053 0.00 0.00 0.00
28 600 60 -2119  -2119 -2107 -2117 0.00 0.57 0.09
29 600 120 -2198 -2198 -2197 -2197 0.00 0.05 0.05
30 600 200 -2321 -2320 -2320 -2321 0.04 0.04 0.00
31 700 5 -748 -748 -748 -748 0.00 0.00 0.00
32 700 10 -1030  -1030 -975 -1030 0.00 5.34 0.00
33 700 70 -2009  -2009 -2009 -2005 0.00 0.00 0.20
34 700 140 -2437 -2436 -2427 -2437 0.04 0.41 0.00
35 800 5 -855 -855 -855 -855 0.00 0.00 0.00
36 800 10 -985 -985 -985 -985 0.00 0.00 0.00
37 800 80 -2278  -2278 -2263 -2276 0.00 0.66 0.09
38 900 5 -607 -607  -522 -607 0.00 14.0 0.00
39 900 10  -901 -901 -901 -901 0.00 0.00 0.00
40 900 90  -2347  -2347 -2343 -2347 0.00 0.17  0.00
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Table 3.10: Summary table

GA ACO ABC
Model Weights W TE W TE W TE BKV-I

P2 10-neg 9 216 6 1.77 10 2.42
P2 half-neg 7 5.56 18 39.46 9 8.48

P1 2-neg - - 4 096 6 0.64 4
P1 5neg 8§ 271 - - 24 11.12 4
P1 10-neg 8 359 8 491 11 3.30 2
P1 half-neg 5 3.79 10 4.05 6 0.67 3
P2 2-neg - - 9 229 10 1.13 8
P2 5neg 9 198 - - 6 1.10 8

1

5

where first 5 vertices have negative weights was considered in [109] only, whereas the
case where first 2 vertices have negative weights was considered in [I08] only. All other
cases were considered by both the papers. Hence, the results for GA and ACO are
not available for instances with 2 negative weights and 5 negative weights respectively.
Like GA and ACO approaches, we have executed our hybrid ABC approach 5 times on
each instance and reported the average results.

For both the models, i.e., P1 and P2, we have reported the total CPU time that
is averaged over all the instances that are derived from the same OR-Library instance.
This is done to ensure conformity with [109] and [108]. [Table 3.1]reports these times and
the next paragraph further explains how these times have been computed.
to present the results of ABC algorithm on various types of instances and

compare them with those of GA and ACO. [Table 3.2 [Table 3.3] [Table 3.4 and [Table 3.5

report the results of various approaches for model P1 on instances with 2 negative

weights, 5 negative weights, 10 negative weights and half negative weights respectively,

whereas [Table 3.6, [Table 3.7], [Table 3.8 and [Table 3.9 does the same for model P2. As

mentioned already, performances of GA and ACO were not evaluated on instances with
2 negative weights and 5 negative weights respectively, and hence, tables and

report the results of ABC and ACO only, whereas [Table 3.3] and [Table 3.7
report the results of ABC and GA only. Results for GA and ACO are taken from

their respective papers. The columns under the common heading Objective function

value report the objective function value averaged over 5 runs for various approaches,
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whereas columns under the common heading %Error report the relative error of various

approaches on each instance. The relative error is defined as follows:

f—fo;B

Forsl 100

where f is the objective function value obtained by the algorithm and fp,p is the
optimal or the best known value so far obtained. For some instances, our ABC approach
has found a value better than the best known value. In such cases, we have replaced
the best known value with new best known value found by our ABC algorithm. Such
cases are reported in bold font in these tables.

As mentioned in the previous paragraph, reports the average total CPU
times in seconds of GA, ACO and ABC approaches for each of the two models (P1 and
P2). The first three columns represent the problem number of the original OR-Library
instance, number of nodes and number of facilities. columns 4-7 report the average time
for model P1 and columns 8-11 report the average time for the model P2. As explained
earlier, performances of GA and ACO were not evaluated on instances with 2 negative
weights and 5 negative weights respectively. Hence, to ensure the fair comparison, we
have computed average total CPU times for our approach in two ways. For comparison
with the GA, the averages are computed using instances with 5 negative weights, 10
negative weights and half negative weights, whereas for comparison with ACO, the
averages are computed using instances with 2 negative weights, 10 negative weights,
and half negative weights. Hence, we have two columns labelled ABC for each of the
two models. Columns 5 and 9 report the time of ABC approach for comparison with
GA, whereas columns 7 and 11 report the time of ABC approach for comparison with
ACO. Again, the data for GA and ACO are taken from their respective papers.

summarizes the results. This table reports for each approach on each
instance group of 40, the number of instances for which the approach in question found
result inferior to best known value (column W) and sumtotal of relative error (column
TE). This table also reports the number of instances in each instance group where our
ABC approach found the new best known value (column BKV-T).

From these tables, some interesting observation can be made. Results of different
approaches vary according to the types of instances. ABC approach improves the best
known values for more than 10% of the instances (35 out of 320). Most of these instances

are those with a relatively large value of p. Barring few exceptions, there is not much
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difference in the performance of various approaches on the instances with small values
of p. Only when the value of p is large, the performance of different approaches tends
to differ significantly. However, none of the approaches can be considered as clearly
superior to others on all types of instances with large value of p. A justification for the
difficulty of various approaches on instances with large value of p has been provided

already in [Section 2.4.1| of [Chapter 2|

We can observe that our ABC approach performs better than ACO on 5 out of 6
instance groups in terms of total error. Our approach is better on 2 out of 6 instance
groups if we compare two approaches in terms of the number of instances where an
approach fails to reach the best known value. This shows that whenever ABC ap-
proach fails to reach the best known value, its solution is closer to best known value in
comparison to the solution of ACO under the similar situation. Overall, there are 55
and 52 instances (out of 240) where ACO and ABC fail to reach the best known value.
ACO approach performs much worse in comparison to our ABC approach on instances
with half negative weights under both the models.

On the other hand, GA, in general, fares better than ABC. There are 3 instance
groups where ABC performs better than GA in terms of total error, whereas on other
3 groups GA performs better. There is only one instance group where GA fails to
reach the best known value on a higher number of instances than ABC. However, GA
performs much worse in comparison to ABC in terms of total error on instances with
half negative weights under model P1.

As far as execution times of various approaches are concerned, GA and ACO ap-
proaches were executed on a 1.7GHz Pentium 4 system which is different from the
system used to execute our ABC approach. Therefore, execution times can not be
compared precisely. However, a rough comparison can always be made. Even after
compensating for differences in processing speed, we can safely say that our approach

is faster than GA on most of the instances. However, ACO is faster than our approach.

3.4 Conclusions

In this Chapter, we have proposed an ABC algorithm based approach for solving the
p-median problem with positive and negative weights. We have compared the results of

our approach with two best approaches, viz. GA and ACO on the standard benchmark
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instances of the problem. Comparison with ACO approach is specially significant as
both ABC and ACO are swarm intelligence based approaches. ABC approach is able to
improve the best known values for slightly more than 10% of the instances. Though the
relative performance of different approaches varies according to the types of instances,
the overall performance of GA is clearly better than ABC approach in terms of solution
quality, but ABC approach is faster. On the other hand, ABC approach is much better
than ACO approach on instances where half of the weights are negative under both the

models, but at the expense of larger execution times.
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Chapter 4

Cooperative maximum coverage

location problem

4.1 Introduction

The cooperative maximum covering location problem (CMCLP) was introduced by
Berman et al. [3I]. In this problem, it is assumed that each facility generates a signal
whose strength decreases over distance, according to some signal strength function.
A demand point receives the signals from all the facilities, and it is considered as
covered if the strength of the combined signal received by it from all the facilities
exceeds a certain threshold. Hence, the CMCLP assumes cooperative coverage model,
where all the facilities cooperate in providing the coverage. This coverage model differs
from the one used in classical maximum covering location problem (MCLP) introduced
by Church and Revelle [2], where the signal received from the single closest facility
determines whether a demand point is covered or not, thus it is referred as individual
coverage model.

The individual coverage model may not always be appropriate as it may result
in poor quality of solutions by underestimating the coverage provided by the group
of facilities together; which results in deployment of more number of resources than
actually needed.

The signal can be physical or non-physical. A physical signal such as radio signal
propagates along the straight line path between two points, whereas a non-physical

signal may not. An example of a non-physical signal is the service time of an ambulance
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to reach a particular point from its rest location. Rather than travelling on a straight
line path, an ambulance has to make use of the road network to reach the desired point
from its rest position. Depending upon the traffic on the road and other factors, service
time can vary.

The applications of the cooperative cover models are discussed by Berman et al.
in [31], in which they discussed the applications that belong to both physical signal
class and non-physical signal class of cover problems. For example; applications such
as installation of light towers to provide lighting to an area, location of warning sirens
and location of cell phone towers belong to the physical signal class. The main aspect
of the physical signal class of cooperative cover models is - the signal received by a
particular demand point is the combined signal from all the facilities. In the case of
location of cell towers the demand point (mobile phone user) is considered as covered if
the probability of establishing a successful connection exceeds a certain threshold value.
On the other hand, applications such as an emergency response system design, belong
to the non-physical signal class. In such systems having a single system within the
coverage of demand point is not sufficient, to ensure the coverage all the time because
it may become busy at some point. To deal with these type of issues, the demand point
must be within the coverage radius of several facilities.

The potential application for cooperative cover problems include situations, where
the facilities are generally unreliable and the customer needs to search for the facility
until the service is done. In such situations, the customer is considered as covered;
if the expected total travelling cost is below the threshold value, until the service is
done. Another application of cooperative cover includes models with the assumption
of partial cover by the facilities, where a single facility is not sufficient to provide the
coverage.

One familiar example for cooperative maximum covering location problem, on a

)

network is ‘Pizza Delivery System ’. Consider a set of pizza centres promoting their

9

service as ‘Delivery In Only 30 Minutes ’, Supposing a typical location; the walk-
in traffic time is distributed as a normal variable, with the mean of 20 minutes and
standard deviation of 2 minutes respectively, the trading area is defined as the customers
who could be covered within 30 minutes, at least 75% of the allocated time. For an
individual coverage model, the customers should be within the coverage of 30 — 20 —

0.7 x 2 = 8.6 minutes (0.7 = 75% of the standard normal distribution) to get the

61



4. COOPERATIVE MAXIMUM COVERAGE LOCATION PROBLEM

delivery within 30 minutes. For instance, a customer would be located at a distance
of 15 minutes away from the pizza center and has only 50% chances to get the pizza
delivery in time. And this customer has another pizza center which is at a distance
of 9 minutes away, and has only 69% chances to reach; both centers are far from the
coverage area. Assuming the dispatcher redirects the order to the center which is active
at the moment(least busy), and the order preparation times are independent at both
the centers, Here in this particular situation, it is easy to deliver the order to the
customer within 30 minutes with the probability of 1 — (1 —0.5)(1—0.69) = 0.84 which
equals to 84%. With this example it is proved that the customer has the chances of
being covered by multiple locations, by providing cooperative coverage.

In the literature, covering problems are analyzed for plane [110] [I11] [112] as well
as for network topology [113] [37] assuming the discrete demand. Covering problems
are also analyzed by assuming the continuously distributed demand in [114] [I15].
The planar version of the CMCLP is solved using optimal and heuristic algorithms by
Berman et al. in [31]. In [3I] the authors proposed an algorithm which is based on
the big triangle and small triangle approach [116] for the 2 — facility problem with the
assumption that one of the facilities location is known. For more than 2 — facilities
problem they proposed a heuristic method. The discrete version of the CMCLP was
considered by Berman et al. in [36], where the location space is restricted to the nodes
of the network. The discrete version allowing the facilities to be located at both the
nodes and along the edges is solved by Averbakh et al. in [35]. In which the authors
proposed greedy methods and local search based heuristics to solve the p — facility
problem.

In this chapter, we have proposed an artificial bee colony algorithm based approach
for solving the CMCLP for a network version of p— facility problem where facilities can
be located both at the nodes and along the edges. We have compared our results with
two interchange heuristic methods proposed in [35]. In comparison to these methods,
our approach obtained better quality results on most of the instances.

The remainder of this chapter is organized as follows: formally defines
CMCLP problem and introduces the notational conventions used in this chapter.
describes our approach to solve the CMCLP. reports the computa-
tional results and provides a comparative analysis of our algorithm. Finally,

outlines some concluding remarks.

62



4.2 Formal problem definition

Table 4.1: Summary of notations

n The number of nodes or demand points, i.e., n = |V]|
w; The weight associated with demand point ¢ € V'
i The length associated with each egde e, € F
X The location space
D The number of facilities to locate
d; (z;) | The distance between demand point ¢ € N and facility j

¢ (d) | The strength of the signal at distance d from the facility, ¢ (d) = max {0,1 — d/U}
®; (x) | The overall signal at point i € N

U The fraction of diameter of the network

T

The threshold for coverage

4.2 Formal problem definition

The CMCLP can be stated as follows:

Let G = (V, E) be an undirected network, with V' = (1,...,n) be the set of demand
points and F = (ey, ...,en) be the set of edges connecting various demand points. Each
demand point ¢ has a non-negative real weight w; indicating the total demand at this
point. Each edge e has a positive length [;. p facilities need to be located on the edges
(including end demand points) to cover these demand points. A demand point is said
to be covered if the combined strength of the signal received by it from all the facilities
is not less than a threshold 7. The CMCLP seeks a location vector X, for these p

facilities so as to maximize the sumtotal of the weights of the covered demand points.

f(Xp, T) =32, D (X,p)>T Wi

The signal strength function is defined as the sum of all signals received by a de-

mand point ¢ € V from p facilities.

D (Xp) = 34y @ (di (k)

Location = of a facility along an edge ey joining demand point j; with jo (e =
(j1,J2)) is represented by an ordered pair (lg,t) where ¢ is the relative distance of x
from j; with respect to g, i.e., 0 <t < 1. The distance from a node ¢ € V to this

facility is defined as follows:
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4. COOPERATIVE MAXIMUM COVERAGE LOCATION PROBLEM

d(z,x) = min{d(i,jl) +tx lk,d<i,j2> +(1—1)x lk}

Where d(i,71) and d(i, jo) are the lengths of the shortest paths connecting node i

to node j; and node jo respectively.
The notations used above are summarized in [Table 4.1]

To illustrate CMCLP, consider the network depicted in [Figure 4.1} Let P=3, T=0.8,

and the signal strength function be defined as below:

¢(d) = max {0,1 — 1%}.

One possible solution that we can obtain by locating the facilities along the edges as
well as on nodes is X = {(4), ([7,8],0.6), ([1,2],0.4)}, where the first point p; is located
on node 4, the second point ps is located on edge [7, 8] at a relative distance of t = 0.6
from node 7, and the last point ps is located on edge [1,2] at a relative distance of
t = 0.4 from node 1. This solution produces an objective value of 29 covering all nodes.

In the above example, we have selected the points randomly. There might be a

possibility of some other possible solutions, existing for the same network.

Figure 4.1: Example illustrating CMCLP

4.3 ABC approach for the CMCLP

This section presents salient features of our ABC approach for the CMCLP.
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4.3.1 Fitness of a solution

We follow the same two level approach as used in [35] for determining the fitness of a
solution. We say that a solution X’ is better than another solution X, if solution X'

either has a larger objective function value,
fX1,T) > f(X,T)

or, if solution X and solution X’ have same objective function value, but solution X’

provides larger total coverage.

Yiev i (X7) > 3,y @i (X)

4.3.2 Probability of selecting a food source

Like the approach described in the previous chapters, We have used the binary tourna-
ment selection method for selecting a food source for an onlooker. The better candidate
solution is selected with the probability p,,; and the probability of selection of the worst

candidate solution is 1 — pyy;.

4.3.3 Initial solution

To generate an initial solution we have followed a method which is a mix of greediness
and randomness. In this method, one facility at a time will be added to the current
partial solution starting with an empty solution. In each iteration, to add a facility to
the current partial solution S, we compute the set Y of all points x € G (including
nodes € V) that provide exact or greater coverage for yet uncovered nodes V’. The
x points are considered on edges at equal intervals separated by a relative distance of
0.1. The condition of exact or greater coverage is based on the signal strength function
defined. With the choice of the signal strength function used, it may happen during
the iterations of the greedy method that there may not exist even one point which can
provide exact coverage (specially in case of large instances). So we have chosen points
providing either exact or greater coverage. Next, we evaluate the points based on how
much coverage they are providing, then choose R best points from the set Y, and select

one point randomly from R.
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4. COOPERATIVE MAXIMUM COVERAGE LOCATION PROBLEM

Y=V U{xe€G|p;(x) >T;(X)} for someieV’
After locating a facility, the threshold is updated as follows:
T; (S) =max{0,T — &, ((S)} fori € V
This process is repeated till the desired number of facilities are located.

4.3.4 Neighboring solution generation

To generate a solution X’ in the neighborhood of solution X, we delete F facilities from
X randomly. Then, F' facilities are added one-by-one from the set F"" containing all
points z € G (including nodes € V') which provide exact coverage for at least one yet

uncovered node in V’. A formal definition of F"¢" is given below.
Frev =7 - X

where

Z =V U{z € Gl (x) =T;(X)} for some i € V'

To add each facility, we first choose R best points from F™¢" and then choose one
randomly from R. Once a facility has been added, F™®" is updated. The manner in
which facilities are added is similar to Greedy 1 heuristic of [35] except for the fact
that Greedy 1 always choose the best point, whereas we choose randomly a point from

among R best points.

4.3.5 Other features

If an employed bee solution does not improve for a specified number of iterations say
limit, then the associated employed bee becomes a scout. There is no restriction on the
number of scout bees in an iteration. The number of scouts in a particular iteration
depends on the number of employed bee solutions which have not improved for an
exactly limit number of iterations. The scout bee is again made employed by assigning

it to a new solution which is generated in the same manner as one of our initial solutions.
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Algorithm 6: Pseudo-code of our hybrid ABC algorithm

Randomly generated solutions e, e2, ..., e, ;
best_sol:= best among ey, e2, ..., ey;

while termination condition is not satisfied do
for i =1 to e, do

¢’ := Generate_Neighbor(e;);

if €' is better than e; then

| eii=¢

if €' is better than best_sol then

L best_sol:=¢’

for i =1 to o, do
k; := Binary_Tournament(eq, €2, ..., e, );
onl; := Generate_Neighbor(ey, );

if onl; is better than best_sol then
| best_sol:=onl;

for i =1 to o, do

if onl; is better than ey, then
| ex;i=onl;

for i =1 to e, do

if e; is not improved over limit iterations then

t replace e; with a random solution;

Best_sol := Local_Search(best_sol);

return Best_sol ;

4.3.6 Local search

We have used a local search on the best solution obtained through ABC algorithm
in a bid to improve it further. In this local search, each facility = in a solution S is
considered one-by-one and the best point b, to relocate it is determined. For this, we
compute the set F™" for solution (S \ {z}) and find the best point b, to locate the
next facility. If the solution (S \ {z}) U {b;}) is better than S then we replace S with
this new solution. This process is repeated till each facility is considered once.
provides the pseudo-code for our hybrid ABC approach, where n,. and

n, are respectively the number of employed bees and number of onlooker bees. Gen-
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erate_Neighbor(e;) and Binary_-Tournament(ey , ea,..., e, ) and Local_Search(best_sol)
are the three functions. The first function generates a solution in the neighborhood of
solution e; as described in The second function selects a solution for an
onlooker bee from all employed bee solutions e1, es,..., e, as per and the

last function returns a solution obtained after applying local search on best solution as

explained in [Section 4.3.6

4.4 Computational results

To test our ABC approach, we have used the same instances as used in [35]. These
instances are generated randomly in the following manner; For each combination of
(n,dgr) where n is the number of nodes and dgr is the average degree of nodes,
five instances were generated by the Averbakh et al. [35]. In these instances n €
{40, 60, 80, 100, 120, 140, 160, 180,200} and dgr € {5,6,7}. Like in [35], we have done
all computational experiments by taking p = 3,4,5 for n = 40,60,80, p = 4,5,6 for
n = 100,120, 140 and p = 5,6, 7 for n = 160, 180, 200. Three different values have been
used for signal threshold values T', i.e., T € {0.6,0.8,1.0} and linear signal strength
function ¢ (d) = max{0,1 —d/U} has been used like in [35]. The parameter U was
determined in [35] as a fraction of the diameter of the network and Uy, = 0.15,0.25,0.35
for T =0.6,0.8 and Uy, = 0.2,0.3,0.4 for T' = 1.0 were used.

Our ABC approach has been implemented in C and executed on a Linux based Intel
Core 15 2400 system with 4 GB memory running at 3.10 GHz. In all our computational
experiments, the number of employed bees (n.) is taken to be 10, the number of onlooker
bees (n,) is taken to be 20, limit is set to 50, Py is set to 0.9 for Uy, = 0.15,0.25,0.35
for T'= 0.6 and it is set 0.8 for remaining combinations of U and T, and R = 20. We
have taken F' = 2 for n = 40,60,80 and p = 3,4,5, F = 3 for n = 100, 120, 140 and
p=4,5,6, F =4 for n =160, 180,200 and p = 5,6,7. Our ABC approach terminates
after 500 iterations. All these parameter values were chosen empirically after a large
number of trials.

We have compared the results of our ABC approach with interchange heuristics 11
and I2 proposed in [35]. Results are reported in the same format as used in [35]. Authors
of [35] reported the average percentage improvement in solution quality by I2 with

respect to I1 over all the instances with same 7" and Uy,. However, average execution
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Table 4.2: Computational results

T | Uy | %(ABC, I1) | %(ABC, 12) | R(I1) | R(I2) | R(ABC)
0.6 | 0.15 | 1.28 1.21 42.36 | 25.28 | 351.62
0.6 | 0.25 | 12.84 12.76 99.99 | 67.21 | 253.26
0.6 [ 0.35 | 1.1 1.07 80.61 | 104.49 | 244.21
0.8 | 0.15 | 4.88 471 39.07 | 28.93 | 366.45
0.8 | 0.25 | 22.36 21.98 84.42 | 78.00 | 271.49
0.8 | 0.35 | 5.34 5.06 118.80 | 141.13 | 257.82
1.0 0.2 |35.98 35.52 36.26 | 20.48 | 263.43
1.0 0.3 | 2515 24.86 122.42 | 108.10 | 278.56
1.0 |04 | 12.08 12.09 82.56 | 153.21 | 206.29

times are reported over all instances with n = 200 only, i.e., all instances having the
maximum number of nodes. The percentage improvement in solution quality by method
A over method B on a particular instance is 100 x % where S4 and Sg are the
solutions obtained by methods A and B respectively on the particular instance under
consideration. reports the results of 11, 12, and our ABC approach. Data for
I1 and I2 have been obtained from the corresponding author of [35] through personal
communication. The first column in represents the thresholds (7' value),
second column represents Uy, values, third column (%(ABC,I1)) reports the average
percentage improvement of our ABC approach over I1, fourth column (%(ABC,12))
reports the average percentage improvement of our ABC approach over 12. And the
last 3 columns (R(.)) report the average execution times of various approaches on the
largest instance (n = 200).

The results show that the performance of our ABC algorithm is better compared to
the Interchange heuristics. With the choice of our parameters, we are able to provide

larger coverage than the already existing methods.

4.5 Conclusions

In this chapter, we have proposed an ABC algorithm based approach for the CMCLP
and compared it with two interchange based heuristic methods proposed in the lit-
erature. Our ABC algorithm outperformed these two methods in terms of solution

quality. However, it is slower than these methods. Our ABC algorithm based approach
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is the first metaheuristic approach for the CMCLP. Averbakh et al. [35] also exper-
imented with tabu search and variable neighborhood search, but results obtained by
these approaches were only slightly better than those obtained by interchange heuris-
tics and hence they did not present these metaheuristics. Therefore, population based

metaheuristics seem more appropriate for this problem.
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Chapter 5

p-center problem

5.1 Introduction

Given an undirected weighted graph G = (V| E) where V denotes the set of vertices,
E denotes the set of edges and |V | = n, the p-center problem seeks on this graph a set
Y C V of p vertices so that the maximum distance from any vertex in V' and its nearest
vertex in Y is minimized. The vertices of the graph can be considered as demand points
and the vertices in Y as the location of facilities. The goal of p-center problem is to
choose the locations of p facilities to serve n demand points so that the maximum
distance of any demand point from its nearest facility becomes as small as possible.
The vertices in set Y are called centers. We have used the terms centers and facility
locations interchangeably throughout this chapter. The p-median problem considered
in is concerned with minimizing the average distance of demand points from
their nearest facilities as minimizing the total distance is equivalent to minimizing
the average distance. However, in several real-world applications, particularly those
dealing with the location of emergency facilities such as fire stations, police stations,
and ambulance depots, it is more appropriate to locate the facilities in such a manner so
that the farthest travel distance/time between a demand point and its nearest facility
is minimized. p-center problem is used to model such applications and has attracted
increasing attention in recent years.

The p-center problem is proven to be NP-hard in the literature by Kariv and Hakimi
[117]. Chen and Chen [118] solved the p-center problem using a new relaxation algo-

rithm. Exact algorithms have been proposed for some special cases of p-center problem
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in [I19] and [120]. Mladenovié¢ et al. [121] presented two tabu search heuristics and a
variable neighborhood search heuristic for the p-center problem. Caruso et al. [122]
developed another heuristic approach called Dominant which solves a series of set-
covering problems according to a pre-defined maximum distance to get a solution to
the p-center problem. Pacheco and Casado [123] proposed a new approach based on
scatter search. Davidovié¢ et al.[124] proposed an approach called BCOi based on bee
colony optimization (BCO) with improvement concept. Till date, BCOi is the best
approach for the p-center problem. Several other heuristics and metaheuristics have
also been proposed in the literature, e.g. [125], [126] and [127].

In this chapter, we have proposed two new swarm intelligence based approaches
for the p-center problem. Our first approach is based on artificial bee colony (ABC)
algorithm, whereas the latter approach is based on invasive weed optimization (IWO)
algorithm. We have compared our approaches with BCOi, which is the best approach
available in the literature, on the standard benchmark instances for the problem. Com-
putational results show the effectiveness of proposed approaches in finding high quality
solutions.

Both ABC and BCO algorithms are inspired by the foraging behavior of honey bee
swarm. The difference between these algorithms lies in the simple rules for modelling

the nectar collection process [128]. The differences are described as follows;

e The bees will have designated roles, viz. scouts, employed, and onlookers in the

ABC algorithm, while in BCO all bees will perform the same algorithm steps.

e As mentioned already, each cycle of the ABC algorithm consists of employed bee
phase and onlooker bee phase. In addition, at the end of every cycle, the scout
bees are determined. A new solution is determined for each such scout bee to

turn it back into an employed bee.

There are 2 passes in each iteration of BCO algorithm, i.e., forward pass and
backward pass. In forward pass, every bee functions like an employed bee in
employed bee phase of ABC Algorithm. During the backward pass, all bees are
divided into two groups — recruiters (R), and uncommitted bees (B — R, where
B is the total number of bees in the population). The values of R and B — R
will vary from one backward pass to another. Recruiters are determined using

some probability based selection method where bees associated with good quality
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solutions have more chances of becoming a recruiter. Those bees which can not
become recruiters abandon their solutions and become uncommitted bees. In
the backward pass, the uncommitted bees choose a recruiter and generates a
solution in the neighborhood of the solution of its recruiter like the onlooker bees
in ABC Algorithm. However, unlike the onlooker bees, uncommitted bees retain

the solution it generated for the forward pass of the next iteration.

e In the ABC algorithm, while onlookers and employed bees carry out the exploita-
tion in the search space, the scouts are responsible for the exploration. BCO
algorithm does not have any equivalent of scout bees. However, population is

initialized every NC' iterations in BCO algorithm.

The rest of this Chapter is organized as follows: provides a formal
definition of the p-center problem. describes our ABC approach to the
p-center problem. describes our IWO approach to the p-center problem.
Computational results are presented in Finally, provide some

conclusions.

5.2 Formal description

The p-center problem can be defined formally as follows: Let G = (V, E) be an undi-
rected graph with vertex set V' = {v1,v9,...,v,} and edge set E. The length of shortest
path or distance from vertex v; to vertex v; is denoted as d(v;,v;). The problem is to
choose a set Y containing p vertices of GG, in such a way that the maximum distance
of a vertex in V to its closest vertex in Y is minimized, i.e., the solution is a subset

Y ={y1,92,...,yp} of V that minimizes

max { min d(vi,yj)} (5.1)

1€{l,...,n} Lje{1,...,p}

Figure 5.1]illustrates a typical solution of p-center problem with p = 3 facilities and
n = 15 demand points. In this figure, each demand point is shown by a circle (black

or white). The demand points which are also the centers or the location of facilities
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Figure 5.1: Example illustrating p-center problem

are shown by white circles, whereas the remaining demand points are shown by black
circles. The demand points are connected to their closest centers, and this connection
is shown by straight lines. The objective function value for this solution corresponds
to distance between node 14 and center 13 which is the maximum distance over all the

distances between a demand point and its closest center, i.e., f = d(14,13).

5.3 ABC approach for the p-center problem

This section describes our ABC approach for the p-center problem. The salient features

of our ABC approach are discussed below in subsequent subsections.

5.3.1 Solution representation and fitness

A solution is represented by the subset of p vertices used for locating the facilities. The
demand points are always assigned to the nearest facility present in the subset. For
example, the solution in [Figure 5.1] is represented as Y = {4,7,13} . The objective

function is used as the fitness function, i.e., the fitness function value is calculated using

the As p-center is a minimization problem, a more fit solution has a

lesser fitness function value.
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5.3.2 Food source selection for onlooker bees

For selecting a food source for an onlooker bee, binary tournament selection method is

used where the candidate with better fitness is selected with probability poy;.

5.3.3 Initial solution

The initial solutions for our ABC algorithm are generated in a purely random fashion.
One location for a facility is selected at a time randomly from the not yet selected

vertices of V and this process is repeated until p facilities are located.

5.3.4 Pre-processing

Like the BCOi approach of [124], the input data is pre-processed before starting our
ABC approach with the intention of making some computations faster. This pre-
processing involves two phases, and we have followed the notational conventions used

in [124] to describe them. These two phases are described below

e In the first phase, all pair shortest distance matrix D is computed using Floyd’s
algorithm. Then from this distance matrix D, two new matrices are computed.
Every row of D together with corresponding indices are sorted in increasing order,
thereby creating two new matrices Dgyre and D jpee. The matrix D,y contains
each row of D in sorted order, whereas each row of the matrix D, ¢jes provides the
information about the first, second.. . . ,nt" closest node to the node corresponding

to the row. For the sake of illustration, consider n = 4 and

I N JU R )
co Oy O W
N OO

N CO

[an}

The matrices Dgore and Dgjperes corresponding to matrix D above are

D sort —

oS O O O
=N W=
N =~ O W
co O OO &~
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Dcz"rcles =

[ N
W = W N
N N OB W

=W N

e In the second phase, a matrix called D,ygius is computed. All the entries along
the main diagonal of this matrix are set to 1. Each element (i,5) with ¢ # j of
this matrix provides a count of those nodes whose distance from node i is less

than the distance of node j from node i. D,44;ys for example provided above is

1 2 31
1 1 2 3
Dradius = 2 3 1 1
1 3 21

These matrices find their use in generating the neighboring solution efficiently as

explained in the next subsection.

5.3.5 Neighboring solution generation

We have employed two methods to generate neighboring solutions to ensure such so-
lutions are the proper mix of diversity and quality. These two methods are based on
the concept of critical distance introduced in [124]. It is defined as the largest dis-
tance among all distances between nodes and their nearest center. The node which is
at the farthest distance from its nearest center is termed as the critical node. In the
first method, to generate a neighboring solution Z’ for a solution Z, first we copy the
solution Z into Z’. Then we delete ) centers from Z’. These Q centers are deleted
one-by-one in an iterative manner, where during each iteration, the center whose dele-
tion has a minimum adverse effect on objective function is deleted from Z’ (ties are
broken arbitrarily). Deleting @) centers makes the Z’ infeasible, and, hence, to restore
the feasibility of the Z’, Q centers need to be added. These @) centers are added one-
by-one in the following manner: First, current critical distance is determined and then
the node ¢ and center j corresponding to this critical distance is identified. A node is
randomly chosen to be a center from among non-center nodes which can reduce the
current critical distance and added to Z’, i.e., a new center is chosen using the following

equation
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new_center = D ireies (i, rand(Dyagius (2, 7)))

This process is repeated till () centers have been added. The value of () is deter-

mined as follows

@={ romilh) otroraim. (5:2)

The second method is a modified version of the method used by [124]. In this
method, to generate a neighboring solution Z’ for a solution Z, first we copy the
solution Z into Z’. We choose one solution Z; (different from Z) from the population
randomly. Then we add @ more centers to Z’ one-by-one. Each center is added in the
following manner: Like the first method, node ¢ and center j corresponding to current
critical distance is identified. Obviously, the solution quality can be improved only by
reducing the current critical distance. To reduce the current critical distance, we find
the set of candidate centers K which falls within the radius of the critical distance.
These candidate centers K are at a distance less than the current critical distance from

the critical node 7.

The set K is determined from the following equation

K = {Dcircles(iv k)7 where k = 17 oo 7Dradius(i7j)}

We compute the intersection of K and Z;. If this intersection is nonempty, then
we randomly select one node from set K N Z; and add it to Z’. If this intersection is
empty, then we randomly select one node from set K and add it to Z’. This process is
repeated until we have added @ centers. Davidovié¢ et al. [124] has always selected a
node from K randomly and has not made use of another solution. The use of another
solution is based on the fact that if a facility is located at a particular demand point in
one good solution, then it is highly likely that a facility is located at the same demand
point in many good solutions. Hence, the use of another solution helps in identifying
potential nodes. Also, note that K is never empty as it always contains critical node i
which is responsible for current critical distance.

Adding @ centers will reduce the critical distance, but makes the solution infeasible,

hence we need to delete () centers to restore its feasibility. The @) centers are deleted
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one-by-one in the following manner. Among the p + @ centers, we find the impact of
each center on the solution quality and delete that center which has the least impact
on the solution quality (ties are broken arbitrarily). This process is repeated until only
p centers remain in the solution. The value of () is determined using the same equation

as in first method, i.e., [Equation (5.2)

On the other hand, the value of @ in [124] is randomly chosen in the interval [0, p],

n—2.5p
2.5

needs to be produced. So the value of @) varies in the method of [124]. If the solution Z,

if 5 X p is less than n and in the interval [0, | otherwise, each time a new solution
the original solution, and, the solution Z, the randomly chosen solution, are identical,
then a collision occurs which is dealt in a way similar to the p-median problem as
described in [Section 2.3.4] of [Chapter 2|

These two methods are used in a mutually exclusive way. The first method is utilized

for generating a neighboring solution with probability pse;, otherwise the second method

is applied.

5.3.6 Other features

The rules for obtaining the scout bees are same as described in [Section 2.3.5| of |[Chap-|

5.4 The IWO approach to the p-center problem

Several components of our IWO approach have been borrowed from our ABC approach
(Section 5.3)). Our IWO approach employs same solution encoding and same fitness
function as our ABC approach. Subsequent subsections describe various features of our
IWO algorithm for the p-center problem.

5.4.1 Initial solution

Initial weed solutions are produced randomly in the same manner as described in
tion 5.3.3l The number of initial solutions n; is a parameter of the algorithm.

5.4.2 Determination of number of seeds of a weed

Each weed solution, based on its own and the colony’s lowest and highest fitness,

produces a certain number of seed solutions. The number of such seed solutions lies in
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the interval [Xnin, Ximaz], where X, is the minimum possible number of seeds and
Xinaz 1s the maximum possible number of seeds. However, unlike the traditional IWO
algorithm where there is a linear mapping between a weed solution and the number of
seed solutions it can produce, we have followed the strategy used in [72], where the total
number of solutions present in the colony at a particular moment (N.) are partitioned
into (Ximaz — Xmin) + 1 disjoint groups according to their fitness and the solutions
belonging to the same group will produce the same number of seed solutions which lies

in the interval [X,,in, Ximaz]. The pseudo-code for determining the number of seeds is

given in [Algorithm 7

Algorithm 7: Method for determining number of seeds

function No_of_Seeds (i)
Input: index ¢ of a solution in the sorted solution list
Output: number of seeds that the solution corresponding to index ¢ can produce
begin
if (z < W\fw) then
‘ return X,,.:;

else if (Z S wm(ﬁk%) then

‘ return X,,,, — 1;

else if (i < (pee=tpnlal) then

‘ return X,,;, + 1;
else
L return X,,;,;

5.4.3 Production of seed of a weed

We have utilized the neighboring solution generation method of ABC algorithm
tion 5.3.5) for producing a seed solution corresponding to a weed solution.
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5.4.4 Competitive exclusion

After some number of iterations, the number of solutions in the colony reaches the
maximum allowable value n,,q,; as new seed solutions are continuously produced and
added to the colony. When such a situation arises, the competitive exclusion procedure
begins discarding the solutions with poor fitness. The competitive exclusion procedure
works as follows: Once all solutions in the colony have generated their designated
number of seed solutions, all the solutions including newly generated seed solutions
are sorted into non-increasing order as per their fitness and best 7,4, solutions are
retained in the colony and remaining solutions are discarded. In this way, solutions
having higher fitness only survive and reproduce.

The pseudo-code of our IWO approach is given in where n. and n;
denote the number of weeds in the colony at any instance of time and the number of
weeds in the colony at the beginning respectively. Sorting of weeds into non-increasing
order based on their fitness is done by the function Sort_The_Weeds(). The number of
seeds a weed W can produce as described in is computed by the function

No_of_Seeds(). Generate_Seed_Solution(W) is another function which returns a seed

solution around the solution W (Section 5.4.3|).

5.5 Computational results

Our ABC & IWO approaches have been implemented in C and executed on a Linux
based Intel Core 15 2400 system with 4 GB memory running at 3.10 GHz. We have used
the following parameter values for ABC algorithm in all our computational experiments
: the number of employed bees (ne) is 50, the number of onlooker bees (n,) is 100, pon;
is set to 0.65, pse is set to 0.3, limit is set to 50, Our ABC approach terminates after
100 iterations. The parameters of IWO are as follows: number of initial solutions (n;)
is 50, maximum number of solutions allowed in colony 4, is 200, pse; is set to 0.35,
Xaz 18 set to 5, X,nin is set to 1, maximum number of iterations is set to 50. All
these parameter values have been chosen empirically based on a large number of trials.
These parameter values yield good results for most instances. However, they are in no
way optimal parameter values for all instances.

We have tested our approaches on same 40 OR-Library instances used in

as these instances have been used in the literature to test the performance of approaches
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Algorithm 8: Pseudo-code of IWO approach

Generate n; initial weed solutions Wy, Wa, ..., W), randomly;
best := best solution among Wiy, Wa, ..., W, ;
Ne = Ny,
Sort_The_Weeds(n.);
if n. > nuper then
| e = Nmas
while Termination condition not satisfied do
Teolony =Tc;
for i := 1 to negony do
seeds := No_of_Seeds(7);
for j:=1 to seeds do
Ne = ne + 1
W, := Generate_Seed_Solution(W;);
it W, is better than best then
L best .= W,_;

Sort_The_Weeds(n.);
if (ne > npmq) then

L Ne = Nmax;

return best;

for p-center problem also. The number of demand points in these instances vary from
100 to 900 and the number of centers from 5 to 200. We have compared the results
obtained by ABC & IWO approaches on each instance with best values known so far,
and, the best method known so far viz. BCOIi [124]. Like [124], we have executed our
approach once on each instance so as to allow a fair comparison with BCOi and other
approaches. In we have reported these results. The first column contains
test problem number. The total number of nodes and the total number of centers are
given in the next two columns. The best known values are reported under the column
heading Best. These best known values are due to a single run of at least one of the
methods among M-I, VNS, T'S-1 and TS-2 [121], SS approach [123] and BCOi [124].
Next three columns present the values obtained by BCOi, ABC, and IWO during their

solitary run. Columns 7-10 report the running time to reach the best value. Column
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Table 5.1: The results of executing various approaches once on each of the 40 test problems
of OR-Library

Objective function value Time(in seconds)

Sno N P Best BCOi ABC IWO Best(in lit) BCOi ABC IWO
1 100 5 127 127 127 127 0.00 0.00 0.01 0.01
2 100 10 98 98 98 98 0.00 0.00 0.01 0.21
3 100 10 93 93 93 93 0.00 0.00 0.03 0.11
4 100 20 74 74 74 74 0.00 0.00 004 0.20
) 100 33 48 48 48 48 0.00 0.00 0.02 0.22
6 200 5 84 84 84 84 0.00 0.00 0.01 047
7 200 10 o4 64 64 64 0.00 0.00 0.04 0.12
8 200 20 55 95 95 95 0.01 0.01 028 0.67
9 200 40 37 37 37 37 0.02 0.00 0.14 1.05
10 200 67 20 20 20 20 0.08 0.03 0.22  1.60
11 200 5 59 59 59 59 0.01 0.00 0.08 0.03
12 300 10 51 o1 ol ol 0.01 0.02 007 0.79
13 300 30 36 37 36 36 0.01 0.01 055 4.13
14 300 60 26 27 26 26 0.32 0.14 0.38 5.80
15 300 100 18 18 18 18 0.05 0.04 043 3.55
16 400 5 47 47 47 47 0.00 0.00 0.01 0.07
17 400 10 39 39 39 39 0.00 0.01 012 0.68
18 400 40 28 29 29 29 0.16 0.15 1.19 4.80
19 400 80 19 19 19 19 1.01 0.07 099 7.46
20 400 133 14 14 14 14 0.44 0.09 1.29  10.85
21 500 5 40 40 40 40 0.00 0.00 0.02 0.05
22 500 10 38 39 39 39 0.30 0.19 015 0.63
23 500 50 23 23 23 23 0.07 0.23 296 2.58
24 500 100 16 16 16 16 0.23 0.08 1.26 11.54
25 500 167 12 12 12 11 1.46 0.38 1.81  78.00
26 600 5 38 38 38 38 0.00 0.00 010 0.24
27 600 10 32 32 32 32 0.00 0.01 020 0.85
28 600 60 19 19 19 19 0.21 0.05 0.68 4.04
29 600 120 13 14 14 14 1.26 1.14 1.68 17.19
30 600 200 10 10 10 10 0.71 0.35 3.08 500.11
31 700 5 30 30 30 30 0.00 0.00 0.03 0.11
32 700 10 29 29 29 29 0.23 0.06 1.40 5.85
33 700 70 16 16 16 16 0.80 0.72 17.01 63.93
34 700 140 12 12 12 12 0.67 0.39 293 34.39
35 800 5 30 30 30 30 0.02 0.01 015 0.56
36 800 10 27 28 28 27 0.42 0.08 0.08 3.85
37 800 80 16 16 16 16 0.83 0.12 1.53 11.53
38 900 5 29 29 29 29 0.00 0.00 0.03 0.25
39 900 10 23 24 24 24 0.04 0.01 028 0.87
40 900 90 14 14 14 14 0.40 0.19 1.50  26.88
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Table 5.2: Execution times (in seconds) of ABC, IWO and BCOi approaches

Sno BCOi ABC IWO
1 1.00 0.14 0.34

2 2.00 0.51 1.24

3 2.00 0.52 1.35

4 2.00 0.64 1.51

5 1.00 1.29 3.18

6 2.00 0.29 3.18

7 2.00 1.02 2.56

8 2.00 3.09 7.96

9 2.00 3.87 10.00
10 2.00 9.04 23.28
11 2.00 0.40 1.07
12 2.00 1.59 3.99
13 2.00 9.31 23.52
14 3.00 11.78  30.29
15 6.00 28.48  73.00
16 1.00 0.54 1.36
17 2.00 2.15 5.46
18 70.00 20.61  52.82
19 4.00 26.12  66.56
20 4.00 62.33  160.02
21 2.00 0.74 1.84
22 2.00 2.74 6.91
23 4.00 38.75  97.78
24 5.00 49.64  123.31
25 4.00 122.25 296.14
26 2.00 1.10 2.05
27.  2.00 4.24 7.68
28 4.00 98.52  153.08
29 10.00 138.79 197.88
30 8.00 37.21  49.79
31 2.00 1.42 2.48
32 2.00 5.75 9.27
33 10.00  190.70 232.92
34 15.00 290.17 306.16
35 2.00 1.91 2.82
36 2.00 7.63 10.50
37 7.00 333.82  339.31
38 2.00 1.96 3.17
39 20.00 8.04 11.75
40 20.00 461.01 472.65
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Table 5.3: Results of ABC & IWO approaches over 10 runs

ABC WO

Sno Best-Known Best Avrg Std-Dev ABT ATT Best Avrg Std-Dev ABT ATT

1 127 127 127 0.00 0.005 0.138 127 127 0.00 0.012 0.339

2 98 98 98 0.00 0.083  0.510 98 98 0.00 0.096 1.242

3 93 93 93.7 0.46 0.142  0.524 93 93.5 0.49 0.110 1.351

4 74 74 74 0.00 0.072 0.635 74 74.2 0.60 0.168 1.505

5 48 48 48 0.00 0.029  1.298 48 48 0.00 0.196 3.179

6 84 84 84.2  0.40 0.097  0.285 84 84 0.00 0.385 0.713

7 64 64 64 0.00 0.088 1.017 64 64 0.00 0.193 2.558

8 55 55 55 0.00 0.320  3.097 55 55 0.00 0.728 7.961

9 37 37 37 0.00 0.169  3.869 37 37 0.00 0.989 10.000
10 20 20 20 0.00 0.235 9.043 20 20 0.00 1.685 23.279
11 59 59 59.2  0.40 0.069  0.400 59 59.1  0.30 0.119 1.079
12 51 51 51.2  0.40 0.280  1.585 51 51 0.00 0.636 3.994
13 36 36 36.7 0.46 1.671  9.312 36 36.1 0.30 3.881 23.520
14 26 26 26.2  0.40 2,970  11.784 26 26 0.00 4.908 30.285
15 18 18 18 0.00 0.414  28.480 18 18 0.00 3.811 72.996
16 47 47 47 0.00 0.011  0.538 47 47 0.00 0.073 1.360
17 39 39 39 0.00 0.299  2.151 39 39 0.00 0.521 5.458
18 28 29 29 0.00 2.323  20.613 29 29 0.00 4.450 52.824
19 19 19 19 0.00 1.687  26.122 19 19 0.00 7.006 66.560
20 14 14 14 0.00 1.048 62.329 14 14 0.00 10.591 160.022
21 40 40 40 0.00 0.046  0.735 40 40 0.00 0.146 1.843
22 38 39 39 0.00 0.147  2.742 39 39 0.00 0.476 6.911
23 23 23 23 0.00 2.478  38.749 23 23 0.00 6.838 97.781
24 16 16 16 0.00 1.558  49.637 15 159  0.30 15.154  123.315
25 12 11 11.5  0.50 24.822 122.248 11 114 0.49 38.269  296.135
26 38 38 38.1 0.30 0.232  1.096 38 38 0.00 0.208 2.054
27. 32 32 32 0.00 0.383  4.237 32 32 0.00 0.627 7.677
28 19 19 19 0.00 1.032  98.517 18 189  0.30 17.259  153.081
29 13 13 13.7 0.46 24.829 138.792 13 13.5 0.50 34.875 197.882
30 10 10 10 0.00 5.172  37.205 10 10 0.00 494.505 49.789
31 30 30 30 0.00 0.064  1.421 30 30 0.00 0.175 2.481
32 29 29 29.7 0.46 0.831 5.754 29 29.3 0.46 2.503 9.268
33 16 16 16.1  0.30 73.940 190.696 16 16 0.00 25.828  232.917
34 12 11 11.6  0.49 69.203 290.169 11 11.6  0.49 53.221  306.157
35 30 30 30.1 0.30 0.336 1.905 30 30.1 0.30 0.381 2.824
36 27 27 27.8  0.40 1.160  7.626 27 27.8  0.40 1.450 10.493
37 16 16 16 0.00 4.329  333.820 16 16 0.00 13.445  339.307
38 29 29 29 0.00 0.056 1.956 29 29 0.00 0.209 3.168
39 23 24 24 0.00 0.343  8.042 24 24 0.00 0.656 11.747
40 14 14 14 0.00 5.134 461.011 14 14 0.00 15.796 472.646
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heading Best(in lit) report the running time from the literature to reach the best value.
The last three columns report the time needed by BCOi, ABC, and IWO to reach
the best objective function value. Data for M-I, VNS, TS-1 and TS-2, SS and BCOi
approaches are taken from [124] where results were obtained on a Linux based Core 2
Duo system with 8GB RAM running at 2.66GHz. As this system is different from the
system used to execute ABC & IWO approaches, therefore execution times can not be
compared precisely. However, a rough comparison can always be made.

clearly shows the effectiveness of our approaches in terms of solution
quality. ABC algorithm obtained best known solution values in 35 out of 40 instances
and IWO reached the best know solution values for 36 instances out of 40 in contrast
to 33 for BCOi. Even, IWO was also able to improve the best known solution value
for one instance (viz. pmed25), which is reported in bold face. From this table, it can
also be seen that for those problem instances where our approaches fail to reach the
best known values, they reached the second best value. However, our approaches are
slower than other approaches in terms of time to reach the best solutions with IWO
the slowest among the lot. In this table, we have compared the time to reach the best
solution due to past precedences only. However, total execution time is a more standard
and reliable measure of time taken by various approaches as best solution is returned
only when the algorithm finishes execution and terminates no matter how fast the best
solution is found. BCO1i was executed for fixed amount of time on each instance that
range from 1 second to 70 seconds depending on the instance. reports the
execution times of ABC & IWO approaches along with BCOi for each instance. Here
the execution times of ABC & IWO approaches are average of 10 independent runs.
From this table, we can see that our approaches, particularly ABC, are faster than
BCOi on a number of instances.

To test the robustness of ABC & IWO approaches, we have executed each of them
10 independent times. The results are reported in[Table 5.3] The first column contains
the problem instance number, the second column represents the best known value. Next
3 columns report the best value, average value and standard deviation obtained by the
ABC algorithm. Column 6 report the average time till best and column 7 report the
average execution time of ABC algorithm. Similarly, we report the best value, average
value, standard deviation, average time till best and average execution time for IWO

algorithm in columns 8-12. From this table, it is clear that ABC algorithm is able to
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improve the best known value for 2 instances and IWO algorithm obtained improved
best known value for 4 instances, which are reported in bold face in this table. For
ABC & TWO both, on around 66% of instances, average solution quality is same as the
best solution quality which indicates ABC & IWO approaches are able to obtain best
known values in every run. Even for remaining instances, average solution quality does

not differ much from best solution quality.

5.6 Conclusions

In this chapter, we have proposed two metaheuristic approaches, viz. artificial bee
colony algorithm and invasive weed optimization algorithm for the p-center problem.
We have evaluated the performance of our proposed approaches against the best ap-
proach available in the literature, viz. BCOI [124] on the standard benchmark instances
for this problem. Computational results show the effectiveness of our approaches in
finding high quality solutions. However, our approaches are slower than BCOi on the

majority of instances.
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Chapter 6

Terminal assignment problem

6.1 Introduction

In the current and the next chapter, we will address three facility assignment problems.
The first facility assignment problem considered is the terminal assignment problem
which is addressed in this chapter. In the next chapter, we will deal with other two
facility assignment problems.

Due to rapid growth of the internet, many new problems arose in the field of telecom-
munication network design and management. Terminal assignment (TA) problem is one
such problem. The objective of the TA problem is to connect a given set of N terminals,
each with a positive weight, to a given set of M concentrators, each with a fixed capac-
ity, in such a way that the total cost of the network thus formed is minimum according
to a given objective function. The assignment of the terminals to the concentrators is
done under following two constraints: First, each terminal must be connected to one
and only one concentrator, second, the sumtotal of weights of the terminals connected
to a concentrator must not exceed the capacity of that concentrator [129] [130]. TA
problem is solved in the literature with two different objectives: First, with the objec-
tive of minimizing the sumtotal of link costs alone and second with an objective which
gives consideration to equitable distribution of loads among concentrators in addition
to link costs. We have considered the latter objective. TA problem is proved NP-Hard
under the first objective [I3I]. The problem can be solved in polynomial time in the
special case where all terminals have the same weight, and all concentrators have the

same capacity. The TA problem is also NP-Hard under the second objective as the
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first objective can be considered as a special case of the second objective where no con-
sideration is given to load on different concentrators. The problem is harder to solve
under the second objective because we can not compute the individual cost of assigning
a terminal to a concentrator a priori, i.e., before the complete solution is constructed.
Many different approaches have been proposed in the literature to solve the TA prob-
lem. Abuali et al. [I30] proposed a greedy heuristic and a greedy genetic algorithm
for a restricted version of the problem where all concentrators have the same capacity.
Khuri and Chiu [129] proposed another greedy heuristic and two penalty based genetic
algorithms. Both Abuali et al. [130] and Khuri and Chiu [129] considered the first ob-
jective as mentioned above. Salcedo-sanz and Yao [132] considered for the first time the
second objective where a hybrid Hopfield network based genetic algorithm is presented.
Xu et al. [I33] presented a tabu search based approach for TA problem. Bernardino et
al. designed a local search genetic algorithm (LSGA) [134], a tabu search (TS) [135],
a hybrid differential evolution algorithm (HDE) [I36], an improved hybrid differential
evolution algorithm with a multiple strategy (MHDE) [137] and a discrete differential
evolution algorithm (DDE) [I3§] for solving the TA problem with second objective.
The DDE algorithm is based on discrete differential evolution model proposed by Pan
et al. [52]. DDE algorithm provides the better results in comparison to LSGA, TS,
and MHDE [I38]. We have proposed an artificial bee colony algorithm based approach
for solving the TA problem. We have compared our ABC approach with 4 best ap-
proaches from the literature, viz. DDE, MHDE, TS and LSGA. In comparison to these
approaches, our approach not only obtains the solution of better quality but is also
faster.

The remaining part of this chapter is organized as follows: In we
describe the TA problem formally. describes our ABC approach for the
TA problem. reports the computational results and compares our approach
with state-of-the-art approaches available in the literature. Finally, contains

some concluding remarks.

6.2 Formal description

Given a set of N terminals 7' = {T1,T5,...,Tn}, a set of M concentrators C =

{C1,C4,...,Cr}, a weight or capacity requirement W; associated with each termi-
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nal T; € T, and, a capacity X; associated with each concentrator C; € C. The weights
of terminals are such that W; < min(X1y, Xo,...,X) VT; € T. The TA problem seeks
an assignment of terminals to concentrators without violating the capacity constraint
of concentrators such that the considered objective function is optimized. Hence, any

feasible solution must satisfy the following two constraints:

M
ZZz’j =1 VI;eT (6.1)
j=1
N
ZWizij < Xj VCJ‘ eC (62)
=1

Where binary variables z;; indicate whether terminal 7; is assigned to concentrator

Cj (zij = 1) or not (z;; = 0). The [Equation (6.1)| states that each terminal can be
assigned to one and only one concentrator, whereas [Equation (6.2)|states that capacity

constraint of none of the concentrators should be violated.
We have considered the same objective function for TA problem as used in [138].

This objective function considers the two factors:
e The total number of terminals assigned to each concentrator

e The distance between the terminals and their assigned concentrators

The objective is to minimize the The|Equation (6.3)|and [Equation (6.4)|

define terms needed for defining the objective function.

N
Totalc, =Y z; VC;€C (6.3)
=1

10 if (Totalc; = round($%) + 1)

Bal, = { 20% | (round(§;) + 1 — Totalc;) | otherwise v ec (6:4)

M N M
objective function value = 0.9 x Z Balc, + 0.1 x ZZDU’ZU (6.5)
j=1 i=1 j=1

Where D;; is the distance between terminal 7; and concentrator Cj.
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6.3 ABC approach for the TA problem

This section presents our ABC approach for TA problem. Salient features of our pro-

posed approach are described in following subsections.

6.3.1 Solution encoding

To encode a solution, we have used the terminal based representation proposed in the
literature [I38]. The value represented by position i specifies the concentrator to which
the terminal 7 is assigned. explains this representation with the help of an
example where there are 10 terminals and 3 concentrators. In this figure, terminals
1, 3 and 6 are assigned to concentrator 1, terminals 2, 4, 7 and 9 are assigned to

concentrator 2, and, terminals 5, 8 and 10 are assigned to concentrator 3.

HEBNEIENEEIEE

Figure 6.1: Solution representation

6.3.2 Initial solution generation

Each initial solution is obtained by using a method which is partially greedy and par-
tially random. In this method, with probability p,s,, the terminals are greedily assigned
to the nearest available concentrator. Here, the availability refers to the remaining ca-
pacity of the concentrator to serve the terminal capacity requirement. If the capacity
requirement is not satisfied then the terminal is assigned to the next nearest concen-
trator in case it satisfies the capacity requirement; otherwise, this process is repeated
until an available concentrator is found or none exists. With probability 1 — pgsn, ter-
minals will be assigned to the available concentrators randomly. The algorithm iterates
through this process until all the terminals are assigned. The terminal to be assigned
next is selected randomly.

In case no available concentrator exists for a terminal then the solution is infeasible.
This solution is discarded, and we start afresh in a bid to generate a feasible solution.
If we are not able to generate a feasible solution even after three attempts, then the
last infeasible solution is included in the population, but its fitness is penalised using a
penalty term as explained in In this infeasible solution, terminals which
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can not be assigned to any available concentrator are assigned to some randomly chosen

concentrator.

6.3.3 Generation of neighboring solution

To generate a solution SZ/- in the neighborhood or vicinity of a solution S;, each termi-
nal in 5; is reassigned with probability p,.nq using a greedy approach. In the greedy
approach, the terminals are assigned to the nearest available concentrators. S; is re-
placed with the neighboring solution S; if the fitness of SZ/- is better than S;. In case
the neighboring solution is infeasible then we discard the solution. This can happen
only when the original solution is infeasible.

The pseudo-code for generating a neighboring solution S; in the vicinity of a solution

S; is given in [Algorithm 9| where Up;() is a function that returns a random number

between 0 and 1.

Algorithm 9: generate_neighboring_solution(S;)

for each terminal T; € T' do

p < Un();
if P < Prand then

L Assign T} to the nearest available concentrator in S;;

else

L Assign T} to the same concentrator in S;» as in Sy;

!
return S;

6.3.4 Selecting a food source for an onlooker bee

The binary tournament selection method is used for selecting a food source for an

onlooker bee, where the probability of selecting the candidate with better fitness is

Poni-

6.3.5 Fitness of a solution

To evaluate the fitness of a solution, we have used the same fitness function as used

in [I38]. This fitness function is a modification of the objective function given in
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the The fitness function adds a penalty term called penalization to the

objective function for infeasible solutions. The penalization is computed as follows:

enalisation — 0 if solution is feasible (6.6)
b ~ | 500 otherwise '
fitness = objective function value + penalisation. (6.7)

This fitness needs to be minimized.

6.3.6 Other features

If a solution associated with an employee bee does not improve for limit number of

iterations then this employee bee becomes a scout.

6.3.7 Local search

In order to improve the quality of the solution generated by our algorithm, we have
applied two local search methods one after the other on the best solution obtained
through our ABC algorithm. In the first local search method, terminals are considered
one-by-one to check if, it is assigned to the concentrator having the maximum load,
and if so, it is considered for shifting to a less loaded concentrator in case this shifting
satisfy the capacity constraints and improves the objective function. For this shifting,
concentrators are considered in non-decreasing order of their load. The second local
search method is based on swapping the concentrators allocated to two terminals. In
this method, two terminals allocated to different concentrators are chosen randomly
and their respective concentrators are swapped if doing so improves the quality of the
solution. This job of swapping continues as long as there is an improvement in solution

quality.

6.4 Computational results
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Table 6.2: Time taken in seconds to reach the best solution by various algorithm

prob | LSGA | TS | MHDE | DDE | ABC | ABC-LS
1 <ls <ls | <1s <ls <ls | <1s

2 <ls <1s | <1s <ls <ls | <1s

3 <ls <ls | <1s <ls <ls | <l1s

4 <ls <ls | <1s <ls <ls | <ls

) <ls <ls | <1s <ls <ls | <1s

6 1s <1s | <1s <ls <ls | <1s

7 1s 1s 2s <ls | <ls | <1s

8 7s 1s 10s 2s <ls | 1s

9 7s 2s 15s 3s <ls | 2s

We implemented our approach in C and executed on an Intel Core 2 Duo (E8400)
system with 2 GB RAM running at 3.0 GHz under Fedora 12 release. In all our
computational experiments, the number of employee bees (n.) is taken to be 50 and
the number of onlooker bees (n,) is taken to be 100. We have used prqnd=0.2, pasn
=0.85, Pon=0.85, limit=>500 in all our experiments. Our ABC approach terminates
after 1500 iterations. All these parameter values are chosen empirically, after executing
the algorithm multiple times. In order to test the performance of our approach, we have
used the 9 benchmark instances available in the literature [138]. On each instance, we
have executed our approach 40 independent times. We compare the results of our
approach with those of LSGA [134], TS [135], MHDE [137] and DDE [I3§]. Results of
these four approaches are taken from [I38]. We have reported the results of our ABC
approach with and without the use of local search.

compares the different approaches in terms of best and average solution
quality and standard deviation of solution values on each of the 9 benchmark instances.
In this table, results of our approach without local search is reported under the column
heading ABC and with local search is reported under the column heading ABC-LS.
Results are shown in bold whenever they are as good as or better than previous 4
approaches. From this table, it can be clearly seen that performance of our approaches
is more-or-less comparable to these 4 state-of-the-art approaches. Our approaches
obtain new best solution values for 4 instances. Further, local search has only small

impact on solution quality as the solution obtained through ABC algorithm is improved
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Table 6.3: Influence of parameter settings on solution quality

Problem 4 Problem 5
Parameter | Value | Best Avg Best Avg
Ne 25 286.61  286.87 | 335.07 336.19

50 286.61 286.65 | 335.07 336.23
75 286.61  286.65 | 335.07 336.13
100 286.61  286.62 | 335.07  336.12

o 50 286.61  286.67 | 335.69 336.44
75 286.61  286.68 | 335.69  336.41
100 286.61 286.65 | 335.07 336.23
125 286.61 286.69 | 335.56  336.20

Dasn 0.75 286.61  286.79 | 335.71  336.29
0.8 286.61  286.76 | 335.07  336.19
0.85 | 286.61 286.65 | 335.07 336.23
0.9 286.61  286.67 | 335.07  336.31
0.95 286.61  286.68 | 335.07  336.27

Donl 0.75 286.61  286.68 | 335.07  336.25
0.8 286.60  286.67 | 335.07  336.21
0.85 | 286.61 286.65 | 335.07 336.23
0.9 286.61 286.70 | 335.69  336.30
0.95 286.61  286.66 | 335.07 336.11

Drand 0.1 |286.61 286.71 |335.84 336.44
0.15 | 286.61 286.74 | 335.60 336.33
0.2 | 286.61 286.65 | 335.07 336.23
0.25 | 286.61 286.69 | 335.07 336.16
0.3 | 286.61 286.77 | 335.69 336.32

limit 300 286.61  286.68 | 335.52  336.12
400 286.61 286.62 | 335.19  336.16
500 286.61 286.65 | 335.07 336.23
600 286.61  286.72 | 335.07  336.20

95



6. TERMINAL ASSIGNMENT PROBLEM

only slightly by the local search, and that too, mostly in case of large instances only.

reports the time taken by various approaches to reach the best solution.
Actually, [138] reported the time taken by various approaches to reach the best solution
and not the total execution times. Hence, we are also reporting the time taken by
various approaches to reach the best solution only in the same format as in [138]. Data
for LSGA, TS, MHDE, DDE approaches are taken from [I38]. As the four previous
approaches were executed on an Intel Core Duo (T2300) based system which is different
from the system used to execute our ABC and ABC-LS approaches, therefore times can
not be compared precisely. However, a rough comparison can always be made. Even
after compensating for the difference in processing speed, we can safely say that our
approaches are faster on large instances. Our approach without local search requires
less than 1 second to reach the best solution on all 9 instances . For instances 8 and 9,
our approach with local search is taking 1 second and 2 seconds respectively to reach
the best solution, whereas on the remaining instances it also takes less than 1 second
only.

To investigate the influence of parameter settings on solution quality, we have taken
two different instances, viz. Problem 4 and 5. We have varied all the parameters one
by one while keeping all other parameters unchanged. In doing so, all other parameters
were set to their values reported at the start of this section. The results are reported in
Values in bold in this table show the results with original parameter values
which are used in all the experiments involving our approach. From this table, it can
be seen that values chosen by us provide either the best results or results which are
very close to best results. In those cases where we have not got the best results with
chosen parameter values, the parameter values chosen have provided best results on

some other instances not included in this table.

6.5 Conclusions

In this chapter, we have proposed an ABC algorithm based approach for the TA prob-
lem and compared it with the best methods proposed in the literature. The results
show the performance of the ABC algorithm is comparable with these methods. ABC

algorithm provides good quality solutions in lesser execution times for the majority of
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the instances. A local search is also tried to improve the best solution obtained through

ABC algorithm but it has a little impact only.
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Chapter 7

Ring loading problems

7.1 Introduction

Synchronous Optical NETworking (SONET) in USA and Canada, Synchronous Digital
Hierarchy (SDH) in the rest of the world are the current standards for transmitting and
multiplexing high speed signals over optical fibre communication networks. Basically,
SONET/SDH enforce a ring based topology where nodes are connected via a ring
of optical fibre cables. Each node is equipped with an Add-Drop-Multiplexer (ADM)
that acts as an interface between the node and the ring and that performs the following

functions
e It sends the message originating at its associated node over the ring

e [t receives the message meant for its associated node over the ring and removes

that message from the ring
o It relays all other messages

SONET /SDH rings are bi-directional, i.e., a message can be transmitted in either direc-
tion (clockwise or counter-clockwise) over the ring, and, the messages routed through
clockwise direction compete with those messages which are routed through counter-
clockwise direction for the common bandwidth. In addition to the type of optical fibre
cable, the bandwidth available along any edge of SONET/SDH ring depends on the
ADM [I39]. The amount of data transmitting through an edge in either direction at a
particular instant is called its load at that instant. Obviously, the load on any edge can

not exceed the available bandwidth. Weighted Ring Edge-Loading Problem (WRELP)
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is an important problem in this context that seeks to minimize the maximum load on
any edge. Given a set of communication demands between various pairs of nodes, the
WRELP consists in routing the demands on the ring in either clockwise or counter-
clockwise direction so that the maximum load over all the edges is minimized.

IEEE 802.17 Standard for Resilient Packet Ring (RPR) combines the benefits of
SONET/SDH and Ethernet networks for significantly enhancing the performance of op-
tical fibre ring networks with regard to data traffic [140), 141}, 142]. Like SONET/SDH,
RPR rings are also bidirectional. However, unlike SONET /SDH where there is a single
bi-directional ring, RPR consists of two distinct uni-directional rings (one clockwise
and another counter-clockwise) each with its own bandwidth, and, the messages sent
through clockwise ring do not compete with those messages which are sent through
the counter-clockwise ring for the common bandwidth. So bi-directionality in RPR
is achieved by making use of these two rings while sending the messages. Clearly, in
RPR, we have to deal with directed edges or arcs, where an arc, depending on its
direction, belongs to the clockwise or counter-clockwise ring. The amount of data
transmitting through an arc at a particular instant is called its load at that instant.
Weighted Ring Arc-Loading Problem (WRALP) in RPR is equivalent of WRELP in
SONET/SDH. Given a set of communication demands between various pairs of nodes,
the WRALP problem consists in routing the demands either through the clockwise ring
or counter-clockwise ring so that the maximum load over all the arcs of both the rings
is minimized.

Depending on whether demands can be split or not, there are two variants of
WRELP and WRALP. In the first variant, demands can be split into two parts with
each part routed through a different direction, whereas as the second variant does not
allow splitting of demands, i.e., each demand has to be routed in-toto through one
of the two directions. The first variant can be solved in polynomial time, whereas
the latter variant is NP-Hard. For those interested in the first variant may refer to
[142] 143], 144, 145], 146]. In this chapter, we have considered the second variant only.
WRELP and WRALP with non-split demands are referred to as non-split WRELP and
non-split WRALP respectively in the literature. Hereafter, in this chapter, WRELP
and WRALP will refer to their respective non-split variants only even if we don’t use

the qualifier “non-split”.
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Cosares and Saniee [147] introduced non-split WRELP and proved its NP-hardness.
Schrijver et al. [148] proposed a highly efficient greedy heuristic which returns a solution
that can exceed the optimal by at most % times the maximum demand and which
performs much better in practice. Extending this work, Khanna [149] developed a
polynomial time approximation scheme for this problem. Dell et al. [I50] presented
efficient lower and upper bounding procedures, and a branch-and-bound based exact
algorithm. The non-split WRALP was introduced and proved NP-hard by Yuan et
al.[I42] and further studied in [146} I51].

Among the metaheuristics techniques for WRELP and WRALP, Karunanithi et
al. [I52] proposed a genetic algorithm for WRELP and solved the small instances of
WRELP. Kim et al. [I53] presented different variations of Ant Colony Optimization
(ACO) algorithm for WRELP. Bernardino et al. [154] [155] [156] 157, 158, [159] proposed
several evolutionary algorithms based approaches and a tabu search based approach for
WRELP and several evolutionary algorithms and swarm intelligence based approaches
for WRALP. In particular, Bernardino et al. [I58] describes an artificial bee colony
algorithm based approach for WRALP. Bernardino et al. [160] presented a genetic
algorithm (GA), a hybrid differential evolution algorithm (HDEM) and a hybrid dis-
crete particle swarm optimization algorithm (HDPSO) for WRELP and WRALP and
compared the performance of these three approaches on both the problems with best
performing previously proposed approaches mentioned above. The HDEM performed
the best followed by ABC approach of [I58] and HDPSO on both the problems. It is
to be noted that ABC approach was presented in [I58] for WRALP only. However,
Bernardino et al. [160] presented the results of ABC approach for WRELP also.

In this chapter, we present artificial bee colony (ABC) algorithm based hybrid ap-
proaches for WRELP and WRALP. The best solution obtained through ABC algorithm
is improved further by two local searches which are applied one after the other. Except
for the values of some parameters, the ABC algorithm is same for WRELP and WRALP,
but the two local searches differ according to the problem. As described in
our ABC algorithm is altogether different from the one proposed in [I58]. We have
compared our hybrid approaches with GA, HDEM, HDPSO approaches proposed in
[160] and ABC approach proposed in [I58] on the benchmark instances available in
the literature. Computational results on the standard benchmark instances show the

superiority of our proposed approaches over these approaches.
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7.2 Problem formulation

The remaining part of this chapter is organized as follows: defines
the two ring loading problems in a formal manner. Our hybrid ABC approaches for

WRELP and WRALP are presented in [Section 7.3 In[Section 7.4] the computational

results and a comparative analysis of our hybrid approaches vis-a-vis state-of-the-art
approaches available in the literature are provided. Finally, outlines some

concluding remarks.

7.2 Problem formulation

Given a n node bi-directional ring R,, = {ni,no,...,n,} such that e;, =< n;,n;11 >

Vi € {1,2,...,n — 1} and e, =< n,,n; > are edges of this ring. Each edge ¢; =<
Jr

ni, ;1 > corresponds to two directed edges or arcs represented by ordered pairs e;” =
(ni,niy1) and e; = (ni1,n;). Likewise e, =< np,n1 > corresponds to two arcs
e = (np,n1) and e, = (n1,n,). The direction ny,ns,...,n, corresponds to clockwise
direction and n,,n,—1,...,n1 corresponds to counter-clockwise direction. So e;r, Vi €
{1,2,...,n} are arcs in clockwise direction, whereas e, , Vi € {1,2,...,n} are arcs
in counter-clockwise direction. A set of m demands is given where each demand j is
represented by a triple (s;,d;, w;) where s; is the source node, d; # s; is the destination
node and w; > 0 is the weight associated with the demand j, which can be interpreted
as the size of the data to be transmitted or amount of traffic generated to fulfil this
demand. Demands can not be split, i.e., each demand need to be routed in-toto in
one of the two directions. By associating binary variables x; with each demand j such
that x; = 1 means demand j is routed through clockwise direction and z; = 0 means
demand j is routed through counter-clockwise direction, the load L(e;) on an edge e;
can be determined as follows: Clearly, L(e;) = L(ej") + L(e; ) where

Lief) = Y, £(0,9) x w,

and

Lie;) = 22521 9(i,4) X w;

The value of f(i,j) and g(7,j) can be determined in the following manner:

0 ifz; =0
f(Z ) B 1 if ((¢ <n)and (z; =1) and ((s; < n; and d;j > n;) or (s; > d;j and s; > n;41 and dj > n;)))
J) = 1 if ((i =n) and (z; = 1) and (s; > d; and s; > n1 and dj > n1))
0 otherwise
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and
0 if Tj = 1
(’L ) . 1 if ((i <n) and (z; =0) and ((s; > n; and d; < ny) or (s; < dj and s; < n; and d; < ny)))
g\J) = 1 if ((i =n) and (z; =0) and (s; < d; and s; < n; and d; < ny;))
0 otherwise

The WRELP seeks a route for each of these m demands such that the maximum
load over all the edges is minimized. In other words, the objective of WRELP is to
find the values of m binary variables x1,x2,... £, in such a manner that minimizes
maz(L(e1), L(ez), ..., L(ey)).

The WRALP seeks a route for each of these m demands such that the maximum
load over all the arcs is minimized. In other words, the objective of WRELP is to
find the values of m binary variables x1,x2,... Z;;, in such a manner that minimizes
maz(¢*,07), where
¢t =maz(L(el), L(e3), ..., L(e)))
and
0~ =max(Ley), L(ey),...,L(e;;)).

For both WRELP and WRALP, the size of the search space is 2" as each of m
demands can be routed through one of the two possible directions. Please note that
the size of the search space is independent of the number of nodes in the ring and
depends only on the number of demands.

To illustrate WRELP and WRALP, let us consider the 8 nodes ring shown in
Suppose 10 communication demands occur between different pairs of nodes
in this ring. These demands, along with their route and values of their associated

variables x; in a routing scheme (a feasible solution) are shown below:

(1,5,4) clockwise xp =1
(2,7,3) counter-clockwise x93 =10
(3,7,2) clockwise x3 =1
(4,8,5) clockwise x4 =1
(5,2,7) counter-clockwise x5 =10
(5,8,3) clockwise xg =1
(6,1,5) clockwise x7 =1
(6,4,4) counter-clockwise — xg3 =0
(7,5,8) counter-clockwise  x9 =0
(8,2,3) clockwise x10=1
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Figure 7.1: Illustrating WRELP and WRALP

The route for each demand is also shown in In this routing scheme,

loads on various arcs and edges are as follows:

Lef)=7 L(e;)=3 L(e1)=10
Lleg)=4 L(ey)=T7 L(es) =11
L(ed)=6 L(e3)=7 L(es) =13
Lief) =11 L(ey) =11 L(es) =22
L(ed) =10 L(es) =12 L(es) =22
Lief)=15 L(eg)=8 L(es) =23
L(et)=13 L(e;)=3 L(e7) =16
Lieg) =8 L(eg)=3 L(es) =11

If the above routing scheme is used for WRELP then objective function value is 23.
If the above routing scheme is used for WRALP then objective function value is 15
(max(€T,07), where £T =15, {~ = 12).

7.3 Hybrid ABC approaches for WRELP and WRALP

We have developed hybrid approaches combining artificial bee colony (ABC) algorithm
with local search procedures for WRELP and WRALP. Except for fitness function
and values of some parameters, the ABC algorithm is same for both the problems. The

local search procedure consists of two local searches that are applied one after the other.
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These two local searches vary according to the problem. The local search procedure is
applied only to the best solution obtained through ABC algorithm in a bid to further
improve its quality. Hereafter, our hybrid approach for WRELP will be referred to as
HABC-E, whereas our hybrid approach for WRALP will be referred to as HABC-A.

Following subsections describe other salient features of proposed approaches.

7.3.1 Solution encoding

We have used a bit vector of length m to represent a solution, where m is the total
number of communication demands. A value of 1 at the i*" position indicates that
demand 7 to be routed in the clockwise direction, whereas a value of 0 at the same place
indicates that demand 7 to be routed in the counter-clockwise direction. Bernardino et

al. [I58], 160] also used the same encoding.

7.3.2 Fitness

We have used the objective function as the fitness function. So, HABC-E uses the ob-
jective function of WRELP as the fitness function, whereas HABC-A uses the objective
function of WRALP as the fitness function. As WRELP and WRALP are minimization
problems, so for these problems, a lower value of the fitness function indicates a more

fit solution.

7.3.3 Initial employed bee solutions

Among the initial employed bee solutions, the first solution is generated by following
the shortest path strategy where each demand is routed through the direction where it
has to traverse the lesser number of links in comparison to the other direction (ties are
broken arbitrarily). All other initial employed bee solutions are generated by following
either a purely random strategy or a strategy that is a mix of greediness and random-
ness. The first strategy is used with probability p;., otherwise the second strategy is
used. In the first strategy, each demand is routed uniformly at random in one of the
two directions. In the second strategy, each demand is routed through the shortest

path with probability p;4, otherwise it is routed uniformly at random in one of the two
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directions. p; and p;, are two parameters whose values need to be determined empiri-
cally. The values for these parameters are chosen in such a manner so that the initial
population of employed bee solutions is a proper mix of greediness and randomness.
The ABC approach of [I58] generates initial employed bee solutions either in a
completely random manner or in a completely deterministic manner. The deterministic

strategy was again based on shortest path algorithm.

7.3.4 Policy used by onlookers to select a food source

We have used the binary tournament selection method to select a food source for each
onlooker bee where the candidate with better fitness is selected with probability p,.

The ABC algorithm of [I58] assigns P; x NO onlookers to a food source i, where
= %, F; is the fitness of food source i, and NE is the number of employed

=

bees and NO is the upper limit on the number of onlookers that can be sent to any food
source. Usually, Z;Vj F} is much larger than the fitness of any solution, and hence, F;
is near to 1 for all i = 1,..., NE. NO is taken to be greater than NE in [I58], so a
large number of onlookers are deputed for every solution in their approach. In contrast,
we have used the total number of onlookers for all food sources to be twice as much as

there are food sources.

7.3.5 Neighboring solution generation

Our neighboring solution generation method is based on the fact that if a demand is
routed through a particular direction in one good solution; then it is highly likely that
this demand is routed through the same direction in many good solutions. Hence, to
generate a new solution X’ in the neighborhood of a solution X, another solution Y
is utilized. The solution Y is chosen randomly from all employed bee solutions other
than X. Then to create X', each demand is considered one-by-one and it is routed in
X' through the same direction as in Y with small probability p,s, otherwise it is routed
through the same direction as in X. Pseudo-code of neighboring solution generation
process is given in where X [i] refers to the i*" element (bit) of solution
X which is a bit vector.

We have applied the afore-mentioned neighboring solution generation method in
both employed and onlooker bee phases. Bernardino et al. [I58] used different neigh-

boring solution generation methods in employed and onlooker bee phases. Unlike our
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Algorithm 10: Pseudo-code of neighboring solution generation process

Input: A solution X
Output: A new solution X’ in the neighborhood of X
Select a solution Y randomly from all employed bee solutions other than X;
for ¢ < 1 to m do
if (up1<pns) then
| X'l Y
else
| X[l Xl

return X';

neighboring solution generation method which does not use any form of local search,
these methods do a partial local search around a solution to generate its neighboring
solution. Hence, all these methods are computationally much more expensive than
our method. In the employed bee phase, two neighboring solution generation meth-
ods are used. In the first method called “Exchange Direction”, some demand pairs
are randomly selected, and each such pair is checked one-by-one to see whether the
exchange of directions between the two demands in the pair can improve the original
solution. If more than one such exchanges are possible, then the exchange which re-
sults in a solution of least cost is performed and the solution thus obtained replaces
the original solution. If no such exchange exists then, the original solution does not
change. The second method called “Exchange Max Arc” randomly selects some de-
mands routed through the arc having the highest load and tries to flip the direction
of each of these demands one-by-one so as to improve the solution. Again the best
improvement strategy is followed like the previous method. In onlooker bee phase,
the neighboring solution generation method tries to improve a solution by changing
the direction of a randomly chosen demand in the solution. With probability 0.5, the
direction of the chosen demand is set to the shortest path; otherwise, the direction of
the chosen demand is set to its direction in the best solution. If the solution improves,
the methods stop; otherwise, it repeats itself. The method stops only after some fixed

number of unsuccessful attempts.
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7.3.6 Other features

If an employed bee solution X has not improved over S;; number of consecutive it-
erations, then it is assumed to be locally optimal and replaced with a new solution
X'. However, instead of generating X’ like the initial population members, which is
usually the case with most ABC algorithms including the one described in [158], we
have generated X’ by perturbing X. For perturbing X to generate X', each demand
is considered one-by-one and its direction in X is flipped with probability ps. We have
followed this perturbation strategy because solution thus generated retains major part
of the original highly fit solution, and as a result, it is expected to be of better quality in
comparison to a solution generated in a manner similar to initial population members.

Unlike the traditional ABC algorithm where there is an upper limit of only one
scout in an iteration, we have not imposed any limit on the number of employed bee
solutions replaced in an iteration, i.e., the number of scouts. This number can be more
than one or can be zero depending on how many employed bee solutions in an iteration
has not improved over last S;; number of consecutive iterations. This is also different
from ABC approach of [158] where, in every iteration, the number of scouts is equal to
10% of the number of employed bees. The solutions for these scouts are created in the
same manner as the initial population members. Instead of replacing those employed
bee solutions which have not improved since long, these scout bee solutions replace
worst employed bee solutions in case scout bee solutions are better. However, this is a
severe flaw because if an employed bee solution is locally optimal, it will forever remain
in the population and waste computational efforts without offering any opportunity for

further improvement.

7.3.7 Local search procedure

As mentioned already, our local search procedure is composed of two local searches
which are applied one after the other on the best solution obtained through ABC
algorithm. Our first local search repeatedly applies a direction flip based heuristic
as long as there is an improvement in solution quality. This heuristic considers each
demand one-by-one in their natural order and flips its direction in the solution if doing
so reduces the objective function value. It is to be noted that in the case of WRELP

problem, flipping the direction of only those demands can possibly reduce the objective
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function value which are currently routed through the edge having the maximum load.
Similarly, in the case of WRALP problem, flipping the direction of only those demands
can possibly reduce the objective function value which are currently routed through the
arc having the maximum load. Hence, for efficiency considerations, only such potential
demands should be tried for flipping.

Our second local search repeatedly applies a heuristic, which considers a pair of
demands at a time, as long as there is an improvement in solution quality. This heuristic
considers each demand one-by-one in some random order (for implementing the random
ordering, every time the heuristic begins execution, a random sequence of demands is
generated) and if the demand under consideration, say 4, contributes to the maximum
load, then we try to pair it with some other demand so that flipping the directions
of both the demands together reduces the objective function value. The demands are
tried for pairing with demand ¢ in their natural order. If such a pairing is found then we
immediately do the required flipping and then again all demands are tried one-by-one
for pairing with ¢. Only when ¢ can not be paired with any other demand to reduce the
objective function value, next demand in the random sequence is considered. Demands
in a pair can have the same direction or opposite directions. Again for efficiency
considerations, we can curtail the number of demands that need to be tried for pairing
with ¢. Only those demands can possibly pair with ¢ which does not contribute to the
maximum load and which have a weight less than that of . In the case of WRELP, a
demand contributes to the maximum load if it is routed through the edge having the
maximum load. In the case of WRALP, a demand contributes to the maximum load if
it is routed through the arc having the maximum load.

The pseudo-code of hybrid ABC approach is presented in In this
algorithm, F, and O, are the number of employed bees and onlooker bees respec-
tively. DNS(X) is a function that determines a new solution X’ in the neighborhood
of the solution X and returns X’ (Section 7.3.5)). Pseudo-code for DNS(X) is given in
Algorithm 10, Function BTS(ei, ea,...,er) implements the binary tournament selec-
tion method . This function returns the index of the solution selected.
Function Perturb(X) perturbs a solution X to generate a new solution X' as per
LS_1(best) and LS_2(best) are two functions that implement the two local
searches described in These two local searches are applied once on the
best solution returned by ABC algorithm.
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Algorithm 11: Pseudo code of hybrid ABC approach

Generate E,, initial employed bee solutions ey, es,....eg,;

best <— Best solution among ej,ea,...,€ex,;

while Termination criteria is not met do

for i + 1 to E,, do

e; < DNS(e;);

if e; is better than e; then
t e; e;;

else if e; has not improved over last Sy iterations then
L e; < Perturb(e;) ;

if e; is better than best then
L best < e;;

for i < 1 to O,, do

j < BTS(ei,eq,...,ep,);

0j <~ DN S(e;);

if o; is better than e; then
t €j < 04

if o; is better than best then
L best < o;;

best «— LS_1(best);
best < LS _2(best);

return best;

7.4 Computational results

To evaluate the performance of HABC-A and HABC-E, we have used the same 19
instances as used in [160] and [I58]. The number of nodes (n) in these instances vary
from 5 to 30, and the number of demands (m) in these instances varies from 6 to 435.
To generate these instances, six equally spaced values of n in the interval [5,30] are
considered, i.e., n € {5,10,15,20,25,30}. Hence, with respect to n, there are six cases
which are called case 1 (n = 5), case 2 (n = 10) and so on. The rings with 5/10/15
nodes are characterised as ordinary sized rings and rings with 20/25/30 as extremely

large rings. For a n node ring, n(n;l) demand pairs are possible. So if the demand
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set contains all these pairs then the demand set is said to be complete; otherwise, it
is said to be partial. Four different cases are considered with respect to the type of
demand set. The first three cases are applicable for all values of n, whereas the last
case is applicable to only n = 30. The first case consists of complete set of demands,
the second case consists of partial set of demands with maw([%} ,8) demand pairs
randomly chosen from complete set of demands and the third case consists of partial
set of demands with maa:([%]ﬁ) demand pairs randomly chosen from complete
set of demands. The weights associated with demands is considered to be uniformly
distributed in the interval [5, 100] in these three cases. For each combination of n
and these three demand cases, a single instance is generated leading to a total of 18
instances. The last demand case is applicable for n = 30 only and consists of a complete
set of demands with weights uniformly distributed in [1, 500]. Again a single instance is
generated for this case, thereby, leading to a grandtotal of 19 instances. These instances
have the name of the form Czy where z € {1,2,3,4,5,6} is the case with respect to
the value of n and y € {1,2,3,4} is the case with respect to demand set. Please also
note that y = 4 only when x = 6. Except for larger ring sizes and higher variance
in demand weights, these instances are similar to the instances used previously in the
literature for ring loading problems. presents the characteristics of these test
instances along with their best known values (BKV) for WRALP and WRELP.

able 7.2] compares the average execution time of HABC-A on WRALP instances
with that of genetic algorithm (GA), hybrid differential evolution algorithm (HDEM),
hybrid particle swarm optimisation algorithm (HDPSO) and artificial bee colony al-
gorithm (ABC). The first three approaches are from [160], whereas the last approach
is from [I58]. Data for GA, HDEM, HDPSO and ABC approaches have been taken
from [160] where all the approaches were executed on a 2.66 GHz Intel Q9450 processor
based system and average time and iterations to reach the best solution were reported
for each method. From average time and iteration to reach the best solution, we got av-
erage time per iteration and multiplying it with the total number of iterations allotted
yielded the execution time. This is done to follow the standard practice of comparing
execution times of various approaches. No matter how fast the best solution is ob-
tained, it is returned only when the program finishes execution, and hence, comparison
of time required to reach the best solution does not make sense. For small instances

C11, C12, C13, C21, €22, C23, C32, C33 and C41, Bernardino et al. [I60] did not
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Table 7.1: Characteristics of test instances along with their best known values (BKV)

Instance #Nodes(n) #Demands(m) BKV(WRALP) BKV(WRELP)

C11 5 10 161 185
C12 5 8 116 137
C13 b} 6 116 137
C21 10 45 925 583
C22 10 23 243 352
C23 10 12 141 199
C31 15 105 1574 1657
C32 15 50 941 941
C33 15 25 563 618
C41 20 190 2581 2745
C42 20 93 1482 1760
C43 20 40 612 683
C51 25 300 4265 4304
C52 25 150 2323 2488
C53 25 61 912 1015
C61 30 435 5762 5953
C62 30 201 2696 2901
C63 30 92 1453 1506
C64 30 435 27779 29245

report the average time till best precisely and mentioned that they are < 0.001 seconds,
and hence, for these instances we have not reported the execution times precisely in
However, precise execution times for HABC-A are reported in
In a manner similar to [Table 7.2} the [Table 7.3 compares the average execution time
of HABC-E on WRELP instances with that of GA, HDEM, HDPSO and ABC ap-
proaches. These tables clearly show the superiority of HABC-A and HABC-E in terms

of execution times over other methods on large instances of WRALP and WRELP both.
Moreover, the difference in speed between our approaches and other methods widens
with an increase in the number of demands. Please note that we have executed our
approaches on a 2.83 GHz Intel Q9550 processor based system which is different from
the system used to execute GA, HDEM, HDPSO and ABC approaches (2.66 GHz Intel
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Table 7.2: Execution times of various approaches in seconds on WRALP instances

Instance GA HDEM HDPSO ABC HABC-A

C11 <0.10 <0.10 <0.10 <0.10 <0.10
C12 <0.10 <0.10 <0.10 <0.10 <0.10
C13 <0.10 <0.10 <0.10 <0.10 <0.10
C21 <0.10 <0.10 <0.10 <0.10 <0.10
C22 <0.10 <0.10 <0.10 <0.10 <0.10
C23 <0.10 <0.10 <0.10 <0.10 <0.10
C31 0.33 1.00 0.50 0.67 0.23
C32 <0.10 <0.10 <0.10 <0.10 <0.10
C33 <0.10 <0.10 <0.10 <0.10 <0.10
C41 0.60 0.90 0.53 1.20 0.53
C42 0.19 0.30 0.16 0.3 0.22
C43 <0.10 <0.10 <0.10 <0.10 <0.10
C51 4.69 10.00 2.50 5.00 1.15
C52 1.00 2.00 1.00 2.13 0.39
C53 0.10 0.19 0.09 0.19 0.16
C61 20.19 64.29 15.63 28.13 2.03
C62 3.33 7.50 3.00 5.00 0.65
C63 1.25 2.50 1.25 2.50 0.22
C64 5.00 16.67 10.00 10.00  2.99

Q9450 processor). However, Q9550 and Q9450 processors belong to the same series of
processors and Q9550 is immediate successor of Q9450. Hence, there is only a slight
difference is processing speeds of the two systems and conclusion drawn here takes into
account this difference.

To show the relative contribution of two local searches and artificial bee colony
framework, we have implemented HABC-A and HABC-E approaches without any local
search and with only the first local search. The versions without any local search will be
referred to as ABC-A and ABC-E, whereas the versions with only first local search will
be referred to as FABC-A and FABC-E respectively. [Table 7.4] & [Table 7.5 report the

results. For each instance, we report the best solution (column Best), average solution

quality (column Avg) and standard deviation of solution values (column SD) over 100
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Table 7.3: Execution times of various approaches in seconds on WRELP instances

Instance GA HDEM HDPSO ABC HABC-A

C11 <0.10 <0.10 <0.10 <0.10 <0.10
C12 <0.10 <0.10 <0.10 <0.10 <0.10
C13 <0.10 <0.10 <0.10 <0.10 <0.10
C21 <0.10 <0.10 <0.10 <0.10 <0.10
C22 <0.10 <0.10 <0.10 <0.10 <0.10
C23 <0.10 <0.10 <0.10 <0.10 <0.10
C31 0.33 0.67 0.50 0.40 0.19
C32 <0.10 <0.10 <0.10 <0.10 <0.10
C33 <0.10 <0.10 <0.10 <0.10 <0.10
C41 0.45 0.75 0.50 0.40 0.45
C42 0.19 0.33 0.20 0.40 0.18
C43 <0.10 <0.10 <0.10 <0.10 <0.10
C51 5.00 6.25 3.33 6.25 1.58
C52 1.00 2.00 0.80 1.33 0.39
C53 0.10 0.25 0.13 0.17 0.13
C61 22.5 60.00 17.50 18.50  2.00
C62 4.29 10.00 5.00 8.33 0.55
C63 1.25 3.75 1.25 2.50 0.19
C64 3.75 12.50 3.13 4.17 2.67

runs found by HABC-A, FABC-A, ABC-A or HABC-E, FABC-E, ABC-E as the case
may be along with their respective average execution times (column AvT) in seconds.
These tables clearly show that local searches contribute little to the success of artificial

bee colony algorithm which is capable of finding best solutions on its own in most runs.
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7. RING LOADING PROBLEMS

7.5 Conclusions

In this chapter, we have proposed hybrid artificial bee colony algorithm based ap-
proaches for two real-world NP-hard problems belonging to the domain of optical ring
networks. Computational results on the standard benchmark instances of the problems
show the effectiveness of the proposed approaches. Our ABC approaches are capable

of finding high quality solutions on their own even without the use of local search.
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Chapter 8

Conclusions and directions for

future research

Facility location/assignment problems occur in diverse walks of life, and new problems
continue to emerge due to several factors such as advancement in technology, demo-
graphical changes, change in business strategies and change in perspectives. Hence,
providing solutions to such problems is an evergreen field of research. In this thesis,
we have studied four NP-hard facility location problems which are based on either
fundamental facility location models or their simple extensions. We have also studied
three NP-hard facility assignment problems in this thesis. This thesis is focussed on
developing ABC algorithm based approaches for all these facility assignment/location
problems, and, wherever possible making these approaches perform as good as or better
than the state-of-the-art approaches for these problems. An IWO algorithm is also de-
veloped with the same intention for one facility location problem. These are the major
contributions of the thesis. In addition, we have developed new local search heuristics
for some problems.

In the following, we describe the contributions made and the possible directions in
which future research can be carried out based on the work reported in various chapters.

In an ABC algorithm based approach is presented for solving the p-
median problem, where the best solution obtained through ABC algorithm is improved
further by a local search. The performance of the proposed approach is compared
against some state-of-the-art approaches. This comparison is done using two widely

used p-median benchmark sets, viz. OR-Library test instances and Galvao test in-
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8. CONCLUSIONS AND DIRECTIONS FOR FUTURE RESEARCH

stances. Computational results establish the superiority of our approach in comparison
to other approaches.

In comparison to the solution representation scheme used in a previously proposed
ABC algorithm [99], in this chapter, we have proposed a better scheme to represent a
solution of p-median problem which is free from redundancy and decoding overhead.
Our neighboring solution generation operator also make use of the fact that if a facility
is located at a particular demand point in one good solution, then the likelihood of
a facility being located at the same demand point in several good solutions is high.
This is the reason behind randomly choosing another solution and copying facility
locations which are common between this randomly chosen solution and solution under
consideration to the neighboring solution being generated. This is also the reason
for copying the leftover facility locations from this randomly chosen solution to the
neighboring solution being generated. Similar neighboring solution generation method
can be developed for other facility location problems also. A different local search may
be tried to enhance the performance of our approach. We have applied the local search
only on the best solution obtained through ABC algorithm. The performance of our
proposed approach can be improved further at the cost of an additional computational
burden if a local search is applied on every solution generated through ABC algorithm.
A possible future work is to extend our ABC approach to capacitated p-median problem
where each facility is supposed to have a capacity and each demand point has a demand,
and the sumtotal of demands associated with demand points allocated to a particular
facility can not exceed the capacity of that facility. Approaches similar to our approach
can also be developed for other related facility location problems also.

extends the ABC approach developed in the previous chapter to the
positive/negative weighted p-median problem. A 1l-interchange heuristic is applied K
times on each neighboring solution generated in the ABC algorithm, where each time
a randomly chosen facility location is tried for exchange with a non-facility location.
In addition, the same local search as used in the previous chapter is applied at the
end of ABC algorithm. However, instead of applying this local search on the best
solution obtained through ABC algorithm, it is applied on L best solutions obtained
through ABC algorithm. The parameter K and L represent trade-offs between solution
quality and computational cost. The performance of our approach has been compared

on the standard benchmark instances of the problem with genetic algorithm (GA)
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and ant colony optimization (ACO) based approaches, which are two best approaches
available in the literature for the positive/negative weighted p-median problem. Our
ABC approach improved the best known solution values of over 10% of the instances.
The relative performance of different approaches changes depending on the types of
instances. However, GA is clearly better in terms of overall solution quality, though
the ABC approach is faster than GA. As far as the comparison between ABC and ACO
is concerned, the former approach is much better than the latter approach on instances
where half of the weights are negative under both the models. However, ABC is slower
than ACO.

is devoted to the solution of cooperative maximum covering location
problem (CMCLP) using an ABC algorithm based approach. The performance of the
proposed approach has been compared with two interchange based heuristics. These
two heuristics are the only heuristic approaches available in the literature for CMCLP
problem. Our ABC algorithm outperformed these two heuristics in terms of solution
quality, but at the expense of larger execution times.

To generate a neighboring solution, we have deleted a number of facilities as the
strategy of deleting a single facility is not able to improve the solution quality much.
Once some facilities are deleted, some of the nodes become uncovered. However, as
the number of potential location of facilities, which can cover yet to be covered nodes

is infinite, so instead of copying facilities from another employed bee solution like in

[Chapter 2| and [Chapter 3 we begin by finding all those points which provide exact

coverage for at least one yet to be covered node. In this way, we have reduced the
number of potential locations for facilities to a finite set. Obviously, a facility has to be
located at one of these points only in a bid to cover as many nodes as possible. Similar
strategies to curtail the search space can be designed for other related problems also.
Our ABC algorithm based approach is the first metaheuristic approach for the CM-
CLP. Hence, it will serve as a baseline approach for any future metaheuristic approach
for CMCLP. Averbakh et al. [35] reported that they also experimented with tabu
search and variable neighborhood search based approaches. However, they observed
that these approaches provide only a marginal improvement over interchange heuris-
tics, and, hence, they did not present results of these metaheuristics in [35]. On the
other hand, our ABC approach significantly improves the results obtained through in-

terchange heuristics. Hence, population-based metaheuristics seem more appropriate
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for this problem. A possible future work is to develop some other metaheuristic ap-
proaches for the CMCLP and compare them with our ABC approach and two heuristics
of [35]. Approaches similar to our ABC approach can be developed for other related
problems employing cooperative coverage model. For example, our approach can be
easily extended to obnoxious cooperative maximum covering location problem (OCM-
CLP) where a node is uncovered if its cooperative coverage is less than or equal to a
given threshold 7" and the goal is to maximize the total weight of uncovered nodes.

is focussed on solving p-center problem through two metaheuristic ap-
proaches, viz. ABC algorithm and IWO algorithm. In comparison to the best approach
available in the literature, viz. BCOi [124], computational results on the standard
benchmark instances for this problem demonstrate the superiority of our proposed
approaches in terms of solution quality. As far as the comparison between our two pro-
posed approaches is concerned, both the approaches performed quite similar though
IWO is slightly better in terms of solution quality, it is slower also.

Two neighboring solution generation methods have been used in this chapter. To
generate a neighboring solution, the first method, deletes some centers and then adds
an equal number of new centers, whereas the second method adds some new centers
first and then delete an equal number of centers. Both the methods utilize the concept
of critical distance introduced in [124] while adding nodes. On the other hand, both
methods iteratively delete centers where during each iteration, the center whose deletion
has minimal adverse effect on objective function is deleted. It is worthwhile to mention
that we have tried random addition and/or deletion of centers, but all these strategies
performed poorly. Considering the failure of these purely random strategies, and the
success of BCOi, ABC and IWO based approaches in solving the p-center problem, any
future approach has to utilize the concept of critical distance in one way or the other to
achieve comparable or better results. Our approaches have not made use of any local
search. Performance of our proposed approaches can be improved further with the
help of a suitable local search strategy at the cost of additional computational burden.
A possible future work is to consider a bi-objective version of the problem where one
objective is same as p-center problem and the second objective is same as p-median
problem and study the trade-off between these two objectives.

is concerned with a facility assignment problem, viz. terminal assignment

(TA) problem. To tackle this problem, an ABC algorithm based approach is presented.
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Two local searches are also developed to improve the best solution obtained through
ABC algorithm, but they improve the solution only marginally. The performance of
the proposed approach is compared with four best methods available in the literature
on standard benchmark instances of the problem and found to be similar. ABC algo-
rithm provides good quality solutions in lesser execution times for the majority of the
instances. Solution encoding schemes different from the one used here may be tried
to improve the performance of the ABC algorithm. A possible future work is to solve
the terminal assignment problem under a different objective where either no balance
function is used or a balance function different from is used or a different
relative weightage is given to the value of the balance function in the objective function
(Equation (6.5)). For example, the balance function defined in is based
on the number of terminals assigned to a concentrator. A different balance function can
consider the ratio of the sum of weights of terminals assigned to a concentrator to the
capacity of that concentrator. Another possible future work is to study a bi-objective
version of the problem where the first objective is to minimize the sumtotal of distances
between the terminals and their assigned concentrators, and, the second objective is to
minimize the unbalance in load as measured by a balance function.

is another chapter devoted to facility assignment problems where two
NP-hard problems arising in optical ring networks are solved using ABC algorithm
based approaches. The first problem is referred to as weighted ring edge-loading prob-
lem (WRELP), whereas the second problem is referred to as weighted ring arc-loading
problem (WRALP). We have developed two new local searches for WRELP/WRALP
which are applied one-after-the-other on the best solution obtained through ABC Al-
gorithm. We have compared the performance of the proposed approaches with four
best approaches available in the literature on the standard benchmark instances of the
problem. Two approaches among these four approaches are based on swarm intelligence
and include an artificial bee colony algorithm based approach and a particle swarm op-
timization based approach. Computational results demonstrate the superiority of our
proposed approaches over these four approaches. A comparison between the results of
our ABC approaches with and without the use of local search shows that our ABC
approaches are capable of finding high quality solutions to WRELP/WRALP on their

own without the use of local search.
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A possible future work is to develop metaheuristic approaches for the multi-objective
versions of ring loading problems involving multiple costs. Another possible future work
is to consider a related problem where links are assumed to have bandwidth constraints,
and, the goal is to maximize either the number of demands or the sum of weights of
demands that can be routed while respecting the bandwidth constraints.

This thesis has considered seven problems in all. Out of these seven problems, first
four are facility location problems, whereas the last three are facility assignment prob-
lems. We have developed ABC algorithm based approaches for all the seven problems.
Besides, an IWO algorithm based approach is also developed for one facility location
problem. Based on the approaches presented in this thesis, we can conclude that a
properly designed ABC algorithm based approach can compete with any other state-
of-the-art metaheuristic approach for any facility location/assignment problem. While
designing an approach based on ABC algorithm for any problem, solution encoding,
and neighboring solution generation method should be given special attention as they
are vital to the success of an ABC algorithm. All our approaches make use of problem-
specific knowledge which is utilized for one or more of the following — solution encoding,
neighboring solution generation, initial solution generation and local search. Actually,
without the appropriate use of problem-specific knowledge, no new metaheuristic ap-
proach for any problem can compete with the state-of-the-art metaheuristic approaches
for that problem as all such approaches rely heavily on problem-specific knowledge to
boost their performance.

In the end, it is pertinent to mention that the approaches presented in this thesis
do not preclude the possibility of development of even better ABC algorithm based
approaches for these problems. All our approaches exploit some features of the problem
at hand. Identifying and analyzing such features for each problem and exploiting them
either alone or in combination with some of those already in use may lead to further
improvements in ABC algorithm and other metaheuristic techniques based approaches

for these problems.
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